iAutomatic Feature Extractionin Machine LearningA ThesisPresented to theDepartment of Computer ScienceBrigham Young UniversityIn Partial Fulfillmentof the Requirements for the DegreeMaster of ScienceRick BertelsenAugust 1994ABSTRACTThis thesis presents a machine learning model capable of extractingdiscrete classes out of continuous valued input features. This is done usinga neurally inspired novel competitive classifier (CC) which feeds thediscrete classifications forward to a supervised machine learning model.The supervised learning model uses the discrete classifications and perhapsother information available to solve a problem. The supervised learner thengenerates feedback to guide the CC into potentially more usefulclassifications of the continuous valued input features. Two supervisedlearning models are combined with the CC creating ASOCS-AFE and ID3-AFE. Both models are simulated and the results are analyzed. Based onthese results, several areas of future research are proposed.

iiIntroduction..................................................................................... 11.1Introduction...................................................................... 11.2Thesis Statement................................................................. 31.3Introduction to Coding with a Competitive Classifier....................... 31.4Contribution...................................................................... 61.5Outline of Thesis................................................................ 7An Introduction to ASOCS................................................................. 82.1ASOCS........................................................................... 82.1.1The Instance............................................................. 82.1.2Instance Terms and Definitions....................................... 92.2The Instance Set................................................................. 102.2.1Consistency............................................................. 102.2.2Minimization............................................................ 132.2.3Instance Set Example.................................................. 152.3Other Instance Set Issues....................................................... 172.4Extension of ASOCS to Multi-State Variables............................... 182.4.1Consistency Operation with MS Variables.......................... 192.4.2Minimization Operation with MS Variables......................... 202.5PASOCS System Overview.................................................... 222.6Analysis of PASOCS........................................................... 26An Introduction to ID3...................................................................... 283.1Introductory example........................................................... 283.2The ID3 Learning Algorithm................................................... 303.3Analysis of ID3.................................................................. 34The Competitive Classifier................................................................. 364.1Introduction to Classification Through the CC.............................. 374.2The Structure of the CC........................................................ 384.2.1Input Nodes............................................................. 384.2.2Output Nodes........................................................... 394.2.3The CC Control Unit and Output from the CC..................... 404.3CC Function Implementations................................................. 414.3.1Reinforcing Current Codings......................................... 414.3.2Adjust Boundary Between two Codings............................ 424.3.3Split a Coding to Create a New Coding............................. 434.4Calculation of the Confidence Metric and its use in New CodingsCreation.................................................................................... 454.4.1Normalized Ratio....................................................... 464.4.2Normalized Difference................................................. 474.4.3Normalized Ratio Threshold.......................................... 484.4.4Normalized Difference Threshold.................................... 484.4.5Weighted Multiple...................................................... 494.4.6Activation Range....................................................... 504.4.7Methods to Determine Which Coding to Split...................... 524.4.7.1Minimum Confidence....................................... 524.4.7.2Minimum Codings.......................................... 524.4.7.3Weighted Minimum Confidence........................... 544.4.7.4Minimum Confidence Threshold.......................... 544.5Analysis of CC.................................................................. 55A New Learning Model...................................................................... 565.1SL-AFE Execution.............................................................. 565.2SL-AFE Training................................................................ 585.2.1First Trial Instance SL Output is Correct............................ 605.2.2First Trial Instance SL Output is Incorrect.......................... 61 iii5.2.3Second or Subsequent Trial Instance SL Output is Correct....... 635.2.4No Subsequent Trial Instance SL Output is Correct............... 635.2.5An Example............................................................. 655.3ASOCS-AFE..................................................................... 675.3.1ASOCS-AFE Execution............................................... 675.3.2ASOCS-AFE Training................................................. 685.3.3An ASOCS-AFE Example............................................ 725.3.4Analysis of ASOCS-AFE............................................. 755.3.5Complexity of ASOCS-AFE.......................................... 765.3.6Simulation of ASOCS-AFE........................................... 765.3.6.1Combinations of Methods and Their Performance...... 775.3.6.2Simulation Results.......................................... 785.3.6.3Discussion of the Results.................................. 795.3.6.4The Number of Codings Created and Instances......... 805.3.6.5The Shortcomings of ASOCS-AFE....................... 815.4ID3-AFE.......................................................................... 825.4.1The ID3-AFE Execution............................................... 825.4.2The ID3-AFE Training................................................. 825.4.3ID3-AFE Complexity.................................................. 855.4.4ID3-AFE Simulation................................................... 86Conclusion and Future Work.............................................................. 90Bibliography.................................................................................... 93

Chapter 1Introduction1 . 1 IntroductionInductive learning is a branch of machine learning. An inductive learningsystem uses examples to attempt to learn a mapping or partial function of inputfeatures to output features. A feature is used to convey the values of the examples.If the values of the output features are used in learning the function, then theinductive learning system is a supervised learner. Some inductive learning systemsare restricted to input features with known values or states, and do not allowcontinuous valued features as input [8][14][4]. This thesis seeks to overcome theserestrictions by proposing a method to create discrete input features from continuousinput features.Many problems solved by humans require the analysis of continuous or realvalued inputs. In these problem, the actual continuous value appears to be usedonly to produce an intermediate coding. A coding is the process of transforming acontinuous value into one value of a much smaller set of values. The resultantcoding may then be used as an input to solve the larger problem. For example,consider the task of planning a day based on a weather prediction (i.e. what clothesto wear, what activities to plan, etc.). Possible features for this problem includewind, temperature, and outlook. A feature is simply a category of inputs to aproblem. A person appears to code temperatures into a small set of possiblecodings perhaps including �hot�, �cold�, and �warm�. This coding of temperaturemay then be used as an input into the problem, as opposed to the actual continuousvalue of temperature. A person might code the continuous valued temperature of99.5ßF into the coding �hot� and considering this coding with the other inputs intothe problem, select a cool shirt to wear. Codings such as these are based onexperience. Figure 1.1 shows some possible temperature values with a potentialbreak down of codings (shown simply as vertical lines forming codingboundaries).

30ßF110ßFcoldwarmhotFigure 1.1 Potential temperature codingsPotential codings could be discovered spontaneously using any number ofclustering algorithms [18][7]. However, the resulting codings are not guaranteed toassist in solving the problem. Clustering algorithms typically cluster according tostatistical properties of the values of a feature without regard to the larger problemof inductive learning. Humans use experience with the actual decision (the output)of a larger problem to form useful codings. In this sense, experience guides a

2person in the formation of useful codings. Figure 1.2 shows potential improvedcodings derived from the initial codings given in figure 1.1. The improved codingsare the result of learning, which may adjust some coding boundaries, and may evencreate additional codings based on the problem at hand.

30ßF110ßFcoldwarmhotvery coldFigure 1.2 Improved codings for temperatureCoding continuous features also allows a small number of rules to apply toa much larger set of actual occurrences. This is a form of generalization.Generalization is the ability to extend rules to occurrences in the environment whichhave not been explicitly trained. By coding continuous values of temperature, arule need not be learned for each of the possible values of temperature. Instead,one rule for the coding �hot� may replace a number of other rules.1 . 2 Thesis StatementThis thesis shows how a novel competitive classifier may be combined witha supervised learning system to dynamically discover critical multi-state variables.This in turn introduces a form of generalization in the real number realm, andautomatic feature extraction (AFE). The methodology is illustrated using twodifferent supervised learning systems (referred to as SL), ASOCS [8][9][10][11]and ID3[14]. A supervised learner is a learning model which uses a known outputin its learning.ASOCS (Adaptive Self-Organizing Concurrent Systems) is overviewed inchapter 2 of this work. ID3 is a supervised learning algorithm which inductivelybuilds decision trees, and is overviewed in chapter 3.1 . 3 Introduction to Coding with a Competitive ClassifierFigure 1.3 shows the combination the CC with a SL. The learning modelcreated by this combination is referred to as SL-AFE. In chapter 5, the SL isreplaced by the specific supervised learning model creating ASOCS-AFE and ID3-AFE. The CC accepts continuous valued features as input and produces discretecodings for those features as output. The SL accepts discrete codings from the CC,and also other discrete valued features as input. Using algorithms discussed inchapters 2 and 3 the SL produces an output. The SL operates in either a trainingphase, or an execution phase. In the training phase, the SL compares the output itproduces to a known output to generates feedback for the CC and perhaps makesmodifications internal to the SL. Feedback is a set of commands which the CC canperform seeks to improve the codings the CC produces and are communicated tothe CC through a feedback mechanism. The modifications of the CC and the SLattempt to make an incorrect response less likely and a correct response more likely.In the execution phase, the system acts as a hardwired circuit, and only an output isproduced, there is no feedback, or any modifications made to the CC or the SL.

3SLCCProduces discrete codings from continuous valued inputFeedForwardFeedback

ContinuousValued FeaturesDiscreteValuedFeaturesFigure 1.3 A CC combined with a SLFigure 1.4 shows four features based on the weather example from above.Continuous valued features are shown by the word �continuous� and include thefeatures temperature and humidity. Discrete valued features are shown with a list ofthe possible discrete states next to the feature name, and include the features windyand outlook. Possible states for the windy feature are true and false. States for theoutlook feature are cloudy, sunny and rain.

FeaturePossible StatesTemperatureWindyOutlookHumidityContinuous{Cloudy, Sunny, Rain}Continuous{True, False}

Figure 1.4 Input features and their possible statesThe purpose of the CC is to accept continuous valued features, such astemperature, and produce discrete codings. For example, the CC may receive asinput 98.5ßF, and produce the coding of �hot� as output. The codings produced areused as input to the SL. The SL uses its input to solve a given problem. Feedbackis generated by the SL for the CC based on the SL�s ability to solve the problemwith the given inputs. Figure 1.5 shows a sample set of rules for the weatherexample developed above. The first rule states that if the temperature is 98ßF,windy is false, outlook is sunny, and humidity is 10% then tomorrow is a goodday for golf. This rule is written in feature:value form asTemp:98 Wind:False Outlook:Sunny Humidity:10 -> Y.A collection of such rules is termed a data set. Often a data set is dividedinto two disjoint sets. The first is used as rules for training the SL-AFE, and is

4called a training set. The second set is used to determine if the SL-AFE learned thetraining set and is called a test set. Typically data sets such as this come from realworld occurrences of a given problem.

WindOutlookHumidityResultTemp.

989282996775628572FalseTrueFalseFalseFalseTrueTrueTrueFalseSunnyCloudyRainCloudySunnyCloudyRainSunnyRain103599655035881555YYNNYNNYYFigure 1.5 A sample set of rulesFrom the first rule above in figure 1.5, the features temperature andhumidity are continuous. Thus their values (98, and 10) are input to the CC infigure 1.3. The CC then uses these continuous values to form discrete codings forthe features temperature and humidity. The CC might code the temperature of 98ßFinto the coding �hot�, and the humidity of 10% into coding �low�. The SL uses thecodings of �hot� and �low� as input, along with the discrete features ofwindy:false, and outlook:sunny. Based upon these four discrete features, the SLproduces an output. In the training phase, the SL compares its produced output tothe known output from the rule, and generates feedback based on the results of thiscomparison.1 . 4 ContributionThe primary benefits of this thesis is to present a methodology which couldextend any supervised inductive learning model which currently accepts onlydiscrete valued input features. The methodology is demonstrated by extending theASOCS and ID3 supervised learning models. A novel competitive classifier isdeveloped, which can be applied as a pre-processor for any machine learningmodel.1 . 5 Outline of ThesisChapter 2 of this thesis presents ASOCS and some recent extensions.Chapter 3 introduces ID3. Chapter 4 presents the competitive classifier (CC),discusses the feedback it accepts and how the CC responds to this feedback.Chapter 5 presents the combination of the CC with two different SLs, an extendedASOCS, and ID3. The generation of feedback is also discussed in chapter 5, andempirical results based on simulations is given. Chapter 6 gives conclusions andfuture research efforts.

5Chapter 2An Introduction to ASOCSIn the previous chapter, a methodology for solving problems is presented.Namely, using past knowledge to form codings into which the inputs of theproblem are placed. Only the input features which have continuous values arecoded. The discrete features are trivially grouped into proper values. This chapterexamines a system developed to deal efficiently with Boolean inputs, whichextended for multi-state or discrete features, becomes a basis for a problem solvingsystem.2 . 1 ASOCSAdaptive Self Organizing Concurrent Systems (ASOCS) are developed atthe University California at Los Angeles [8][9][10]. Adaptive implies that thestructure of ASOCS changes over time. Self Organizing states that the adaptivechanges to ASOCS are discovered and carried out by ASOCS, and not someexternal agent. Concurrent implies that ASOCS operates in parallel, thereforepotentially faster than conventional approaches to problem solving.2.1.1 The InstanceIn order for ASOCS to adapt, some form of knowledge from the outsideworld must be conveyed to the system. The instance performs this task. AnASOCS instance is a production which contains Boolean input variables (features),and an implication for Boolean output variables when the states of the inputvariables are matched by the environment. An instance serves the same purpose inASOCS as the rule discussed in chapter 1. Examples of instances are shownbelow.(1) A B C -> Z(2) A’ B -> Z’(3) A D’ -> C’ ZThe general form of the instance is :Input Variables -> Output Variables.The first example states that when the environment has set the variables A, B, andC to true, ASOCS should also set the output variable Z, to true. The secondexample uses the common ASOCS notation of A’ to denote that variable A is set tofalse. Thus, this instance states that when A is false, and B is true in theenvironment, Z should then be set to false. Finally the third example demonstratesthat ASOCS allows multiple output variables. This work, however, considersASOCS with only a single output variable. In addition, not all possible inputvariables are required on the left side of expressions Thus ASOCS allows don’tcare variables in an instance and the current value of these variables is not pertinentfor that instance. Finally, a variable may be used as input, output, or both.A collection of instances is termed an instance set (IS). Through the IS,ASOCS defines a partial function. Inputs from the environment determine thesetting of the output variable.2.1.2 Instance Terms and DefinitionsThis section gives concise definitions which support subsequent sectionsand chapters. Each definition states a relationship between two or more instances.

6Two instances are said to be concordant with respect to each other, if they specifythe same truth setting for their output variable.(1) A B -> Z(2) A C’ -> ZThe two instances directly above are concordant instances. Instances which are notconcordant, are discordant. For example, if the second instance above weremodified to be A C’ -> Z’, the above instances would be discordant. The truthsetting of any given instance is termed the polarity of that instance. If the truthsetting is true, then the instance is a positive instance. Likewise, if the setting isfalse, the instance is a negative instance.Two instances are given.(1) A -> Z(2) A B -> ZAn instance is a subset of some other instance if it contains no input variable whichis not an input variable in the other instance. In this example, instance (1) is asubset of instance (2). By this definition, an equal instance is also subset. Similarlysuperset is defined as in set theory. In the example above instance (2) is a supersetof instance (1). Two instances which are not equal, subset, or superset are termedoverlap.2 . 2 The Instance SetThe IS represents the knowledge base of the system. Instances are added tothe IS incrementally. New instances are considered to be more reliable and haveprecedence over older existing instances. Because of this precedence, changing theorder of presentation of instances changes the final IS. Through the introduction ofnew instances to IS, the ASOCS adapts over time. As new knowledge isintroduced, the ASOCS insures that its adaptation does not create conflicting orsuperfluous rules. Thus two operations are performed as each new instance isadded to IS, consistency and minimization.2.2.1 ConsistencyTwo instances contradict each other if and only if they can besimultaneously matched and they are discordant instances. A consistent IS has noinstances which contradict. An IS which contains contradicting instances is termedinconsistent. An inconsistent IS is illustrated in the example below.A B -> Z(1)A C -> Z’(2)Instances (1) and (2) are discordant. If variables A, B, and C are all set to true,both instances are matched, and the output variable Z could be set to either true orfalse. Because instances (1) and (2) contradict, any IS containing them would beinconsistent.There are two methods used to make IS consistent: Discriminant VariableAddition (DVA) and Priority. DVA resolves the inconsistency by adding one ormore variables to one of the instances which cannot simultaneously match anotherinconsistent instance. Priority resolves the inconsistency be setting the outputvariable to the output of the matching instance with the highest priority. Bothmethods are discussed in greater detail below.DVA adds one or more variables to the old instance (OI) whichdiscriminates it from the new instance (NI). A discriminant variable guarantees thatthe previously inconsistent instances cannot be simultaneously matched. OI then isreplaced in IS by one or more variations of OI created by adding a discriminantvariable to OI. Discriminant variables are found by considering the variables in NIwhich are not in OI. When negated, these variables can be added to OI creating aconsistent IS. In the example above, assume that instance (2) is NI, and instance(1) is OI. The variable C is in NI, but not OI, and serves as the only possible

7discriminant variable. First negate C, and then add C’ to (OI). The new IS isshown below.A B C’ -> Z(OI)A C -> Z’(NI)If NI contains more than one variable not in OI, each variable is used as adiscriminant variable a seperate instance created for the discriminant variable. If NIcontains n variables not referenced in OI, then n variations of OI will be added toIS. Each variation will contain exactly one discriminant variable. This is illustratedin the example below.A -> Z(OI)A B C -> Z’(NI)Variables B and C are both discriminant variables. OI is replaced with twoinstances as shown below.A B’ -> Z(OI1)A C’ -> Z(OI2)A B C -> Z’ (NI)For large instances, DVA can become expensive in terms of the number ofinstances created. Priority ASOCS (PASOCS) [12] attempts to eliminate DVA bythe use of priorities. In training, when the NI is found to contradict OI, NI issimply added to IS with a greater priority than the contradicting instance. Inexecution, contradictions are resolved by priorities, allowing the matching instancewith the highest priority to assert its output. The difference in the resulting ISsusing DVA and PASOCS is shown below. DVA PASOCSA B’ -> Z(OI1)A -> Z(OI, Priority = 1)A C’ -> Z(OI2)A B C -> Z’ (NI, Priority = 2)A B C -> Z’ (NI)To verify that both sets are consistent let the variables A, B, and C be set totrue. In the DVA case, now only NI is matched by the environment. Thus the onlysetting for Z is false. In the priority case, Z is set to false by the higher priority forNI. Both sets are now consistent.In some cases, inconsistencies are resolved by removing OI from IS. In theexample above, DVA made use of the fact that NI contained variables not in OI. Ifhowever, NI is a subset or equal to an OI, the OI is simply deleted, and NI is addedto IS. For example, given the instances below:A B -> Z(OI)A -> Z’(NI)NI is a subset of OI, anytime OI is matched NI is also be matched, so OI can bedeleted from IS, and NI can be added to IS without modification.2.2.2 MinimizationAfter the operation of consistency is performed, the minimization operationcan be performed. Minimization attempts to represent the same knowledge withfewer input variables, or instances as compared to the pre-minimized IS. Thisresults in a more parsimonious representation of the knowledge base, and mayenhance generalization capabilities. Where the consistency operation applies only todiscordant instances, the minimization applies to concordant instances. Givenbelow are two instances, NI is a subset OI. The IS can be minimized by removingOI.A B C -> Z(OI)A B -> Z(NI)

8This is termed subset minimization. The NI is the subset, and remains in IS. If NIwere a superset of some OI as shown below:A C -> Z(OI)A B C -> Z(NI)then NI again remains in IS and OI is deleted. This is defined as supersetminimization.Now suppose there are the instances below:A B C -> Z(OI)A B C’ -> Z(NI).These instances state that if A and B are true, set Z to true, no matter what the valueof C, and can be minimized through one-difference equal minimization. Given twoinstances with one discordant variable, if when that discordant variable is removedfrom both instances, the remaining instances are equal, the discordant variable canbe removed from both instances and one of the remaining instances can be deletedfrom IS. In the example above, C is the only discordant variable and can be deletedfrom NI, and OI is removed from IS leaving NI as A B -> Z in IS.Suppose that two instances, NI and OI, contain one discordant variable, andafter removing that variable, NI is a subset of OI. This case is illustrated below.A B C -> Z(OI)A C’ -> Z(NI)NI is added to IS without modification. OI is modified to remove the discordantvariable. Hence the IS would appear asA B -> Z(OI)A C’ -> Z(NI)after all minimizations are performed. This type of minimization is termed one-difference subset minimization.The final type of minimization is one-difference superset minimization.Below is an example of three instances.A B -> Z(OI1)A’ B’ D -> Z(OI2)A’ B C D -> Z(NI)In this case, NI contains one discordant variable from both OI1 and OI2. Theminimization removes the discordant variable from NI. Once NI is minimized witheither OI1 or OI2, it cannot be minimized with the other since the supersetrelationship is no longer true. For example, suppose NI is minimized with OI1,this would thus remove A’ from NI, leaving NI as B C D -> Z which is no longer asuperset of OI2.The final two types of minimization find instances with only one discordantvariable, remove this variable from consideration, find which remaining instance isthe superset, then permanently remove the discordant instance from the supersetinstance. Any variety of minimization operations cannot introduce anyinconsistencies to IS, since the same is represented in a more parsimonious fashion.Below is an example of IS modifications with brief explanations.2.2.3 Instance Set ExampleExamples of both DVA and Priority methods are now demonstrated. IS(Priority) shows the IS generated using PASOCS to resolve contradictions. Beginby adding the instance A B D’ -> Z to the empty sets.

9A B D’ -> Z(NI)

ISĬS (Priority)˘Because there are no instances in IS, NI is directly added to IS (shown as OI). Inthe case of priority, the instance is assigned the base priority. Another NI ispresented to the systems.A C D E -> Z’ (NI)

ISA B D’ -> Z(OI)

IS (Priority)A B D’ -> Z(OI, Priority = 1)The two instances are discordant so consistency is checked. The variable D is adiscriminant variable for these instances thus there are no inconsistencies andbecause there are no instances concordant to NI, minimization need not be checked.NI is added to IS and IS (Priority).The instance A B D -> Z is now presented.

ISA B D -> Z(NI)A B D’ -> Z(OI1)A C D E -> Z’ (OI2)

IS (Priority)A B D’ -> Z(OI1, Priority = 1)A C D E -> Z’ (OI2, Priority = 1)OI2 contradicts NI so consistency is checked first. Observe that NI and OI2 are notdiscriminated. To perform DVA, first select a variable in NI which is not in OI2,negate it, and add it to OI2. The variable B is the only choice, therefore B’ is addedto OI giving the IS below. In PASOCS the instance is added with a priority onehigher than the priority of the highest contradicting instance. Therefore NI is addedto IS with a priority of 2. Another NI is presented.

ISA B’ D’ -> Z (NI)A B D’ -> Z(OI1)A B’ C D E -> Z’ (OI2)

IS (Priority)A B D’ -> Z(OI1, Priority = 1)A C D E -> Z’ (OI2, Priority = 1)A B D -> Z (OI3, Priority = 2)Using DVA consistency is first checked. The variable D discriminates NI fromOI2, the only discordant instance. One difference equal minimization can beperformed by deleting B from NI and removing OI1 from IS. Using PASOCS, itfirst finds that all discordant instances are properly discriminated. Now PASOCScan check concordant instances in IS for potential minimization. PASOCS finds NIand OI1 have one discordant variable, B. Examination of the two instances lessthis variable, shows that they are equal. One-difference equal minimization istherefore applied. This is done by deleting OI from IS, deleting the variable D fromNI, and adding NI to IS. The new ISs are shown with another NI.

10ISA C’ D’ -> Z’ (NI)A B’ C D E -> Z’ (OI2)A D’ -> Z (OI3)

IS (Priority)A C D E -> Z’ (OI2, Priority = 1)A D’ -> Z (OI3, Priority = 2)First consistency is checked, discovering that NI and OI3 are inconsistent. Adiscriminant variable is found by considering the variables in NI but not in OI3.There is one, C’, which is negated and added to a copy of OI3 creating the instanceA C D’ -> Z which replaces OI3 in IS. PASOCS is simpler. NI can be added to ISwith a higher priority than any contradicting instance. Because OI3 has a priority of2 which is the contradicting instance with the highest priority, NI is added to ISwith a priority of 3. Now the instances which are concordant with NI are examinedfor possible minimizations. Only OI is concordant with NI. Because there are twodiscordant variables, minimization cannot occur and NI is added to IS. Theresultant sets are shown with a final NI.

ISA B’ E’ -> Z’ (NI)A B’ C D E -> Z’ (OI)A C D’ -> Z(OI1)A C’ D’ -> Z’ (OI2)

IS (Priority)A C D E -> Z’ (OI, Priority = 1)A D’ -> Z (OI3, Priority = 2)A C’ D’ -> Z’ (OI4, Priority = 3)Consistency is first checked. NI contradicts OI1. Discriminant variables are foundby considering the variables in NI which are not in OI1. There are two, B’ and E’.Each discriminant variable is negated and added to a copy of OI1 creating twoinstances A B C D’ -> Z and A C D’ E -> Z which replace OI1 in the IS. InPASOCS the contradiction between NI and OI3 is resolved by adding NI to IS witha priority of 3. Each IS is now examined for possible minimizations. Only onediscordant variable exists between OI (in the DVA created IS) and NI. Again one-difference minimization is applied by considering NI and OI without the discordantvariable. Since NI is a subset of OI, one-difference subset minimization does notmodify NI, but does delete the variable E from OI. NI is then added to IS. Thefinal ISs are shown below.

ISIS (Priority)A B’ C D -> Z’ A C D E -> Z’ (Priority = 1)A B C D’ -> ZA D’ -> Z (Priority = 2)A C D’ E -> ZA C’ D’ -> Z’ (Priority = 3)A C’ D’ -> Z’ A B’ E’ -> Z’ (Priority = 2)A B’ E’ -> Z’2 . 3 Other Instance Set IssuesIt is important to note that consistency must be performed to insure properbehavior of the system. Minimization, however, is not required and is used only asan optimization. Consistency is performed first, and then minimization. Finallyrecall in the example on new instance one-difference superset minimization, the NI

11could be minimized with one of two instances, but not both, because of this,minimization is not unique.In this work, only one output variable was used for ease of illustration. Aspreviously stated ASOCS supports multiple output variables. This is done byconsidering each output variable separate from all others. Consistency andminimization are considered for each specific output variable.2 . 4 Extension of ASOCS to Multi-State VariablesSo far ASOCS has been discussed with Boolean variables. ASOCS can beextended to allow variables to have a number of discrete values or states. A multi-state (MS) variable is a variable capable of representing any finite number of states.Below are some examples of multi-state variables and the possible states for eachvariable.(1) A:{1, 2, 3, 4}(2) T:{Hot, Cold, Very Hot, Mild}(3) C:{Red, Blue, Yellow}(4) B:{True, False}In these examples, the feature:value notation from chapter 1 is used. Thevariables A, T, C, and B are MS variables. The value of the variable is taken fromthe set of possible values. The current value of a variable is specified by thevariable, followed by a colon, and then the element from the set of possible values.Below are some examples of this notation.(1) A:2(2) T:Very Hot(3) C:Blue(4) B:True (an alternate notation is B:1)In the first example, MS variable A has the value 2 from the set {1, 2, 3, 4}.Likewise MS variable T has the value Very Hot, and C has the value Blue. In thefinal example, (4), the variable B has the value True. As in the Boolean case, MSvariables are mutually exclusive. Variable A cannot have the value of 2 and 3, justas variable B cannot be both true and false.An instance then, uses MS variables as input, output, or both. Below aresome examples of instances with MS variables.(1) A:2 B:1 C:Blue -> Z:1(2) A:(4 | 6) B:0 -> Z:0(3) T:Cold C:˘ -> Z:4In instance (1) ASOCS sets the variable Z to true, when A has a value of 2, B is setto true, and C has a value of Blue. Instance (2) illustrates the �(|)� notation, wherethe "|" is the or operation common to set theory. For instance (2) the variable Z isset to false when variable A is 4 or 6 and B is false. Instance (3) introduces thenotion of negating a multi-state variable. This is a separate state defined as thevariable C has no value from the set of possible values. This is different frominstance (2) in which a value for variable C is not known. The use of negating amulti-state variable is illustrated by an example. Suppose a station on an assembleline has the assigned task of painting various parts of fire engines. A rule existswhich states, "If the fire engine is not painted, paint it red". This is expressedeasily as C:˘ -> C:Red. Thus, the negation notation adds the state "none of theabove" to the set of possible states for any given variable.2 . 4 . 1 Consistency Operation with MS VariablesThe consistency operation for MS variables is similar to that in traditionalASOCS. Inconsistencies arise when two or more instances in IS are not properlydiscriminated. As in traditional ASOCS, the addition of a discriminant variableresolves the inconsistency. The following example is used to illustrate DVA forMS variables.

12A:2 C:Blue -> Z:1(OI)A:2 B:1 C:Blue -> Z:0(NI)The IS is made consistent by adding the variable B:0 to the OI. This isappropriate because ASOCS knows that B is a Boolean variable. This illustratesthe similarities in the techniques between traditional ASOCS and ASOCS with MSvariables. Difficulties arise when other MS variables must be added to resolve thecontradiction. This is shown in the example below.A:2 -> Z:1(OI)A:2 C:Blue -> Z:0(NI)Intuition dictates altering the OI to state A:2 C:Blue’ -> Z:0. This is interpreted �setthe MS variable C to any value (including ˘) except Blue�. In the execution phaseof the ASOCS, this is expanded to C:Red | Yellow | Green | etc. This gives thedesired result, but is expensive in terms of storage. ASOCS does not restrict thenumber of states for a multi-state variable, therefore it must accommodate a largenumber. Further, the number of possible states for a given multi-state variable maynot be known a priori, as the training set may have additional instances added at anypoint of the ASOCS existence. Therefore the traditional ASOCS approach of DVAis expensive and not practical. PASOCS however, does facilitate the use of multi-state variables as is shown below.A:2 -> Z:1(OI, Priority = x )A:2 C:Blue -> Z:0(NI)With PASOCS, the NI is added to IS with priority greater than x. This is the sameapproach to resolve inconsistencies as used with traditional Boolean variables.Because of the simplicity of PASOCS in this regard, and the need for multi-statecapabilities, this work uses PASOCS henceforth.2 . 4 . 2 Minimization Operation with MS VariablesThe minimization operation for MS variables is implemented differently thanthe traditional minimization approach. Given the two instances belowA:1 B:1 C:Red -> Z:1A:2 B:1 C:Red -> Z:1a more parsimonious representation can be found. The two instances are minimizedto the instance shown below.A:(1 | 2) B:1 C:Red -> Z:1Therefore, when the variable A is set to A:1 or A:2, this single instance may bematched.Below three instances are given.A:1 B:1 C:Red -> Z:1(OI1)A:2 B:1 C:Blue -> Z:1(OI2)A:1 B:1 C:Blue -> Z:0(OI3)It is tempting to create a single erroneous instanceA:(1 | 2) B:1 C:(Red | Blue) -> Z:1.To see the error in this instance, consider the case of variable A set to 1, variable Bset to 1, and variable C set to blue. The valid setting of Z is now unknown due tothe erroneous instance and the OI3.Minimization therefore is only applied to logically combine states of avariable when all other states are equal. This is best illustrated with the examplesbelow.

Example 1A:1 B:0 C:Red -> Z:0(OI1)A: (2 | 3) B:0 C:Red -> Z:0(OI2)A: (1 | 2 | 3) B:0 C:Red -> Z:0(OI1 minimized with OI2)

13Example 2A:1 B:0 C:Red -> Z:0(OI1)A:2 B:0 C:Red -> Z:0(OI2)A:1 B:1 C:Red -> Z:0(OI3)A:1 B: (0 | 1) C:Red -> Z:0(OI1 minimized with OI2)This instance cannot be further minimized because the values for the variable B inthe two instances are not the same. Consider one final example to show howminimization may cause further minimizations.

Example 3A:1 B:0 C:Red -> Z:0(OI1)A:2 B:0 C:Red -> Z:0(OI2)A:(1 | 2) B:0 C:Blue -> Z:0(OI3)A:(1 | 2) B:0 C:Red -> Z:0(OI4)A:(1 | 2) B:0 C:(Red | Blue) -> Z:0(OI3 further minimized with OI4).Minimization is not necessary for proper functioning, but is desirable sinceit assists in generalization and parsimony.2 . 5 PASOCS System OverviewThis section, gives a very brief overview of a PASOCS. PASOCS isextended in section 5.3 to support continuous input features. A much more detaileddescription is given in [12]. Figure 1 shows a functional diagram of a PASOCSsystem.PASOCS

OutputsInstancesInputsFigure 2.1 A functional representation of an PASOCS systemFigure 2.1 shows that PASOCS maps inputs to outputs, through instancesinput to the system during the training phase. A PASOCS is shown in figure 2.2.The adaption unit is used in training and is connected to the PASOCS logic networkby a communication path. During the execution phase, the adaption unit performsno function. The PASOCS logic network is organized as a binary tree.

14 PASOCSLogic NetworkAdaptionUnit

PathFigure 2.2 A PASOCS networkThe general structure of each node of the tree is shown in figure 2.3. Eachnode is capable of storing an instance, the output and priority of the instance and anumber of flags used in learning. For example, the flag instance_matched is set ifthe instance stored at the node contradicts, and is not discriminated from NI.

Instance: Output:Flags:Priority:

123Leaf:Figure 2.3 A PASOCS nodeFigure 2.4 shows the algorithms broadcast and gather. The broadcastalgorithm is used to pass a message down the tree from the root to the leaves of thetree. The gather algorithm is used to collect information starting at the leaves of thetree, up to the root of the tree. The test parameter to the broadcast function states atest for each node of the tree to perform. For example, the test �match� isperformed to determine if an instance is matched by the PASOCS logic network.Any node whose stored instance matches the instance passed as a parameter tobroadcast, sets a flag to true. The parameter test_at_node to the gather functionperforms a test such as �output highest priority� which is used to set the output tothe output value of the matching instance with the highest priority. Figure 2.5shows the test �match� and figure 2.6 shows the test �output highest priority�.

15broadcast(instance, test)From the root, pass the message contained as parameters to eachchild.Continue for each subtree until the message has reachedthe leaves of the tree.end broadcastgather(test_at_node)From the leaves of the tree, each node passes the informationrequested as the parameter to gather.end gatherFigure 2.4 The algorithms broadcast and gathermatch(instance)node.instance_matched:= True;for each feature in instance {if (instance.feature.state „ Don�t_Care) {if (PASOCS_instance.feature.state „ Don�t_Care) {if (instance.feature.state „PASOCS_instance.feature.state) {node.instance_matched:= False;} // end if states „} // end if PASOCS = Don�t_Care} // end if instance = Don�t_Care} // end for each discrete feature in instanceend matchFigure 2.5 The test match

16output_highest_priority// non-leaf nodeif (node.matched instance = True) {// Consider this nodes outputif (node.priority > left_child_priority) AND(node.priority > right_child_priority)pass_to_parent(node.output, node.priority);else if (left_child_priority > right_child_priority) AND(left_child_priority > node.priority)pass_to_parent(left_child_output, left_child_priority);else if (right_child_priority > left_child_priority) AND(right_child_priority > node_child_priority)pass_to_parent(right_child_priority, right_child_output);else if (right_child_priority > left_child_priority)pass_to_parent(right_child_priority, right_child_output);elsepass_to_parent(left_child_output, left_child_priority);} // end if node.mathced.instance = Trueelse {// node.matched.instance = Falseif (right_child_priority > left_child_priority)pass_to_parent(right_child_priority, right_child_output);elsepass_to_parent(left_child_output, left_child_priority);} // end else node.matched.instance = Falseend output_highest_prioritypass_to_parent()Forward the parameters to the single parent node.end pass_to_parentFigure 2.6 The test output_highest_priorityFigure 2.7 shows the algorithm to find the output of the PASOCS networkfor a given instance. This algorithm is the PASOCS execution algorithm and is alsoused in PASOCS training.generate_PASOCS_output(instance)broadcast(instance, match);output:= gather(output highest priority);return (output);end generate_outputFigure 2.7 The algorithm generate_PASOCS_outputFigure 2.8 shows the algorithms for the training phase of PASOCS. Thetraining instance is broadcast to the PASOCS network with the test �notdiscriminated and discordant.� Each node performs the test and sets the appropriateflags. The highest conflicting priority is gathered and the instance is added to thePASOCS network with priority one greater than the highest conflicting priority.Prior to adding NI, minimization is performed as discussed in sections 2.2.2 and2.4.2.

17PASOCS_learn(instance)broadcast(instance, not discriminated and discordant);priority:= gather(largest conflicting priority);minimization(instance);add_instance(priority+1, instance);end PASOCS_learnnot_discriminated_and_discordant// test for setting flagsDetermine if instance is discordant as shown thusfar.Determine if NI is discriminated from instance at node.end not_discriminated_and_discordantadd_instance(priority, instance)Add instance to the PASOCS instance set.Allocate a free node in the network.node.instance_priority:= priority;node.instance_output:= training_instance.output;node.instance:= instance;end add_instancelargest contradicting priority// test at node for gatherif (node.instance_contradicted = True)pass_to_parent(max(node.priority, left_child.priority,right_child.priority));elsepass_to_parent(max(left_child.priority,right_child.priority));end largest contradicting priorityFigure 2.8 PASOCS training algorithms2 . 6 Analysis of PASOCSPASOCS, like ASOCS, gives precedence to the most recent instanceentered. This is ideal if there are no errors or noise in the data set the PASOCS isusing for training. If the last instance the PASOCS sees contains an error,PASOCS learns the error. Typically, the data set is not guaranteed to be error-free.PASOCS is guaranteed to learn any valid IS without iteration. Iteration isused to present each instance of the training set to the learning system a number oftimes.Basic PASOCS does not generalize to well to instances it has not seen.PASOCS sets the output variable only when an instance is matched by theenvironment. If the instance is does not match the environment exactly, the outputis not set by PASOCS. There are some extensions which allow PASOCS togeneralize [11][17].When the logic network is organized as a binary tree, the complexity oflearning each instance and execution in PASOCS is O(2log2 n) where n is thenumber of instances in the PASOCS IS.

18Chapter 3An Introduction to ID3This chapter presents a supervised learning system from the machinelearning paradigm. ID3 is a machine learning system which builds decision treesinductively [14]. The resulting trees then are capable of classifying based upondecisions determined by the input features. Because of the utility of the these trees,ID3 is demonstrated as a SL for the learning methodology presented in chapter 5.This chapter begins with an example decision tree based on a training set.Then the algorithm for building the tree used in the example is presented. Thechapter concludes with an analysis of ID3.3 . 1 Introductory exampleThe training set in figure 3.1 is taken from [14]. The decision is whether toplay golf based on current weather conditions. The input features are temperature,humidity, wind, and outlook. Unlike the similar data set given in chapter 1, thisdata set has no continuous values. ID3 supports only discrete features, thereforetemperature and humidity have previously been coded by some preprocessing.There are variations to ID3 which support continuous values[15]. This workshows another alternative. In 9 cases the decision is positive; in 5 cases thedecision is negative (14 cases total).No. 1 2 3 4 5 6 7 8 91011121314FeaturesTemphothothotmildcoolcoolcoolmildcoolmildmildmildhotmildHumityhighhighhighhighnormalnormalnormalhighnormalnormalnormalhighnormalhighOutlooksunnysunnyovercastrainrainrainovercastsunnysunnyrainsunnyovercastovercastrainWindyfalsetruefalsefalsefalsetruetruefalsefalsefalsetruetruefalsetrueClassNNPPPNPNPPPPPNNo 1 2 3 4 5 6 7 8 91011121314OutlooksunnysunnyovercastrainrainrainovercastsunnysunnyrainsunnyovercastovercastrainTemphothothotmildcoolcoolcoolmildcoolmildmildmildhotmildHumidityhighhighhighhighnormalnormalnormalhighnormalnormalnormalhighnormalhighWindyfalsetruefalsefalsefalsetruetruefalsefalsefalsetruetruefalsetrueClass N N P P P N P N P P P P P NFeatures

Figure 3.1 The golf training setFigure 3.2 shows the decision tree produced by applying the ID3 algorithmto the golf training set. Input features appear in the nodes of the tree, with valuesfor the features representing branches of the tree. The leaves of the tree are resultsor output. To arrive at an output for a given input instance, ID3 simply starts at the

19root, and begins testing. A branch of the tree is selected when the value for theinput feature of the given instance is equal to the value of the feature associated withthat branch.

outlookhumiditywindyrainovercastsunnyhightruenormalfalse

NPNPPFigure 3.2 The decision tree produced from the golf training setFor example, a particular Saturday morning may be described asOutlook: sunnyTemperature: coolHumidity: highWindy: falseA decision based on these values begins at the root. The value of theoutlook feature is tested. The branch labeled �sunny� is selected, which places thedecision at the node labeled humidity. The value of the humidity feature is tested.The branch labeled �high� is selected, to arrive at the leaf decision of �N�. Thus�N� is the output.3 . 2 The ID3 Learning AlgorithmThe ID3 learning algorithm is shown in figure 3.3. The algorithm beginsby selecting a training window from the training set. A training window is just asubset of the training set, but may contain the entire training set. In creating the treeshown above in figure 3.2, the entire training set of figure 3.1 is used as thetraining window. ID3 uses the training window to gather information to build thetree.

20ID3 Algorithm1. Create a training window.2. Generate tree based on training window by: a) Apply selection criterion to find feature for current node b) Create subset training window. c) Recursively build each subtree3. Apply instances outside training window to decision tree. IF: (No misclassified instances) Stop. else add misclassified instances to training window, goto step 2.Figure 3.3 The ID3 learning algorithmA selection criterion is applied to the training window. A selection criterionis a metric used to determine which feature is best at classifying the instances of thegiven training window. This metric is used to determine which feature shouldbecome the conditional test at that node. In the tree shown above in figure 3.2, theoutlook feature is deemed �best� at classifying the training window. The selectioncriterion for ID3 is found by applying a series of information based equations usinginformation obtained from the training window. Equation 3.1 is applied first todetermine the information required to classify the training window.

I( 1o ,..., mo ) = (−_jo^jo^{j=0m}∑ 2log (_jo^jo^{j=0m}∑ ) j=0 m∑ )

,(eq. 3.1)where oj is the cardinality of the jth output class and m is the number of possibleoutput classes. For the golf data set, only two output classes exist, and equation3.1 reduces to equation 3.2.

I(p,n) = − pp + n log 2 pp + n − np + n log 2 np + n

,(eq. 3.2)where p is the number of positive instances in the training window, and n is thenumber of the negative instances in the training window. Because the entire trainingset is used as the training window for the tree of figure 3.2, p = 9, n = 5, and I(p,n)is therefore 0.940. Note that I(p, n) does not depend on the values of the inputfeatures, but depends only on information acquired from the training window.Thus I(p,n) is constant for all features using the same training window.The expected information for the tree with a given feature at the root is thencomputed by equation 3.3.

E(A) = pi + nip + n

i=1v∑ I(pi,ni)

,(eq. 3.3)where A is a given feature (attribute), i is the ith possible value for feature A , pi ist h e n u m b e r o f p o s i t i v e i n s t a n c e s w i t h t h e i t h value for feature A , and n i is thenumber of negative instances with the ith value for feature A. The example belowshows the use of equation 3.3 with the outlook feature. In this example, five of the14 instances of figure 3.1 have the first value (�sunny�) for feature outlook. Of

21these five instances, two are positive and three are negative. Continuing, othervalues arep1 = 2n1 = 3I(p 1 , n 1 ) = 0.971p2 = 4n2 = 0I(p 2 , n 2 ) = 0p3 = 3n3 = 2I(p 3 , n 3 ) = 0.971

E(outlook) = 514 I(p1,n1)+ 414 I(p2,n2)+ 514 I(p3,n3) = 0.694

.Equation 3.4 shows how the information required and information expected areused together to determine the best feature for a particular node of a tree.

gain(A) = I(p,n)− E(A)

,(eq. 3.4)where A is a feature, I(p,n) is the information required for the feature A (computedfrom eq. 3.2 above), and E(A) is the information expected by branching on featureA (computed by eq. 3.3 above). The feature selected as the conditional for aparticular node is the feature which maximizes the gain. Because I(p,n) is constantfor all features, maximizing gain is the same as minimizing E(A). The value of thegain function is shown below for all features.gain(outlook) = 0.246gain(temperature) = 0.029gain(humidity) = 0.151gain(windy) = 0.048Based on these results, the feature outlook is selected as the root conditional. Thealgorithm inserts the node representing outlook, and generates a branch for each ofthe possible values of the feature outlook. Because outlook has three possiblefeature values, �sunny�, �cloudy�, and �rain�, there are three branches from thenode for the outlook feature.Each subtree then is built recursively by the algorithm above, using a subsetof the original training window. Each subset training window is created byconsidering the training window instances which have the same value for thefeature of the parent node. Using the training set above, three subset trainingwindows are created. All instances which have the value �sunny� for the featureoutlook, are placed in one subset training window. Therefore the subset trainingwindow denoted as Tsunny has five instances, as shown in figure 3.4. The numbercolumn in figure 3.4 shows the numbers of the original training set. The featurewhich is used to partition the training window is removed from the instances. Thesubset window, Tsunny is used to create the subtree connected to the root by thebranch with the value �sunny�. It is easy to see from figure 3.4 why the feature�humidity�isselectedasthefeatureforthenodeconnectedtotheroot.

22FeaturesNo 1 2 8 911TemphothotmildcoolmildHumidityhighhighhighnormalnormalWindyfalsetruefalsefalsetrueClass N N N P PFeatures

Figure 3.4 The subset training window TsunnyAfter an ID3 tree has been created based on a training window, the tree isused to classify the instances which are not in the training window (if the trainingwindow „ training set). If all instances outside the training window are properlyclassified, the algorithm stops. If however, there exists an instance which ismisclassified, that instance may be added to the original training window, and anew tree may be created based on this new training window.3.3Analysis of ID3Selection of the window size can cause some potential problems. If thewindow is too small, several instances are added after the first tree has beencreated. A new tree is now created using the new training window. However, thenew tree is not guaranteed to classify the instances correctly outside the trainingwindow which were previously correctly classified. Thus, the training window canslowly grow to encompass the entire training set. Therefore, it may be simpler tobegin with the entire training set thus creating the tree only once. Current versionsof ID3 and variations to ID3 do not use a training window. [15]The time complexity of execution is bounded by O(m), where m is thenumber of input features. Each input feature may occur at most once down eachpath of the tree.The time complexity of learning considers each training instance once tocompute the statistics used in the gain function. This has time complexity of O(n),where n is the number of instances in the training set. Each feature is considered asthe test at each node. This consideration is performed for each of the m levels ofthe tree giving a final time complexity of O(m2n).

23Chapter 4The Competitive ClassifierThe previous chapters have described two supervised learning systems fromthe machine learning paradigm which accept only discrete valued inputs. Bothsystems have promising learning capabilities. This chapter presents theCompetitive Classifier (CC) which is neural network model whose purpose is toproduce discrete codings from continuous valued inputs. Recall from chapter 1 thatthe CC is connected to a supervised learner (SL). Information is fed forward fromthe CC to the SL. Part of this information is the discrete codings for continuousvalued input features. The SL uses this information to attempt to solve a problem.During the training phase, the SL generates feedback for the CC to attempt toimprove the codings of the continuous valued input features. This chapterdiscusses what information the CC produces and how the CC produces thisinformation. The chapter also discusses the feedback accepted by the CC and howthis feedback is used by the CC to potentially improve codings. How the feedbackis produced is the subject of chapter 5.The chapter begins with the motives of the CC, without much detail on howthey are accomplished. Next the structure of the CC and details of its functions areaddressed. The chapter concludes discussing the idea of confidence metrics andhow the CC uses confidence to support its functionality.4.1Introduction to Classification Through the CCChapter 1 shows the need for coding of continuous valued inputs. Thiscoding could be accomplished with a preprocessor coarse-coding technique [18][7].However, the coarse-coded codings are not guaranteed to be useful for solving agiven problem. Figure 4.1 shows a continuous valued feature with a potentialcoarse-coded codings.

1234Figure 4.1 Coarse-coded codingsGiven coarse-coded codings, the codings could be improved by usinginformation available from the problem. Possible improvements may includecreating a new coding for the feature, or changing coding boundaries. Figure 4.2shows the same feature as figure 4.1, but with potentially improved codings. Acoding has been created, and values previously coded in coding 3 are now coded incoding 4 due to a change in the boundary between the two codings.

1234 newcodingFigure 4.2 Potentially improved codings

24The CC improves codings based on feedback from a SL. Based onfeedback, the CC may perform any one of three functions:1) Reinforce current codings.2) Adjust the boundary between two codings.3) Split a coding to create a new coding.To understand how these functions are performed, the structure of the CC ispresented in the next section. After the structure is presented, the details of howthese functions are carried out are given.4.2The Structure of the CCThe CC is a collection of feature coders (FC). Each FC is a single layerneural network model derived from the competitive learning model [16]. Singlelayer means that the CC has two layers of nodes connected by a single layer ofadjustable weights. A node is a neurally inspired unit capable of accepting inputsand generating an output. A weight is a real value on the interval of [0, 1]. Figure4.3 gives a diagram of a FC. Figure 4.4 shows a CC made up of three FCs andthus capable of coding three continuous features.4.2.1Input NodesThe input layer of a FC consists of an input node. The node represents onecontinuous valued feature. The output of an input node is a real valued number onthe interval [0, 1]. All continuous valued inputs are normalized. The need fornormalizing inputs is discussed later. Each input node is connected to one or moreoutput nodes by an adjustable weight. A weight is also referred to as a prototype.The prototype associated with the connection from input node i, to output node j, isabbreviated wij, as shown in figure 4.3. ijk wijxjkkjxOutput layerInput layerFigure 4.3 A FC

25Figure 4.4 A CC4.2.2Output NodesThe output layer of the CC consists of a collection of output nodes. Anoutput node represents one discrete coding for a continuous feature. Each outputnode receives input from one input node. The nodes which receive input from thesame input node are grouped together to form a cluster. A cluster is a group ofoutput nodes and represents the possible codings for one continuous valued feature.Within a cluster, every output node is connected to every other output node. This isnot shown in figure 4.3 where only nodes j, and k are connected. Associated withthese intra-cluster connections are real valued inhibitory weights. An inhibitoryweight is simply a weight which is typically negative. The inhibitory weight fromoutput node j, to output node k is denoted xjk , as shown in figure 4.3. Previousc o m p e t i t i o n b a s e d l e a r n i n g m o d e l s , h a v e s y m m e t r i c i n h i b i t o r y w e i g h t s [3][5][6][16]. Inhibitory weights of a FC are not symmetric, and are dynamic,changingovertime.Eachoutputnodehasanoutputvalueoj.The output of each node is found by a two step process. Step one computes

ja = 1 2

( ijw − im )

,(eq. 4.1)where aj is the activation of output node j , wij is the weight from input node i t o output node j, and m i is the output of input node i (the continuous value of thefeature). The input m i i s n o r m a l i z e d a n d s q u a r e d t o f o r c e t h e d e n o m i n a t o r o f equation 4.1 to be on the interval [0, 1]. The activation is then used to determinethefinaloutputofthenodebytherulegiveninequation4.2.

jo = ja − ( ka * kjx )

k=1,k≠ jn∑

,(eq. 4.2)where n is the number of output nodes in the cluster for the given feature. In thisequation, the initial activation of a node is decreased by the sum of the activationsweighted by the inhibition of all other nodes in the output cluster. The inhibitionbetween nodes causes a competition. The output node nearest the prototype has abetter chance of winning the competition. If the input falls between two prototypes,the inhibition determines which node has the highest output value which is thewinning node. By changing the inhibition between two nodes, the winning nodefor a given input may change. The inhibitory weights between two nodesdetermines the boundary the two codings the nodes represent.

264.2.3The CC Control Unit and Output from the CCThe CC has a control unit which coordinates the information fed forward tothe SL. The control unit has the ability to determine which output node has thehighest output value, and also the output node with the next highest output value,for a given input feature. The possible codings are determined by the winning nodeand the second highest node and are forwarded to the SL, along with a confidencemetric of the feature. A confidence metric is a real valued number which is typicallyderived from the final outputs of the winning nodes and is discussed in section 4.4.While the control unit does not give a name to the codings it produces, for claritythe examples presented in this chapter and the next use meaningful names for thecodings. As an example of what the CC forwards, suppose that our problem hasthree continuous valued features (named Temperature, Color, and Height) whichthe CC is to code. If the CC codes the feature Temperature as first �hot�, second�mild� and confidence 0.8, the stream {Temperature:hot, mild (0.8)} is forwardedto the SL for the feature Temperature. The confidence of each feature is shown inparenthesis, after the discrete coding names. An entire stream of informationforwarded from the CC to the SL might be as in example 4.1. {Temperature:hot , mild (0.8); Color:blue, green (0.95); Height:tall, very tall (0.75)}Example 4.1 An information stream forwarded from the CC to the SLThe SL uses the codings information forwarded from the CC and combinesit with other (previously) discrete data to learn a problem. Based upon resultsdiscussed in the next chapter, the SL generates feedback which is sent back to thecontrol unit of the CC. The control unit then uses this information to producepotentially better codings by adjusting the CC.4.3CC Function ImplementationsThe functions of the CC are1) Reinforce current codings.2) Adjust boundary between two codings.3) Split a coding to create a new coding.4.3.1Reinforcing Current CodingsCurrent codings in the CC are reinforced when the codings are deemed�good.� The SL deems the codings as good, when they lead the SL to a correctoutput as discussed in chapter 5. Codings are reinforced by adjusting the prototypeas in equation 4.3.

ijw = ijw + ijw − imjr

,(eq. 4.3)where wij is the jth prototype, mi is the value of the ith input node (feature), and rj isthe number of times the j t h o u t p u t n o d e h a s b e e n r e i n f o r c e d . T h e v a l u e r j isincremented each time the jth coding is reinforced. This simple rule approximatesthe average of all inputs coded in the jth output coding. As rj becomes large, thechanges to wi,j become small.4.3.2Adjust Boundary Between two CodingsRecall that the two output nodes with the highest output values are winningcodings, and both codings are forwarded to the SL. Two codings are forwarded sothat the SL may try a second coding for a given feature. The details of when to trya second coding and which feature should try a second coding are discussed inchapter 5. If the SL uses a second coding and the result is favorable. Thisinformation is fed back to the CC through the feedback mechanism. If the inputvalue is close to a boundary between two codings, the output of the nodes

27representing those two codings is approximately equal. By attempting both codingsfor a given feature when necessary, the SL may find cases where a useful codinghas the second highest output. Useful codings should have the highest outputvalue. Adjusting the inhibition between nodes changes the boundary between thecodings and may increase the chance that the useful coding is selected next time theCC processes an input close to that value.Equations 4.4 and 4.5 show how inhibitory weights are adjusted. In eachequation, node k is the node with the highest output value, node j represents thenode associated to the coding which the SL used to correctly solve the problem (thenode with the second highest output value).

jkx = jkx − (1− joko )

and(eq. 4.4)

kjx = kjx +(1− joko )

,(eq. 4.5)where xjk i s t h e i n h i b i t o r y w e i g h t f r o m n o d e j to node k, and o j and o k are theoutputs of nodes j and k respectively. The inhibition from the node representingthecorrectcoding(nodej from above) to the node representing the incorrect coding(node k from above) is increased by equation 4.4. This has the effect of decreasingthe output value of the node associated with the incorrect codings. By equation4.5, the inhibitory weight from the previously highest valued output node (node k)to the correctly coded node (node j) is decreased. This has the effect of increasingthe output value of the correctly coded node (node j). Recall that inhibitory weightsare typically negative. Figure 4.5 shows an example where only the pertinentoutput nodes are shown. In this example, node k has won the competition.However, the SL has found the coding of node k to be a more useful coding. Thusfeedback is generated to adjust the boundary between the two nodes by equations4.4 and 4.5. The numbers inside each node represent the final output value for thenode. The numbers in parenthesis are the initial inhibitory weights. The numbersin bold and parenthesis are the inhibitory weights after adjustment by equations 4.4and 4.5. Figure 4.5 shows a resultant difference in codings from the change ininhibition.

.90.86(-.55)(-.52)(-.56)(-.51)

Figure 4.4 An inhibition example

Figure 4.5 An adjustment in coding boundary by changing inhibition.4.3.3Split a Coding to Create a New CodingWhen the CC receives feedback that the codings produced are not sufficientto assist solving the problem at hand, the CC may create a new coding for a giveninput feature. The input feature selected is an option partially directed by the user.

28Prior to discussing which feature is selected, the process of splitting a coding tocreate a new coding is addressed.The CC must allocate a new output node to create a new coding. The CCthen connects this node with the appropriate input feature. As part of thisconnection, there is an associated prototype. The prototype is initialized to theinput value which has caused the coding to split. Thus if node j is the new node,then wij = mi. The value rj (number of times node j has been reinforced in equation4.3) is set to 1.The inhibitory connections are also initialized at this point. The initialinhibitoryweightsarebasedontheoutputvaluesofthevariousnodes.Thereforeifa node has little response (low output value) to a given input, there is no need toinhibit that node�s output. However, the node which previously miscoded the inputshould be inhibited. All inhibitory connections to the new node j are initialized byequation 4.6 shown.

kjx = ko *(− 1p )

,(eq. 4.6)where xkj is the inhibitory weight from node k to new node j,

ok

is the normalizedoutput value of node k, and p is a user defined parameter used to set the width ofthe new coding as discussed below. (Empirical results typically used a value of 1.0£ p £ 2.0). This equation gives a value on the interval [-1.0, 0] for the inhibitoryweights. This is important because the inhibitory weight adjustment rules(equations 4.4 and 4.5) simply reapportion the inhibitory weights between twonodes by adding a derived value to the initial value of the inhibitory weights. Thederived value is always less than 1.0. If the initial value of an inhibitory weight ismuch greater than 1.0, equations 4.5 and 4.6 do not result in any significantchanges to the inhibitory weights. The inhibitory connection from new node j tonode k is given in equation 4.7

jkx = − ko (1+ kjx )

.(eq. 4.7)The inhibitory weight from the newly created coding to the existing coding is againbased on the normalized output of the existing node. However, because theinhibitory weight is based on the result of equation 4.6, which has the parameter p,the CC can make new codings very narrow or very broad. This is shown in figure4.6 where a new coding is created (denoted as j). The prototypes for each codingare given by the �*�. Two boundaries are drawn in with representative values forthe parameter p. When p » 1, the boundary between the two codings is closer tothe new coding, thus creating a narrow coding. When p » 2, the boundary shiftstowards the middle of the two codings. Finally, if the output value of the node isvery low, there is very little inhibition between the two nodes.

coding j» 2p » 1p coding k**Figure 4.6 A new codings created with different boundaries as determined by p.The input feature selected for creation of a new coding is typically based onthe confidence metric. Calculation of the confidence metric is now discussed,followedbytheselectionofthefeaturetosplit.

294.4Calculation of the Confidence Metric and its use in NewCodings CreationMuch of what the SL does is dependent on the confidence metric fedforward from the CC. The confidence of the features is used to determine whichalternate codings should be attempted and in what order. Typically the feature withthe lowest confidence is selected as the feature which attempts an alternate coding.Refer to example 4.1 which is repeated below. When the SL receives thisinformation, it first attempts to solve the problem with the first coding (hot, blue,and tall). If however, these codings do not assist the SL to solve the problem, itwould attempt an alternate codings for a feature. The SL always selects the featurewith the lowest confidence first to try an alternate coding. In this example, theinput feature with the lowest confidence is the feature Height. Thus the SL woulduse the alternate coding of Height:very tall, and attempt to solve the problem usingthis coding. The various methods of calculating confidence effect how the SLattempts other alternate codings. Currently there are six different methods used tofind the confidence of each coding. Each method is discussed and analyzed below. {Temperature:hot, mild (0.8); Color:blue, green (0.95); Height:tall, very tall (0.75)}Example 4.1 An information stream forwarded from the CC to the SL4.4.1Normalized RatioThe normalized ratio method sums up the output values for all nodes of agiven cluster. The confidence of the first coding is found by dividing the highestvalued output node by this sum. The confidence of the second coding is found bydividing the second highest valued output node by this sum. Equation 4.8 showsthis method.

jc = jo kok=1n∑

,(eq. 4.8)where cj is the confidence of the jth node, oj is the output value of node j, and n isthe number of output nodes in the particular output cluster. Node j is either thenode with the highest output value, or the node with the next highest output value.For this method, the confidence of the feature is the confidence of the highestvalued output node. The confidence is normalized since it is compared to theconfidences of other features.This method has the appeal that the closer an input value is to a particularprototype, the higher the confidence for that coding. Anytime the first coding has avery high confidence, the confidence of the second coding is low. When the SLconsiders using a second coding, the feature selected to attempt a second coding isthe feature with the lowest first coding confidence. If the alternate coding of thefeature with the lowest confidence gives unfavorable results, no other alternatecodings are attempted. For this method the confidence calculated for the secondcoding is not used.4.4.2Normalized DifferenceThe normalized difference method is based on the method above. In thismethod, the confidence of the first and second coding is calculated as above, andthen the confidence of the second coding is subtracted from the first giving thedifference between the two confidences. This difference is forwarded to the SL asthe confidence of the feature, along with the two codings. Equation 4.8 from aboveis used to find ch (confidence of the highest valued output) and cn (confidence ofthesecondhighestvaluedoutput).Thentheconfidenceforfeaturei is

30 ch - c n .A n i n p u t v a l u e o n t h e b o u n d a r y b e t w e e n t w o c o d i n g s n o w h a s a l o w confidence. While input values which are away from the boundary, give a highconfidence. The SL uses this confidence to determine which feature should have acoding changed. Let coding 1 be the coding with the highest output value, andcoding2bethecodingwiththesecondhighestconfidenceforagiveninputfeature.If the input value for this feature were near the boundary between coding 1 andcoding2,thenthenormalizeddifferenceconfidencemethodgivesthisfeaturealowconfidence. The SL may then replace coding 1 with coding 2. If coding 2 is foundb y t h e S L t o b e u s e f u l i n s o l v i n g t h e p r o b l e m , a m e s s a g e t o a d j u s t c o d i n g boundaries is sent back to the CC. Thus the boundary between codings 1 and 2 isadjusted to make it more likely (but not guaranteed) that the given input value iscodedintocoding2inthefuture.There is a subtle difference between the two methods discussed so far. Thenormalized ratio method gives mimimum confidence to the feature with a valuefarthest from the prototype of the winning coding. The normalized differencem e t h o d g i v e s m i n i m u m c o n f i d e n c e t o t h e f e a t u r e w i t h a v a l u e c l o s e s t t o t h e boundary between the two codings.4.4.3Normalized Ratio ThresholdIn the two methods discussed above, only one alternate or second codingmay be attempted. In this method, any coding with a confidence below a certainthreshold may be attempted. The confidences of the codings are computed as in thenormalized ratio method. However, instead of finding the coding with the lowestconfidence, changing that coding, and attempting just one alternate instance, allcodings with confidence below a certain value may be changed. In order togenerate useful feedback, the SL tries second codings one feature at a time. Thus ifthere are four continuous valued features with normalized ratio confidences belowthe threshold, the SL changes the ccoding of the feature with the lowest confidencevalue to the second possible coding and leaves all other coding with the firstcodings. If this change does not assist in solving the problem (as discussed inchapter 5), this coding is changed back to the original coding and the feature withthe second lowest confidence is selected and an alternate coding is attempted for thatfeature. The process terminates when a second coding is found to assist the SL insolving the problem, or all alternative codings have been tried. Because only onefeature is allowed to change codings at a time, the time complexity of tryingalternate codings O(m), where m is the number of input features.4.4.4Normalized Difference ThresholdThe normalized difference threshold method is similar to the normalizedratio threshold method discussed above. The normalized difference thresholdmethod uses the differences in the normalized difference method discussed insection 4.4.2. As opposed to finding the input feature with the lowest normalizeddifference and try only one alternate coding, all input features with confidencebelow a certain threshold potentially have their codings changed as in thenormalized ratio threshold method. Example 4.2 shows a potential informationstream forwarded from the CC to the SL. This example uses the same informationas in example 4.1 where the difference of the confidences has been computed andpassed as the single confidence metric for the input feature. Using the normalizeddifference threshold method, with a threshold value of 0.5, the SL would firstchange the coding of the feature Height from �tall� to �very tall�. If this changeproduced desirable results in the SL, feedback would be generated instructing theCC to change the boundary between �tall� and �very tall�. If however, the SLcontinued to experience undesirable results, the Height feature would be changedback to �tall� (the first coding), and the Temperature feature would be changed to�mild�. Again if this produced desirable results in the SL, feedback is generated

31causing the CC to adjust the boundary between �hot� and �mild�. If changing theTemperature feature produces the undesirable results in SL, then feedback to createa new coding is generated and passed back to the CC. Because the Color featurehas a confidence above the threshold of 0.5, an alternative coding is not attemptedfor this feature. Note also that using the normalized difference method, only theHeight feature would have attempted an alternate coding. Features with a highconfidence in any of the methods do not attempt alternate codings. {Temperature:hot , mild (0.4); Color:blue, green (0.85); Height:tall, very tall (0.05)}Example 4.2 An information stream forwarded from the CC to the SL4.4.5Weighted MultipleThe weighted multiple method is the only method which does not use theoutput values of the output nodes in the computation of the confidence. Instead, thenumber of times an output node has been reinforced is used. To prevent thisnumber from growing too large, the value is input in a decreasing function.Equation 4.9 shows this method.cj = ln (rj) , (eq. 4.9)where cj is the confidence of output node j , and rj is the number of times outputnodej has been reinforced. The natural logarithm is applied to the value rjsothatausefulcodingmaystillbeconsideredasacodingtosplit.This method has the intuitive appeal of giving a high confidence to thecodings which have proven useful in the past. However, a problem occurs thatonce a feature has a coding split, that coding may continue to split itself. Considert h e c a s e , t h a t T e m p : h o t h a s b e e n r e i n f o r c e d 3 0 t i m e s , C o l o r : b l u e h a s b e e n reinforced25times,Height:tallhasbeenreinforced15times,whileHeight:verytallhas also been reinforced 15 times. Anytime the feature Temperature is coded to�hot�, the feature Height always will have a lower confidence. An alternativecoding for the feature Temperature is never considered. Thus Temperature loosesthe opportunity to learn by adjusting coding boundaries. Once the feature Heighthas a new coding created, say coding �short,� the output node which represents� s h o r t� h a s n e v e r b e e n r e i n f o r c e d . T h u s t h i s c o d i n g c o n t i n u a l l y h a s a l o w confidence which determines the opportunity to learn. If the coding to split isdetermined by low confidence, then the feature Height is the only feature whichcreates a new coding. However, at times, it may be desirable to have only thenewlycreatednodeslearn.4.4.6Activation RangeThis final method for calculating confidences uses the output value of thewinning node, the number of codings the feature has, and the range that thefeature�s values cover (prior to normalizing). The formula is given below inequation 4.10

jc = ACT( jo )+ RANimax − imin + NUM( in )

,(eq. 4.10)where cj is the confidence of output node j, oj is the output value of node j, maxiand min i a r e t h e m a x i m u m i n p u t v a l u e a n d m i n i m u m i n p u t v a l u e o f t h e i t h continuous input feature prior to normalization, niisthenumberofdiscretecodingsfor the ith input feature, and ACT, RAN, and NUM are user defined parameters.This method attempts to combine the notions of how close an input value istotheprototypeofthecodings,withtherelativewidthofthecoding.Thefirsttermi n t h e e q u a t i o n s i m p l y d e t e r m i n e s h o w c l o s e t h e i n p u t v a l u e i s t o a c o d i n g prototype. The second and third terms determine how many codings are covering

32the entire range of the feature. Thus if the output value of output node j is high, andthe input feature represented by input node i has a small range, and the ith featureh a s a l a r g e n u m b e r o f d i s c r e t e c o d i n g s , t h e c o n f i d e n c e , c j w o u l d b e h i g h . Conversely, if the output value of the output node is low, and the coding is a broador wide coding relative to the potential input values, then the feature would have alow confidence.By using parameters to effectively weight each term in the equation, anyterm can be removed from the equation. A number of experiments have beenattempted with a number of different values for each parameter (including zero).The results bare out that each term is important and requires a parameter valuegreater than zero. As is discussed in the next chapter with the other simulationresults, optimal values for these parameters are ACT = 0.0001 and RAN = NUM =.5. The very small value of the constant ACT is due to the fact that output valuesfor the nodes of a given output cluster are not normalized in the activation rangemethod.4.4.7Methods to Determine Which Coding to SplitFour selection methods determine the feature for which a new coding iscreated. Each method is discussed below. Selection of the feature which has acoding created is critical for proper learning. Each method can be evaluated by atleast three factors.¥ Which confidence methods can be used with a given split method.¥ Does one feature continually have codings split, while others do not.¥ Are the codings stable and useful for a number of instances.4.4.7.1 Minimum ConfidenceThe minimum confidence method simply selects the feature with the lowestconfidence value. Any of the above methods for calculating confidence can be usedin combination with this method and most work equally well. The weightedmultiple (section 4.4.5) method however, does not work well in combination withthis method. Using the weighted multiple method, the same feature tends todominate the learning. In some cases, numerous codings would be created for afeature. When too many codings are created, the generalizing ability of the systemsuffers. Using this method with any confidence method based on output values(including the activation range method) creates a proper balance of stable codingsfor each feature. Typically two to four codings are created for each feature. Thismethod balances the learning across the features also. The number of codings ineach feature is approximately equal. Further, the codings are created rather slowly,giving the CC time to find proper boundaries between codings.4.4.7.2 Minimum CodingsThe minimum codings method splits the coding with the fewest number ofcodings. Because it is not based on confidence metrics, there is no restriction onthe combinations of confidence metrics used. This method creates a balance ofcodings. However, the coding often is created for the wrong feature. If a givenfeature has the fewest number of codings, but the input value for that feature is veryclose to a prototype, that feature is still selected as the feature for coding creation.Thus two codings exist virtually on top of one another. This renders both codingsunstable, as inputs previously coded in the original coding are now miscoded in thenew coding. Because the prototypes are very near, only confidence methods whichfind input values near the coding boundaries (normalized ratio difference, andthreshold difference from above) are useful to adjust the coding boundaries. To seethis, simply observe that a value in between two very near prototypes creates a veryhigh output value for both output nodes representing the prototypes. If theconfidence is based on these values instead of the difference between these two

33values, both codings would have a high confidence, and the feature would never tryan alternative coding.In addition to the problem of learning proper codings for the values inbetween the codings, this method illustrates a limitation of the coding abilities of theCC. This limitation is shown in figure 4.7. In figure 4.7a the input value for thegiven feature is shown as the hollow circle, the �*� below the value line representsthe prototype of that particular coding. Because this feature has the fewest numberof codings, the minimum coding method selects this feature for new codingcreation. The prototype for the new coding is set at the value of the input feature,namely the hollow circle. This new coding and prototype is shown figure 4.7b.The boundary between the two codings as defined by the inhibition is shown inbold in figure 4.7b. This boundary may be adjusted to potentially any pointbetween the two prototypes. However, the two values (pointed at by arrows) to theleft of the new prototype �*2� can never be coded with prototype �*1� again. Theboundary between the two codings is constricted to be between the two prototypes.Put another way, the boundary can never venture to the left of the �*2� prototype toinclude the marked values. This limitation always exists, but the other codingselectionmethodstendtogivebetterresultsinlightofit.

*(a)**12(b)Figure 4.7 Potential problem of codings with prototypes too near4.4.7.3 Weighted Minimum ConfidenceThe weighted minimum confidence method is a compromise between thetwo selection methods presented thus far. As opposed to selecting the feature withthe fewest number of codings, regardless of confidence values, this method allowsfeatures with few codings, but high confidence to be passed over in the selectionprocess, by weighting the confidence with the minimum number of codings. Thiseffectively eliminates the problem of having two prototypes too near.4.4.7.4 Minimum Confidence ThresholdThis method is similar to the minimum confidence method discussed abovein section 4.4.7.1, the difference being that all features with a confidence below acertain threshold are selected for new coding creation. The value of the thresholddetermines to a great extent the effectiveness of this method. Using of dynamicthreshold gives more consistent results. This is accomplished by selecting anyfeature with confidence within 10% of the minimum confidence. Using thismethod, a balance of codings results. By allowing a feature close to the minimumconfidence to be selected in addition to just the feature with the minimumconfidence, stable codings are created faster. In fact this method typically createdclose to the same codings as the minimum confidence method with one or twofewer training iterations. Occasionally the CC may create coding too fast, causing a

34ripple effect resulting in numerous unstable codings. This occurrence is rare, basedon empirical testing.4.5Analysis of CCThe CC is a parallel algorithm. Using a neural architecture, each node canin parallel calculate its activation and final output. In the execution phase, thisresults in a constant time bound. Likewise, using a parallel neural architecture intraining each node can initialize its appropriate inhibitory weights to the new node.The inhibitory weights from the new node has time complexity O(n), where n is thenumber of output nodes in the cluster in which the new node is created.If the algorithm is executed on a sequential machine, the time bound ispolynomial. Finding the codings for both learning and execution has timecomplexity O(mn+n2) where m˚is the number is the number of input features, andn is the maximum number of output nodes in any FC. The first term calculates theinitial activation of each node, while the second term is the inhibition from all othernodes in the output cluster.In training, reinforcement of features is bounded by O(m). Adjustinginhibition boundaries takes constant time. Creating a new coding is the mostexpensive operation and has time complexity of O(n2 ). This complexity comesfrominitializingtheinhibitoryweights.Theworstcasetimecomplexityfortrainingis therefore O(mn+n2+n2) which reduces to O(mn+n2).The codings produced by the CC are dependent on the SL used to generatefeedback. A discussion of the codings produced and limitations of these codings isdiscussedinthenextchapter.

35Chapter 5A New Learning ModelThis chapter begins with the general framework for a new learningalgorithm. After the presentation of the general model, two specific SLs areimplemented creating ASOCS-AFE and ID3-AFE. Both learning systems arepresented and analyzed. In each case simulation results are discussed.5.1SL-AFE ExecutionThe general model is shown in figure 5.1. In the execution phase, the SLuses the input features to generate an output. The generated output is the output ofthe system. The algorithm for the execution phase is shown in figure 5.2. Notethat this algorithm assumes an instance is available for processing.

SLCCProduces discrete codings from continuous valued inputFeedForwardFeedback

ContinuousValued FeaturesDiscreteValuedFeaturesFigure 5.1 A SL-AFE model

36SL-AFE execution algorithmcur_instance:=execution_instance(input_instance);output:= generate_output(cur_instance);end SL-AFE execution algorithmexecution_instance( i n s t a n c e )Copy the discrete features from instance to trial instance.Call the CC to code the continuous features and forward codings andconfidence information.Use the first codings as the discrete values for the continuousfeatures and place these values in instance.end execution_instanceFigure 5.2In the execution phase, the SL-AFE accepts input features. The CC usesthe continuous valued features to generate one discrete coding for each feature. Thediscrete codings are the only information forwarded from the CC to the SL wherethey are again combined with the discrete valued features. The instance isreconstructed by the SL and now contains only discrete values for all input features.The SL uses the instance to generate an output by the function generate_outputwhich is not defined because it depends upon the details of the particular SL.During execution, no feedback is generated by the SL for the CC.5.2SL-AFE TrainingThe algorithm for the training phase of the SL-AFE is shown in figure 5.3.This figure is general, with many details of the algorithm dependent on the specificSL. The training algorithm can be broken up into three sections. First, initialcodings may be found using a coarse-coding technique such as BRACE or a nearestneighbor technique [18][7]. These initial codings may then be used for somelearning by the SL without generating feedback. Second, the SL iterates throughthe training set generating feedback for the CC. Third, the SL may perform someadditional learning after the iteration and feedback.While the SL iterates through the training set, it creates a number of trialinstances. A trial instance is formed by using different codings for the continuousfeatures. The first trial instance is formed using the first codings for all continuousfeatures. The SL uses the trial instances to produce an output. While the output ofthe SL is incorrect, the algorithm systematically tries other trial instances whichcontinues until a trial instance yields a correct output, or all options for creating trialinstances have been tried.In SL-AFE of figure 5.3, the variable trial_instance stores each of the trialinstances created as a vector of instances. The index variable k is used to keep trackof which trial instance the algorithm is currently considering. Various actions bythe SL-AFE depend upon which trial instance is used to produce a certain output.Specific details of the algorithm are discussed in sections 5.2.1 through 5.2.4.

37SL-AFE learning algorithm[1]coarse-coding();// if necessary for given SL[2]SL_pre_feedback_learning();// if necessary for given SL[3]for i:= 0 to max_iterations {[4] for j:= 0 to number_training_instances {[5]trial_instance[0] = build_trial_instance(training_instance[j], 0);[6]for k:= 0 to number_continuous_features {[7]output:= generate_output(trial_instance[k]);[8]if (output = training_instance_output) {[9]if (k = 0) {[10]reinforce_codings();[11]SL_learning_correct_response(trial_instance[0]);} // end if k=0[12]else {// k„0, output correct[13]adjust_boundaries();[14]SL_learning_correct_response(trial_instance[k]);} // end else k„0[15]break;// goto next training instance} // end if output=training_instance_output[16]else { // output„training_instance_output[17]SL_learning_incorrect_response(trial_instance[k]);[18]trial_instance[k+1]:= build_trial_instance(trial_instance[k], k+1);[19]if (trial_instance[k+1] = Null) {[20]if (trial_instance[0] is learnable by SL basedon discrete features)[21]SL_learning(trial_instance[0]);[22]else {[23]split_codings();[24]new_instance:= build_new_instance();[25]SL_learning_new_instance(new_instance);} // end else split a coding[26]break;} // end if trial_instance[k+1]=Null} // end else output[k]„training_instance_output} // end for loop (k)} // end for loop (j)} // end for loop (i)[27] SL_post_feedback_learning();// if necessary for given SLend SL-AFE learning algorithmFigure 5.3 The general SL-AFE learning algorithmThe coarse coding in line [1] of the continuous features may be necessaryfor any learning that the SL performs prior to generating feedback. In section 5.4,ID3-AFE uses coarse coding to give the ID3 algorithm codings to which the gainfunction is applied. Applying the gain function and constructing an initial ID3 treeis an example of necessary learning prior to generating useful feedback. Throughthe use of iteration, the SL-AFE can train on each instance in the training set anumber of times. The first trial instance is constructed on line [5] by the algorithmbuild_trial_instance (figure 5.4).

38build_trial_instance(trial_instance, trial)if (trial=0){Copythediscretefeaturesfrominstance to trial instance.Call the CC to code the continuous features and forward codings and confidence information.Use the first codings as the discrete values for the continuous features and place these values intrial_instance.return (trial_instance)} // end if trial = 0else {// trial „ 0if (trial > 1)change_last_coding(trial_instance);// sect. 5.2.2if (change_next_coding(trial, trial_instance) = Empty_Feature_Set)return (Null);elsereturn (trial_instance);}//endelsetrail „0end build_trial_instanceFigure 5.4 Build_trial_instance algorithmThe first trial instance is used by the SL to generate an output. The output isthen compared to the training instance output.5.2.1 First Trial Instance SL Output is CorrectIf the first trial instance can be used to generate a correct output from theSL, feedback is generated to reinforce the first codings for each of the continuousfeatures. The test on line [9] of the SL-AFE learning algorithm determines if thefirst trial instance produced the correct output. Reinforcing the codings whichproduced the correct output makes those codings more likely to occur when asimilar training instance is processed. The algorithm to reinforce codings is shownin figure 5.5. The SL may also learn when its output is correct. This however, isnot shown in algorithmic form since it is specific to the SL being used.reinforce_codings()for each continuous feature i

wi, j = wi, j + wi, j − mirj

end reinforce_codingsFigure 5.5 Reinforce_codings algorithm5.2.2 First Trial Instance SL Output is IncorrectWhen the output from the SL does not equal the training instance output forthe first trial instance, the SL may learn making the first trial instance less likely tooccur. In addition, the SL uses the algorithm build_trial_instance of figure 5.4 toconstruct additional trial instances. The algorithm change_last_coding (figure 5.6)is used to change the coding of a selected feature back to its original coding. Thefeature selected is the feature which is using a second coding in the current trialinstance. The algorithm change_next_coding (figure 5.6) selects the feature from aset (which is constructed if it doesn�t already exist) with the minimum confidence.The variable feature is a global variable which stores which feature has just beenchanged. This feature is referenced also in changing coding boundaries.

39change_last_coding(trial_instance)Find featureintrial_instance and change its value to its original firstcoding.Delete feature from S.end change_last_codingchange_next_coding(trial, trial_instance)if (trial = 1) {Construct feature set S by including all continuous features withconfidence below the threshold (if the confidence method uses athreshold), or by including only the feature with minimumconfidence.} // end if trial = 1if (S „ ˘) {feature:= feature in S with minimum confidence.change coding of feature to second coding.} // end if S „ ˘else// S = ˘return (Empty_Feature_Set);end change_next_codingFigure 5.6 Algorithms used to build trial instancesIf a second trial instance must be constructed, the algorithmchange_next_coding is called from build_trial_instance and constructs a set offeatures S such that each element is S is a continuous valued feature whoseconfidence is below the threshold if the confidence method uses a threshold. Theset S is constructed the first time it is needed (to build the second trial instance). Ifthe confidence method does not use a threshold, then S contains the single featurewhich has the lowest confidence. For a feature to appear in S, it must appear in thetraining instance. Thus a feature with an unknown input value cannot be in S.Once S is constructed, the feature with minimum confidence is selected. From thefirst trial instance, this feature changes its coded value to the second possible codingforwarded by the CC creating the second trial instance. Using this second trialinstance, the SL finds a new output. This new output is compared to the traininginstance output. If S = ˘, there are no features with which to construct trialinstances.5.2.3 Second or Subsequent Trial Instance SL Output is CorrectIf the output generated by the second or any subsequent trial instance equalsthe training instance output, then the CC makes the second coding of the featurewhich was changed to create the second trial instance more likely to occur. This isaccomplished by generating feedback for the CC to adjust the coding boundarybetween the first and second possible codings of that feature. The else of line [12]in the algorithm SL-AFE of figure 5.3 uses the variable k to detect if the trialinstance producing the correct output is not the first trial instance. The algorithm toadjust coding boundaries is shown in figure 5.7.

40adjust_boundaries()

ij,k = ij,k − (1− o_jo^k) ik, j = ik, j +(1− o_jo^k)

end adjust_boundariesFigure 5.7 Adjust_boundaries algorithmThe SL at this point may also learn to make the trial instance producing the correctoutput more likely to occur. This again would depend upon the specific SL beingused. If a third (or any subsequent) trial instance is created, the algorithmchange_last_coding of figure 5.6 changes the feature which was changed to createthe previous trial instance back to its original coding and removes that feature fromthe set S. For any trial instance, only one feature is changed from its originalcoding. As each trial instance is created, an output is found for that instance.5.2.4 No Subsequent Trial Instance SL Output is CorrectIf no trial instance gives the correct output from the SL, then the SLattempts to learn the first trial instance based on its discrete features. If the discretefeatures are insufficient for the SL to learn the first trial instance, then feedback maybe generated to split one or more codings depending upon the split method beingused and characteristics of the SL. If the discrete features of one training instancemay match the discrete features in another training instance, and the two traininginstances imply different outputs, then the SL cannot learn the two instances basedon the discrete features. Figure 5.8 shows the algorithm to split a single coding.split_coding()select features to split by split method being used.for each feature selected {

ik, j = ok *(− 1p )

ij, k = − ok(1+ik, j)

w i , j = m i}end split_codingFigure 5.8 The algorithm to split codingssAfter the feature has been split, a new instance is constructed using the algorithm infigure 5.9.build_new_instance()Construct an instance using the discrete codings from the training instance, using the first codings from all features exceptthose with new codngs. The features with new codings use thenew coding values.Return the new instance.end build_new_instanceFigure 5.9 The build new instance algorithmThe SL now attempts to learn the new instance constructed by thebuild_new_instance algorithm.The first trial instance should be learned based on its discrete featuresbecause the proper codings of the discrete features are given as input, and do notneed to be discovered. Discovery of codings for the continuous valued features isat best a guess. If the instance can be learned based on its discrete features, and

41without creating additional codings, it is done. Learning based on the discretefeatures is illustrated in both ASOCS-AFE and ID3-AFE. The SL may also learnbased on the incorrect responses of one or more trial instances.Creating additional codings is used as a last resort because it can result insome unlearning of previously learned information. Suppose that the input ofTemperature:89ßF is coded as Temperature:hot in training instance 1. This coding(along with the rest of the instance) is learned by the SL. A later instance in thetraining set then creates the coding �mild� for the feature Temperature into whichthe value 89ßF is coded. Thus the previous learning by the SL no longer applies totraining instance 1. A new instance may need to be learned by the SL using the�mild� coding of the Temperature feature next iteration when training instance 1 ispresented. The SL may also determine that coding 89ßF into �hot� instead of�mild� is a better coding. This could be determined by trying an alternate codingfor the feature Temperature. Iteration makes either type of learning possible, butnot guaranteed. The proper number of iterations must be determined by empiricaltesting. Because the CC never destroys a coding once it is created, new codings areonly created when the SL can do nothing else to learn the instance. Future workwill include the ability to destroy a coding or merge two codings into one.5.2.5An ExampleThis example, illustrates how the SL-AFE learning algorithm executes.Prior to iterating through the training set, the continuous features may be coarse-coded into a small number of codings. Further, the SL performs any learningbased upon the coarse-codings and other information available from the training set.Now, suppose that the following instance from the golf data set of chapter 1 is to belearned by the SL-AFE. The training instance is.Temperature:99ßF Humidity:65% Windy:False Outlook:Cloudy -> NThe features temperature and humidity are input to the CC, while the inputs windyand outlook are input directly to the SL. Suppose the stream forwarded by the CCis.{Temperature:hot, mild, 0.83; Humidity:high, low, 0.55}The SL constructs the first trial instance by line [5] of the SL-AFE trainingalgorithm asTemperature:hot Humidity:high Windy:False Outlook:Cloudy(Trial 1)Using this instance, the SL generates an output and compares this output to theoutput of the training instance. If the SL generated output were N (the output of thetraining instance), then the variable k is used to determine which trial instanceproduced the correct output. If the first trial instance is used to produce the correctoutput (k = 0), then feedback to reinforce the codings �hot� and �high� would besent to the CC, and the SL may learn. If the SL generated output were P (not equalto training instance output), then the SL would construct a second trial instance asin line [18] of the SL-AFE algorithm. The second trial instance is constucted byconsidering an alternate coding for a feature. The feature selected for an alternatecoding is Humidity because its confidence is lower than the confidence ofTemperature. The second trial instance isTemperature:hot Humidity:low Windy:False Outlook:Cloudy.(Trial 2)Using this instance, the SL generates another output and compares it to the outputspecified by the training instance. If the SL generated output were N, then thevariable k is used to determine which trial instance is used to produce the correctresponse. Since this is the second trial instance and second computed output, k „ 0so feedback to adjust the boundaries between the codings �high� and �low� of thefeature humidity would be sent to the CC. If on the other hand, the SL output wereY, the actions would depend on the confidence method being used. If theconfidence method does not use a threshold, the set S is now empty since itcontained only the single element Humidity. At this point, the SL attempts to learn

42the first trial instance based on its discrete features. If the discrete features are notsufficient to learn the instance, then feedback to split the humidity coding is sent tothe CC. If the confidence method did use a threshold, and the threshold weregreater than 0.83, then another trial instance would be constructed by changing thevalue of the Humidity feature back to its original coding of �high�, and changingthe value of the Temperature feature to �mild�. This createsTemperature:mild Humidity:high Windy:False Outlook:Cloudy. (Trial 3)An output is again generated and compared. If the output is correct, feedback toadjust the boundaries between the codings �mild� and �hot� of the featureTemperature is sent back to the CC. If the input is incorrect, an attempt is made toconstruct another trial instance. The set S is now empty, and the algorithmproceeds as previously stated for S = ˘. If a new coding is created, then the SLlearns the newly formed instance. For example, if the feedback generated were tosplit the coding �high� of the humidity feature, then the SL learns the instanceTemperature:hot Humidity:medium Windy:False Outlook:Cloudy -> Nwhere medium is the new coding created for the humidity feature.5.3ASOCS-AFEAn ASOCS-AFE is created by using an ASOCS as the SL in the SL-AFEalgorithms above. For reasons discussed in chapter 2, Priority ASOCS is usedwith the extensions for multi-state discrete features. By creating ASOCS-AFE,ASOCS is extended to allow continuous valued features.5.3.1ASOCS-AFE ExecutionThe execution phase of the ASOCS-AFE is shown in figure 5.10. Thealgorithm execution_instance is shown in figure 5.2, and the algorithmgenerate_PASOCS_output is shown in figure 2.7. The instance constructed ischecked against the PASOCS network. The matching instance (if one exists) withthe highest priority sets the output for the ASOCS-AFE. If there is no matchinginstance, the PASOCS output is set to no output.ASOCS-AFE execution algorithmcur_instance:=execution_instance(input_instance);output:= generate_PASOCS_output(cur_instance);end ASOCS-AFE execution algorithmFigure 5.10 The ASOCS-AFE execution algorithm5.3.2ASOCS-AFE TrainingThe training algorithm for the ASOCS-AFE is shown in figure 5.11. Itdiffers from the algorithm of figure 5.3 in the following ways. First, ASOCS-AFEdoes not initially coarse code the continuous features. If no codings exist for agiven continuous feature, then the first coding is created using the input value of thecontinuous feature for the prototype of the created coding. Since there are no othernodes for the particular feature, there is no inhibition. In this way, ASOCS-AFEcan create codings as needed. If the first value of a continuous feature is erroneous,or isolated from other values for that feature, then the first coding created for thatfeature may not be very general. However, it may not be desirable to have a codingcontaining either an error or an isolated value to contain a number of other values.ASOCS-AFE does not require any learning prior to generating feedback.The PASOCS network is initially empty. The first instance is then used to createthe first node in the network.

43ASOCS-AFE learning algorithmfor i:= 0 to max_iterations {for j:= 0 to number_training_instances {trial_instance[0] = build_trial_instance(j, 0);match:= match_discrete_features(trial_instance[0]);if (match = True) {for k:= 0 to number_continuous_features {output[k]:= generate_PASOCS_output(trial_instance[k]);if (output[k] = training_instance_output) {if (k = 0)reinforce_codings();elseadjust_boundaries();break;} // end if output[k]=training_instance_outputelse { // output[k]„training_instance_outputtrial_instance[k+1]:= build_trial_instance(j, k+1);if (trial_instance[k+1] = Null) {if (output[0] = No_PASOCS_Output)add_instance(0, trial_instance[0])else { // output[0] set to wrong valuesplit_codings();new_instance:= build_new_instance();next_priority:= compute_next_priority(training_instance[j]);add_instance(next_priority,new_instance);} // end else output[0] set to wrong valuebreak;} // end if trial_instance[k+1]=Null} // end else output[k]„training_instance_output} // end for loop (k)} // end if (match)else {// match = False (match of discrete features)next_priority:= compute_next_priority(training_instance[j]);add_instance(next_priority, trial_instance[0]);} // end else discrete features do NOT match} // end for loop (j)} // end for loop (i)end learning algorithmFigure 5.11 The ASOCS-AFE learning algorithmThe learning algorithm iterates through each instance in the training set anumber of times. For each training instance, a first trial instance is created as infigures 5.2 and 5.4. The function match_discrete_features broadcasts the first trialinstance to the PASOCS network along with the test �discrete match� whichmatches discrete features and is shown in figure 5.12.

44match_discrete_features(trial_instance)broadcast(trial_instance,discrete_match);boolean_value:= gather(True flags);// discrete_features_matchedreturn(boolean_value);end match_discrete_featuresdiscrete_match(trial_instance)node.discrete_instance_matched:= True;for each discrete feature in trial_instance {if (instance.feature.state „ Don�t_Care) {if (PASOCS_instance.feature.state „ Don�t_Care) {if (trial_instance.feature.state „PASOCS_instance.feature.state) {node.discrete_instance_matched:= False;} // end if states „} // end if PASOCS = Don�t_Care} // end if instance = Don�t_Care} // end for each discrete feature in instanceend discrete_matchTrue flagsif ((left_child.flag = True) OR (right_child.flag = True) OR(node.discrete_instance_matched = True))pass_to_parent(True);elsepass_to_parent(False);end True flagsFigure 5.12 ASOCS-AFE learning algorithmsIf the PASOCS network can match the discrete features, then there is achance the continuous features may also produce a match. The output of the firsttrial instance is computed as in the execution phase using algorithm ASOCS-AFE_execution of figure 5.10. If the output of the first trial instance is equal to theoutput of the training instance, the codings are reinforced as in figure 5.5.PASOCS does nothing when an output is correct, therefore there is no learning bythe PASOCS.If the output produced by PASOCS does not equal the output of the traininginstance, the first output is saved for later reference, and a new trial instance isconstructed as in figures 5.4 and 5.6. The first trial instance and its output aresaved because PASOCS has two types of incorrect answers. The network may setthe output value to an incorrect value, or the network may fail to match the instancewhich does not set the PASOCS network to any value. As each subsequent trialinstance is created, it is used to generate an output. If any subsequent trial instanceproduces a correct output, boundaries are adjusted in the CC by the algorithm offigure 5.7.If no trial instance produces a correct output, an instance is added to thePASOCS network by the algorithm of figure 5.13. The instance to add isdetermined by the output generated by the first trial instance. If the PASOCSnetwork did not produce an output, no instance in the network matched the first trialinstance produced. Therefore, the first trial instance produced is added to thePASOCS network with a base priority.

45add_instance(priority, instance)Add instancetothePASOCSinstanceset.Allocateafreenodeinthenetwork.node.instance_priority:= priority;node.instance_output:= training_instance.output;node.instance:= instance;end add_instanceFigure 5.13 Add_instance algorithmIf the PASOCS network sets the output to a valid output value, but theoutput is incorrect, then one or more codings are split by the algorithm in figure5.8. The algorithm of figure 5.9 constructs a new instance. This instance is addedto the PASOCS network with the priority one greater than the highest contradictingpriority which is found by the algorithm compute_next_priority (figure 5.14).If the PASOCS network cannot match the discrete features, the first trialinstance is added to the PASOCS network with a higher priority than anycontradicting instance.compute_next_priority(training_instance)broadcast(training_instance.polarity,checkcontradiction);priority:= gather(largest contradicting priority);return (priority+1);end compute_next_prioritycheck contradiction// test at node for broadcastif (node.output „ training_instance.output)node.instance_contradicted:= True;elsenode.instance_contradicted:=False;end check contradictionlargest contradicting priority// test at node for gatherif (node.instance_contradicted = True)pass_to_parent(max(node.priority, left_child.priority,right_child.priority));elsepass_to_parent(max(left_child.priority,right_child.priority));end largest contradicting priorityFigure 5.14 Algorithms for finding proper priorityBy adding the first trial instance created to the PASOCS network whendiscrete features are not matched, ASOCS-AFE is capable of learning exceptionsbased on values of the discrete features.5.3.3An ASOCS-AFE ExampleThe IS shown already exists in the PASOCS system as a result of previoustraining. The values in parenthesis indicate the priority of each instance. The IS isin table form instead of the PASOCS tree structure for simplicity.

ISI.Temperature:hot Humidity:high Windy:false Outlook:sunny -> N(0)II.Temperature:cold Humidity:low Windy:true Outlook:rain -> N (0)III.Temperature:mild Humidity:high Windy:true Outlook:sunny -> P(1)IV.Temperature:cold Humidity:high Windy:false Outlook:cloudy -> P(1)Let the training instance (denoted as NI) beTemperature:59ßF Humidity:45% Windy:false Outlook:cloudy -> N (NI)

46The algorithm build_trial_instance causes the CC to code the continuous valuedfeatures. Suppose the CC forwards the stream shown.{Temperature:cold, mild, 0.65; Humidity:low, high, 0.52}The first trial instance constructed isTemperature:cold Humidity:low Windy:false Outlook:cloudy.(Trial 1)The algorithm match_discrete_features finds that the discrete features of NI matchthe discrete features of one instance in IS (instance IV), and algorithm continues bygenerating a PASOCS output. This trial instance is not matched in the PASOCSand PASOCS does not produce a valid output value, so a second trial instance isconstructed.Temperature:cold Humidity:high Windy:false Outlook:cloudy (Trial 2)This instance matches the instance IV in the IS, however the output is incorrect,thus another trial instance is constructed (assuming the confidence method uses athreshold).Temperature:mild Humidity:low Windy:false Outlook:cloudy(Trial 3)The third trial instance does not match any instance in IS. There are no othercontinuous valued features with which to construct alternate instances. Thus theoutput of the first trial instance is used to determine the proper course of action.Since the first trial instance failed to match any instance in the IS, the first trialinstance is merely added to the PASOCS network with a base priority. This givesthe new IS.

ISI.Temperature:hot Humidity:high Windy:false Outlook:sunny -> N(0)II.Temperature:cold Humidity:low Windy:true Outlook:rain -> N (0)III.Temperature:mild Humidity:high Windy:true Outlook:sunny -> P(1)IV.Temperature:cold Humidity:high Windy:false Outlook:cloudy -> P (1)V.Temperature:cold Humidity:low Windy:false Outlook:cloudy -> N (0)Let the next training instance beTemperature:92ßF Humidity:65% Windy:false Outlook:sunny -> P(NI)The algorithm build_trial_instance causes the CC to produce codings for thecontinuous features. Suppose the CC forwards the following stream to theASOCS.{Temperature:hot, mild, 0.92; Humidity:high, low, 0.45}The first trial instance is constructed by the ASOCS based on the information in thisstream isTemperature:hot Humidity:high Windy:false Outlook:sunny.(Trial 1)The discrete features of this trial instance are found to match at least one instance inthe PASOCS network. An output is generated by the PASOCS. (Since this trialinstance matches instance I, the output contradicts the training instance.) Additionaltrial instances are formed considering the features with confidence below somethreshold. The humidity feature has the lowest confidence, therefore a second trialinstance is constructed as shown below.Temperature:hot Humidity:low Windy:false Outlook:sunny (Trial 2)This instance does not match any instance in the IS, thus no output is generated. Athird trial instance would now be constructed using the �mild� coding of thetemperature feature, if the confidence method used a threshold, and the value of thethreshold were greater than 0.92 (the confidence of the temperature feature).Examination of the IS shows that no instance would match the third trial instanceconstructed as discussed above. Therefore, the results of the first trial instancedetermine the course of action. The first trial instance contradicts the traininginstance and feedback to create a new coding is sent to the CC. The humidityfeature is selected as the only feature for new coding creation (this selection processconsiders the split method being used and perhaps also a threshold). The coding�high� is the first coding of the feature humidity, so this coding is split. For

47simplicity, the new coding is referred to as �medium�. The instance shown belowis added to the IS with priority one greater than the highest contradicting priority.Temperature:hot Humidity:medium Windy:false Outlook:sunnyThis addition creates the new IS below.

ISI.Temperature:hot Humidity:high Windy:false Outlook:sunny -> N(0)II.Temperature:cold Humidity:low Windy:true Outlook:rain -> N (0)III.Temperature:mild Humidity:high Windy:true Outlook:sunny -> P(1)IV.Temperature:cold Humidity:high Windy:false Outlook:cloudy -> P (1)V.Temperature:cold Humidity:low Windy:false Outlook:cloudy -> N (0)VI.Temperature:hot Humidity:medium Windy:false Outlook:sunny -> P(1)The first instance is now properly discriminated from the final instance by thehumidity feature and the priority.5.3.4Analysis of ASOCS-AFEASOCS-AFE handles noisy data different from traditional PASCOS. Toproduce an incorrect response, the PASOCS network matched the first trialinstance. By splitting a coding for a feature, PASOCS has created a discriminatingvariable (feature), thus the instance can be added with the base priority. Intraditional PASOCS, if a training instance is matched by the PASOCS network, butit produces an incorrect response, the training instance is added to the network witha higher priority. This effectively deletes the old instance from the network. If thetraining instance is erroneous, the traditional method replaces a valid instance withan erroneous instance. Obviously, this is undesirable. If on the other hand, the oldinstance were erroneous, adding the new instance with a higher priority causes thePASOCS to forget the error.The ASOCS-AFE approach is different. By creating a new coding andinstance, then adding it to the PASOCS network, ASOCS-AFE never forgets theerror. However, if the training instance is erroneous, the ASOCS-AFE approach isdesirable since the correct older instance is not destroyed. Erroneous values incontinuous features have a coding, but could be unlearned through adjustments tothe inhibition. Erroneous values in continuous features may not have the samenegative consequences. If a discrete feature has an erroneous value, then ASOCS-AFE may treat it the same as traditional PASOCS, or ASOCS-AFE may create anew coding for a continuous feature. If the error in the discrete feature causes thePASCOS network to match the discrete features of an instance and then generate anincorrect output, a new coding is erroneously created. If the error in the discretefeature causes the PASOCS to not match an instance, then the error is learned.5.3.5 Complexity of ASOCS-AFEThe time complexity of ASOCS-AFE learning is polynomial. For each NI,the following actions occur.¥Code continuous valued features¥Construct one or more trial instances¥Generate output for each trial instance¥CC learning¥PASOCS learningFrom section 4.5 (assuming a parallel architecture) coding the continuous valuedfeatures has a constant time bound. Construction of the trial instances has twosteps. First,the set S is created by considering each continuous feature. This stephas time complexity O(m) where m is the number of continuous input features. Thesecond step is the actual construction of the trial instances. The constuction of eachtrial instance takes constant time. However, the number of trial instances created isbounded by m. Thus the construction of the trial instances has total timecomplexity of O(m + m) which reduces to O(m).

48From section 2.6, the time complexity to compute a PASOCS output isO(log2 p), where p is the number of nodes in the PASOCS network. From section4.5, the learning time complexity of the CC is O ( n), where n is the number ofoutput nodes for a given FC. Finally, from section 2.6 the time complexity ofPASOCS learning is bounded at O(log2 p). Collecting this gives O(n + log2 p)5.3.6Simulation of ASOCS-AFEThe ASOCS-AFE model has been simulated. The purposes for developingthe simulation are two-fold. First, it is important to show that the model has resultscomparable to other learning models. Second, through analysis of the simulation,characteristics can be learned which lead to improving the model.Simulationshave been run to determine two things. First, what combinations of confidencemethods and split methods give the best results and worst results. Second, usingthe best combinations found above, how does ASOCS-AFE do compared to otherinductive learning models. The data used for the simulations comes from [13].Results are shown here for only three data sets due to the number of simulationruns for each data set.5.3.6.1 Combinations of Methods and Their PerformanceTable 5.1 shows results of the iris data set for all possible confidencemethods and two of the four possible split methods. The two methods for splittingcodings represent the best method and the worst method. The numbers representedgive the accuracy as measured by the percentage of the test set correctly classified.

Minimum ConfidenceMinimum CodingsNormalized Ratio90.162.7Normalized Difference83.564.6Normalized Ratio Threshold92.358.3Normalized Difference Threshold81.753.3Weighted Multiple6142.2Activation Range94.668.3

Table 5.1 Selected simulation results on the iris data setResults for the weighted minimum confidence split method were computed only forthe activation range confidence method, and are not shown in the figure due to thesimilarity with the minimum coding method. The weighted minimum confidencemethod is an attempt to overcome the shortcoming of the minimum coding method(potentially placing a prototype very near an existing prototype), but does notgreatly improve the results of the minimum coding method. This is due to thesimilarity to the minimum coding method. Finding the best feature to create a newcoding has little to do with the number of codings of each feature.Results for the minimum confidence threshold method are also not shownbecause those results are consistently 3 to 10 percent lower than the results forminimum confidence using only a guess as the proper value for the threshold. Ifthe threshold is too high, too many new codings are created, and the results dropdramatically.The minimum codings split method performs the very worst of any splitmethod, while the minimum confidence split method gives the best results. Ingeneral, for data sets used in the simulations, the continuous values which are nearprototypes should be more confident, while the continuous values away fromcoding prototypes are better candidates for new coding creation.The confidence methods which are based on the final output value of theoutput nodes give better results. This is due to the principle �that like things shouldbe coded in like codings�. In other words, values near each other should be codedin the same coding.

495.3.6.2 Simulation ResultsThe results of table 5.2 are obtained using the activation range or normalizedratio threshold as the confidence method, and minimum confidence as the splitmethod. After determining that these combinations consistently performed betterthan the others, the simulation was applied to additional data sets using thesecombinations. These results are the best of the two approaches, although theaccuracy is consistently close. The information is averaged over a number of runswith different instances in the test set.

Data Set

No. Instances

No. Train Set

No. Test Set

Train Incorrect

Test Incorrect

Test Correct

Accuracy (%)Glass214176385.58.41847Iris150120300 2894Hepatitis155120352.25.824670

Table 5.2 Results of the ASOCS-AFE simulationThe Data Set column gives the name of the data set. The No. Instancescolumn gives the number of instances in the data set. The No. Training Set andNo. Test Sets columns state how the data set is partitioned. For example, for theiris data set, there are 120 of the 150 instances in the training set, leaving thirtyinstances in the test set. Each run uses a different test set of equal size. The TrainIncorrect column states the number of instances in the training set which aremisclassified in the final iteration. While the Test Incorrect column gives thenumber of instances of the test set misclassified. Recall that PASOCS may not setthe output. Misclassification means that PASOCS set its output to the wronganswer. The values in the Train Incorrect and Test Incorrect column reflect thenumber of instances for which PASOCS set the output to an incorrect value. TheTest Correct column shows the number correctly classified of the test set, and theAccuracy column gives the same result as the percentage of the test set correctlyclassified.The results shown in figure 5.20 are slightly lower than other learningmodels [1]. The results for the iris data set are within 1% of other popular learningmodels. The results for the hepatitis data set are about 10% lower than the best ofother learning models, but better than some of the worst. The results for the glassdata set are 20% lower than the best. The section below discusses the results andsuggests improvements.5.3.6.3 Discussion of the ResultsThe iris data set is considerably easier to learn than the other two data sets.This data set has 50 instances in each of three possible output classes. All featuresare continuously valued. The ASOCS-AFE does not misclassify any instances inthis data set. The errors result from instances in the test set which after coding fromthe CC, do not match any instance in the PASOCS. Recall that PASOCS does notgeneralize. Results in all three data sets could be improved by using a PASOCSmodel which incorporates generalization capabilities.The hepatitis data set has 123 instances in one of the two output classes,with 32 instances in the other. The test sets created did not seek to maintain the

50proportion of the data set. The test set typically had 12 instances from the �die�class (originally 32 instances) and 20 instances from the �live� class. Themisclassifications almost without exception were instances of the �die� class beingmisclassified in the �live� class. The majority of training classes are in fact �live�,thus ASOCS-AFE has minor difficulties learning the exceptions to the majoritycases. Again however, most of the errors with this data set are the result ofPASOCS not generalizing when it fails to exactly match an instance.The glass data set has seven possible output classes. The first 170 instancesin the data set are examples of the first three possible output classes (approximately55 to 60 of each class). The final 4 classes have little representation in the data set.The training set created had examples with all seven classes, as did the test set.This created similar problems and results as in hepatitis data set. However, thehepatitis data set has only 6 continuous valued features of 19 total features. Theglass data set has 10 features, all of which are continuously valued. Obviously thecodings produced by the CC are not as reliable as the known codings of the discretevariables in the problem. Therefore, the glass data set is very difficult for ASOCS-AFE5.3.6.4 The Number of Codings Created and InstancesThe number of codings created for a continuous valued feature and thenumber of instances in the PASOCS are related. If a large number of codings iscreated, then the number of instances grows. In the most successful runs of all thedata sets, the number of codings and instances remained low. For the iris data set,typically two or three codings are created and the PASOCS has an average ofthirteen instances. In the hepatitis data set, as many as four codings may be createdfor each of the continuous features. In these cases, the numbers of instances wouldgrow. The best runs with the hepatitis database did not create more than threecodings for any continuous feature and formed approximately 35 instances. In theworst cases, the hepatitis data set created four codings for some of the continuousfeatures and as many as 60 instances.The order of the training set effects the order of coding creation. However,the results appear to be very similar. This is primarily due to iteration. By usingiteration, the oddities of order in the data set are removed.5.3.6.5 The Shortcomings of ASOCS-AFEThe ASOCS-AFE model has a number of shortcomings. One shortcominghas been discussed as the inability of PASOCS to generalize. Even more critical isthe restrictive nature of confidence metrics and how the current confidence metricsare computed. Everything the CC does is based on feedback from the PASOCS.What the PASOCS does is however, based on confidence. Better confidencemetrics will generate better feedback which in turn will generate better codings inthe CC.Related to the need for improved confidence methods, is the idea ofimproving the responsibility for incorrect outputs. A new coding is created if notrial instance matches the training instance. The feature selected for new codingcreation is typically based on confidence. Improved methods are needed fordetermining which feature should be split.Finally, the coding of one continuous valued feature could have somebearing on the coding of another continuous valued feature. For example, thecoding of 98ßF may be effected by the 99% humidity. This may be coded as �veryhot and humid�. Currently the CC considers all continuous features to beindependent, and allows the PASOCS to form combinations. Techniques to allowthe coding of continuous valued features to effect other codings need to beexplored.

515.4ID3-AFEThe ID3-AFE model is created by connecting the CC of chapter 4 with theID3 supervised learning model of chapter 3. By creating the ID3-AFE, ID3 cannow be applied to continuous valued features.5.4.1The ID3-AFE ExecutionThe ID3-AFE execution algorithm is shown in figure 5.15. The functiongenerate_ID3_output processes the tree as described in section 3.1. Now however,continuous valued features may be the test at any node of the tree.ID3-AFE execution algorithmcur_instance:=execution_instance(input_instance);output:= generate_ID3_output(cur_instance);end ID3-AFE execution algorithmFigure 5.15 The ID3-AFE execution algorithm5.4.2The ID3-AFE TrainingThe training algorithm for ID3-AFE model is shown in figure 5.16.

52ID3-AFE learning algorithmcoarse-coding();// if necessary for given SLSL_pre_feedback_learning();// if necessary for given SLfor i:= 0 to max_iterations { for j:= 0 to number_training_instances {trial_instance[0] = build_trial_instance(training_instance[j], 0);for k:= 0 to number_continuous_features {output:= generate_ID3_output(trial_instance[k]);if (output = training_instance_output){if (k = 0) {reinforce_codings();} // end if k=0else {// k„0, output correctadjust_boundaries();} // end else k„0break;// goto next training instance} // end if output=training_instance_outputelse { // output„training_instance_outputif (k = 0) {// Only do this one timeif (discrete_feature_not _in_tree)ID3_learning(trial_instance[0]);break;// to next training instance}trial_instance[k+1]:= build_trial_instance(trial_instance[k], k+1);if (trial_instance[k+1] = Null) {split_codings();new_instance:= build_new_instance();ID3_learning(new_instance);break;} // end if trial_instance[k+1]=Null} // end else output„training_instance_output} // end for loop (k)} // end for loop (j)} // end for loop (i)end SL-AFE learning algorithmFigure 5.16 The ID3-AFE training algorithmCoarse coding is used to give the ID3 system discrete coding values forcontinuous valued features. Without coarse coding, continuous valued featurescould not appear in the first decision tree constructed. The course coding methodcan be of any variety. The methods used for ID3-AFE are discussed in section5.4.4.The algorithm then builds the ID3 tree as in the original ID3 algorithmpresented in chapter 3. Each instance of the training set is applied to the tree justconstructed to determine its output. A first trial instance is constructed by thealgorithm build_trial_instance and an output is computed for this instance. If theoutput of the tree matches the output of the training instance, then the variable k isused to determine which trial instance produced the correct response. If k = 0, thenfeedback is sent to the CC to reinforce the current codings. If the output of the treedoes not match the training instance, then first determine if a discrete attribute existsin the trial instance which is not part of the ID3 tree. The algorithmdiscrete_feature_not_in_tree (figure 5.17) determines if discrete feature exists

53which is not part of ID3 tree. If so, add this training instance to the trainingwindow through the function ID3_learning (figure 5.18).discrete_feature_not_in_treeif (trial_instance in training window)return (False);If trial_instance contains a discrete feature which is not part of thecurrent tree.return (True);return (False);end discrete_feature_not_in_treeFigure 5.17 Algorithm discrete_feature_not_in_treeID3_learning(instance )Addinstance to the ID3 training window.If a new coding has been created, set flag to iterate through learningalgorithm at least one more time. This will give the new codingthe chance to part of the classifying tree if necessary.end ID3_learningFigure 5.18 Algorithm ID3_learningIf a discrete attribute does not exist, or if the training instance is already partof the training window, construct subsequent trial instances as in section 5.2. Ifany subsequent trial instance gives the correct output, then send feedback to adjustthe coding boundaries between the two codings of the feature which used analternate coding to generate the correct response from the ID3 tree. If all trialinstances give incorrect responses, then send a message to the CC to split one ormore features as demonstrated in section 5.2 and 5.3. Set a flag to construct a newID3 at the end of the current iteration. This gives the newly created coding anoppurtunity to be part of the next classifying tree.Iterate through the training set a number of times. After any iteration, thecurrent tree can be destroyed, and a new tree constructed from the current codings.When the current tree is destroyed, the current state of the CC is saved. Therefore,the potentially improved codings from previous iterations are also saved. Prior toconstructing the new tree, each instance in the training window must have itscontinuous valued features coded by the CC into discrete features used by the ID3algorithm. Because of learning in the CC on previous iterations, continuous valuesmay be coded in different codings than they were when the previous tree wasconstructed. Thus, the information gain of a continuous valued feature mayimprove causing that feature to have more discriminating power. If this is the case,the new tree will give more correct outputs than previous trees.5.4.3ID3-AFE ComplexityThe time complexity for ID3-AFE exection is polynimial and consists of thetime required to create the codings by the CC and the time to traverse the ID3 tree.From section 4.5, the time required to code continuous features is constant(assuming a parallel architecture). The time complexity to find an ID3 output isO(m), where m is the number of input features. This of course gives a time boundfor the execution of O(m) for each instance classified.The time complexity for the ID3-AFE learning phase is found byconsidering the steps involved in learning. Because ID3 builds one tree eachiteration, the analysis can no longer consider only a single instance. For eachiteration through the training set the ID3-AFE performs the following functions.

54¥Build ID3 tree¥For each of n training instances¥Construct at most m trial instances¥Compute at most m outputs (one for each trial instance)¥CC learning¥Add the instance to the ID3 training windowSection 3.3 shows ID3 requires time O(m2n) where n is the number of instances inthe training set. Each instance in the training set has the following requirements.First, constructing m trial instances is shown (in section 5.3.5) to have complexityO(m + m). Computing the output has time complexity O(m). CC learning isshown in section 4.5 to have worst cast time complexity O(q), where q is thenumber of output nodes for a given FC. Adding the instance to the ID3 window isconstant. Collecting gives O(m2n + n(m + m + m + q) which is reduced to O(m2n+ nmq).5.4.4ID3-AFE SimulationThe ID3-AFE simulation has the same purposes as the ASOCS-AFEsimulation. The first purpose is to show the model has acceptable results. Thesecond purpose is to analyze the results of the model for potential shortcomings andimprovements.The same data sets from the UC Irvine repository of machine learningdatabases are applied to the ID3-AFE simulation. The results are somewhat betterusing the ID3-AFE model due to the fact the ID3 always gives an output. Table 5.3shows results for the ID3-AFE simulation.

Data Set

No. Instances

No. Train Set

No. Test Set

Train Incorrect

Test Incorrect

Test Correct

Accuracy (%)Glass2141763813191950Iris150120301.5 2995Hepatitis155120354.29.725720.8

Table 5.3 Results of the ID3-AFE simulationThe columns in table 5.3 are the same as in table 5.2. The results arecomparable to the ASOCS-AFE simulation. The ability of the ID3 to generalizehelps the ID3-AFE to generally better results. The glass data set does not show agreat improvement due to the fact that there are not any discrete features. The ID3algorithm makes good use of the discrete features which exist in problems. In thesimulations on the hepatitis data set (which has 13 discrete features, and 6continuous), the discrete features with known codings were always near the root ofthe tree. The continuous features were always near the leaves of the tree. Thus thediscriminating power of the continuous features was not deemed as good as thediscriminating power of the discrete features. This is why the hepatitis data setnumbers improved more than the glass data set numbers. The decision treesproduced for the glass data set were very deep and bushy. Thus a number ofcodings were produced for some of the continuous features.

55A number of shortcomings of the AFE model are unique to the ID3-AFEmodel. First among them, ID3 uses an information based criterion (termed gain) todetermine which features are good at classifying. This is exactly what the CCconfidence metric does. However, the two metrics are not related whatsoever. Oneproblem is that the gain function is a batch result, computed for the entire trainingset a priori. The confidence metric is computed for each input. Therefore a featurewith little discriminating power (low gain) over the entire data set may have a veryhigh confidence for a given input. The CC should take advantage of theinformation used by the ID3 algorithm in the computation of the confidence.Along this line, a number of variations to the normal functionality of the CCwere attempted in the ID3-AFE simulation. In one such variation, the featureselected to be split was not based on confidence, but was found from the ID3 treeitself. The continuous feature nearest the leaf level of the path traversed by theinstance was selected as the feature to create a new coding. This however, did notwork well since many times a feature not existing in the tree did not learn bycreating a new coding. The new trees created after such a split rarely placed thefeature with the newly created coding any closer to the root of the tree.Another variation combined the gain with the confidence. Again the resultswere not impressive. This is due the aforementioned difference in the gain andconfidence.In all cases, the final accuracy is an improvement over the initial codingscreated by coarse-coding. Two methods of coarse coding were used. In the first,one half of the data inputs were placed in each of two codings. In the second, thetwo normalized prototypes were set to 0.333 and 0.667 respectively. The best ofthe two methods for coarse coding turned out to be the former method. Using thismethod, the ID3 tree had an accuracy of around 58% on the test set prior tofeedback and learning. Using feedback and learning the results improved to over70% (occasionally reaching 74%). Suppressing new coding creation and usingonly reinforcement and inhibition the results occasionally reached 70%.Because of ID3�s generalization capabilities, rarely did any input featurecreate more than one additional coding. Therefore the number of codings remainedsomewhat constant. Since the number of codings remained constant, the tree sizeremained constant. The number of new codings created caused the tree to be a littlebushier. For the hepatitis data set, the tree typically has 13-17 levels and 100-120nodes.The results of the preceding two paragraphs indicate that better metrics needto be developed to determine when to split a coding, and which coding should besplit. Methods also need to be looked at to find methods to split one feature due toa combination of instances. In other words, to react to statistics gathered from abatch of instances as opposed to reacting to just one instance.In a number of simulations, the coarse coding was done by setting the initialprototypes to random values. This in turn gave random results. In one such run,the accuracy quickly improved to just over 80% (for the hepatitis data set).Examination of the initial and final prototypes for the continuous valued featuresshowed that some input features had initial prototypes near the boundary of thepossible inputs. Because the inputs are normalized and prototypes are [0, 1], theinitial values were near 0 or 1. All continuous valued features had initial prototypesfar apart. Only 2 of the 6 continuous valued features created a new coding. Theother 4 continuous valued features did not create a new coding. This allowedinhibition to do its very best work. Boundaries between codings (which arerestricted to be between the prototypes for the codings) could range almostanywhere. The two codings which were created, were useful codings and addeddiscriminating power to the tree. A related and interesting study would be to set the

56initial prototypes to zero and one respectively and find the resulting boundaries.This however, has not yet been attempted.Chapter 6Chapter 6Conclusion and Future WorkThis thesis has shown how a novel CC can be combined with a SL todynamically discover critical multi-state features. The CC is capable of learningcodings through feedback generated by the SL. The two learning systems fittogether to guide the codings of the CC into codings which potentially assist the SLto solve a problem. The model is demonstrated by using two distinct SLs, creatingASOCS-AFE and ID3-AFE. Both of these models have simulations and results aregiven.Future research will improve the capabilities of the SL-AFE model. Thereare at least two areas which could be improved. First, improve the codingsproduced by the CC. Second, improve the interaction between the two componentsof the model.The coding ability of the CC could be improved in a number of areas. TheCC needs the ability to destroy useless codings. One potential method to detectwhen a coding is useless would be to count how many times a coding is reinforced.If the coding is rarely used to construct useful instances, the coding could probablybe destroyed. Another possibility would consider the inhibition between twocodings. If i1,2 >> i2,1, then coding 2 has little chance of winning the competitionin the CC and being selected as the first coding. It also indicates that using coding2˚as a second coding has not been fruitful in the past. Therefore, coding 2 may bemerged with coding 1.Better confidence methods to determine how to construct trial instancescould also improve the capabilities of the CC. Potential methods might combinecurrent methods with other information such as the inhibition between the twonodes. The SL could also be augmented to feedback its output to the CC. Eachoutput node could then track its first order output class correlation. This could thenbe used to compute future confidence metrics depending upon the output of the CC.For example, if it is found the coding 1 of a certain input feature is highly correlatedwith a certain output class of the SL, then a coding into that coding would have ahigh confidence. If the output of the training instance is highly correlated with acertain coding of a certain feature, this coding should have a very high confidence.This could be extended to perhaps use higher order correlations with the obviousconsequences of exponential growth in time and space.Better methods to determine which feature should have a new codingcreated are needed. Confidence methods to construct trial instances should bedifferent from methods to determine which feature should be split. Methods todetermine which coding to split might use a new metric such as a responsibility

57metric. A responsibility metric would attempt to find the feature most responsiblefor the miscoding. For example, the CC could be augmented to sense novel inputsor novel combinations of inputs. These inputs could then be considered as potentialfeatures for new coding creation.Currently the SL-AFE constructs new codings based on a single instance.Future methods should contain the ability to create one or two codings based on anentire iteration of the instance set. This may result in creating more useful newcoding. In order to do this, the learning algorithms of the CC and SL will requiremodification. For example, the prototype of the new node could no longer be set tothe value of the current input. Another difficulty would include determining thenumber of features which should have new codings created. Perhaps the feedbackfor each iteration could be used to compute the usefulness of each coding, feature,and the CC.The interaction between the two components could be improved bydetermining when one component is dominating the learning, or when onecomponent is falling behind. For example, if the CC creates new codings tooquickly, the SL may not be able to keep up. In such a case, coding creation couldbe suspended until the SL had absorbed the information.This metric could also be used to determine which component is best forlearning a specfic instance, or group of instances. For example, this metric coulddecide that the SL could learn a given trial instance based on continuous featureswhich have been coded along with the discrete features. Also, this metric couldcause the CC to stop learning, and allow the SL to learn exclusively for a group ofinstances.

58Bibliography[1] Barker, J. C., Eclectic Learning, PhD Dissertation, Brigham YoungUniversity, Provo, Utah, 1994.[2] Bertelsen, R., and Martinez T. R., Extending ID3 Through Discretization ofContnuous Inputs, Proceedings of FLAIRS-94, 1994, 122-125.[3] Carpenter, G.A., and Grossberg, S., A massively parallel architecture for aself-organizing neural pattern recognition machine. Computer Vision,Graphics, and Image Processing, 1987, 37, 54-115.[4] Clark, Peter, and Tim Niblett, �The CN2 Induction Algorithm,� MachineLearning, vol. 3, pp. 261-283, 1989.[5] Grossberg, S., A neural model of attention, reinforcement, and discriminationlearning. International Review of Neurobiology, 1975, 18, 263-327.[6] Grossberg, S., Competitive learning: from interaction activation to adaptiveresonance. Cognitive Science, 1987, 11, 23-63.[7] Jarvis, R. A and Patrick, Edward A., �Clustering using a similarity measurebased on shared nearest neighbors�,

Nearest Neighbor Norms: NN Pattern

Classification Techniques, Ed. Belur Dasarathy, IEEE Computer SocietyPress, Los Alamitos, California, 1991, pp. 388-97.[8] Martinez, T. R., Adaptive Self-Organizing Logic Networks, PhD Dissertation,University of California Los Angeles, Los Angeles, California, 1986.[9] Martinez, T. R. and Vidal, J. J., �Adaptive Parallel Logic Networks�, Journalof Parallel and Distributed Computing, v. 5, 1988, pp 26-58.[10] Martinez, T. R., and Campbell, D. M., �A Self-Adjusting Dynamic LogicModule� Journal of Parallel and Distributed Computing, v. 11, no. 4,1991, pp. 303-13.[11] Martinez, Tony R., �ASOCS: Towards Bridging Neural Network andArtificial Intelligence Learning,� Presented at 2nd Government NeuralNetwork Workshop, 1991.[12] Martinez, T. R., Hughes, B., and Campbell, D. M., Priority ASOCS, Toappear in Journal of Artificial Neural Networks, 1994.[13] Murphy, P. M. and Aha D. W., University California, Irvine Repository ofmachine learning databases. Irvine, CA: University of California,Department of Information and Computer Science, 1992.[14] Quinlan J. R., �Induction of Decision Trees�, Machine Learning, 1:81-106,Kluwer Academic Publishers. Boston, 1985[15] Quinlan, J. R., C4.5: Programs for Machine Learning, San Mateo,CA:Morgan Kaufman, 1993.

59[16] Rumelhart, D.E., and Zipser D., Competitive learning. Cognitive Science,1985, 9, 75-112.[17] Wilson, D. Randall, and Tony R. Martinez, �The Importance of UsingMultiple Styles of Generalization,� Proceedings of the First New ZealandInternational Conference on Artificial Neural Networks and Expert Systems(ANNES) , pp. 54-57, November 1993.[18] Ventura, Dan, and Tony R. Martinez, �BRACE: A Paradigm For theDiscretization of Continuously Valued Data,� to appear in Proceedings ofthe Seventh Annual Florida AI Research Symposium—(FLAIRS), 1994.