Proceedings of the 6th Australian Joint Conference on Artificial Intelligence (AI�93), pp. 356-361, Nov. 1993.The Potential of Prototype Styles of Generalization�D. Randall WilsonTony R. MartinezComputer Science Department, Brigham Young University, Provo, Utah 84602e-mail: randy@axon.cs.byu.edu, martinez@cs.byu.eduAbstract. There are many ways for a learning system to generalizefrom training set data. This paper presents several generalization stylesusing prototypes in an attempt to provide accurate generalization ontraining set data for a wide variety of applications. These generalizationstyles are efficient in terms of time and space, and lend themselves wellto massively parallel architectures. Empirical results of generalizing onseveral real-world applications are given, and these results indicate thatthe prototype styles of generalization presented have potential to provideaccurate generalization for many applications.1. IntroductionThere are many ways for a learning system to generalize from training setdata. This paper proposes several generalization styles using prototypes in anattempt to provide accurate generalization on training set data for a wide varietyof applications. These generalization styles are efficient in terms of time andspace, and lend themselves well to massively parallel architectures.Traditional computer programming requires the programmer to explicitlydefine what the computer should do given any particular input. Even expertsystems depend on the knowledge of experts in the field and their ability toexplain how they make their decisions. When a solid knowledge of theapplication domain is available, this process has often worked quite well. In someapplications, however, there is not enough known about the subject to derive aformula or write a program to solve the problem.In such cases, it is often possible to collect a set of examples of what the outputof the system should be in specific situations. Each such example is called aninstance, and usually consists of a vector of input values (the inputs) representingcertain features of the environment, as well as the value(s) that the system shouldoutput in response to these input values (the output). A collection of suchinstances is called a training set.Neural networks1,2,3 provide one way to learn by example. That is, given atraining set of instances, they can often �learn� the relationship between the inputs

� This research was supported in part by grants from Novell, Inc., and WordPerfect Corporation.Reference: The Sixth Australian Joint Conference on Artificial Intelligence (AI �93), pp. 356-361, Nov. 1993.

and outputs well enough to be able to receive an input and produce the correctoutput with a high probability, even if that input did not appear in the trainingset. This ability is called generalization.Some styles of neural networks which have been successful in accuratelylearning to generalize from a training set, such as the backpropagation network4,have required many iterations through the learning algorithm to solve theproblem, and thus have not always been able to solve problems in an acceptableamount of time. In addition, they often suffer from problems of getting stuck ina local minima, so several runs of the algorithm are often necessary.Some machine learning techniques attempt to generalize from training set dataas well, but they often suffer from the problems of exponential search timesand/or exponential storage requirements.The ASOCS (Adaptive Self-Organizing Concurrent System) model5,6,7 has theattractive feature of fast (one-shot) learning. It also lends itself to simplehierarchical architectures which can be efficiently implemented in hardware8.These features make it attractive for solving large problems very quickly,without hardware constraints.The ASOCS models, however, expect rule-based instances rather than trainingset data. In addition, some ASOCS models do not perform much generalizationby themselves.The research presented in this paper began with the goal of extending ASOCSmodels to perform generalization on training set data. It makes use of severalgeneralization styles in an attempt to provide accurate generalization which isefficient in terms of time and space, and which lends itself well to simple parallelarchitectures.In section 2, the styles of generalization studied in this research are presented,along with several extensions of each. Section 3 gives empirical results ofsimulations run on a variety of applications using each of these generalizationstyles, and gives a preliminary analysis of these results. Section 4 providesconclusions and future research areas.2. Prototype Styles of GeneralizationThe research presented in this paper makes use of several generalization styleswhich use prototypes in an attempt to provide accurate generalization in anefficient and potentially parallel manner. Prototypes are similar to instances inthe training set, but may represent several instances with the same output, and canhave additional features. When prototypes are used, they are compared with newinputs to determine the output. In such approaches, generalization stylesdetermine both how the prototypes are created and how they are used. In thisresearch prototypes consist of:

¥ A vector of input values representing features in the environment (inputs) andone or more output values, representing the supposedly correct response of thesystem to the input values (output).¥ A count of how many instances the prototype represents,¥ A count of how many instances with the same inputs had different outputs ( theconflict),¥ A ratio of count to total, where total = count + conflict. This gives aprobability that the inputs of the prototype should map to its output(s), and iscalled the integrity.Figure 1, below, illustrates an typical instance in a training set and a prototype.

ABCDInputsZOutputOccurancesConflictIntegrity+/�+—Prototype

ABCDInputsZOutputInstance

Figure 1. Instance vs. PrototypeThe styles of generalization presented in this paper have several attractivefeatures: ¥ They can learn a training set quickly (usually in O(n) or O(nlogn) time), ¥ They are simple and intuitive, ¥ They lend themselves well to massively parallel architectures (e.g. a binarytree) ¥ 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, whichcan be sizable for large training sets, and because they do not throw away anyinformation, they may �overlearn� the training set instead of picking out only themost relevant attributes of an application. This can result in a susceptibility tonoise and reduced generalization.Several styles of generalization were used in this research, among which wereseveral distance metrics, and some critical variable detection algorithms, alongwith voting schemes to enhance each of these. These styles are discussed insections 2.1 and 2.2 below.2.1. Distance MetricsDistance metrics are used to find out which prototype or prototypes are�closest� to the new input in question. The output value of the closest prototypeor group of prototypes is used for the output value in response to the new input.There are several ways of determining how �close� an input is to one of the

prototypes.Hamming distance. Hamming distance is an intuitive metric, and is simply thenumber of input variables which do not match the prototype. The prototype withthe least number of mismatched variables wins using this metric.State difference. In multi-state variables where the states represent a linearvalue, the closeness of the state number itself may help indicate the �distance� ofan input variable to a variable in an instance. Thus, a sum of the (absolute)differences of the inputs of the prototype from the inputs of the new input can beused as a measure of closeness.Dividing by number of states. An extension of the State Distance scheme is todivide the state difference for each variable by the number of states that thatvariable can have, in order to normalize the distance measures. This can be donefor Hamming distance as well.Euclidean distance. Euclidean distance is similar to the State Differencescheme, except that the individual distances are squared before they are summed.As an example, consider a training set with four input variables, the first threeof which are Boolean, and the last of which is a 10-state variable (with values 0through 9). If a prototype with input values 0, 0, 1, and 5, respectively, wascompared to the input 0, 1, 1, 1, the distance metrics mentioned above would becomputed as shown in Figure 2. Variable Name: Number of States: Prototype: New input to be classified:

Distance Metric 1. Hamming Distance: 2. Hamming/No. of States: 3. State Difference: 4. State Diff/Num States: 5. Euclidean Distance:

ABCDOut2 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 2. Results of various distance metrics (from example 1).Voting. Regardless of the distance metric used, there will often be severalprototypes which are the same �distance� from the new input. Instead ofarbitrarily choosing one of the several equally close prototypes to be the winner,the prototypes can vote for their output. One way to do this is to let each of theseprototypes cast a number of votes equal to its count, since prototypes mayrepresent several instances.2.2. Critical Features.One way to determine which variables are most important is to find thosewhich tend to have a strong correlation with an output value. In order todiscover critical variables, a new kind of prototype called a first-order feature iscreated for each input variable of each instance. Each feature has only the outputand one input variable asserted, and the rest of the input variables are �don�t care� variables (denoted by an asterisk, �*�).It is possible to use combinations of variables instead of only one variable at atime and thus create higher-order features, but such methods run into exponentialfactors in both storage and computation time, and are thus not pursued in thisresearch. The term feature will therefore be used to mean first-order feature.As an example, the instance �0 0 1 5 -> 1�, would result in the following fourfirst-order features: �0***->1�, �*0**->1�, �**1*->1�, and �***5->1�. If any ofthese features already existed in the system, the new one would be discarded, andthe old one�s count would be incremented and its integrity recomputed. If anyfeatures existed which had the same input but a different output (e.g., 0 * * * ->0), then both features would increment their conflict and recompute theirintegrity. The first few instances in the training set will probably add quite a fewfeatures to the system, but later instances will usually find matches for most ofthe features they try to add.During generalization, a feature is said to match the input if the variablewhich is asserted matches the corresponding variable in the input. The other�don�t care� variables are always considered to match.In Figure 3, a few instances from a training set are listed, along with thefeatures that would be generated for the first and second variables. Note that theconflict field is simply the sum of the counts of all other prototypes with the sameinputs.

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. Features generated from instances.There are several ways to use these prototypes for generalization. One is toselect the one very best feature that matches the input and use its output. The�best� feature can be either the one with the highest count (meaning it occurredmost often), or the one with the highest integrity (meaning it was relativelyundisputed). Another method is to select the best feature for each input variable,and let these vote on the output. A third method is to allow all matching featuresto vote for the output they want. In each case, a feature�s voting power equals itscount, which is the number of instances it represents.

ABCD ->

Out

Count

Conflict

Integrity 1. 0 * * * -> 0 1 3 .25 2. 0 * * * -> 1 3 1 .75 3. * 1 * * -> 0 2 1 .66 4. * 1 * * -> 1 1 2 .33 5. * * 1 * -> 0 1 3 .25 6. * * 1 * -> 1 3 1 .75 7. * * * 1 -> 0 1 0 1.0Figure 4 Features matching an input of �0 1 1 1�.To continue the above example, assume that the rest of the features for theinstances listed in Figure 3 were available. Given an input of 0 1 1 1, the featuresshown in Figure 4 would match the input.The one with the highest integrity is feature 7, which was never contradicted,and it would choose an output of 1. The one with the best count is either #2 or#6, both of which also opt for an output of 1.The features in bold (numbers 2, 3, 6 and 7) are the best in terms of bothintegrity and count for the four input variables, respectively. These would cast2+1=3 votes for an output of 0, and 3+3=6 votes for an output of 1, so 1 wouldwin again in this case.Finally, if all of these matching features were allowed to vote, an output of 0would get 1+2+1+1=5 votes, and an output of 1 would get 3+1+3=7 votes. Inthis example, all of the various styles chose an output of 1, but there are cases inwhich the styles would pick conflicting outputs.3. Empirical ResultsEach of the generalization styles described above was implemented and testedon several well-known training sets from the repository of Machine LearningDatabases at University of California Irvine9, and the generalization accuracy ofeach style on each application is given in Table 5. The column labeled �Max�contains the maximum generalization accuracy of any of the styles for eachapplication. The applications are ordered from best to worst in terms ofmaximum generalization ability.The results are encouraging, for they suggest that prototype styles ofgeneralization can be effective on many applications, although there were someapplications for which none of the styles was able to achieve acceptablegeneralization.There are a few interesting things to note from this table. First of all, notethat there was no one style which generalized most accurately on all applications.This suggests that by using a collection of simple generalization styles, and bypicking the one that did the best on the test set, the best style for a given application can be found10. Also note that the distance metric styles ofgeneralization that used voting did as well or better than their corresponding non-voting style in almost every case.Database

Soybean (Small)ZooVowelIrisSegmentationHouse-Votes-84Soybean (Large)SonarShuttle-LandingCredit-ScreeningAudiologyNettalkGlassIndians-DiabetesHepatitisLung-Cancer

Max/#st./#st.HammingDistanceStateDistanceEuclid.Dist.AllvoteoneSinglebestBestvoteonesDistance MetricsFeaturesFirst-Ordervt1stcntintcntintcntintvt1stvt1stvt1stvt1st9998969593938887868177767270539889918993918487817563736458389791909093938487817777746559349889918993908440817863736461389791909093918440818177746559349997969493898887766848746759419897959593878787767159766660479897969493928753827848736763419897959593918753827859766661479998969493878887736542726860539898959493878887736647746861414140872876070535624173768554178409373925870538653425871692841439256892685356241755655541623489628346695366444044727053415385638929705380241963665841416590698935705380242163665841l00l00l00l00l00l00l00l00l009898369836643636Table 5. Percentages of Accurate Generalization4. Future Research and ConclusionsThe results of this research are promising, and suggest that for someapplications using prototype styles of generalization can provide efficient andaccurate generalization without the need for iteration, numerous �systemparameters�, exponential searches or storage, and without fear of getting stuck ina local minima. In addition, by using a collection of such generalization stylesand picking the one that generalizes most accurately, even greater generalizationaccuracy can be achieved. There are a variety of simple styles of generalizationwhich can be added to this system�s repertoire. Combining styles could bebeneficial as well, such as using features to weight the variables when computingdistances, or to weight voting power.

Current research is also involved in answering such questions as how to bestdiscretize analog variables, how to handle missing input values, and how todetermine which style or styles to use for a given application without testing allinstances on all the styles.The ultimate goal of this research is to build up a good collection ofgeneralization styles and then construct systems which automatically determinethe generalization style or styles that work best with any given application, andthus provide fast, accurate solutions to applications for which automated solutionswere previously intractable or unknown.5.Bibliography1.Lippmann, Richard P., �An Introduction to Computing with Neural Nets,�IEEE ASSP Magazine, 3, no. 4, pp. 4-22, April 1987.2.Widrow, Bernard, Rodney Winter, �Neural Nets for Adaptive Filtering andAdaptive Pattern Recognition,� IEEE Computer Magazine, pp. 25-39,March 1988.3.Widrow, Bernard, and Michael A. Lehr, �30 Years of Adaptive NeuralNetworks: Perceptron, Madaline, and Backpropagation,� Proceedings ofthe IEEE, 78, no. 9, pp. 1415-1441, September 1990.4.Rumelhart, D. E., and J. L. McClelland, Parallel Distributed Processing,MIT Press, Ch. 8, pp. 318-362, 1986.5.Martinez, Tony R., �Adaptive Self-Organizing Logic Networks,� Ph.D.Dissertation, University of California Los Angeles Technical Report - CSD860093, (274 pp.), June, 1986.6.Martinez, Tony R., Douglas M. Campbell, Brent W. Hughes, �PriorityASOCS,� to appear in Journal of Artificial Neural Networks.7.Martinez, Tony R., �Adaptive Self-Organizing Concurrent Systems,� Progressin Neural Networks, 1, ch. 5, pp. 105-126, O. Omidvar (Ed), AblexPublishing, 1990a.8.Rudolph, George L., and Tony R. Martinez, �An Efficient Static TopologyFor Modeling ASOCS,� International Conference on Artificial NeuralNetworks, Helsinki, Finland. In Artificial Neural Networks, Kohonen, et.al. (Eds), Elsevier Science Publishers, North Holland, pp. 729-734, 1991.9.Murphy, P. M., and D. W. Aha, UCI Repository of Machine LearningDatabases. Irvine, CA: University of California Irvine, Department ofInformation and Computer Science, 1993.10. Wilson, D. Randall, �The Importance of Using Multiple Styles ofGeneralization�, to appear in Proceedings of he First New ZealandInternational Conference on Artificial Neural Networks and ExpertSystems�ANNES �93.