Prototype Styles of GeneralizationA ThesisPresented to theDepartment of Computer ScienceBrigham Young UniversityIn Partial Fulfillmentof the Requirement for the DegreeMaster of SciencebyD. Randall WilsonAugust 1994 iiThis thesis, by D. Randall Wilson is accepted in its present form by the Department of ComputerScience of Brigham Young University as satisfying the thesis requirement for the degree of Masterof Science._________________________________Tony R. Martinez, Committee Chairman_________________________________Gordon E. Stokes, Committee Member_____________________________________________DateDavid W. Embley, Graduate Coordinator iiiTable of ContentsTable of Contents................................................................................................................................................ iiiList of Figures...................................................................................................................................................... v1. Introduction....................................................................................................................................................... 11.1. Background and Motivation................................................................................................................ 11.2. Machine Learning History and Related Work................................................................................... 12. Extending ASOCS Models to Generalize on Training Set Data.............................................................. 32.1. Advantages of ASOCS Models and Needed Extensions................................................................ 32.2. Overview of ASOCS Models............................................................................................................. 32.3. Extending ASOCS Models to Handle Training Set Data................................................................. 42.3.1. Differences between ASOCS Instances and Training Sets.............................................. 42.3.2. Overcoming the Differences................................................................................................ 42.3.3. Adding Generalization......................................................................................................... 53. Prototype Styles of Generalization.............................................................................................................. 63.1. Advantages & Disadvantages of Prototype Generalization............................................................ 63.2. Definitions and Notation..................................................................................................................... 63.3. Using Multiple Styles......................................................................................................................... 73.4. Distance Metrics................................................................................................................................. 83.4.1. Hamming Distance............................................................................................................... 83.4.2. Absolute Difference............................................................................................................. 93.4.3. Normalized Absolute Difference......................................................................................... 93.4.4. Normalized Hamming Distance.......................................................................................... 93.4.5. Euclidean Distance.............................................................................................................. 93.5. Voting.................................................................................................................................................. 103.5.1. Prototype Voting.................................................................................................................. 103.5.2. Frequency Voting................................................................................................................. 103.5.3. Integrity Voting.................................................................................................................... 113.5.4. No Voting............................................................................................................................. 113.6. First-order Features.......................................................................................................................... 113.6.1. Highest Frequency............................................................................................................... 123.6.2. Highest Integrity.................................................................................................................. 123.6.3. Voting by Best..................................................................................................................... 123.6.4. Integrity Voting by Best...................................................................................................... 123.6.5. Voting by All Matches......................................................................................................... 123.6.6. Integrity Voting by All Matches......................................................................................... 123.7. Confidence Levels............................................................................................................................... 133.8. Using Confidence Levels in Voting.................................................................................................... 143.8.1. CL=Prototype�s Integrity.................................................................................................... 143.8.2. CL=Prototype�s Best Feature�s Integrity.......................................................................... 153.8.3. CL=Average Integrity of the Prototype�s Features.......................................................... 153.8.4. CL=Overall Integrity of the Prototype�s Features............................................................ 163.8.5. CL=Weighted Overall Integrity of Prototype�s Features................................................. 163.8.6. CL=Weighted Average Integrity of the Prototype�s Features......................................... 163.9. Using Confidence Levels to Weight Distance Metrics..................................................................... 173.9.1. Using an Overall Variable Correlation................................................................................ 173.9.2. Use the Integrity of the Prototype�s ith Feature................................................................ 193.9.3. Weighting the Overall Distance.......................................................................................... 203.10. Using Confidence Levels with First-order Features...................................................................... 203.11. Squashing Function........................................................................................................................... 213.11.1. Cosine-based Function..................................................................................................... 213.11.2. Squaring.............................................................................................................................. 223.12. Summary of Generalization Styles................................................................................................... 224. Implementation Considerations..................................................................................................................... 234.1. Learning Algorithm (Conventional).................................................................................................. 234.1.1. Explanation of Learning Algorithm..................................................................................... 234.1.2. Testing Generalization Accuracy........................................................................................ 244.2. Parallel Learning Algorithm................................................................................................................ 254.2.1. Explanation of the Learning Algorithm............................................................................... 254.2.2. Testing Generalization Accuracy........................................................................................ 26 iv4.3. Efficiency Considerations................................................................................................................... 274.4. Handling Continuously Valued Data................................................................................................. 274.5. Unknown Inputs.................................................................................................................................. 275. Empirical Results and Analysis..................................................................................................................... 295.1. Machine Learning Databases............................................................................................................ 295.2. Distance Metrics and First-order Features..................................................................................... 305.2.1. The Need for Multiple Styles.............................................................................................. 315.2.2. Distance Metrics vs. First-order Features....................................................................... 315.2.3. The Effect of Voting............................................................................................................. 325.2.4. Similarities Among Distance Metrics................................................................................. 325.2.5. Differences Among Distance Metrics................................................................................. 325.3. Confidence Level Extensions............................................................................................................. 325.3.1. Confidence Levels Weighting Votes.................................................................................. 335.3.2. Confidence Levels Weighting Distances........................................................................... 335.4. Comparison with Other Machine Learning Models.......................................................................... 355.5. The Importance of Using Multiple Styles.......................................................................................... 355.6. Summary of Findings.......................................................................................................................... 356. Conclusions and Future Research Areas.................................................................................................... 36Bibliography.......................................................................................................................................................... 37Abstract................................................................................................................................................................. 39 vList of FiguresTable 2.1. Comparison of ASOCS instance sets and training sets............................................................. 4Figure 3.1.Instance vs. Prototype................................................................................................................... 6Figure 3.2.Generalization styles used in this research................................................................................. 8Figure 3.3.Results of various distance metrics.............................................................................................. 10Figure 3.4.First-order features created from the instance �0 0 1 5

1�.................................................... 11Figure 3.5.Features generated from instances.............................................................................................. 11Figure 3.6.Match and Best for the input �0 1 2 3�........................................................................................ 12Figure 3.7.Features matching input �0 1 2 3�............................................................................................... 13Table 3.8.Results of voting by Best in Figure 3.7........................................................................................ 13Table 3.9.Results of voting by Match in Figure 3.7...................................................................................... 13Figure 3.10.A list of several prototypes........................................................................................................... 14Figure 3.11.The prototype �0 1 2

0� and its corresponding features....................................................... 17Table 3.12.Six different confidence levels for the prototype in Figure 3.9..................................................... 17Figure 3.13.Three feature prototypes with the first input asserted................................................................ 18Figure 3.14.Using Correlation to weight Hamming Distance.......................................................................... 18Figure 3.15.Weighting Hamming Distance by PF(P)...................................................................................... 19Figure 3.16.The effect of the squashing function f (Eq. 3.17).......................................................................... 21Figure 4.1.Binary tree architecture................................................................................................................. 25Figure 4.2.Normalizing distance metrics for prototypes containing unknown inputs.................................. 28Figure 5.1.Overview of simulation results..................................................................................................... 30Table 5.2.Percentages of accurate generalization........................................................................................ 31Table 5.3.Accuracy of selected confidence level styles................................................................................ 33Figure 5.4.Correlation of Nettalk�s input variables with the output............................................................. 34Table 5.5.Comparison between prototype styles of generalization and other models............................... 34

Chapter 1IntroductionA learning system can generalize from training set data in many ways. This thesis proposesseveral generalization styles using prototypes in an attempt to provide accurate generalization ontraining set data for a wide variety of applications. These generalization styles are efficient in termsof time and space and lend themselves well to massively parallel architectures. There is likely noone style of generalization which solves all problems, for different styles work better on someapplications than others. This thesis presents a sizable collection of generalization styles, includingmany new ones, and demonstrates the value of using multiple styles in achieving increasedgeneralization accuracy. Simulation results indicate that a collection of several styles can providemore accurate generalization than can any one by itself. Eventually it should be possible toconstruct a system which can discover intelligently which style or styles of generalization worksbest on any given application.1.1. Background and MotivationTraditional computer programming requires the programmer to define explicitly what thecomputer should do given any particular input. Even expert systems depend on the knowledge ofexperts in the field and their ability to explain how they make their decisions. When a solidknowledge of the application domain is available, this process often works quite well. For someapplications, however, not enough is known about the subject to derive a formula or write a programto solve the problem, or the solution is not as flexible or accurate as desired.Even when it is possible to write a program or consult an expert for domain knowledge, the costof doing so may be quite high. As Quinlan (1986) put it, �While the typical rate of knowledgeelucidation by [the interview approach] is a few rules per man day, an expert system for a complextask may require hundreds or even thousands of such rules. It is obvious that the interviewapproach to knowledge acquisition cannot keep pace with the burgeoning demand for expertsystems.� Programmers face a very similar problem, because many of the same rules needed foran expert system must be encoded either explicitly or implicitly as instructions in a program.When it is not possible to write a program to solve a problem directly, or when the cost of doingso is restrictively high, it may be possible to collect a set of examples of what the output of thesystem should be in specific situations. Each such example is called an instance, and usuallyconsists of a vector of input values (the inputs) representing certain features of the environment, aswell as the value(s) that the system should output in response to these input values (the output). Acollection of such instances is called a training set.Much research has been done to develop systems which learn by example, or do inductivelearning. Given a training set of instances, these systems often can �learn� the relationship betweenthe inputs and outputs well enough to be able to receive an input and produce the correct outputwith a high probability, even if that input was not one of the examples. This ability is calledgeneralization. Learning systems which can generalize accurately have the potential of being ableto solve problems for which conventional programming solutions have not been found. They mayalso be able to avoid the high costs involved in writing specific programs or constructing expertsystems to solve many problems. In some cases, they can perform with greater accuracy as well.Neural networks (Lippmann 87, Rumelhart 86, Widrow 88 and 90) provide several ways to doinductive learning. Some styles of neural networks which have been successful in accuratelylearning to generalize from a training set, such as the backpropagation network (Rumelhart 86),have required many iterations through the learning algorithm to solve the problem, and thus have notalways been able to solve problems in an acceptable amount of time. In most cases they also useseveral �system parameters� which must be set by hand, and this causes the learning process to beless than automatic. In addition, they sometimes suffer from the problem of getting stuck in a localminimum, so several runs of the algorithm often are necessary.1.2. Machine Learning History and Related WorkMuch work has also been done in the area of machine learning to develop inductive learningsystems. The Nearest-Neighbor (NN) pattern classifier (Cover 67) keeps the entire training set ofinstances and generalizes by using the output of the �closest� instance to a new input. The k-

2Nearest-Neighbor (kNN) algorithm uses the most common output value of the k closest neighborsduring generalization, and performs better in the presence of noise. The Condensed Nearest-Neighbor rule (Hart 68) attempts to reduce storage requirements by keeping only selectedinstances, but suffers from intolerance to noise.The nested generalized exemplars (NGE) approach uses single instances or axis-parallelhyperrectangles that may cover several instances (Salzberg 91). The NGE approach reducesstorage requirements as well, but there is evidence that indicates that it may not compare favorablyin terms of generalization accuracy with kNN in many domains (Wettschereck 94a). A hybridmethod (Wettschereck 94b) improves generalization accuracy to near that of the kNN methods.Similar attempts have been made to combine linear separators with kNN methods (Dasarathy 79aand 79b).Instance-Based Learning (IBL) algorithms (Aha 91) reduce the number of instances that mustbe saved while remaining tolerant of noise. They are also incremental, meaning that additionaltraining instances can be added easily, even after the initial learning stage is already complete.Case-Based Reasoning (CBR) systems (Stanfill 86, Koton 88, Kolodner 89, Porter 90) alsoattempt to use previously seen cases to generalize on new inputs. However, CBR systems maymodify cases rather than simply storing a list of examples.Other notable induction learning algorithms that have had some success include ID3 (Quinlan 86),which builds decision trees; C4.5 (Quinlan 93) which among other things extends ID3 to handlecontinuously-valued inputs and used tree pruning; and CN2 (Clark 89), which combines the AQfamily of inductive algorithms (Michalski 69, 83, 86) with ID3.The ASOCS (Adaptive Self-Organizing Concurrent System) models (Martinez 86, 90a, 91) havethe attractive feature of fast (one-shot) learning. That is, they learn an instance set in one passwithout the need for iteration. They also lend themselves well to simple parallel architectures whichcan be implemented efficiently in hardware (Rudolph 91). These features make it attractive forsolving large problems very quickly, without hardware constraints.The ASOCS models, however, expect rule-based instances (Martinez 90b), and are not designedfor training set data. In addition, some ASOCS models do not perform much generalization bythemselves. This research began with the goal of extending ASOCS models to performgeneralization on training set data, and was extended to show the need for multiple styles ofgeneralization.Most of the learning models mentioned above are limited to one style of generalization which isinherent in the learning algorithm. Derivatives of the kNN approach are restricted in most cases toa single similarity measure or distance metric, which may or may not be appropriate for the givenapplication. The model therefore works on some applications but not on others, and it often isdifficult to tell beforehand when it will work, when it will not, and why.This thesis presents a large collection of generalization styles, some of which are very similar totechniques that have been used before. Several distance metric styles of generalization similar tothe kNN approach are used, along with some voting methods. Some new styles of generalizationinvolving first-order features and confidence levels also are introduced. Confidence levels are usedto combine first-order features with distance metrics and to weight distances and voting power,resulting in over 300 permutations of these basic generalization styles. Simulation results support thehypothesis that no single style of generalization is most suitable for all application domains. Theresults also indicate that the styles of generalization used in this research compare favorably toprevious models in terms of generalization accuracy in several application domains.Section 2 gives an overview of ASOCS models and addresses the issues involved in extendingASOCS models to generalize on training set data. In Section 3, the styles of generalization studiedin this research are presented along with several extensions of each. Section 4 discusses a learningalgorithm and mentions several implementation considerations. Section 5 gives empirical results ofsimulations run on a variety of applications using each of these generalization styles and gives ananalysis of these results. Section 6 provides conclusions and future research areas.

3Chapter 2Extending ASOCS Models to Generalize on Training Set DataThe Adaptive Self-Organizing Concurrent System (ASOCS) models (Martinez 1986) haveseveral advantages over other connectionist models which make them attractive as a basis forlearning models. This section discusses the advantages and disadvantages of the ASOCS models,gives a brief overview of the models, and discusses how to extend the models to performgeneralization on training set data.2.1. Advantages of ASOCS Models and Needed ExtensionsASOCS models are guaranteed to learn an instance set with one presentation, without the needfor iteration, and they do not get stuck in local minima, making them much faster than many otherlearning mechanisms. They also create a self-organizing topology and are implemented easily withsimple digital logic units. This makes it possible to construct inexpensive systems which learn andexecute in a massively parallel fashion.During learning, ASOCS models expect rule-based instances with at least some of the criticalvariables identified by having �don�t care� inputs on some of the non-critical variables. Rule-basedinstance sets may be useful for some applications, but require quite a bit of a priori knowledge aboutthe application, and currently there are few such instance sets available for study.Training set data, on the other hand, typically has a value asserted for all of the variables in eachinstance, and the order of presentation is unimportant. Training set data is much easier to obtainthan rule-based instance sets, because the creation of rules requires intelligent preprocessing, apriori knowledge, or human intervention. Therefore, training set data is more readily available andmore widely used.Unfortunately, ASOCS models are not set up to learn standard training sets and do not usually domuch generalization, especially when given standard training sets. Therefore, it would be helpful ifthe ASOCS models could be extended to work on training set data and generalize well, withoutsacrificing the advantages of fast, guaranteed learning and self-organizing massively parallelarchitectures.2.2. Overview of ASOCS ModelsASOCS models operate in either learning mode or execution mode. During learning, the systemsare presented with a list of rule-based instances in which some of the inputs are asserted, and othersare left as �don�t care� variables.For example, given a system with four Boolean input variables A, B, C and D and one Booleanoutput variable Z, a rule written as �AD�

Z� would mean that when A is high (i.e., A=1), and D islow (D=0), then the output should be high (Z=1). In this example, B and C are �don�t care�variables, because it does not matter what values they have, as long as A=1 and D=0. Anequivalent way to write this rule is �1**0

1�, where an asterisk (�*�) indicates a �don�t care�variable. This representation is used throughout this thesis for consistency with later sections.Two instances with the same output are said to be concordant with respect to each other, whiletwo with differing outputs are discordant with respect to each other. As an ASOCS systemreceives rule-based instances, it maintains a current list of rules called an instance set. ASOCSmodels guarantee to keep instance sets consistent. That is, they guarantee that no two discordantinstances can be matched by an input vector simultaneously.For example, the two instances �11**

0� and �**11

1� are both matched by the input vector�1111�, but they are discordant, and thus assert two different output values for the same inputvector. ASOCS models maintain consistency by giving one of the instances priority over the other.Usually, newer instances are given priority over older ones.In the original ASOCS models this was done through discriminant variable addition (DVA),which ensures that every pair of discordant instances has at least one variable which is asserted(i.e., not �don�t care�) and has a different value in the two instances. For example, in the exampleabove, the instance �11**

0� would be replaced by the two instances �110*

0� and �11*0

0�to make sure that it could never be matched at the same time as �**11

1�. One disadvantage ofusing discriminant variable addition is that it can add many new instances to the system, especiallywhen the inputs are multi-state instead of Boolean.

4The Priority ASOCS (PASOCS) model made DVA unnecessary simply by assigning a higherpriority to instances that were inconsistent with older instances in the set (Martinez 94).ASOCS models also perform minimization to keep the instance set small, and to help identifycritical variables. For example if the instance �11**

1� is already in the instance set, and the newinstance �1***

1� is added, the old one can be removed completely, because the new instancecovers all of the input space of the old one and has the same output.A special case, called one-difference minimization, occurs when instances can be combined intoa single instance with one variable converted into a �don�t care� variable. For example, theinstances �111*

1� and �110*

1� can be combined into the single instance �11**

1�, since theoutput is the same regardless of the value of the third variable. This both reduces the size of theinstance set and helps identify critical variables in the application.2.3. Extending ASOCS Models to Handle Training Set DataThis section discusses the differences between ASOCS instance sets and training sets and showhow these differences can be overcome.2.3.1. Differences between ASOCS Instances and Training Sets. The first main differencebetween ASOCS instance sets and typical training sets is that ASOCS instances often have one ormore �don�t care� variables which are not asserted. These instances are assumed to cover theinput space covered by all values for each such variable. In contrast, training set instances typicallyhave a value asserted for all variables, except when that value is unknown.Secondly, training sets often have continuously-valued variables while ASOCS instances aregenerally either Boolean or multi-state, and therefore can contain only a discrete number of values.Third, ASOCS instances are learned incrementally, meaning that the order is important, and thatinconsistencies or contradictions between instances are usually resolved by giving higher priority tolater instances. In training sets, on the other hand, the order in which instances are presented isarbitrary, and should be treated as unimportant.Fourth, the frequency of presentation of an instance may be important in training sets, while itmostly is ignored in ASOCS instance sets.In addition, training set data more often is assumed to be �noisy,� containing at times slightlywrong or even blatantly contradictory instances. Finally, they sometimes contain unknown (�don�tknow�) input values which must be estimated, ignored or dealt with in some other manner.Table 2.1 summarizes the differences between training sets and ASOCS instance sets.

ASOCS:1. Can have �don�t care� inputs2. Discrete Inputs3. Order of presentation important4. Correct Inputs5. Consistency Enforced6. Frequency Ignored

Training Set:1. All inputs asserted2. Can have analog inputs3. Order of presentation unimportant4. Noisy and unknown inputs5. Inconsistent data6. Frequency importantTable 2.1. Comparison of ASOCS instance sets and training sets.2.3.2. Overcoming the Differences. To handle the lack of �don�t care� inputs, all instances fromthe training set can be thought of simply as ASOCS instances with all the variables asserted. Thisdoes, however, make the need for generalization more important than ever, for ASOCS instanceswith �don�t care� variables potentially can cover large portions of the input space, while instanceswith all variables asserted only cover one atomic �cell� of the input space. This means that the vastmajority of possible input vectors will have undefined outputs unless some additional generalizationscheme is added.To handle continuously valued variables, the training set can be preprocessed to discretize thedata, in any of a large number of ways. One simple method, called the equal width intervalsmethod, is to divide the range of each input variable into n even partitions, and then use the values 1through n to represent any continuously valued variables within that partition. Another simplescheme, called the equal-frequency intervals method, is to do a histogram of the distribution of

5values for each continuously valued variable and then divide the distribution among n equally-sizedblocks.To overcome the incremental learning style used by ASOCS, the system can be allowed to retainall of the instances�even inconsistent or contradictory ones. In addition, a measure of how oftenan instance is contradicted is kept, along with a measure of how often the instance was supported.These measures can help identify noisy instances and retain information about the frequency ofinstances as well.Instances with unknown inputs can have unknown values marked with a special value,represented by a question mark (�?�), and these values can be dealt with in a variety of ways duringgeneralization. Each unknown input can be considered a �mismatch� with any other input (includinganother unknown input), or can be treated as just another input value. In that case an unknowninput will be a mismatch with anything except another unknown input. Alternatively, it could betreated as a �don�t care� variable, so that it matches anything, or it could be dealt with in otherways. More is said on this subject in Section 4.5.2.3.3. Adding Generalization. In the original ASOCS models, much of the input space is coveredby rules with many �don�t care� input values. The remainder of the input space does not have anoutput value defined for it, however, so the system must either output a default value, as is done inAdaptive Algorithm 3 (AA3), admit it does not know, as in AA2, or attempt to generalize, as is donein AA1.As mentioned above, when every instance in the training set has all input variables asserted,most of the input space remains uncovered, and the need for generalization becomes immenselyimportant.The next section describes several styles of generalization that can be used with the modifiedversion of the ASOCS models given above. These styles retain the advantages of fast, guaranteedlearning and good support of parallel techniques. They also add the ability to learn and generalize ontraining set data with fairly good accuracy. These styles of generalization include various distancemetrics, voting schemes, first-order feature detection, and combinations of these methods.

6Chapter 3Prototype Styles of GeneralizationThe research presented in this thesis makes use of several generalization styles which useprototypes in an attempt to provide accurate generalization in an efficient and potentially parallelmanner. Prototypes are similar to instances in the training set, but may represent several instanceswith the same output and can have additional features. When prototypes are used, they arecompared with new inputs to determine the output. In such approaches, generalization stylesdetermine both how the prototypes are created and how they are used (Wilson 93b). In thisresearch prototypes consist of the following.¥A vector of integer input values representing features in the environment (inputs) and one ormore output values, representing the supposedly correct response of the system (output).¥A count of how many instances the prototype represents, called the frequency.¥The conflict, a count of how many instances had the same input vector as the prototype, but adifferent output class.¥A ratio of frequency to frequency + conflict. This gives a probability that the inputs of theprototype should map to its output(s), and is called the integrity.

ABCDInputsZOutputFrequencyConflictIntegrityPrototype

ABCDInputsZOutputInstance

Figure 3.1. Instance vs. PrototypeAbove is an illustration of an instance in a training set and a prototype.3.1. Advantages & Disadvantages of Prototype GeneralizationThe prototype styles of generalization presented in this thesis have several attractive features.¥They can learn a training set quickly (usually in O(nlogn) time, where n is the number ofinstances in the training set)¥They provide good generalization¥They are simple and intuitive¥They lend themselves well to parallel architectures (e.g. a binary tree)¥They do not suffer from exponential storage or processing problems.On the other hand, they do store most of the instances in the training set, which can be sizable forlarge training sets. Also, since they do not throw away any information, they may �overlearn� thetraining set instead of picking out only the most relevant attributes of an application. This can resultin a susceptibility to noise and reduced generalization accuracy.3.2. Definitions and NotationA Training Set, T, is an unordered collection of t instances, which are not necessarily unique.Each instance, or training example, E, has an input vector, I, of integers, and an integer outputvalue, Z. An input vector is an array of m input values, I1 through Im, where m is the number ofinput variables in the application represented by the training set. (Some applications have more

7than one output variable as well, but in this research the output variables are not consideredindividually, and are treated as an atomic unit.)The components of instances, prototypes or features are written using a dot notation when it isimportant to distinguish which object a component belongs to. For example, E.Z refers to the outputZ of an instance E.Each variable A has a cardinality, written |A|, which is the number of different values A canhave. These values are numbered 0 through |A|-1, and cardinality sometimes is expressed by callingA a(n) |A|-state variable. For example, a Boolean variable would have a cardinality of two, and canbe called a two-state variable. The cardinality of the ith input variable is written |Ai|.In addition to the values 0 through |A |-1, a variable can also have the value �don�t care�,represented by an asterisk (�*�), or �don�t know� (unknown), represented by a question mark(�?�).A nominal variable is one for which the values 0 through |A|-1 have no linear meaning (e.g., color= red, green, blue, or brown). A linear variable is one for which the finite set of values representsome linear ordering (e.g., size=small, medium or large). A continuously-valued variable can havean infinite number of different values along a continuum (such as temperature or weight). In thisresearch, continuously-valued variables are always discretized into a linear variable with a finitecardinality. This process is discussed in Section 4.4.Two input values a and b are said to be equal if and only if they are exactly the same, i.e., theyare both �*�, both �?�, or both the same number. On the other hand, a is said to match b if(1) they are exactly the same number, or(2) at least one of them is �*�.Note that if either or both values are �?�, they do not match (See Section 4.5 for a discussion onunknown input values).Similarly, two input vectors A and B are equal if and only ifAi = Bi for all i, 1 £ i £ m,and two input vectors A and B match if and only ifAi matches Bi for all i, 1 £ i £ m.A prototype, P, has an input vector, I, and an output value, Z, as well as a frequency, f, aconflict, c, and an integrity, g, as explained above in Section 3.1. The frequency of a prototype, P.f,is defined as the number of instances E in T for which E.I=P.I and E.Z=P.Z. A prototype�s conflict,P.c, is defined as the number of instances E in T for which E.I=P.I but E.Z„P.Z. The integrity isdefined as the ratio of f to c, i.e.,

g = ff +c

A f e a t u r e has the same components as a prototype (namely, I, Z, f, c and g). The order of afeature is the number of variables which are asserted (i.e., set to one of the values 0 through |A|-1)in its input vector. Thus, a first-order feature, F , h a s t h e r e s t r i c t i o n t h a t o n e a n d o n l y o n e o f i t s i n p u t v a r i a b l e s i s a s s e r t e d . A l l o t h e r i n p u t v a r i a b l e s f o r t h a t f e a t u r e a r e s e t t o � *� (i.e., �don�tcare�). First-order features do not contain unknown (�?�) inputs.3.3. Using Multiple StylesIt is believed that no single style of generalization will provide adequate generalization on allapplications, so several styles are used in this research. This suite of generalization styles includesseveral distance metrics, some critical variable detection algorithms, voting schemes, andcombinations of these. These styles are listed in Figure 3.2 and discussed below in sections 3.4-3.11.

8Hamming distanceHamming distance divided by number of statesSum of absolute differencesSum of absolute differences divided by #statesEuclidean distanceSingle feature with highest frequencySingle feature with highest integritySingle feature with highest global corellationBest feature for each variable voteAll matching features voteCL=Prototype’s integrityCL=Prototype’s best feature’s integrityCL=Average integrity of prototype’s featuresCL=Weighted overall integrity of its featuresSquashing function on each of theseCL=CL*CL for each of theseDistanceMetricsFirst-order FeaturesConfidenceLevels

Figure 3.2. Generalization styles used in this research.3.4. Distance MetricsDistance metrics are used to find out which prototype or prototypes are �closest� to the newinput vector in question. The output value of the closest prototype or group of prototypes is used forthe output value in response to the new input. There are several distance metrics which can beused to determine how �close� an input is to one of the prototypes. There are also several votingfunctions which can be used to aid in selecting which output to use, given a group of �close�prototypes.The overall algorithm used to generalize using distance metrics is given below in Algorithm 3.1.Alternatives for the function �DIST� are defined as each distance metric is introduced, and thefunction �VOTE� is defined in Section 3.5. More alternatives for the VOTE and DIST functions arepresented in sections 3.8 and 3.9, respectively, which discuss confidence levels.Algorithm 3.1. Distance Metric Generalization

Definitions

DIST(A , B ) = t h e d i s t a n c e b e t w e e n t h e t w o i n p u t v e c t o r s A and B . ( T h e d e f i n i t i o n o f t h i s

function depends on the distance metric being used.)k = the minimum number of prototypes used to determine the output.

V O T E ( S , z ) = t h e n u m b e r o f v o t e s t h a t t h e p r o t o t y p e s i n t h e s e t S cast for the output value z .

(The definition for this function depends on the form of voting being used.)

E x e c u t i o n :

Given a set of prototypes P1 through Pn and an input vector I to be classified:

1. For each prototype Pi, 1£i £ n

d = DIST(Pi.I, I)

2 . F i n d Min , a set of the k p r o t o t y p e s w i t h m i n i m u m v a l u e s f o r d , along with any prototypes

whose d equals the k t h smallest d .

3. For each output value z appearing in any prototype in M i n ,v z = VOTE(Min , z )

4. Set the output to the value z for which v z is greatest.

If there is a tie, use an alternate voting function to break the tie.Five alternatives for the DIST function are presented below.3.4.1. Hamming Distance. Hamming Distance (HD) is an intuitive metric, and is simply the

9number of input variables which do not match the prototype, i.e.,HD(A,B)=

i=1m∑

match(Ai,Bi),(Eq. 3.1)w h e r e match(a,b) is defined as 1 if a m a t c h e s b, o r 0 o t h e r w i s e . A l s o , m is the number of inputvariables in the input vectors for an application. The prototype with the least number of mismatchedvariables has the smallest distance using this metric.3.4.2. Absolute Difference. When values represent a linear value in multi-state (non-Boolean)variables, the closeness of the value itself often helps to indicate the �distance� of an input variableto a variable in an instance. For example, if a variable such as age group has 10 possible values, adifference of 1 for that variable would be less than a difference of 8, while the Hamming Distancewould be 1 in either case. The Absolute Difference (AD) metric is defined as:AD(A,B) =

i=1m∑

| A i - B i | , (Eq. 3.2)3.4.3. Normalized Absolute Difference. An extension of the Absolute Difference scheme is tonormalize the distances by dividing the distance for each variable by its cardinality. For example, adifference of 1 for a Boolean variable would be 1/2, while a difference of 1 for a 10-state variablewould be 1/10. The Normalized Absolute Difference (NAD) is:

NAD(A,B) = |Ai − Bi|card(i) i=1m∑

,(Eq. 3.3)where card(i) is the cardinality of the ith variable.3.4.4. Normalized Hamming Distance Similarly, the Hamming distance itself could be divided bythe number of states, since being mismatched on a 10-state variable might be considered less�wrong� than being mismatched on a Boolean one. The Normalized Hamming Distance (NHD) isdefined as:

NHD(A,B) = match(Ai,Bi) card(i) i=1m∑

(Eq. 3.4)3.4.5. Euclidean Distance. Euclidean Distance (ED) is similar to the Absolute Differencescheme, except that the individual differences are squared before they are summed, i.e.,

ED(A,B) = |Ai − Bi|2 i=1m∑

(Eq. 3.5)In practice the final square root can be left out in order to speed up processing since the goal is tofind the �closest� prototype, while the actual distance is unimportant. The Absolute Difference andEuclidean Distance measures have been called the Minkowskian metric with r=1 and r=2,respectively (see Duda 73). The Euclidean Distance often is used in the k-Nearest Neighboralgorithm and its derivatives as well. However, many variations involving confidence levels andvoting are presented in later sections.Example 3.1. Consider a training set with four input variables, the first three of which areBoolean, and the last of which is a 10-state variable (with values 0 through 9). If a prototype withan input vector P.I=�0015� is compared to the input vector I=�0111�, the distance metrics definedabove would be computed as shown in Figure 3.3.

10 Variable Name: Number of States: Prototype: New input to be classified:

Distance Metric 1. Hamming Distance: 2. Normalized Hamming Distance: 3. Absolute Difference: 4. Normalized Absolute Difference: 5. Euclidean Distance:

ABCD

Out2 2 2 10 20 0 1 5 10 1 1 1 ?

Distance0 + 1 + 0 + 1 = 20 + 1/2 + 0 + 1/10 = 0.60 + 1 + 0 + 4 = 50 + 1/2 + 0 + 4/10 = 0.90 + 1 + 0 + 16 = 17Figure 3.3. Results of various distance metrics.Note that these distance values would not be compared to each other but to corresponding valuescomputed for the rest of the prototypes in the set.3.5. VotingVoting functions are used to allow several prototypes to work together in deciding on an output.When the k nearest prototypes are being used (with k>1), voting allows the k nearest neighbors toall have influence on the output value. Even when k=1 (i.e., only the closest prototype is used),there often are several prototypes which are equally close to the new input, and voting can be usedto break the tie.Voting can be done in several different ways. Let Min be the set of �closest� prototypes to agiven input vector. Note that when there are ties for the kth c l o s e s t p r o t o t y p e , M i n m a y h a v e m o r e than k prototypes in it. Also, let Mz be the set of prototypes P in Min with an output of z. That is,M z = {P : P˛Min and P.Z=z}.The following four values are obtained easily:¥ pz = |Mz |, the number of prototypes in M z .¥ fz = the sum of frequency values for all P in M z , given by:

fz = P. f P∈Mz∑

¥ c z = the sum of conflict values for all P in Mz, given by:

cz = P.c P∈Mz∑

¥ g z = the �overall integrity� for all P in Mz, given by:

gz = fzfz +cz

These values can be used in various ways to determine what the voting power will be for eachoutput value z, as explained below.3.5.1. Prototype Voting. One way to define the voting function is to allow each prototype to getone vote, regardless of its frequency. The voting function for Prototype Voting (PV) is:PV(Min,z)=pz(Eq. 3.6)3.5.2. Frequency Voting. An alternative is to sum the frequency values of all the prototypes withthe output z. This kind of voting gives more strength to prototypes which represent more instancesin the training set. Frequency Voting (FV) is computed as:FV(Min,z)=fz(Eq. 3.7)

113.5.3. Integrity Voting. Another method is to use the overall integrity of the prototypes in Mz .T h i s s t y l e o f v o t i n g t e n d s t o g i v e m o r e s t r e n g t h t o p r o t o t y p e s w h i c h a r e f a i r l y u n d i s p u t e d , e v e n i f t h e y d o n o t r e p r e s e n t a s l a r g e a p o p u l a t i o n i n t h e o r i g i n a l t r a i n i n g s e t . T h e I n t e g r i t y V o t i n g ( I V ) function is:IV(Min,z)=gz(Eq. 3.8)3.5.4. No Voting. Of course, the simplest method of handling ties for the closest prototype is toignore voting altogether. That is, arbitrarily pick one of the prototypes and use its output. For such ascheme it does not make sense to use a k>1 because only one prototype is being used, so it may aswell be one that at least ties for being the closest one to the input.3.6. First-order FeaturesOne way to determine which variables are most important is to find those which tend to have astrong correlation with the output value. In order to discover critical variables, another kind ofprototype called a first-order feature is created for each input variable of each instance. Eachfeature has only the output and one input variable asserted. The rest of the input variables are�don�t care� variables (�*�).Combinations of variables can be used instead of only one variable at a time and thus createhigher-order features, but such methods run into exponential factors in both storage and computationtime and are thus not pursued in this research. Therefore the term feature is used to mean a first-order feature.Example 3.2. During the learning phase, the instance �0015

1� would cause the four featureslisted in Figure 3.4 to be generated.If any of these features already exist in the system, the new one is discarded, and the old one�sfrequency is incremented and its integrity recomputed. If any features existed which had the sameinput but a different output (e.g., 0 * * *

0), then both features would increment their conflict andrecompute their integrity. The first few instances in the training set normally add quite a fewfeatures to the system, but later instances usually find matches for most of the features they add.0 * * * -> 1 Frequency: 1 Conflict: 0 Integrity: 1.0* 0 * * -> 1 Frequency: 1 Conflict: 0 Integrity: 1.0* * 1 * -> 1 Frequency: 1 Conflict: 0 Integrity: 1.0* * * 5 -> 1 Frequency: 1 Conflict: 0 Integrity: 1.0Figure 3.4. First-order features created from the instance �0 0 1 5

1�.Example 3.3. In figure 3.5, a few instances from a training set are listed, along with the featuresthat would be generated for the first and second variables. Note that the conflict field is simply thesum of the frequencies of all other prototypes with the same inputs.

ABCD ->

Out0 1 1 3 00 0 0 0 10 0 1 0 10 1 1 5 11 1 0 1 01 0 1 0 1¥¥¥¥¥¥

Instances

First-order Features

Out

Frequency

Conflict

Integrity 0 * * * 0 1 3 1/4=.25 0 * * * 1 3 1 3/4=.75 1 * * * 0 1 1 1/2=.50 1 * * * 1 1 1 1/2=.50 * 0 * * 1 3 0 3/3=1.0 * 1 * * 0 2 1 2/3=.66 * 1 * * 1 1 3 1/3=.33Figure 3.5. Features generated from instances.Prototypes and features are very similar things. In fact, a first-order feature is simply a prototypewith the restriction that only one input value is asserted.There are several ways to use first-order features for generalization. Given a list of features L

12and an input vector I to be classified, let Match be defined as the set of all features that match I.Furthermore, let Matchi be the subset in M a t c h o f a l l t h e f e a t u r e s w h i c h h a v e v a r i a b l e i asserted.Finally, let Besti be the feature in Match i which has the highest frequency, i.e.,¥ Matchi = {F : F˛ L and F.Ii= I i and F .Ii„ �*�}, for 1£i £ m.¥ Match = {F: F˛L and F.I matches I } =

Matchi

i=1mU

¥ B e s t i = the F ˛Matchi with maximum value for F.f , for 1£i £ m .For each i , all the features in Matchi h a v e v a r i a b l e i a s s e r t e d t o t h e s a m e v a l u e , b e c a u s e t h e y a l l m a t c h I i . A l s o , a l l f e a t u r e s i n M a t c h i for each i h a v e d i f f e r e n t o u t p u t v a l u e s , o r t h e y w o u l d h a v e been combined into the same feature during learning. 0 * * * -> 0 1 3 .25 0 * * * -> 2 3 1 .75 * 1 * * -> 0 6 4 .60 * 1 * * -> 2 4 6 .40 * * 2 * -> 0 2 4 .33 * * 2 * -> 2 4 2 .67 * * * 3 -> 1 4 1 .80 * * * 3 -> 2 1 4 .20

ABCDOutMatch

Frequency

Conflict

Integrity

Best0 * * * -> 2 3 1 .75* 1 * * -> 0 6 4 .60* * 2 * -> 2 4 2 .67* * * 3 -> 1 4 1 .80

ABCDOut

Frequency

Conflict

Integrity

Figure 3.6. M a t c h and B e s t for the input �0 1 2 3�.Example 3.4. Suppose that the input I=�0 1 2 3� was received by the system. Figure 3.6 showsMatch, a list of all the features which might match I . Those features shown in bold have the highestfrequency for the variable they assert, and are selected to be in the set Best, as shown on the right.Following are six ways of using first-order features to generalize.3.6.1. Highest Frequency. One way to use first-order features in generalization is to select thesingle feature from Best that has the highest frequency. This feature occurred more often than anyother matching feature, so its output might be likely to be correct.3.6.2. Highest Integrity. A similar method is to select the single feature in Best that has thehighest integrity, and use its output. This feature is relatively undisputed, although it might haveoccurred less frequently than another feature.3.6.3. Voting by Best. Another method is to allow the m features in Best to vote for their assertedoutputs, using Frequency Voting (see Equation 3.7).3.6.4. Integrity Voting by Best. Similarly, the m features in Best can use Integrity Voting(Equation 3.8), and the output value which receives the highest voting value from the voting functionIV(Best) is used as the system�s output.3.6.5. Voting by All Matches. Instead of limiting the voting to one or m best features, all thefeatures in Match can vote using Frequency Voting.3.6.6. Integrity Voting by All Matches. Finally, all the features in Match can vote using IntegrityVoting.

13 M . 0 * * * -> 0 1 3 .25 M . 0 * * * -> 2 3 1 .75 M . * 1 * * -> 0 6 4 .60 M . * 1 * * -> 2 4 6 .40 M . * * 2 * -> 0 2 4 .33 M . * * 2 * -> 2 4 2 .67 M . * * * 3 -> 1 4 1 .80 M . * * * 3 -> 2 1 4 .20

ABCDOutMatch

Frequency

Conflict

Integrity

BestB . 0 * * * -> 2 3 1 .75B . * 1 * * -> 0 6 4 .60B . * * 2 * -> 2 4 2 .67B . * * * 3 -> 1 4 1 .80

ABCDOut

Frequency

Conflict

Integrity

123456781234Figure 3.7. Features matching input �0 1 2 3�.Example 3.5. Given an input vector I=�0 1 2 3�, the set of matching features M1 - M 8 i s s h o w n o n t h e l e f t - h a n d s i d e o f F i g u r e 3 . 7 a b o v e . T h o s e w i t h t h e h i g h e s t f r e q u e n c y f o r e a c h v a r i a b l e a r e s e l e c t e d t o b e i n t h e Best set, B1 - B 4 , s h o w n o n t h e r i g h t . E a c h o f t h e s i x m e t h o d s a b o v e c a n b e used to generalize in this case, with varying results:1 . Highest Frequency: B2 ( w h i c h i s t h e s a m e a s M 3 ) i s s e l e c t e d , b e c a u s e i t h a s t h e h i g h e s t frequency of all the features in Best , resulting in an output value of 0. Note that since B e s t is madeup of the features in Match with the highest frequency, this feature also has the highest frequency ofall the features in Match as well.2. Highest Integrity: Feature B4 (or M8 ) is selected because it has the maximum integrity of anyof the features in Best (or Match ), resulting in an output value of 1.3. Voting by Best. When features B1 through B4 vote for their outputs, an output value of 0 gets6 votes from B2 , an output of 1 gets 4 votes from B4 , and an output of 2 gets 3+4=7 votes from B1and B3 . Thus, FV(B e s t ) c h o o s e s a n o u t p u t o f 2 . U s i n g t h e v o t i n g f u n c t i o n n o t a t i o n , t h e f o l l o w i n g table summarizes the voting by the features in Best : z f c g zzz

0 6 4 .60 1 4 1 .80 2 7 3 .70Table 3.8. Results of voting by Best in Figure 3.7.4. Integrity Voting by Best. Using the same table, an output of 1 has the highest overall integrity(.80), even though its frequency (4) is not the greatest.5. Voting by All Matches. Looking again at Figure 3.7, an output of 0 gets 1+6+2=9 votes, anoutput of 1 gets 4 votes, and an output of 2 gets 3+4+4+1=12 votes, so FV(Match) chooses anoutput of 2. Again using the voting function notation, Table 3.9 is obtained from Match:zzz

0 9 11 .45 1 4 1 .80 2 12 13 .48 z f c g Table 3.9. Results of voting by Match in Figure 3.7.6. Integrity Voting by All Matches. Using Table 3.9, an output of 1 (i.e., z=1) again has thehighest overall integrity (g1 =.80) even though it occurs less often than the output value of 2.3.7. Confidence LevelsIn the preceding discussion, the use of distance metrics and first-order features have beenconsidered separately, and each has been enhanced by some method of voting in order to resolve

14conflicts when multiple prototypes have contended for differing output values.In this section, methods are discussed for combining the use of distance metrics and first-orderfeatures in various ways. The confidence level of prototypes and features are computed in severalways, as explained below, and they are used to influence distance calculations as well as votingpower. The generalization styles using confidence levels use the same overall algorithm (Algorithm3.1) as the distance metric styles, except that the functions VOTE and DIST are modified. Morealternatives for the definitions of the functions VOTE and DIST in Algorithm 3.1 are presented inSections 3.8 and 3.9, respectively.3.8. Using Confidence Levels in VotingWhen distance metrics are used by themselves, prototypes which are equally �close� to the newinputs being classified are given a number of votes equal to their frequency. That is, they are givenone vote for each of the instances in the training set that they represent. This voting power doesnot, however, take into account how �good� or confident the prototypes are about their guesses.It would be advantageous at times to allow prototypes with a high confidence level (CL) to havemore influence over the final output. This confidence level can be based on the prototype�s integrity,or on the integrity of its features.It is important to note that the term confidence usually denotes an estimate of the probability of acorrect output. The term confidence level, as used in this thesis, is a relative value, and does notnecessarily give the precise probability of a correct answer, although a higher confidence levelusually indicates a higher probability of being correct.Several ways of using prototypes and features to calculate confidence levels are given below. Ineach case the voting power of a prototype is equal to its frequency multiplied by the confidencelevel. That is, VOTE(L, z), the number of votes cast for output z by the prototypes in list L is givenby:

VOTE(L,z) = P. f *CL(P) P∈Lz∑

where L z = { P : P˛L and P.Z=z} and CL(P) is the confidence level of prototype P. Six possibledefinitions for the function CL are given below.3.8.1. CL=Prototype�s Integrity. The first method is to use the prototype�s integrity as theconfidence level, since prototypes which often are contradicted should not be trusted. For example,if a prototype �011

1� has an integrity of .30, then 70% of the time the input of �011� appeared asan input vector in the training set, the output was something other than 1. Formally, the Prototype�sIntegrity function is given as simply:PI(P) = P.g =

P. f P. f + P.c

(Eq. 3.9)That is, if PI is used as the definition of CL, then CL(P)=PI( P )=P.g.Example 3.6. Figure 3.10, shown below, lists several prototypes and shows their input values (forinput variables A, B, and C ), output value (for output variable Z ) , f r e q u e n c y , c o n f l i c t , a n d i n t e g r i t y . Again the conflict is equal to the sum of the frequency values for all prototypes with the same inputvalue but different output values.

ABC ->

ZFrequency

Conflict

Integrity1 0 1 -> 0 40 60 .401 0 1 -> 1 31 69 .311 0 1 -> 3 29 71 .291 1 0 -> 0 30 90 .251 1 0 -> 1 40 80 .331 1 0 -> 2 50 70 .42Figure 3.10. A list of several prototypes.

15In this example, suppose that the input vector �111� is used, and is found to be equally close toall of the prototypes listed. Using straight voting, the results are as follows:¥ Votes for output of 0: 40 + 30= 70¥ Votes for output of 1: 31 + 40= 71¥ Votes for output of 2: 50= 50¥ Votes for output of 3: 29= 29and the output is 1. However, weighting each prototype�s voting power by its confidence levelyields:¥ Weighted votes for output of 0: 40 * .40 + 30 * .25 =23.50¥ Weighted votes for output of 1: 31 * .31 + 40 * .33 =22.94¥ Weighted votes for output of 2: 50 * .42 =21.00¥ Weighted votes for output of 3: 29 * .29 =8.41and in this case the output 0 wins by a small margin.In practice, most instances in a training set are not directly contradicted. That is, it is rare tohave two instances with the exact same input vector and different outputs. Therefore, the integrityof the overwhelming majority of prototypes will be 1.0, and weighting votes by this value has littleeffect (if any) on which output is selected.First-order features, however, are contradicted quite often, because the values of input variablesusually are not correlated completely with the output. Furthermore, the features matching theprototype can give us indirectly an indication of how �good� the prototype itself is.For example, the prototype �100

1� is matched by the features �1**

1�, �* 0 *

1�, and�**0

1�. In fact, the prototype created these features in the first place during the learning phase.These features are said to be those which are associated with the prototype.That is, P is associated with one feature for each of its asserted input variables. For each inputvariable i, 1 £ i £ m , P is associated with one feature, written P.F i ( n o t t o b e c o n f u s e d w i t h P . f , t h e f r e q u e n c y o f P ). Furthermore, the feature P.Fi h a s t h e s a m e o u t p u t v a l u e a n d s a m e a s s e r t e d i n p u t value for variable i (i.e., P.Fi.Ii=P.Ii and P.Fi.Z=P.Z).If the features associated with a prototype have a high integrity, then the prototype itself might beconsidered good. The remainder of this list contains ways of using first-order features to computethe confidence level of a prototype.3.8.2. CL=Prototype�s Best Feature�s Integrity. One simple way to use features to compute aprototype�s confidence level is to find the feature associated with the prototype that has the highestintegrity and to use that integrity as the prototype�s confidence level. This integrity gives theprobability that the output is correct given the single variable�s asserted value. For example, if theprototype �100

1� had a feature �1**

1� with integrity .95 and features �* 0 *

1� and�**0

1� with integrity .7, .95 can be used as the confidence level for �100

1� since the output is�1� 95% of the time that the first input variable is �1�, and in �100

1� the first input variable isindeed �1.�The Best Feature Integrity function is given as:BF(P)=max{P.Fi.g, 1£i£ m }(Eq. 3.10)3.8.3. CL=Average Integrity of the Prototype�s Features. An alternative approach is to averagethe integrity values of all of a prototype�s features to get a confidence level. In the above example,the confidence level would be (.95 + .70 + .70) / 3 = .78. The rationale behind this measure is thatalthough the first feature tells us that the output is �1� 95% of the time when the first variable is �1�,the second and third feature tell us that 30% of the time that the second and third variable are zero(respectively), the output is something other than 1. Since these facts disagree, one way to resolvethe matter is to average the integrity values together.The Average Feature Integrity function is given as:

AF(P) = P.F^i.g i=1 m∑_m

(Eq. 3.11)3.8.4. CL=Overall Integrity of the Prototype�s Features. An alternate way to combine theintegrity values of the features is to sum their frequencies and conflicts, and take an overall integrityfor them. The Overall Feature Integrity function is given by:

OF(P) = P.Fi. f

i=1m∑(P.Fi. f i=1m∑ + P.Fi.c)

(Eq. 3.12)One possible drawback with this scheme is that it has the effect of giving features whichoccurred more often more weight. This may not be desirable because it gives more weight tovariables with a low cardinality, and there is little reason to do so.For example, out of 1000 instances with Boolean output, suppose a feature with a Boolean inputasserted has an average frequency of 250, while a 10-state variable has an average frequency of 50.The Boolean variable�s feature is not any �better�, it just covers a larger proportion of the inputspace. That is, it has one-fifth the number of possible values, so it will on average have five timesthe frequency. Thus, in Equation 3.12, the f and c values will on average be five times larger forBoolean inputs than for 10-state inputs. This will give correspondingly more weight to the Booleaninput variables.3.8.5. CL=Weighted Overall Integrity of Prototype�s Features. In order to �normalize� theoverall integrity computed above, the cardinality of each variable is used to weight the frequencyand conflict before the integrity is computed. This is shown below in the definition of the WeightedOverall Feature Integrity function:

WOF(P) = |Ai|*P.Fi. f i=1m∑ |Ai|*(P.Fi. f

i=1m∑ + P.Fi.c)

(Eq. 3.13)where |Ai| is the cardinality of the i t h input variable.I n t h e a b o v e e x a m p l e , t h e B o o l e a n f e a t u r e w o u l d h a v e a n e w w e i g h t e d f r e q u e n c y o f 2 x 2 5 0 = 500, and the 10-state feature would get 10 x 50 = 500, evening things out.3.8.6. CL=Weighted Average Integrity of the Prototype�s Features. The average integrity of theprototype�s features could also be weighted by the number of states for each variable, as follows:

WAF(P) = |Ai|*P.Fi.g

i=1m∑ |Ai| i=1m∑

(Eq. 3.14)This method has the same drawback as OF (Eq. 3.12), above, except that it effectively�unnormalizes� the average taken in AF (Eq. 3.11). As expected, OF and WAF never did betterthan their normalized counterparts�WOF and AF, respectively�on real-world applications.

17Prototype:First-orderFeatures:Numberof States:0 1 2 -> 0 4 1 .800 * * -> 0 500 200 .71* 1 * -> 0 200 100 .66* * 2 -> 0 100 0 1.02 5 10 2

ABC ->

Out

Frequency

Conflict

IntegrityFigure 3.11. The prototype �0 1 2

0� and its corresponding features.Example 3.7. A prototype (�012

0�) is shown in Figure 3.11, along with its correspondingfeatures. Given that the cardinalities of the three variables are 2, 5, and 10, respectively, the sixdifferent kinds of confidence levels would be computed as shown in Table 3.12.

Description of CL Function

Name

Computation

Result

1.CL(P)=Prototype�s integrity:PI(P)= P.g = .80

2.C L ( P)=Best feature�s integrity:BF(P)= max{.71, .66, 1.0}= 1.0

3.CL(P)=Average feature integrity:AF(P)=

.71+.66 +1.0 3

= .79

4.CL(P)=Overall feature integrity:OF(P)=

500 +200 +100 700 +300 +100

= .72

5.CL(P)=Weighted overall integrity:WOF(P)=

500 * 2 +200*5+100*10 700 * 2 +300*5+100*10

= .77

6.CL(P)=Weighted average integrity:WAF(P)=

.71*2+.66*5+1.0*10 2+5+10

= .87

Table 3.12. Six different confidence levels for the prototype in Figure 3.9.Note that each of these values for the confidence level would be used by a different generalizationstyle.3.9. Using Confidence Levels to Weight Distance Metrics. In Section 3.8 confidence levelsare used to weight the voting power of prototypes. This section shows how they can be used toinfluence the calculation of the various distance metrics before voting even takes place. The idea isthat if a variable which is a good predictor of the output is mismatched, then the �distance� shouldbe considered greater than a mismatch on a variable which has little correlation with the output.This can be done in several ways. In each of the methods presented below, the distance foreach variable is weighted by some confidence level before being summed with the distances of theother variables. In terms of Algorithm 3.1, this section introduces weighting schemes which can beused to modify each of the five distance metrics presented in Section 3.4, and thus adds severalmore possible definitions for the DIST function.For example, if CL(P,i) is the weight placed on input i of prototype P, then the AbsoulteDifference metric would be altered as follows:AD(A,P) =

i=1m∑

| A i - P . I i | * C L ( P , i ) , 3.9.1. Using an Overall Variable Correlation. One intuitive measure for how much weight to giveeach variable is the overall correlation which that variable has with the output. If a variable has ahigh correlation with the output, then it should be considered more important and weighted heavierwhen determining the distance.For example, consider the input �111� and two instances �1101� and �1010�. Assume alsothat the correlation for the three input variables are .2, .5, and .1, respectively. Then the secondvariable is usually a much better predictor of the output than the first or third variable. Since thesecond variable is mismatched in �1010�, its distance is 0+.5+0 = 0.5. The third variable ismismatched in �1101�, and its distance is 0+0+.2 = 0.2. The second instance is considered�closer� because the variable it was mismatched on was less critical.

18The correlation for each variable can be found in the following manner. For each variable i,consider only the set of features Li with variable i asserted. Then for each unique input value of thatvariable, pick the feature with the highest frequency (or, equivalently, the highest integrity), resultingin the set Si , which can be defined as:S i = { F : F˛ L i , F i asserted, F . f> G .f for any G˛Li with G . I i= F.I i}The correlation for variable i can then be found by:

COR(i) = F. fF∈Si∑(F. f + F.c) F∈Si∑

(Eq. 3.15)When the sums of the frequencies and conflicts (i.e., the denominator of Eq. 3.15) equal thenumber of instances, this measure is the actual correlation of that variable with the output. If, on theother hand, there are �don�t know� values for that variable in some instances, the measure only tellsthe correlation between that variable and the output when that variable is asserted. Section 3.10discusses this point in more detail.Example 3.7. Given the three features in Figure 3.13 below, the first prototype is the only onewith �1� asserted for the first input, and the second one, �2**

1� has the highest frequency of thetwo with �2� asserted for the first input, so the first and second features comprise S1 , a n d a r e u s e d to compute the correlation for the first variable.

Input ->

Out

Frequency

Conflict

Integrity 1 * * 0 1 0 1.0 2 * * 1 110 90 .55 2 * * 2 90 110 .45Figure 3.13. Three feature prototypes with the first input asserted. Using Equation 3.15,

COR(i) = F. fF∈Si∑(F. f + F.c)

F∈Si∑ = 1+110

(1+0)+(110 +90) = 111201 =.55

Thus, the first variable has a 55% correlation with the output.To see how the correlation might be used during generalization, suppose that the second andthird variables were found to have a 35% and 80% correlation with the output, respectively. Figure3.14 below shows three prototypes and the input vector �2 1 0�.

Prototypes0 1 0->02 0 0->12 1 1->2Hamming

Distance1+0+0 = 10+1+0 = 10+1+1 = 2Weighted

Hamming Distance.55 + 0 + 0 = .550 + .35 + 0 = .350 + .35 + .80 = 1.15

Input Vector2 1 01.2.3.

i123COR( i).55.35.80Figure 3.14. Using Correlation to weight Hamming DistanceNote that the Hamming Distance between the input vector and the first two prototypes is 1.However, when the individual variables� distances are weighted by COR(i), the second prototype isconsidered to be closer to the input vector, because the variable it mismatched on had a loweroverall correlation with the output (and thus a lower confidence level).

19Some alternatives that did not measure up. Several other measures for an overall correlationwere considered, but each proved to be less satisfactory than that given above. For example, onealternative is to pick the features for each input variable that have the highest integrity for eachunique input value (as was done in the above scheme), and then average their integrity values to getthe weight for that variable. This is similar to the approach above, but does not take into accountthe actual frequency and conflict being used to produce the integrity values. For example, given thethree features above, the best integrity values are 1.0 and .55 for the two different input values. Theaverage of the best integrity values is .775, but this is misleading, because in 200 out of 201 cases,the integrity is either .55 or .45, but the single remaining case brings the average integrity for theentire variable up to .775.Another discarded alternative is to average the integrity values of all of the features with the ithinput variable asserted. However, it turns out that this average equals the number of different inputvalues for that variable divided by the number of features with that variable asserted. This averageis independent of the actual integrity values themselves, because the integrity values for each uniqueinput value always adds up to 1.0.For example, given the three features �1**

0�, �1**

1�, �2**

3� with integrity values of .99.01, and 1.0, respectively, the average integrity is (.99+.01+1.0)/3 = 2/3. This is simply because thefirst variable has two different input values, and there are three features altogether. Another alternative is to take the one feature for each input variable which has the highestintegrity and use that as the weight for the variable. However, there is quite often at least onefeature for each input variable which has an integrity of 1.0, as occurs when an input value appearsonly once and is thus never contradicted. Therefore, the weight for each variable would likely be1.0 for almost all variables, which means that the weight would not have any effect.3.9.2. Use the Integrity of the Prototype�s ith F e a t u r e . The integrity values of the individualfeatures associated with a prototype also can be used to weight the distance for each variable.Given a prototype P, the distance for each variable (using any distance metric) is weighted by theintegrity of P�s ith feature, i.e.,PF( P , i )= P .Fi . g(Eq. 3.16)If a prototype is mismatched on a variable for which its feature has a high integrity, thedistance�or error�is weighted heavier than if the feature had a low integrity. In this way, inputvariables of a prototype which do not seem too confident anyway are not considered as erroneouswhen they are mismatched.P1: 0 0 0 -> 0 0 * * -> 0 .75 * 0 * -> 0 .22 * * 0 -> 0 .43P2: 0 1 2 -> 1 0 * * -> 1 .55 * 1 * -> 1 .98 * * 2 -> 1 .27Instance I: 1 1 0

Integrity

IntegrityPrototypePrototypeP1.F :P1.F :P1.F :P2.F :P2.F :P2.F :Hamming

Distance HD(I, P1.I) = 1 + 1 + 0 = 2HD(I, P2.I) = 0 + 1 + 1 = 2Hamming Distance weighted by Feature IntegrityHDwF(I, P1.I) = .75 + .22 + 0 = .97HDwF(I, P2.I) = 0 + .98 + .27 = 1.25123123Figure 3.15. Weighting Hamming Distance by PF(P).Example 3.8. Figure 3.15 shows an instance I, and two prototypes, P1 and P2. It also shows thefeatures associated with each prototype, along with the integrity of each feature. In the upper-rightportion of the figure, the Hamming Distance is computed between I and each prototype. Note thatthe distance is the same (i.e., 2) in each case. Weighting the distance by the prototype�scorresponding features, however, results in a smaller distance for P1, because it was not veryconfident of the value for the variable it mismatched on.This scheme can backfire, however, when a prototype is made up entirely of �poor� features,

20because then it is considered �close� to almost all input vectors.For example, consider a bad configuration in which one �noisy� prototype is associated with fourfeatures whose integrity values are all .01. Then even if it is mismatched on all 4 inputs the distancewould be only .04, so unless another prototype exactly matched the input, this noisy prototype wouldalmost always be the �closest.�3.9.3. Weighting the Overall Distance. One could compute the overall distance without weightingthe variables, and then weight the final distance using a confidence level for the prototype, i.e.,WDIST(I,P.I) = CL(P) * DIST(I,P.I)Any of the confidence levels discussed in Section 3.8 could be used for the function CL.Unfortunately, this scheme often has the effect of making �good� prototypes less likely to be chosen,since higher numbers are considered �worse� where distance is concerned. Using the reciprocal(

1CL(P)

) or inverse (1.0-CL(P)) would likely have better success.As expected, this scheme did not do well empirically in general. However, there was at leastone application (�Lung Cancer� database) on which weighting the overall distance by the integrityof the best feature of a prototype (i.e., BF(P)) did better than any of the other styles used, so it mayhave potential in some cases.3.10. Using Confidence Levels with First-order Features. Section 3.9 presented a measure ofcorrelation for variable i, COR(i). In Section 3.6, a list Besti w a s f o u n d c o n t a i n i n g t h e b e s t f e a t u r e f o r e a c h o f t h e i input values in the input vector I . T h i s s e c t i o n c o m b i n e s t h e s e t w o i d e a s i n t o a m e t h o d c a l l e d Highest Correlation by using the output of the feature whose asserted input variablehas the highest overall correlation with the output. This is done in the following way.Given COR(i) and Besti for 1£i £ m, j is chosen such that COR(j) is greatest. That is,j: COR(j)=max{COR(i), 1£i£ m}Then the output of Bestj (i.e., B e s t j . Z ) is used as the output value.For example, given the input �1 0 1�, assume that the features with the highest integrity for eachvariable are as follows:Best1 =�1 * *

1�, with integrity of .80Best2 =� * 0 *

0�, with integrity of .50Best3 =� * * 1

0�, with integrity of .75Also, let the overall correlation for the three input variables be .65, .42, and .85, respectively. UsingHighest Integrity method from Section 3.6.2, the first feature would be chosen, and the output wouldbe 1. Using the Highest Correlation method, however, the overall correlation values tell us that ingeneral, the third variable is a better predictor of the output. Therefore, the third feature is chosenand the output is 0.Somewhat surprisingly, the Highest Correlation scheme did much better empirically than theHighest Integrity scheme. This is surprising because the Highest Correlation method essentiallythrows away all the information contained in all of the inputs of the training set except for the onewith the highest correlation. The problem with the other scheme, however, may be that there areusually so few of each feature that the sample size does not allow for an accurate estimate of thefeature�s true integrity.For an application with no unknown input values, this scheme should be about as accurate as thebest input variable�s correlation with the output. Sometimes this is better than any of the otherschemes, but it is weak in other cases because it ignores all but one input variable, and does notexploit any higher-order relationships between several input values and the output.Using higher-order features to get a correlation between pairs or sets of input variables and theoutput has the potential of being more effective. However, doing so runs into combinatorial growthin terms of storage and processing time and exacerbates the problem of small sample sizes.

21When applications do have unknown input values, the correlation as computed in the mannerdescribed above may be optimistic, since it only holds when the input variable is asserted. Forexample, in one simulation involving the �Audiology� database, one variable has a 75% correlationwith the output. However, the value for that variable is unknown in all but 4 out of the 200instances, and then is only correlated 3 out of 4 times. Thus, its correlation was really 3/200 = 1.5%,not 75%.When there are no unknown input values, this method guarantees a generalization accuracy of atleast max{COR(i), 1£i £ m}. However, if there are unknown inputs the frequency and conflict do notadd up to the number of instances, so only the following generalization accuracy is guaranteed:

max{ F. f F∈Si∑ Ui + F. f + F.c

F∈Si∑ ,1≤ i ≤ m}= max{ F. fF∈Si∑ t ,1≤ i ≤ m}

where U i i s t h e n u m b e r o f u n k n o w n i n p u t v a l u e s a p p e a r i n g i n t h e i t h v a r i a b l e , t i s t h e n u m b e r o f instances in the training set, and Si is as defined in Section 3.9.1.During execution, if the input value of the variable with the highest correlation is unknown, therew i l l b e n o f e a t u r e c o r r e s p o n d i n g t o i t , s o t h e v a r i a b l e w i t h t h e n e x t b e s t c o r r e l a t i o n m u s t b e u s e d i n s t e a d . I n o t h e r w o r d s , t h e f e a t u r e c o r r e s p o n d i n g t o t h e v a r i a b l e w i t h t h e h i g h e s t c o r r e l a t i o n� o f those which are asserted in the input vector�is used to predict the output. In this way, a degree ofa c c u r a c y i s o b t a i n e d w h i c h l i e s s o m e w h e r e b e t w e e n t h e g u a r a n t e e d m i n i m u m a n d t h e o p t i m i s t i c m e a s u r e . 3.11. Squashing FunctionSometimes it is advantageous to use some sort of �squashing� function to make decisions moredefinite. For example, when computing a confidence level to use in weighting a prototype�s votingpower, it may help to allow prototypes with a high confidence level to get more than a linearincrease in voting power while those with a very low confidence level get less than even their smalllinear share of the votes.In neural networks such as the backpropagation network, the sigmoid function is often used as asquashing function. This function, shown below, takes any real value and returns a value between 0and 1.

sigmoid(x) = 11+e− x

As x approaches infinity, sigmoid(x) approaches 1; as x goes to negative infinity, sigmoid(x)approaches 0; and sigmoid(0)=1/2.

0.2.4.6.81.0

.2.4.6.81.0

.2.4.6.81.0(a) x(b) f(x)(c) f(f(x))

Figure 3.16. The effect of the squashing function f (Eq. 3.17)(a) before squashing, (b) after one pass through f, and (c) twice through.3.11.1. Cosine-based Function. All of the confidence levels discussed in this thesis are in therange of 0 to 1 already, so what is really needed is a function which moves values near 1.0 closer to1.0 and values near zero closer to zero. The cosine function has the approximate shape needed, soif it is inverted, scaled down by half, and transposed upwards, the result is

f(x) = 1− cos(π * x) 2

(Eq. 3.17)with a corresponding graph as shown in Figure 3.16 (b) above.The curvature is actually fairly gentle, however, so running the output through the same function(i.e., f(f(x))) again gives a more pronounced squashing effect, as shown in Figure 3.16 (c). TheDouble Cosine function therefore is defined as:DC(x)=f( f (x))=

1− cos π * 1− cos(π * x)2 2

(Eq. 3.18)3.11.2. Squaring. Another approach is simply to square the confidence level. This makeseverything (except 1.0) smaller, but it reduces small numbers by more than it reduces larger ones.This would therefore be another way to reduce the power of weak prototypes.3.12. Summary of Generalization StylesTo summarize, a list of the generalization styles presented in this thesis is given below:I. Distance metrics (with or without frequency voting)A. Hamming Distance [HD(P.I,I)]B. Normalized Hamming Distance [NHD(P.I,I)]C. Absolute Difference [AD(P.I,I ) ] D. Normalized Absolute Difference [NAD(P.I,I)]E. Euclidean Distance [ED(P.I,I)]II. First-order featuresA. Highest IntegrityB. Highest FrequencyC. Voting by BestD. Integrity Voting by BestE. Voting by All MatchesF. Integrity Voting by All MatchesG. Highest CorrelationIII. Confidence levelsA. For each distance metric, weight the prototypes� votes by CL(P)=1) Prototype Integrity [PI(P)]2) Best Feature Integrity [BF(P)]3) Average Feature Integrity [AF(P)]4) Weighted Overall Feature Integrity [WOF(P)]B. Use a squashing function on confidence levels A1-A41) Double Cosine [DC(CL)]2) Square [CL2 ]C. Multiply the distance of each variable i by DCL(P ,i)=:1) The overall correlation for variable i [COR(i)]2) The integrity of the prototype�s ith feature [P .Fi.g ]3) The prototype�s best feature integrity [BF(P ) ]

23Chapter 4Implementation ConsiderationsEach of the generalization styles listed in the summary above was implemented and tested onseveral applications. Section 4.1 presents the learning algorithm that was implemented on aconventional (serial) computer. Section 4.2 discusses how learning and execution would work on abinary tree parallel architecture.4.1. Learning Algorithm (Conventional)4.1.1. Explanation of Learning Algorithm. Algorithm 4.1 below gives a pseudo-codeimplementation of the learning algorithm used for simulations on a serial machine.Algorithm 4.1. Serial Learning Algorithm

1.Learn(instance set T ) ;

2.Let prototypeTree = BuildTree(T ) ;

3.C o m p u t e C o n f l i c t & I n t e g r i t y ( prototypeTree);

4.Let featureList = ExtractFeatures(T ) ;

5.Let featureTree = BuildTree(featureList ) ;

6.C o m p u t e C o n f l i c t & I n t e g r i t y ( featureTree);

7.BuildTree(instance set S): prototype;

8.Inserts a set S of instances into a binary tree of prototypes,

9.and returns the root.

10.root = NULL;

11.for each instance E in S

12.root=InsertNode(root , E ) ;

13.return root;14.InsertNode(prototypeNode N, instance E): prototypeNode;

15.Inserts the instance E into the sub-tree N in such a way that N will

16.be sorted first by input values, then by output value when needed.

17.if N is NULL

18.N=NewNode();Create a new prototype.

19.N.I=E.I;Copy the input vector and output value from E.

20.N.Z=E.Z;

21.N.f=1;Set the frequency to 1.

22.else if (N.I>E.I) or (N.I=E.I and N.Z>E.Z)

23.N.leftChild = InsertNode(N.leftChild,E);

24.else if (N.I<E.I) or (N.I=E.I and N.Z<E.Z)

25.N.rightChild = InsertNode(N.rightChild,E);

26.else N.f = N.f+1;E matches N, so increment the frequency.

27.return N; Returns the original N unless it was NULL,

28. in which case the new node N is returned.

29.ComputeConflict&Integrity(prototypeNode t r e e )

30.Given a sorted binary tree of prototypes, computes the

31.conflict and integrity for each prototype.

32.Let P1..P n be the prototypes found from an inorder traversal of tree .

33.Let pos = 1;

34.while (pos < n )

35.if (Ppos.I = Ppos+ 1 .I ) Then there is a conflict, so identify the

36.let last = pos + 1;prototypes Ppos . . P last which all have the

37.let sum = P p o s .f;same input vector and sum their frequencies.

38.while (Ppos . I = P l a s t . I )

39.sum = sum + P l a s t . f ;

40.last = last + 1;

41.for each prototype Ppos ..P l a s t

42.P. c = sum - P. f ;Compute the conflict.

43.P. g = P . f / (P . f+ P . c ) ; Compute the integrity.

44.pos = last + 1;

45.e l s e

2446.P.c = 0;The conflict is 0

47.P.g = 1.0;...so the integrity is 1.0.

48.pos = pos + 1;

49.r e t u r n ;

50.ExtractFeatures(instance set T ) : i n s t a n c e s e t ;

51.Returns a set containing one first-order feature for each asserted

52.input variable in each instance in T.

53.Let List be a list of features which is initially empty.

54.for each instance E in T

55.for each input variable i=1..m

56.if (E.Ii is asserted)

57.F = NewNode();

58.F.I1..F. I m = �* � ; Set all inputs to �don�t care�

59.F.I i = E. I i;Set input i to asserted value

60.F.Z = E . Z ;Set output to asserted value

61.add F to L i s t ;

62.return List;

Given a training set T, learning takes place as follows. In line 2 of Algorithm 4.1, each instanceof the training set is inserted into a binary tree of prototypes (the prototype tree) sorted by input andoutput values. If a prototype which exactly matches the instance already exists in the tree, then thematching prototype�s frequency is incremented. Otherwise, a new prototype is created with theinputs and outputs of the new instance, and the frequency is set to 1.Since the tree is sorted by input values first, all prototypes with the same input vector arecontiguous in an inorder traversal of the tree. In line 3, the conflict field of each prototype is set tothe sum of the frequency fields of all of the other prototypes with the same inputs (but differentoutputs). Once the conflict field of each prototype is found, the integrity can be computed for eachprototype using the formula:integrity =

frequency frequency+conflict

(Eq. 4.1)In line 4, each instance is broken up into m first-order features�one for each of the m inputvariables in an instance. These feature prototypes are inserted into another tree, the feature tree,and the frequency, conflict and integrity of these feature prototypes are computed in the same wayas in lines 2 and 3.4.1.2. Testing Generalization Accuracy. Once the system has created the prototype tree andfeature tree, it is ready to generalize using any or all of the generalization styles described in thisthesis. However, all of the styles do not always agree on what the output should be. In order todetermine which style to use, a test set can be used to measure the generalization accuracy of eachstyle. The style that is most accurate during subsequent generalization then can be chosen as thebest style for that application. A test set is a collection of instances, just like a training set, butusually contains instances that are not part of the training set. The system uses only the inputs topredict what the output should be, and then compares its predicted output with the �real� output ofthe instance to see if it generalized correctly.Usually a portion of the available examples are chosen to use as the training set during learningand then use the remaining examples as the test set to test generalization. This does not give anoptimal representation of the generalization ability of the learning system, though, for two reasons.First, the learning system only gets to use part of the examples to learn from, which means theremay be more information in the examples in the test set which it could have used to do bettergeneralization. Second, a small test set would be a less dependable measure of the generalizationaccuracy than a larger test set, because it provides a smaller statistical sample.In this system the measure of generalization accuracy is very important, because it determineswhich style of generalization to use during later execution. Therefore, N-fold (leave-one-out) cross-validation is used, so that out of n instances in each database, n-1 instances can be used in thetraining set, and n instances can be used in the test set. This is accomplished as follows.

25Since the prototype styles of generalization do learning in one pass of the data it is possible tolearn the entire database and then temporarily �unlearn� each instance, one at a time. At that pointit is as though the system had never seen the �unlearned� instance, so it can use the remainingprototypes to predict the output of the removed instance using each of the various generalizationstyles. Then each of the predicted output values is compared against the real output of the instanceto determine whether each style was correct. Finally, the instance is relearned, the next one isunlearned, and the process is repeated n times.4.2. Parallel Learning AlgorithmPrototype styles of generalization can be easily implemented on a parallel architecture to speedup execution time during generalization. Consider an architecture containing a binary tree of nodessuch as that shown in Figure 4.1. Each node needs enough memory to store one example E (inputvector I and output Z) and one prototype P (integers I1 . . I m , Z , f and c; and a real value g). When aprototype has not yet been stored in a node, that node and its prototype are both said to be empty.Each node also has a parent , a left child, and a right child. The parent of the root node is theenvironment.

ABCDInputsZOutputFrequencyConflictIntegrity

Figure 4.1. Binary treearchitecture.4.2.1. Explanation of the Learning Algorithm. Given a set of training instances T, and the set ofnodes in the tree, learning takes place as shown in Algorithm 4.2. The Environment routine isexecuted by an external system and presents the training set to the root of the binary tree. ThePrototypeLearn routine is run by all the prototypes in parallel each time a new instance is to belearned.

Parallel learning algorithm.

1.Environment(training set

E in T3.Broadcast E to

4.execute PrototypeLearn() in parallel for all prototypes

5.Receive match flag and conflict

6.if match flag is set to false

7.Send E to the next free prototype node P P.c 9.Let P.f = 1;

10.Let P.g = P.f ); 11.PrototypeLearn()

12.This routine is executed by all prototypes in parallel once for

13.each instance learned.

14.Receive broadcasted instance E from parent

15.Broadcast E to left and right children (if non-empty)

16.if (P.I and P =E If there is a match...

2617.increment P.f by 1;Increment frequency.

18.let P.g= P . f / ( P . f + P.c);Recompute integrity.

19.set match=true;

20.else set match=false;

21.if (P.I = E . I and P . Z „ E . Z )If there is a conflict...

22.increment P.c by 1;Increment conflict.

23.let P.g= P . f / ( P . f + P.c);Recompute integrity.

24.let conflict= P . f ;

25.else let conflict=0;E does not conflict with P.

26.Receive match flag and conflict value from any non-empty children;

27.if match=true or either child�s match flag is true

28.Send �match=true� to parent;

29.else Send �match=false� to parent;

30.Send sum of children�s conflict with P �s c o n f l i c t to parent;

Each instance E in T r e q u i r e s a b r o a d c a s t a n d g a t h e r . D u r i n g t h e b r o a d c a s t s t a g e , E is passeddown the tree to all the prototypes. Each prototype P in the tree checks to see if it is equivalent toE. If so, then P increments its frequency and recalculates its integrity. During the gather stage, E isnot made into a new prototype if any prototype reports that it matched E.If P conflicts with E , then it increments its conflict and recalculates its integrity. It also passes itsf r e q u e n c y u p t h e t r e e t o b e s u m m e d w i t h a n y o t h e r c o n f l i c t s s o t h a t i f E is made into a newprototype, its conflict value is set initially to the correct value.If, during the gather stage, no prototype reports that it has matched the example, then E is addedin a new prototype at the next available free node in the tree. In this way, the tree is kept balancedat all times. Furthermore, the location of each prototype is independent of its contents, so anyparallel architecture with some sort of fast broadcast-and-gather capabilities could be used forprototype generalization.The conflict and integrity are kept up to date throughout the learning process, so learning isincremental. This is one advantage over the serial learning algorithm.The first-order features can be extracted from the training set T using ExtractFeatures fromAlgorithm 4.1, and a feature tree can be created using the routines in Algorithm 4.2.4.2.2. Testing Generalization Accuracy. The main advantage a parallel system has over theconventional system used is the speed of generalization. This is due to the use of a logarithmicbroadcast and gather scheme during generalization instead of the linear search necessary on a serialmachine. For example, in order to do any of the Distance Metric generalization styles, the k nearestprototypes to the input vector I must be found. On a serial machine this is done with a linear searchover all of the prototypes, but on a parallel architecture this can be done as follows.First, I is broadcast to all nodes in the prototype tree. This is done by presenting the instance Eto the root node and allowing each non-empty node receiving E to pass it to both its children.Next, each non-empty node N waits for both of its children to respond with either the signal�done�, or with the prototype with the smallest distance they have found in their subtrees. (Allnodes with empty prototypes simply signal �done� to their parents.)Once N hears from both its children, it repeatedly signals its own parent in one of three ways:(1) If N�s distance is better (smaller) than either of the distances being reported by its children,then N�s distance and prototype are sent up to its parent, and its distance (N.d) is set to�done.�(2)Otherwise, if the left or right child has the smallest distance, then the distance and prototypeit is reporting is passed up to the parent, and that child is told to present another distance andprototype.(3)If N and both its children are �done�, then �done� is signaled to the parent.Once N signals its parent with a distance and a prototype, it waits to hear that its parent has usedthat prototype and wants another one. The process is repeated until either N and both of its childrenare all �done� (i.e., the whole subtree has been sent to N�s parent), or another example E is

27broadcast down from above (i.e., the root has gotten all the prototypes it needed and has moved onto the next input vector).In this way, each node presents as many prototypes as requested from its subtree, all sorted fromclosest to farthest. The environment therefore can pull the k closest prototypes from the root nodeand then do voting and subsequent generalization from there.4.3. Efficiency ConsiderationsOn the serial computer, the process of creating the prototype tree takes O(nlogn) time and usesO(n) storage, where n is the number of instances in the training set. Computing the conflict can bedone in O(n) time because all the prototypes with the same inputs are adjacent in an inordertraversal of the tree. Generating and storing the first-order features takes approximately O(mnlogm)time, where m is the number of input variables in an instance. This step generates a number of first-order features which depends more on the number of inputs than on the number of instances in thetraining set. There will never be more than m*n features, but in practice there are far fewer thanthat�usually between m and m2 � b e c a u s e t h e r e a r e m a n y d u p l i c a t e f e a t u r e s . S i n c e m i s g e n e r a l l y much smaller than n, the number of prototypes is in practice quite manageable.On the parallel machine, creating the prototype tree takes O(nlogn) time and creating the featuretree takes O(mnlogm) time�almost the same as the serial method.Testing the generalization accuracy of each style on the test set can be the most time-consumingstep on the serial machine because it takes O(snm) time (s styles, n instances with m variableslooked at for the distance metrics) for each instance to test generalization for the various styles.Therefore, using all n available instances as a test set requires O(sn2 m ) time. For large training setsthis can be quite restrictive, but for large training sets all n instances often do not need to be used,because an acceptable statistical sample often can be obtained from a subset of the availableinstances, regardless of the actual size of the training set. Subsequent generalization on a serialmachine would take O(nm) time for distance metrics.On the parallel system, generalization takes O(k+logn) time, because it is possible to use abroadcast and gather scheme as discussed in Section 4.2, and operations can be pipelined such thatthe k closest prototypes can be retrieved in O(k) time steps once the first one is ready.4.4. Handling Continuously Valued DataThe current implementation of these prototype styles of generalization assumes multi-state inputand output values. Since many databases have continuously valued input values, these continuouslyvalued variables must be converted into multi-state variables before learning and generalization cantake place. This is done with an equal frequency method, by doing a histogram equalization on thecontinuously valued input values for each variable and dividing the resulting distribution into a certainnumber of states. Several numbers of states were tried, and using ten states seemed to yieldreasonable results. It is possible that the number of states chosen and the clustering algorithm usedin this preprocessing could have a great effect on the subsequent generalization ability of the abovestyles, and current research is addressing this question (Ventura 94).4.5. Unknown InputsSome instances in some of the databases used have unknown input values. One way to handleunknown input values is to treat them as �don�t care� variables, in which case they are consideredto match any other value. Problems arise with this method, however, because instances with manyunknown input values are too often considered better matches than instances with asserted values.Therefore this scheme favors incomplete (and possibly unreliable) instances.One illustrative example of this problem occurrs in the �House Votes� database, which containsone instance which is made up entirely of unknown inputs. This instance matches every variable onevery other instance, which essentially wipes out all other instances� influence unless there is adirect match somewhere.A second way to handle unknown inputs is to treat unknown inputs as mismatches in all cases.This method clearly treats instances with unknown inputs harshly but in general is much morereliable in terms of accuracy than the former option. This method, therefore, was used for thesimulations which produced the results presented below.Another possible way to handle unknown inputs is to treat them as simply another value, so that

28unknown inputs match other unknown inputs and nothing else. In some cases, where not knowing avalue tells something specific about the problem, this may be helpful.Unknown inputs can be normalized in the following manner. If a prototype has m input variables,u of which have unknown input values, then distances can be normalized such that the unknowninputs do not count for or against the instance, i.e., consider the distance for the unknown input to be0, and then multiply the final summed distance by

mm− u

, m „ u(Eq. 4.2)If m=u, then the distance can be set (arbitrarily) to m, because all the inputs are unknown.Example 4.1. Consider the input vector I and the two prototypes, P1 and P 2 , shown in Figure 4.2,below.Instance: 1 1 1 1P1: 1 1 0 0 HD(P1.I,I) *mm-u

=44-0

= 2 * 1 = 2(0+0+1+1) *P2: 1 ? 0 ? HD(P2.I,I) *mm-u

=44-2

= 1 * 2 = 2(0+fl+1+fl) *Hamming

Distance"Unknown"

Normalization*Normalized

DistanceFigure 4.2. Normalizing distance metrics for prototypes containing unknown inputs.The Hamming Distances for P1 and P2 are 2 and 1, respectively. In each case half of the knowninputs are mismatched, so normalizing the two distances makes them the same.Going back to the previous methods mentioned above, if unknowns were considered mismatches,t h e n t h e H a m m i n g D i s t a n c e f o r P2 and I would be 3, since only one variable is really matched. If,o n t h e o t h e r h a n d , u n k n o w n s w e r e c o n s i d e r e d t o b e m a t c h e s , t h e n t h e d i s t a n c e w o u l d b e 1 , s i n c e only the third variable is definitely wrong.

29Chapter 5Empirical Results and AnalysisThe generalization styles presented in this thesis were implemented as described above andtested on each of the databases listed in Section 5.1. The results are encouraging, for they suggestthat prototype styles of generalization can be effective on many applications. Furthermore, theysupport the hypothesis that no one style generalizes best on all applications, and that having acollection of generalization styles to choose from is helpful.5.1. Machine Learning DatabasesThe data used for these simulations was taken from the collection of Machine LearningDatabases at the University of California Irvine (Murphy 93). A short description of each of theapplications used is given below.Audiology. The Audiology database was donated by Ross Quinlan, and takes a large number ofBoolean or multi-state attributes as input, and returns a diagnosis of an audiological disorder (eardisease) as output. The output has 24 possible values.Wisconsin Breast Cancer. This database was obtained originally from the University ofWisconsin Hospitals, Madison from Dr. William H. Wolberg (Wolberg 1990). The goal is todetermine whether a tumor is benign or malignant, given nine 10-state linear input variables.Credit Rating. This database has had all attribute names and values changed for the purpose ofconfidentiality, but includes a mixture of continuously valued data and nominal (non-linear) multi-state variables. The purpose is to decide whether or not someone should be considered a goodenough �risk� to be given a loan.Glass. Ten continuously valued variables (converted to 10-state multi-state variables for thesimulations) are used to classify what the resulting type of glass could be used for.Hepatitis. This database uses several Boolean inputs and linear (but discrete) inputs to predictwhether or not a hepatitis patient will die.House Votes. The voting record of congressmen is used to indicate whether that person is aDemocrat or Republican. This database contains many �unknown� values, including one instancethat has only unknown input values.Iris. Three classes of iris plants are predicted on the basis of sepal and petal width and length.Lung Cancer. This database has 56 (4-state) input variables, but only 32 instances, so it isextremely difficult for a learning algorithm to learn enough to predict which variables are important.Nettalk. Given seven consecutive letters, the correct phoneme and accent to use on the middleletter is predicted. The remaining six letters are used for context.Pima Indians Diabetes. Uses the condition and history of the patient to predict whether theperson tested positive for diabetes.Segmentation. Several images were used, and 19 attributes were extracted from parts of them.The goal is to decide what texture (e.g., brick face, sky, grass, etc.) is located at that part of theimage.Shuttle Landing. The Shuttle Landing Control database is not really a training set at all. It is aset of carefully constructed rules, much like the original ASOCS models are designed for, whichdecide how to proceed with a space shuttle landing given various whether conditions. This databasewas included to indicate how distance metrics might work on rule-based instance sets.Sonar. Inputs extracted from sonar blips are used to determine whether a submarine is detectinga rock or a mine.

30Soybean (large). The soybean databases contain 35 nominal attributes describing the condition ofsoybean plants, and the goal is to determine what (if any) disease they are suffering from. Theinstances can be put into 19 possible classes.Soybean (small). The �small� soybean database contains only 47 of the original 307 instancesfrom the �large� soybean database and has only 4 possible classes for the output.Vowel Recognition. Given ten continuously valued inputs representing the sound a person made,the problem is to decide which of 10 vowel sounds was spoken.Zoo. Given several attributes about an animal (e.g., whether it has fur, feathers, etc.), the animalmust be classified as a mammal, bird, etc.5.2. Distance Metrics and First-order FeaturesAn overview of the results involving the distance metrics and first-order features appears in the3-dimensional graph in Figure 5.1. The heights in the graph indicate the percentage of accurategeneralization achieved by the generalization style listed on the bottom when used on the applicationshown on the right. Left of all the generalization styles is an entry called �Max of all styles� whichsummarizes the maximum achieved by any of the styles in the graph. The applications are sortedfrom lowest to highest in terms of maximum generalization accuracy.

Lung-CancerHepatitisIndians-DiabetesGlassAudiologyCredit-ScreeningSonarSoybean (Large)SegmentationIrisHouse-Votes-84Breast CancerZooSoybean (Small)VowelApplicationDomainNettalkShuttle-Landing0102030405060708090100

% Accuracy

Generalization

Style

Integrity Voting by Best

Hamming Distance

Hamming w/Voting

Normalized Hamming Dist.

Norm. Hamming w/Voting

Absolute Difference

Absolute Diff. w/Voting

Normalized Abs. Diff.

Norm. Abs. Diff. (vote)

Euclidean Distance

Euclidean w/Voting

Highest Frequency

Highest Integrity

Voting by Best

Voting by All Matches

Integ. Voting by Matches

Global Correlation

Max of All StylesFigure 5.1. Overview ofsimulation results.The actual percentages represented in Figure 5.1 are given in Table 5.2, below. The stylesinvolving confidence levels are so numerous that they are discussed separately. The percentagesshown indicate the generalization accuracy of each style when used on the application listed on theleft. Those entries which appear in bold type indicate the highest percentage achieved for eachapplication by any of the styles shown in the table. The column labeled �Max of All Styles�

31contains the maximum generalization accuracy of any of the styles for each application, including theconfidence level styles which are not shown in the table. This means that a few applications (e.g.,Glass, Nettalk) have higher values in the �Max� column than any of the values to the right,indicating that a confidence level style did better than any of those in the table. The applications areordered from best to worst in terms of maximum generalization ability.

Soybean (Small)ZooVowelBreast CancerIrisHouse-Votes-84SegmentationSoybean (Large)Shuttle-LandingSonarCredit-ScreeningAudiologyGlassNettalkIndians-DiabetesHepatitisLung-Cancer

Max of all StylesDistance MetricsFirst-order Features

Hamming Distance

HD w/voting

Normalized HD

NHD w/voting

Absolute Difference

AD w/voting

NAD

NAD w/voting

Euclidean Distance

ED w/voting

Highest Count

Highest Integrity

Voting by Best

Integ. Voting by

Best

Voting by Match

Integ.Voting by

Match

Highest CorrelationDatabase999897969695939390868178777470539889959193899187848175736364583897919693939092878483787770675838988995919389904084817873636461389791969393909140848279777067603899979796939489878876687448675841989796959394878788767174486861449897979693949253878278734867634198979695939491538782787448676344999894969394878788736572426860539898949593948787887365724368615341407487762805370562437176855417840969392735853708653584271692841437792895625368562455176555416234938983624653696644444072705341537785896329537080246319665841416580908969355370802463216658417635928396664167758648574274520l00l00l00l00l00l00l00l00l00989836643636879836Table 5.2. Percentages ofaccurate generalization.There are several interesting things to note from this table.5.2.1. The Need for Multiple Styles. First of all, note that there no one style generalized mostaccurately on all applications. The table indicates this by the fact that no styles have a columnwhich is entirely bold. This suggests that by using a collection of generalization styles and pickingthe one that did the best on the test set, better generalization can be achieved than can be by usingonly one style.5.2.2. Distance Metrics vs. First-order Features. The distance metrics seemed to do better thanthe first-order features on most applications. This makes sense for several reasons. First of all,first-order features look at only one variable�s correlation with the output. They ignore higher-orderrelationships that often are vital to the application. Secondly, the integrity of features often is basedon an insufficient sample size. That is, the integrity of each feature is based on the feature�sfrequency and conflict. If these are small numbers, then the ratios are going to vary drastically withsmall fluctuations in the values and the integrity will be fairly unreliable.On the other hand, the critical feature styles did as well or better than the distance metrics on afew applications, especially those that seemed hard for the distance metrics. In the IndiansDiabetes database, for example, one of the variables was 74% correlated with the output value, sousing the Highest Correlation style, that accuracy was achieved, while none of the distance metricswere able to do better than 68%. The other first-order feature styles did well, too, because all of thevariables had at least a 65% correlation with the output. In the House Votes database, there wasone variable which had a 96% correlation with the output, so the Highest Correlation style was ableto do better than the distance metrics on that application as well.In contrast, the Vowel database did not have any input variables that had a correlation of more

32than 37% with the output, so the Highest Correlation style�as well as the other first-order featurestyles�did quite poorly, while the distance metrics were able to achieve 98% accuracy. Thisindicates the importance of higher-order relationships in some applications.5.2.3. The Effect of Voting. As expected, the distance metric styles of generalization that usedvoting did as well or better than their corresponding non-voting style in almost every case. In theNettalk database, for example, Hamming Distance alone generalized with 63% accuracy, while theaddition of voting raised the accuracy to 70%. In the Zoo database, on the other hand, the non-voting style of Hamming distance did slightly better than the voting style. When voting is not used,the first of the prototypes which are equally close to the input is chosen arbitrarily to decide theoutput. In this case, then, the arbitrary ordering of the prototypes just happened to favor the correctoutput slightly more than it favored incorrect outputs. The difference is not statistically significant,however, so it is fairly safe to assume that voting will not in general hurt generalization accuracy andimproves accuracy for some applications.5.2.4. Similarities Among Distance Metrics. There are many applications for which the variousdistance metrics have a very similar accuracy. This is not surprising, for in some cases the variousstyles are equivalent. For example, if all the input variables have the same number of states, thennormalizing the Hamming distance or absolute difference will not have any effect. This is the casewith the Breast Cancer database, for example.In addition, if the input variables are all Boolean, then Hamming Distance, Absolute Difference,and Euclidean Distance are all equivalent, because the distance for each variable will always be 0 or1, and squaring this distance still returns 0 or 1. In the House Votes 84 database, for example, all theinput variables are Boolean, and all of the distance metrics have the same accuracy. It would bepossible for the voting and non-voting columns to have two separate values, but in this case theyhappen to be equal.5.2.5. Differences Among Distance Metrics. There are several factors which contribute todifferences among the various distance metrics. Voting has the effect of breaking ties betweenequally close prototypes in a non-arbitrary way and thus usually has a positive influence ongeneralization accuracy. In addition, the nature of the application itself has a significant effect onwhich style or styles of generalization will work best. Using Absolute Difference or EuclideanDistance on input variables with nominal (non-linear) input values makes little sense. In theSoybean databases, for example, all the input variables are nominal, and Euclidean Distanceperforms more poorly than Hamming Distance because it tries to place importance on the relativedistance between nominal values.On the other hand, the Segmentation database has linear values for all its input variables, andHamming Distance does not perform as well as Absolute Difference or Euclidean Distance, becausethe actual distance is important in this application.5.3. Confidence Level ExtensionsThere are too many generalization styles involving confidence level extensions for them to belisted in Table 5.2. Section 3.8 presented six ways of computing a confidence level (CL) forinfluencing voting power (i.e., PI, BF, AF, OF, WOF and WAF}. Each of these could be used aloneor run through one of the two squashing functions presented in Section 3.11 (DC and CL2 ) . Furthermore, five different distance metrics are used on each of those combinations (i.e., HD, NHD,AD, NAD and ED). This results in 6x3x5=90 confidence level styles of generalization, in addition tothe 2x5=10 distance metric styles listed in Table 5.2 (i.e., frequency voting or no voting, for each ofthe five distance metrics). Furthermore, the distance measures themselves can be influenced by thes e v e r a l d i s t a n c e c o n f i d e n c e l e v e l s ( D C L ) m e n t i o n e d i n S e c t i o n 3 . 9 ( i . e . , C O R , P F a n d B F ) . T h i s results in quadrupling the number of distance metric styles to a total of 400.Since the number of styles involving confidence levels is so large, an overview of the results andg e n e r a l t r e n d s i s g i v e n w i t h o u t l i s t i n g t h e a c t u a l p e r c e n t a g e s f o r a l l t h e C L s t y l e s o n a l l t h e a p p l i c a t i o n s . H o w e v e r , t h e r e s u l t s o f a r e p r e s e n t a t i v e s a m p l i n g o f t h e c o n f i d e n c e l e v e l s t y l e s a r e given in Table 5.3 below. At the top of each column, each generalization style is defined by

33¥ The distance metric used (HD, NHD, AD, NAD, or ED)¥ The CL used to weight voting (PI, BF, AF, OF, WOF, or WAF)¥ The DCL used to weight distance (COR, PF, or BF)and some of the confidence levels are modified with the double cosine (DC) squashing function.The word �none� indicates a weight of 1.0 is applied instead of a confidence level.

Soybean (Small)ZooVowelBreast CancerIrisHouse-Votes-84SegmentationSoybean (Large)Shuttle-LandingSonarCredit-ScreeningAudiologyGlassNettalkIndians-DiabetesHepatitisLung-CancerDatabase

Max of all Styles

Distance WeightVoting Confidence LevelBasic Distance Metricl00l00l00l00l00l00l00l00l00l00

99989796969593939086817878747059979096939290919383827578666860389791959194909393848177747765593497899591948990938481777378656137978995919489904784808173786561379897979492948987877768764867624468947594465249608866162617464859899774906162884790664540254363539897969594959193878278765966614798989495949487938873667447686141

HD

HD

HD

NHD

AD

AD

AD

NAD

ED

OF none

BF

BF

WAF none

DC(OF) none

COR

DC(COR)

DC(COR)

PF

COR

CORTable 5.3. Accuracy of selected confidence level styles.5.3.1. Confidence Levels Weighting Votes. The overall performance of the confidence levelstyles of generalization involving voting was quite similar to that of the regular distance metrics, as isto be expected; voting is used only when two or more prototypes are equally close to the input.When voting is not needed, as it often is not, the confidence levels used to influence voting powerhave no effect.Confidence levels helped voting slightly in several applications. In the Glass database, forexample, weighting the votes by the weighted overall integrity of the prototype�s features increasedaccuracy by 1.5% on Hamming Distance, and resulted in the highest accuracy of any of the stylesused. This is why a bold �78� appears in the �Max� column while the highest accuracy shown inthe table for the Glass database is 77%.There were times when the squashing functions helped generalization slightly (usually by lessthan 1%) and times when they hindered it by about the same amount, but the effect was often quitesmall.5.3.2. Confidence Levels Weighting Distances. Since distances are used during everyclassification, the confidence levels that weighted distances had a somewhat greater effect ongeneralization accuracy. For example, in the Sonar database, multiplying the distance for eachvariable by the integrity of the prototype�s corresponding feature for that variable improvedaccuracy by almost 3% when using Absolute Difference as the distance metric. The reason thishelped on this application is due likely to the fact that most of the variables had a decent correlationwith the output (at least 50% for all of them with some up to 75% correlation).In the Nettalk database, multiplying the Hamming distance for each variable by the overallcorrelation improved accuracy from 70% to 77%�a significant improvement. The reason for this

34improvement is clear if one looks closely at the format of the instances. Each instance contains aseven-letter �window� into a word, and the middle (fourth) letter is the one for which the properpronunciation is sought. Clearly, the middle letter is the most important for the classification, and theother letters are progressively less important the further they are from the center.The correlation of the seven input variables reflects this relationship, as shown in Figure 5.3,below. As expected, the middle input variable has a much higher correlation with the output thanthe �context� letters. -3 -2 -1 +1 +2 +311% 14% 16% 42% 18% 17% 15%PreceedingLettersTrailingLettersLetterto be

ClassifiedFigure 5.4. Correlation of Nettalk�s input variables with the output.Even though the middle input variable has a much higher correlation than the other variables, a 42%correlation is still too low to be of much use to the first-order features. In fact, none of themgeneralized better than 42% on Nettalk, as can be seen in Table 5.2.The confidence levels that weighted distances did not always perform well, however. Considerthe Nettalk database again. Weighting the distances by the integrity of the prototype�scorresponding features resulted in accuracies of less than 25% because the individual features wereso unreliable.In fact, in almost every case weighting the distance by overall correlation did better than usingthe prototype�s individual features to weight the distance. This may be due to the fact that theoverall correlation is based on a larger sample size and is thus more reliable in determining whichvariables are most important. When the first-order features were based on too small of a samplesize or were not correlated well with the output, generalization was often quite poor when distanceswere weighted by prototypes� features. Lowering accuracy by 20-30% was not uncommon in suchcases.

Soybean (Small)Shuttle-LandingSonarZooVowelBreast CancerIrisHouse-Votes-84SegmentationIndians-DiabetesSoybean (Large)Credit-ScreeningHepatitisAudiologyGlassLung-CancerDatabase

Maximum

C4.5

}

Distance Metrics

First-order Features

CTree

CRule

C4

IB3

IB4

ID3

Confidence Levels10010010099989797979793938684817859100878899989796939468928361797753100939098989796949568938361817859100677578659693967374588670536353981007593809595969673908280776843981007492778995968968877384786741981007798839594959770907978786947611007293809495979674928378776736100996693949595929469898275676436100997193949597959470908378696839Table 5.5. Comparison between prototype styles of generalization and other models.

355.4. Comparison with Other Machine Learning ModelsTable 5.5 summarizes a comparison between the generalization styles presented in this thesis(referred to as the prototype styles), and several well-known machine learning models. Themaximum accuracy achieved by the basic distance metrics, the confidence level extensions, and thefirst-order features are given in the center three columns. Some results obtained using 10-foldcross-validation for C4, C4.5 (�CTree� and �CRule�), ID3, IB3 and IB4 (Zarndt 94) are listed on theright.The results for the prototype styles were obtained using N-fold cross-validation, which may helpaccuracy slightly. As with previous tables, bold entries indicate the highest accuracy achieved byany of these styles for each application.Again no single style has the highest accuracy on every database. Also note that the prototypestyles of generalization were able to generalize at least as well as these other well-known machinelearning systems on a variety of applications. The prototype styles did significantly better on a fewapplications (e.g., Sonar and Glass), but they were were significantly less accurate on others (e.g.,Shuttle-landing and Hepatitis).5.5. The Importance of Using Multiple StylesThe results clearly indicate that it having more than one style of generalization available forsolving a problem is advantageous. Among the prototype styles of generalization presented in thisthesis, no single style had (or tied for) the highest generalization accuracy for more than 4 out of the17 applications used in the simulations. Several styles came within 5% of the best generalization on12 out of the 17 applications, but no styles were even within 10% of the best accuracy on all 17 ofthem. In other words, no matter which single style one selects, there would be some applications onwhich that style would not be able to come within 10% of the accuracy of one of the other styles.This makes it fairly clear that no one of these styles of generalization would be sufficient on its own.5.6. Summary of FindingsThe results presented above support the intuition that Hamming Distance works well on inputvariables with nominal (non-linear) values but that Absolute Difference or Euclidean Distance workbetter on linear input variables. These distance metrics are all equivalent when the inputs are allBoolean.Furthermore, first-order features appear to be of some use when there are one or more variableswhich correlate well with the output. In particular, the Highest Correlation method works best whenthere is one variable which is correlated very highly with the output, and the other first-orderfeatures seem to do well when many of the variables have a fairly good correlation with the output.Voting tends to improve, or at least does not impair, the generalization of distance metrics inalmost all cases. Normalizing seems to help when there are wide differences in the number ofstates of linear input variables but has no effect when all inputs have the same number of states.The confidence levels have a fairly small effect when applied to voting power, but seem capableof improving generalization by a few percent at times, especially when the first-order features arebased on a large enough sample size to be trustworthy. Using confidence levels on voting powerrarely lowers generalization accuracy by more than one or two percent.Weighting distance measures with the overall variable correlation is capable of improvinggeneralization significantly. This is especially true if one variable stands out as being much moreimportant than the others but can impair accuracy when this is not the case. Furthermore,weighting distance measures with the integrity values of a prototype�s corresponding first-orderfeatures only seems to help when the features are trustworthy and have a decent correlation withthe output. Otherwise, this method often performs quite poorly, and it almost never does better thanusing the Highest Correlation for weighting distances.

36Chapter 6Conclusions and Future Research AreasThe results of this research suggest that using prototype styles of generalization can provideefficient and accurate generalization for some applications without the need for iteration, numerous�system parameters�, exponential searches or storage, or potential for getting stuck in local minima.In addition, the results support the hypothesis that using multiple styles of generalization can be moreeffective than using any one style by itself.Furthermore, future research may be able to provide automated ways of not only picking onestyle of generalization which is most accurate for a particular application but also making use of acollection or �committee� of several styles of generalization at the same time. Using such a method,the collection of guesses made by the various styles of generalization could themselves be used topredict the correct output more often than any of the individual styles would be able to do (Wolpert93).In addition, separate styles of generalization could be used on each individual input variable. Forexample, Hamming Distance could be used on nominal inputs, while normalized Euclidean Distancecould be used on continuously valued variables.The ultimate goal of this research is to build up a good collection of generalization styles and thenconstruct systems which automatically determine the generalization style or styles that work bestwith any given application, thus providing fast, accurate solutions to applications for whichautomated solutions are too costly or unknown.

37BibliographyAha, David W., Dennis Kibler, Marc K. Albert, �Instance-Based Learning Algorithms,� Machine Learning, vol. 6,pp. 37-66, 1991.Clark, Peter, and Tim Niblett, �The CN2 Induction Algorithm,� Machine Learning, vol. 3, pp. 261-283, 1989.Cover, T. M., and P. E. Hart, �Nearest Neighbor Pattern Classification,� Institute of Electrical and ElectronicsEngineers Transactions on Information Theory, vol. 13, pp. 21-27, 1967.Dasarathy, Belur V., and Belur V. Sheela, �A Composite Classifier System Design: Concepts and Methodology,�Proceedings of the IEEE, vol. 67, no. 5, pp. 708-713, May 1979a.Dasarathy, Belur V., and Belur V. Sheela, �Design of Composite Classifier Systems in Imperfectly SupervisedEnvironments,� Proceedings of the Conference on Pattern Recognition and Image Processing, pp. 71-79,August 1979b.Hart, P. E., �The Condensed Nearest Neighbor Rule,� Institute of Electrical and Electronics Engineers Transactionson Information Theory, vol. 14, pp. 515-516, 1968.Koton, P., �Reasoning About Evidence in Causal Explanations,� Proceedings of the Seventh National Conference onArtificial Intelligence, pp. 256-261. St. Paul, MN: Morgan Kaufmann, 1988.Lippmann, Richard P., �An Introduction to Computing with Neural Nets,� IEEE ASSP Magazine, vol. 3, no. 4, pp. 4-22, April 1987.Martinez, Tony R., �ASOCS: Towards Bridging Neural Network and Artificial Intelligence Learning,� Presented at2nd Government Neural Network Workshop, 1991.Martinez, Tony R., Douglas M. Campbell, Brent W. Hughes, �Priority ASOCS,� to appear in Journal of ArtificialNeural Networks, 1994.Martinez, Tony R., �Adaptive Self-Organizing Concurrent Systems,� Progress in Neural Networks, vol. 1, ch. 5, pp.105-126, O. Omidvar (Ed), Ablex Publishing, 1990a.Martinez, Tony R., �Consistency and Generalization in Incrementally Trained Connectionist Networks,�Proceedings of the International Symposium on Circuits and Systems, pp. 706-709, 1990b.Martinez, Tony, �Neural Network Applicability: Classifying the Problem Space,� Proceedings of the IASTEDInternational Symposium on Expert Systems and Neural Networks, pp. 12-15, 1989.Martinez, Tony R., �Adaptive Self-Organizing Logic Networks,� Ph.D. Dissertation, University of California LosAngeles Technical Report - CSD 860093, (274 pp.), June, 1986.Michalsky, R. S., I. Mozetic, J. Hong, and N. Lavrac, �The Multi-purpose Incremental Learning System AQ15 andits Testing Application to Three Medical Domains,� Proceedings of the Fifth National Conference onArtificial Intelligence, pp. 1041-1045, Philadelphia: Morgan Kaufmann, 1986.Michalsky, R. S., and J. Larson, �Incremental Generation of VL1 Hypotheses: The Underlying Methodology and theD e s c r i p t i o n o f t h e P r o g r a m A Q 1 1� , Technical Report ISG 83-5, Urbana: University of Illinois, ComputerScience Department, 1983.Michalsky, R. S., �On the quasi-minimal solution of the general covering problem,� Proceedings of the FifthInternational Symposium on Information Processing, pp. 12-128. Bled, Yugoslavia, 1969.Murphy, P. M., and D. W. Aha, UCI Repository of Machine Learning Databases. Irvine, CA: University of CaliforniaIrvine, Department of Information and Computer Science, 1993.Porter, Bruce W., Ray Bareiss, and Robert C. Holte, �Concept Learning and Heuristic Classification in Weak-Theory Domains,� Artificial Intelligence, vol. 45, nos. 1 and 2, 1990.Quinlan, J. R., C4.5: Programs for Machine Learning, San Mateo, CA: Morgan Kaufman, 1993.Quinlan, J. R., �Simplifying Decision Trees,� International Journal of Man-Machine Studies, vol. 27, pp. 221-234,1987.

38Quinlan, J. R., �Induction of Decision Trees�, Machine Learning, vol. 1, pp. 81-106, 1986.Rissland, E. L., J. Kolodner, and D. Waltz, �Case-based reasoning� from DARPA: Machine Learning Program Plan,Proceedings of the Case-Based Reasoning Workshop, pp. 1-13. Pensecola Beach, FL: Morgan Kaufmann,1989.Rudolph, George L., and Tony R. Martinez, �An Efficient Static Topology For Modeling ASOCS,� InternationalConference on Artificial Neural Networks, Helsinki, Finland. In Artificial Neural Networks, Kohonen, et. al.(Eds), Elsevier Science Publishers, North Holland, pp. 729-734, 1991.Rumelhart, D. E., and J. L. McClelland, Parallel Distributed Processing, MIT Press, Ch. 8, pp. 318-362, 1986.Salzberg, S., �A Nearest Hyperrectangle Learning Method,� Machine Learning, vol. 6, pp. 277-309, 1991.Stanfill, C., and and D. Waltz, �Toward memory-based reasoning,� Communications of the ACM, vol. 29, pp. 1213-1228, 1986.Ventura, Dan, and Tony R. Martinez, �BRACE: A Paradigm For the Discretization of Continuously Valued Data,�to appear in Proceedings of the Seventh Annual Florida AI Research Symposium—(FLAIRS), 1994.Wettschereck, Dietrich, and Thomas G. Dietterich, �An Experimental Comparison of Nearest-Neighbor andNearest-Hyperrectangle Algorithms,� to appear in Machine Learning, 1994a.Wettschereck, Dietrich, �A Hybrid Nearest-Neighbor and Nearest-Hyperrectangle Algorithm�, To appear in theProceedings of the 7th European Conference on Machine Learning, 1994b.Widrow, Bernard, and Rodney Winter, �Neural Nets for Adaptive Filtering and Adaptive Pattern Recognition,�IEEE Computer Magazine, pp. 25-39, March 1988.Wilson, D. Randall, and Tony R. Martinez, �The Importance of Using Multiple Styles of Generalization,�Proceedings of the First New Zealand International Conference on Artificial Neural Networks and ExpertSystems (ANNES) , pp. 54-57, November 1993.Wilson, D. Randall, and Tony R. Martinez, �The Potential of Prototype Styles of Generalization,� The SixthAustralian Joint Conference on Artificial Intelligence (AI �93), pp. 356-361, November 1993.Widrow, Bernard, and Michael A. Lehr, �30 Years of Adaptive Neural Networks: Perceptron, Madaline, andBackpropagation,� Proceedings of the IEEE, vol. 78, no. 9, pp. 1415-1441, September 1990.Wolberg, William H., and O.L. Mangasarian, �Multisurface Method of Pattern Separation for Medical DiagnosisApplied to Breast Cytology", Proceedings of the National Academy of Sciences, vol. 87, pp. 9193-9196,December 1990.Wolpert, David H., �Combining Generalizaers Using Partitions of the Learning Set,� To appear in 1992 Lectures inComplex Systems, L. Nadel and D. Stein (Eds.), Addison-Wesley, 1993.

Prototype Styles of GeneralizationD. Randall WilsonDepartment of Computer ScienceM. S. Degree, August 1994ABSTRACTA learning system can generalize from training set data in many ways. No single style ofgeneralization is likely to solve all problems better than any other style, and different styles workbetter on some applications than others. Several generalization styles are proposed, includingdistance metrics, first-order features, voting schemes, and confidence levels. These generalizationstyles are efficient in terms of time and space and lend themselves to massively parallelarchitectures.Empirical results of using these generalization styles on several real-world applications arepresented. These results indicate that the prototype styles of generalization presented can provideaccurate generalization for many applications, and that having several styles of generalizationavailable often permits one to be selected that works well for a particular application.COMMITTEE APPROVAL:__________________________________Tony R. Martinez, Committee Chairman__________________________________Gordon E. Stokes, Committee Member__________________________________David W. Embley, Graduate Coordinator