Eclectic Machine LearningA DissertationPresented to theDepartment of Computer ScienceBrigham Young UniversityIn Partial Fulfillmentof the Requirements for the DegreeDoctor of Philosophyª Cory Barker 1994byCory BarkerFebruary 1994

This dissertation by Cory Barker is accepted in its present form by the Departmentof Computer Science of Brigham Young University as satisfying the dissertationrequirement for the degree Doctor of Philosophy.____________________________________ Tony R. Martinez, Committee Chair____________________________________ James K. Archibald, Committee Member____________________________________ Dan R. Olsen, Committee Member_____________________ ____________________________________ DateDavid W. Embley, Graduate Coordinator

ABSTRACTThis dissertation presents a family of inductive learning systems that derive generalrules from specific examples. These systems combine the benefits of neural networks,ASOCS, and symbolic learning algorithms. The systems presented here learnincrementally with good speed and generalization. They are based on a parallelarchitectural model that adapts to the problem being learned. Learning is done withoutrequiring user adjustment of sensitive parameters, and noise is tolerated with gracefuldegradation in performance.The systems described in this work are based on features. Features are subsets of theinput space. One group of learning algorithms begins with general features and specializesthose features to match the problem that is being learned. Another group creates specificfeatures and then generalizes those features. The final group combines the approachesused in the first two groups to gain the benefits of both.The algorithms are O(m log m), where m is the number of nodes in the network, andthe number of inputs and output values are treated as constants. An enhanced networktopology reduces time complexity to O(log m). Empirical results show that the algorithmsgive good generalization and that learning converges in a small number of training passes.COMMITTEE APPROVAL:____________________________________ Tony R. Martinez, Committee Chair____________________________________ James K. Archibald, Committee Member____________________________________ Dan R. Olsen, Committee Member_____________________ ____________________________________ DateDavid W. Embley, Graduate Coordinator

AcknowledgmentsThanks be to God for giving me the ideas, mental strength, and perseverance that havemade this work possible. All that is good in this work is due to Him. I take responsibilityfor poor communication and errors in writing, but give all credit for the positivecontributions of this work to God.Thanks to my dear wife Colette and our children. They have given up many things(including time with husband and father) to allow me to return to school and completethis work. I also thank parents and others from both my family and Colette’s family whohave without exception supported my schooling.Thanks to Helen Hepworth (my fourth grade schoolteacher) who convinced me that Ihad the ability to accomplish anything that I set my mind to do. Teachers who honestlycare for their students are a huge blessing not only to the individual student but also toour society as a whole. Without her encouragement it is certainly possible that the shyboy of ten years that I was then would never have become confident enough to tackle thiswork.Thanks to Mike Fitzgerald for putting the thought in my head that Cory Barkershould get a Doctoral Degree and also for giving expert instruction on English languagegrammar and punctuation.Thanks to my committee, Tony Martinez, Dan Olsen, and Jim Archibald, as well asother friends and colleagues, for taking time to read my work and give helpful constructivecomments that have improved the result immensely. Thanks to Brigham YoungUniversity and the Computer Science Department as well as the Church of Jesus Christof Latter-Day Saints for providing equipment and other support for this work. Thanks tothe Air Force Office of Scientific Research and Wright Laboratory for providing an AirForce Laboratory Graduate Fellowship for funding this research.

Table of ContentsTable of Contents............................................................................................................. ivList of Figures.................................................................................................................. xList of Tables................................................................................................................... xv1.Introduction................................................................................................. 11.1.Overview..................................................................................................... 11.2.Motivation for Learning.............................................................................. 31.3.Machine Learning Algorithms..................................................................... 41.3.1.ASOCS........................................................................................ 51.3.2.Neural Networks......................................................................... 61.3.3.AI Symbolic Induction Algorithms............................................. 71.4.Learning Techniques.................................................................................... 81.5.Combination of Techniques........................................................................ 101.6.Overview of the Dissertation...................................................................... 112.Learning from Examples.......................................................................................... 142.1.Input and Output Spaces............................................................................ 142.2.Examples and Training Sets......................................................................... 163.Features................................................................................................................... 183.1.Feature Generality....................................................................................... 203.2.Feature Relationships.................................................................................. 213.2.1.Theorem 3.1. Feature subset (superset) � Subdomainsuperset (subset)...................................................................................... 213.2.2.Definition 3.1. Feature Overlap.................................................. 223.2.3.Definition 3.2. Feature Discrimination....................................... 233.2.4.Theorem 3.2. Feature discrimination � Discriminant input....... 243.2.5.Corollary 3.1. Feature overlap � No discriminant input............ 253.3.Feature Specialization................................................................................. 253.4.Feature Generalization................................................................................ 263.5.Feature Union.............................................................................................. 273.5.1.Theorem 3.3. Feature union � Subdomain intersection.............. 283.6.Feature Intersection..................................................................................... 293.6.1.Theorem 3.4. Feature intersection _ Subdomain unioncontainment.............................................................................................. 293.7.Feature Strength.......................................................................................... 303.8.Sets of Features........................................................................................... 323.9.Networks of Features.................................................................................. 364.General to Specific Learning.................................................................................... 404.1.General to Specific Learning Algorithms..................................................... 424.2.Deletion....................................................................................................... 454.2.1.Measuring Node Usage............................................................... 454.2.2.Comparing Node Strength........................................................... 45

4.3.Feature Union.............................................................................................. 464.2.1.Training Example........................................................................ 484.4.Feature Specialization................................................................................. 564.5.Specialization with Strength Estimation of New Features.......................... 594.5.1.Next-Input Counter (NIC) Strength Estimation......................... 614.5.1.1.Training Example........................................................ 644.5.2.Limited Example Memory (LEM) Strength Estimation............. 704.5.2.1.Training Example........................................................ 734.5.3.Example Node (EN) Strength Estimation................................... 794.5.3.1.Training Example........................................................ 835.Specific to General Learning.................................................................................... 915.1.Specific to General Learning Algorithms..................................................... 915.2.Feature Intersection..................................................................................... 935.2.1.Training Example........................................................................ 955.3.Feature Generalization................................................................................ 1025.3.1.Training Example........................................................................ 1036.Combining GS Learning and SG Learning............................................................... 1126.1.Generalization And Specialization Learning Algorithm.............................. 1136.2.Both Generalization and Specialization...................................................... 1156.3.Best of Generalization or Specialization..................................................... 1246.3.1.Training Example........................................................................ 1267.Interconnect Architectures...................................................................................... 1337.1.Broadcast/Gather Architecture.................................................................... 1337.1.1.Broadcast.................................................................................... 1337.1.2.Gather......................................................................................... 1377.1.3.EN Strength Estimation using Broadcast/Gather........................ 1427.2.General/Specific (GS) architecture.............................................................. 1427.2.1.Topology.................................................................................... 1437.2.2.Adding Nodes............................................................................. 1457.2.2.1.Specialization Links................................................... 1467.2.2.2.Generalization Links.................................................. 1497.2.2.3.Removing Redundant Links....................................... 1527.2.2.4.Finding Generalization Links without aSpecialization Node...................................................................... 1557.2.2.5.Single-Input Nodes..................................................... 1587.2.2.6.Example Nodes........................................................... 1597.2.2.7.Specializations of Existing Nodes.............................. 1597.2.2.8.Generalizations of Existing Nodes............................. 1607.2.3.Deleting Nodes............................................................................ 1617.2.4.Using the Network...................................................................... 1647.2.4.1.Broadcast on a GS Architecture (DAG).................... 1657.2.4.2.Gather on a GS Architecture (DAG)......................... 1667.2.4.3.Finding Equal Nodes on a GS Architecture................ 1677.2.4.4.Finding Covering Nodes on a GS Architecture.......... 1707.2.4.5.EN Strength Estimation on a GS Architecture........... 1717.2.4.6.Direct Specialization (DS) Strength Estimation......... 171

8.Complexity Analysis.............................................................................................. 1758.1.Space Complexity....................................................................................... 1758.2.Common Operations................................................................................... 1768.2.1.Feature/Example/Input Operations............................................. 1768.2.2.Constant Time Operations......................................................... 1768.2.3.Network Execution..................................................................... 1778.2.4.Counter Update.......................................................................... 1778.2.5.Computing the New Feature Metric........................................... 1788.2.6.Finding an Equal/Covering/Contradicting Feature....................... 1788.2.7.Creating a New Node.................................................................. 1798.2.8.Strength Estimation..................................................................... 1798.2.9.Node Initialization...................................................................... 1808.3.General to Specific Learning........................................................................ 1808.3.1.Feature Union............................................................................. 1818.3.2.Feature Specialization................................................................. 1828.3.3.Feature Specialization with Strength Estimation........................ 1838.4.Specific to General Learning........................................................................ 1858.4.1.Feature Intersection.................................................................... 1858.4.2.Feature Generalization................................................................ 1868.5.Generalization and Specialization Learning................................................. 1888.5.1.Both Generalization and Specialization...................................... 1888.5.2.Best of Generalization and Specialization.................................. 1898.6.General/Specific Architecture Complexity.................................................. 1908.6.1.Theorem 8.1. Depth of a GS architecture network..................... 1908.6.2.Theorem 8.2. Number of specialization connections.................. 1918.6.3.Theorem 8.3. Number of generalization connections.................. 1918.6.4.Creating Specialization Links...................................................... 1928.6.5.Creating Generalization Links..................................................... 1938.6.6.Removing Redundant Links........................................................ 1948.6.7.Creating Generalization Links without a SpecializationNode.................................................................................................... 1948.6.8.Linking Single-Input Nodes........................................................ 1958.6.9.Linking Example Nodes.............................................................. 1958.6.10.Linking Specializations of Existing Nodes.................................. 1958.6.11.Linking Generalizations of Existing Nodes................................. 1968.6.12.Removing Nodes......................................................................... 1968.6.13.Broadcast/Gather on a GS Architecture...................................... 1978.6.14.Finding Equal Nodes................................................................... 1978.6.15.Strength Estimation..................................................................... 1988.7.Conclusion................................................................................................... 1989.Simulation Results................................................................................................... 2009.1.Data Sets..................................................................................................... 2009.1.1.Breast Cancer.............................................................................. 2019.1.2.Chess End-Game......................................................................... 2029.1.3.Hepatitis..................................................................................... 2029.1.4.Iris............................................................................................... 203

9.1.5.LED............................................................................................. 2049.1.6.Mushroom.................................................................................. 2049.1.7.Soybean....................................................................................... 2069.1.8.Tic Tac Toe End Game............................................................... 2089.1.9.Voting.......................................................................................... 2089.1.10.Zoo.............................................................................................. 2099.2.Test Process................................................................................................ 2109.3.Results Gathered......................................................................................... 2119.4.GS Results................................................................................................... 2129.5.GS Variations.............................................................................................. 2189.5.1.Strength Estimation without Single-Input Nodes....................... 2189.5.2.Repeat Specialization.................................................................. 2209.6.SG Results................................................................................................... 2219.7.GAS Results................................................................................................ 2259.8.Direct Specialization Strength Estimation................................................... 2309.9.Conclusion................................................................................................... 23410.Conclusion................................................................................................................ 23210.1.Summary.................................................................................................. 23210.2.Future Research........................................................................................ 234Bibliography............................................................................................................... 236

List of FiguresFigure 3.1. Typical network node.................................................................................... 37Figure 3.2. Node before counter update........................................................................... 37Figure 3.3. Node after counter update.............................................................................. 38Figure 3.4. Network Execution......................................................................................... 38Figure 3.5. Example of network execution....................................................................... 39Figure 4.1. Network for the aircraft control problem....................................................... 41Figure 4.2. Network after the first example..................................................................... 41Figure 4.3. Network after the second example................................................................. 42Figure 4.4. General to Specific Learning........................................................................... 44Figure 4.5. Creating higher-order features through Feature Union................................... 48Figure 4.6. Initial Network............................................................................................... 49Figure 4.7. Network after first example........................................................................... 49Figure 4.8. Network after second example....................................................................... 51Figure 4.9. Network after third example.......................................................................... 52Figure 4.10. Network after fourth example...................................................................... 53Figure 4.11. Network after last example.......................................................................... 54Figure 4.12. Network after deletion................................................................................. 55Figure 4.13. Creating higher-order features through Feature Specialization..................... 58Figure 4.14. Feature Specialization with Strength Estimation......................................... 61Figure 4.15. Network node with Next-Input Counters.................................................... 62Figure 4.16. Next-Input Counter Update......................................................................... 63Figure 4.17. Node initialization with Next-Input Counters............................................. 64Figure 4.18. Initial Network............................................................................................. 64Figure 4.19. Network after first example......................................................................... 65Figure 4.20. Network after second example..................................................................... 66Figure 4.21. Network after third example........................................................................ 67Figure 4.22. Network after fourth example...................................................................... 67Figure 4.23. Network after last example.......................................................................... 69Figure 4.24. Network node with Example Memory........................................................ 70Figure 4.25. Updating a node with Example Memory..................................................... 71Figure 4.26. Adding an Example to a Full Table.............................................................. 71Figure 4.27. Node initialization with Example Memory.................................................. 73Figure 4.28. Initial Network............................................................................................. 74Figure 4.29. Network after first example......................................................................... 74Figure 4.30. Network after second example..................................................................... 75Figure 4.31. Network after third example........................................................................ 76Figure 4.32. Network after fourth example...................................................................... 77Figure 4.33. Network after last example.......................................................................... 78Figure 4.34. Strength Calculation using Example Nodes.................................................. 81Figure 4.35. Node Initialization using Example Nodes.................................................... 82Figure 4.36. Initial Network............................................................................................. 83

Figure 4.37. Network after first example......................................................................... 84Figure 4.38. Network after second example..................................................................... 85Figure 4.39. Network after third example........................................................................ 86Figure 4.40. Network after fourth example...................................................................... 87Figure 4.41. Network after last example.......................................................................... 89Figure 5.1. Specific to General Learning........................................................................... 93Figure 5.2. Feature Intersection........................................................................................ 94Figure 5.3. Initial Network............................................................................................... 95Figure 5.4. Network after first example........................................................................... 96Figure 5.5. Network after second example....................................................................... 97Figure 5.6. Network after third example.......................................................................... 98Figure 5.7. Network after fourth example........................................................................ 99Figure 5.8. Network after last example............................................................................ 101Figure 5.9. Feature Generalization................................................................................... 103Figure 5.10. Initial Network............................................................................................. 104Figure 5.11. Network after first example......................................................................... 105Figure 5.12. Network after second example..................................................................... 106Figure 5.13. Network after third example........................................................................ 107Figure 5.14. Network after fourth example...................................................................... 108Figure 5.15. Network after last example.......................................................................... 110Figure 6.1. Generalization and Specialization Learning.................................................... 114Figure 6.2. Initial Network............................................................................................... 115Figure 6.3. Network after first example........................................................................... 116Figure 6.4. Network after second example....................................................................... 117Figure 6.5. Network after third example.......................................................................... 119Figure 6.6. Network after fourth example........................................................................ 120Figure 6.7. Network after last example............................................................................ 123Figure 6.8. Feature Generalization or Specialization........................................................ 126Figure 6.9. Initial Network............................................................................................... 127Figure 6.10. Network after first example......................................................................... 127Figure 6.11. Network after second example..................................................................... 128Figure 6.12. Network after third example........................................................................ 130Figure 6.13. Network after fourth example...................................................................... 131Figure 6.14. Network after last example.......................................................................... 132Figure 7.1. Binary Tree.................................................................................................... 135Figure 7.2. Broadcast on a Binary Tree............................................................................ 136Figure 7.3. Broadcast to the children of the root.............................................................. 136Figure 7.4. Gather on a Binary Tree................................................................................. 139Figure 7.5. Gather from the leaves................................................................................... 140Figure 7.6. Gather to the root........................................................................................... 141Figure 7.7. General/Specific Architecture......................................................................... 144Figure 7.8. General/Specific Architecture......................................................................... 145Figure 7.9. Link a Node to its Specializations.................................................................. 147Figure 7.10. LinkSpec Example........................................................................................ 148Figure 7.11. Completed Specialization Links................................................................... 149Figure 7.12. Link a Node to its Generalizations............................................................... 150

Figure 7.13. LinkGen Example......................................................................................... 151Figure 7.14. Completed Generalization Links.................................................................. 152Figure 7.15. Redundant Links After Adding a New Node............................................... 153Figure 7.16. Remove Redundant Links After Linking a New Node................................. 154Figure 7.17. Network After Removing Redundant Links................................................ 154Figure 7.18. Link Generalizations.................................................................................... 156Figure 7.19. Finding Generalizations without a Specialization Node.............................. 157Figure 7.20. Network After Linking Generalizations....................................................... 158Figure 7.21. Linking a Single-Input Node......................................................................... 159Figure 7.22. Linking an Example Node............................................................................. 159Figure 7.23. Linking a Specialization of an Existing Node............................................... 160Figure 7.24. Linking a Generalization of an Existing Node.............................................. 161Figure 7.25. Removing Links when Deleting a Node....................................................... 162Figure 7.26. Network Before Deleting Node.................................................................... 163Figure 7.27. Network After Deleting Node...................................................................... 164Figure 7.28. Broadcast on a GS Network......................................................................... 166Figure 7.29. Gather on a GS Network.............................................................................. 167Figure 7.30. Finding Equal Specializations....................................................................... 168Figure 7.31. Finding Equal Nodes Example...................................................................... 169Figure 7.32. Finding Equal Generalizations...................................................................... 170Figure 7.33. Direct Specialization Strength Estimation.................................................... 172Figure 7.34. Strength Calculation using Direct Specializations........................................ 173Figure 7.35. Node Initialization using Direct Specializations.......................................... 174

List of TablesTable 2.1. Input Domain for the Aircraft Control Problem............................................. 15Table 2.2. Training Set for the Aircraft Control Problem................................................ 17Table 3.1. Features and their Subdomains........................................................................ 19Table 3.2. Subdomain for feature {(Visibility, Cloudy)}................................................. 19Table 3.3. Feature Generality........................................................................................... 21Table 3.4. Feature Subset/Superset Relationships........................................................... 22Table 3.5. Feature Overlap............................................................................................... 23Table 3.6. Feature Discrimination.................................................................................... 24Table 3.7. Feature Specialization..................................................................................... 26Table 3.8. Feature Generalization.................................................................................... 27Table 3.9. Feature Union.................................................................................................. 29Table 3.10. Feature Intersection....................................................................................... 30Table 3.11. Feature Strength............................................................................................ 31Table 3.12. Feature Covering........................................................................................... 32Table 3.13. A Function Defined by Features................................................................... 33Table 3.14. Function implemented by features in Table 3.13.......................................... 34Table 3.15. A Function Defined by Overlapping Features.............................................. 35Table 3.16. Function implemented by features in Table 3.15.......................................... 35Table 4.1. Function implemented by network in Figure 4.11.......................................... 55Table 4.2. Function implemented by network in Figure 4.23.......................................... 70Table 5.1. Function implemented by network in Figure 5.8............................................ 101Table 8.1. Complexity Summary..................................................................................... 199Table 9.1. Data Sets......................................................................................................... 201Table 9.2. GS Results....................................................................................................... 215Table 9.3. Test Accuracy for GS without Single-Input Nodes........................................ 219Table 9.4. Test Accuracy for GS with Repetition........................................................... 220Table 9.5. SG Results....................................................................................................... 223Table 9.6. GAS Results.................................................................................................... 228Table 9.7. DS Strength Estimation Results...................................................................... 232

Chapter 1Introduction1.1.OverviewThis dissertation presents a family of inductive learning systems. Inductive learningsystems extract general rules from specific examples [Kodratoff 1990, Michalski 1983b,Michalski 1986]. The system is given a set of examples that define a partial function froman input space to an output space. (The examples may be noisy, and thus the relationbetween input and output specified by the examples may be more general than afunction.) The examples are called a training set or instance set. Each example defines themapping from one input point to one output point. The system implements the mappingdefined by the examples and extends the partial function to give good outputs in cases notcovered by the examples. Most systems typically find a simple representation that agreeswith the training set. The simple representation of the training set tends to predict thecorrect output for inputs that the system has not been trained for.Inductive learning systems should provide:¥Good generalization.¥Good learning speed.¥Incremental learning.¥Graceful degradation in the presence of noise.¥Ease of use.¥A parallel architectural model.Generalization is a basic requirement of inductive learning systems. As the number ofinputs to a system grows linearly, the number of points in the input space of the systemgrows exponentially. Thus, a system cannot be given a training set that completely coversthe input space, and the output for many points in the input space must be determinedby the system. The system should give the correct output for most of the points notdefined by the training set.An inductive learning system should learn quickly. A training example should beincorporated by the system using the fewest possible steps. The correct output for atraining example should be learned by the system in the fewest possible presentations.Inductive learning systems should learn incrementally. Each training example shouldbe given to the system separately. The example should be incorporated into the systemwithout requiring the system to reprocess all previous training examples. The systemshould be capable of executing and producing an output between the presentation oftraining examples. A non-incremental system can be made to appear incremental bysimply storing all training examples and processing them again as each new example isgiven. Fast learning is difficult to achieve with such an approach.The training set may have incorrect values for either inputs or outputs. An inductivelearning system should recognize noisy examples and filter them rather than learningthem.

The system should not have sensitive parameters that the user must carefully adjustto give good learning.An inductive learning system should be based on a parallel architectural model. Such amodel allows the system to take advantage of the large numbers of processors available oncurrent and future parallel machines.The new systems presented in this work provide a balance of these six attributes.Simulation results for the new systems suggest that the systems give generalizationperformance comparable to that of other inductive learning systems.A complexity analysis of the new algorithms shows that the systems incorporate anew example in O(m log m) time, where m is the number of nodes in the system. Thesimulation results suggest that a training example needs to be presented to the systemonly a small number of times before the example is learned.The new learning algorithms accept training examples incrementally and incorporatethe examples into the system. The system is then capable of either more learning orexecution.Simulation results on noisy data sets suggest that the new systems gracefully degradein the presence of noise.The new systems have a single parameter that may be adjusted by the user, but thelearning performance of the systems is not significantly affected by relatively largechanges to the parameter.Two parallel architectures for implementation of the new algorithms are presented inthis work. One of the architectures improves the time complexity for learning an exampleto O(log m), where m is the number of nodes in the system.The remainder of Chapter 1 gives the motivation for building machines that learnfollowed by a description and comparison of current learning models. Section 1.2 givesseveral reasons why learning machines are needed. Section 1.3 describes ASOCS, neuralnetworks, and AI symbolic inductive learning algorithms and gives strengths andweaknesses of each method. Section 1.4 lists techniques and ideas used in current models.Section 1.5 explains how the techniques are combined into the new systems developed inthis work. Finally Section 1.6 gives an overview of the rest of the dissertation.1.2.Motivation for LearningMany problems that are desirable to solve, such as decision problems, vision, andspeech, are very difficult for traditional procedural approaches. These problems aretypically easy for humans to solve. A difference between humans and current computingapproaches is learning. Use of inductive learning in portions of these problems couldallow easier solutions.Some problems are dynamic and require machines that can adapt in order to provide arobust solution. Traditional software is static and requires the programmer to anticipateall possible problem variations in advance. A learning machine can learn incrementally asthe problem changes and thereby adapt to the problem.Many problems are complex to the point that current approaches cannot compute thesolution fast enough. Learning systems that make use of parallel hardware have potential to increase computing capability. An example from nature, the human brain, suggests thatparallel techniques can improve speed for many of these interesting problems.The rapid advance of semiconductor technology promises to provide a billion deviceson a single die in the near future. Using traditional software techniques, it is difficult toeffectively manage such a large amount of hardware. Self-organizing and adaptive machinelearning techniques provide a means to harness this vast hardware resource.The cost and complexity of developing software are very high and continue to risewhile hardware costs decrease. Parts of a project may be specified in such a way that thedesired functionality can be learned. Such portions of the system can be implementedwithout programming by using learning and thus lowering software development cost.Maintenance and enhancement costs for these portions of the product would be reduced.A learning system can automatically correct errors. Improvements or changing ofrequirements can be implemented by simply relearning.Use of learning systems can reduce the cost and complexity of solving manysignificant computing problems while providing robustness and accuracy otherwiseunachievable.1 . 3 . Machine Learning AlgorithmsThis work began with the study of existing approaches to machine learning. Theseexisting approaches to machine learning each have strengths and weaknesses. The strengthof an approach is usually the result of a particular feature of the approach. The plan forthis work was to combine the good features of existing approaches into a new model. Thehope was that by using this eclectic approach the new models would combine the benefitsof many existing machine learning models. The simulation and complexity analysis resultssuggest that a balance of these benefits has been obtained.Existing models are divided into three main categories, adaptive self-organizingconcurrent systems (ASOCS), neural networks, and AI inductive learning algorithms.Each of the three categories will be described along with the strengths and weaknesses ofthe models in the category. ASOCS models have good speed and generality. Neuralnetworks provide good noise filtering and generalization. AI inductive algorithms givegood generalization and work at a symbolic level. The systems developed in this researchprovide all of these benefits.1.3.1.ASOCSAn Adaptive Self-Organizing Concurrent System (ASOCS) [Martinez 1986] is anadaptive network composed of many simple computing elements operating in parallel. AnASOCS operates in one of two modes: learning and processing. In learning mode, rules arepresented to the ASOCS and incorporated in a self-organizing fashion. Learning is doneboth by selecting node functions and by dynamically changing the network topology. Inprocessing mode, the ASOCS acts as a parallel hardware circuit that performs thefunction defined by the learned rules.Three models of ASOCS were originally developed; Adaptive Algorithms 1 [Martinez1988], 2 [Martinez 1991a], and 3 [Martinez 1991b] (AA1, AA2, and AA3). Both AA2and AA3 create and connect new nodes that perform simple two-input and functions.New nodes are connected to exactly match the conjunction specified in the input example.

The AA3 algorithm does not make this clear, but it has been shown to be true in [Barker1994]. Thus, AA2 and AA3 do no generalization; they do not attempt to give goodoutputs for inputs they have not been trained on. The networks simply do rote learningof the instances that are given to them.AA1 builds networks of nodes that perform two-input and and or functions. AA1builds networks much differently than AA2 or AA3. AA1 attempts to find a small set ofnodes that correctly discriminates between the examples that have different outputs.Subnetworks of nodes that correctly discriminate a portion of the total set of examplesare combined by adding nodes with the correct function to create a network thatdiscriminates all the examples. Thus, AA1 finds a simple representation that agrees withthe training examples. AA1 generalization is not as good as current inductive learningsystems [Martinez 1993].ASOCS models have the following strengths. ASOCS models are guaranteed to learnany mapping. Learning a new instance and execution are both guaranteed to be done in logtime (O(log m) where m is the number of nodes in the network). The topology of anASOCS network dynamically changes to fit the problem to be solved. ASOCS modelsimplement incremental learning, meaning that an existing network can learn and adapt tonew training instances as they become available.ASOCS models have the following weaknesses. ASOCS AA2 and AA3 modelsprovide no generalization of untrained inputs. The AA1 model does generalization bydiscrimination but requires four bits of memory per instance in each node. Noisy inputsare a problem for ASOCS because errors caused by noise are learned perfectly. Extensionsto basic ASOCS models support multistate inputs, but real valued inputs requireadditional input processing.1.3.2.Neural NetworksMany neural network architectures have been developed including backpropagation[Rumelhart 1986], Boltzmann machines [Ackley 1985], and spontaneous learningsystems [Rumelhart 1985]. These models are characterized by many simple computingelements (nodes) operating in parallel with a large number of interconnections. Mostmodels use a static network topology and learn by changing node functions. Each nodeusually outputs either a threshold or logistic function of a weighted sum of its inputs. Thenetwork learns by making small adjustments to the values of the weights on the inputs tothe nodes. The adjustments are ultimately based on the difference between the actualnetwork output and the desired output.The Perceptron uses only a single layer of nodes. Each node implements a linearfunction of its inputs. Thus, the Perceptron is limited to learning only linearly separablefunctions [Minsky 1969]. The backpropagation learning algorithm can train multiplelayers of nodes. Backpropagation is theoretically capable of learning any function.Neural network models have the following strengths. Neural network models such asbackpropagation provide good generalization. Because training involves severalpresentations of the training set, noise is filtered statistically. Execution is fast becausethe nodes all compute their functions in parallel.Neural network models have the following weaknesses. Neural network models lackany guarantee that the system will converge on a solution. The system may get stuck in alocal minimum. Even if the system does converge it may do so very slowly and require a large number of training set presentations. Most current models use a static topology andtherefore limit the set of problems that can be solved. Neural networks usually haveparameters that must be carefully adjusted by the user to get good results.1.3.3.AI Symbolic Induction AlgorithmsAI Induction algorithms [Dietterich 1986] typically perform a search through a spaceof functions. A measure of goodness for a function is defined and the search attempts tofind the best function. Some algorithms attempt to find an approximation to the bestfunction. No architectural model is involved in these algorithms; the algorithms simplyrun on sequential machines.ID3 [Quinlan 1986] is probably the most prominent algorithm for induction in the AIliterature. ID3 attempts to find the smallest decision tree that fulfills the examples. Thealgorithm chooses the variable to use as the root of the tree by minimizing the amount ofinformation or entropy contained in the subtrees. A root is then repeatedly selected foreach subtree.AQ [Michalski 1983a] and Version Space [Mitchell 1982] are similar methods thatseek to find a disjunctive normal form generalization with the fewest disjuncts. Generalrules are constructed by applying generalization rules to examples. Rules that cover manypositive instances but cover no negative instances are good rules. The best of these rulesare combined into a disjunction.AI Induction algorithms have the following strengths. AI Induction algorithmsgeneralize about as well as neural network models [Mooney 1989, Weiss 1989]. Thegeneralized result is expressed at a symbolic level allowing direct understanding of theresult, as opposed to the neural network models where the result is expressed as a set ofweight values.AI Induction algorithms have the following weaknesses. Typical algorithms do nothandle noise or inconsistent data. Most algorithms process the complete training set atone time and thus are not incremental learners. Usually, no architectural model is given forthese algorithms. Most algorithms use a representation for the rules that result frominduction that limits the set of problems that can be solved.1.4.Learning TechniquesThis section lists the techniques that were identified during the study of the learningalgorithms described above. These techniques are combined to develop the new algorithmspresented in this work. The techniques are listed below followed by a more detaileddescription of each technique and its origin.¥A distributed network topology with dynamic creation, deletion, andinterconnection of nodes.¥Learning only when the system output differs from the example output.¥Generalization by dropping variables from conjunctions.¥Control of generalization by measuring contradictions.¥Filtering of noise by making only small changes to the system for each trainingexample.

ASOCS algorithms use a distributed network topology with dynamic creation,deletion, and interconnection of nodes. This allows ASOCS to adapt the networkstructure to match the problem that is being learned.The AA1 algorithm presents the input of an example to the network and allows thenetwork to compute an output. If the output of the network is the same as the output ofthe training example, then the network is not modified.The AQ and Version Space algorithms use generalization rules for making examplesgeneral. An important rule that is used in this work is dropping a variable from aconjunction. When any variable is removed from a conjunction, the resulting conjunctioncovers or matches more of the points in the input space than the original conjunction.Thus, the new conjunction is more general. A related rule used in this work for makingexamples more general is intersecting the sets of variables used in two conjunctions. Theconjunction resulting from intersection is guaranteed to cover all input points covered byboth of the original conjunctions.The generalization rules can be reversed to give specialization rules. The specializationrules of adding a variable to a conjunction and taking the union of the sets of variables intwo conjunctions are also used in this work.AQ and Version Space algorithms control the amount of generalization that is done bystopping the generalization process when the general rules contradict one or moreexamples. An example is made more general until the resulting rule matches examples withdifferent output. Thus when a general rule contradicts examples, generalization of thatrule terminates.Neural networks make small increments and decrements to weights on the inputs ofnodes. Thus each example causes the activation of a node to change by a small amountuntil some threshold is finally reached. Since no single example causes major changes inthe network, noisy examples are not learned as if they were correct. The models describedin this work use a similar method to deal with noise and inconsistency. Each examplecauses counters to be incremented. The counters determine the strength of nodes in thenetwork. Competition among nodes is according to strength. Typically no single examplecan cause a node to be the strongest and thus affect the network output.1.5.Combination of TechniquesThe techniques described above are combined to create the models developed in thiswork.The models described in this work use a dynamic topology like ASOCS models wherenodes are created and deleted as the system learns. Each node in the network stores afeature. A feature is a conjunction of input variables.Each new example is given to the network and the network produces an output. Whenthe network output is different from the example output, the network is modified tocorrectly handle the new example.Each example causes counters in the nodes to be incremented. The counters determinethe strength of a node for each possible output of the network. Noisy examples cause thecounter for a different output to be incremented with a probability determined by theamount of noise. For most examples, the counter for the correct output is incremented,and the strongest output for a node is still the correct output.

One group of learning models described in this paper works from general to specific.The algorithms begin by creating general features and specialize the features. Thistechnique is similar to ID3 where single input variables are selected as important features.The general features are specialized using AQ and Version Space specialization rules tocreate more specific features.A second group of models developed in this work start with specific features and thengeneralize those features. These models are similar to AQ in that specific examples aregeneralized using the AQ generalization rules. Examples are allowed to generalize untilthey conflict with other examples as is done in AQ and Version Space.The algorithms developed in this work do not suffer from the weaknesses describedabove for each of the categories of learning algorithms. The algorithms provide goodgeneralization and noise handling unlike ASOCS models. Learning is accomplished withfew passes over the training set and without requiring user adjustment of criticalparameters unlike neural network models. Learning is incremental and based on dynamicparallel architectures unlike AI induction algorithms. Thus, combining techniques from allthree categories of algorithms has resulted in new models that give a balance of thepositive characteristics of previous algorithms while avoiding the problems with previousalgorithms.1.6.Overview of the DissertationThis section gives a brief description of the contents of each chapter of thedissertation.Chapter 2 defines the representation used for training sets. Input and output spacesare described along with what is meant by learning from examples. This chapter explainsin detail the problem that is targeted by the systems described in this paper.Chapter 3 defines features. Important properties of features such as generality,specificity, and strength are described. Important relationships between features and theinput space are proven. The chapter explains how a set of features can provide a mappingfrom an input space to an output space. Finally, it is shown how a set of features can beimplemented using a network of nodes.Chapter 4 shows how a set of features can be learned using a general to specificapproach. First general features are created followed by their specialization into morespecific features. Five different methods for creating specific features are presented. Eachmethod has increasing potential for better generalization performance. Details of eachalgorithm and examples of learning are presented.Chapter 5 shows how a set of features can be learned using a specific to generalapproach. Examples are completely specific features. Features are first created that areequivalent to examples. The specific features are then generalized until they contradictother features. Two different methods for creating general features are presented. Detailsof each method along with examples of learning are given.Chapter 6 shows how the general to specific and specific to general approaches can becombined into a single generalization and specialization approach. The two methods arecombined either by doing both generalization and specialization or by doing the best ofgeneralization or specialization. Details and examples of each algorithm are given.

Chapter 7 provides two different approaches to connecting nodes into a networkstructure. One method uses simple broadcast and gather operations that can beimplemented on tree architectures. The second method reduces network traffic byconnecting nodes that have general to specific relationships.Chapter 8 gives a complexity analysis for each algorithm described in this dissertation.Time complexity bounds are given in terms of the number of inputs to the system, thenumber of nodes in the system, the number of output values, and the number of trainingexamples.Chapter 9 gives empirical test results from running each algorithm on ten data sets.The data sets cover a wide range of domains from medical diagnoses to plant diseaseclassification. Accuracy results are given to provide a measure of generalizationperformance. Node counts and pass counts are given to provide a measure of learningspeed.Chapter 10 summarizes the contributions of this work and suggests possibledirections for future work.

Chapter 2Learning from ExamplesThis chapter describes what is meant by learning from examples. The concepts ofinput and input space are defined, as well as the concepts of output and output space.Examples and training sets are described and the issue of generalization is discussed.Examples of each of these concepts are presented.2.1.Input and Output SpacesThe goal in learning from examples is to find a mapping from some input space I tosome output space O . The inputs may be attributes of objects, and the outputs,classifications for those objects. Alternatively, the inputs may be measurements from anenvironment around the system, and the outputs, decisions about an action to take.A system S that learns from examples has inputs i1, ..., in, with domains X1, ..., Xn,respectively, and outputs o1, ..., om, with domains Y1, ..., Ym, respectively. The input spaceof S is I = X1 · ... · Xn (the cross product of the input domains) and the output space is O= Y1 · ... · Ym. The members of I are all possible combinations of the values of the inputvariables, while the members of O are all possible combinations of the values of theoutput variables.In this work, a member of these sets is referred to as either a point in the input(output) space or a state of the input (output). For the purposes of this work, the inputand output domains, X1, ..., Xn and Y1, ..., Ym , are restricted to be finite sets of discretevalues. The system is also restricted to have only a single output. Continuous variablescan be processed by discretizing them before they are presented to the system. Note thatsome states of the input space may never occur in practice. The single output restrictioncan be addressed in two ways; (1) a separate system can be implemented for each outputor (2) each point in the output space can be treated as a different value of a single output.We now give an example of input and output spaces. Suppose the problem to belearned is to decide whether to use manual or automatic flight controls when piloting anaircraft, based on the environmental conditions surrounding the aircraft. The inputs to thesystem are Wind Speed, Wind Direction, and Visibility. The output from the system isFlight Control. Wind Speed has domain {Low, Medium, High}. Wind Direction hasdomain {Head, Tail} and Visibility has domain {Clear, Cloudy}. Flight Control hasdomain {Manual, Automatic}.The input space or input domain for the system is {(Low, Head, Clear), (Low, Head,Cloudy), (Low, Tail, Clear), (Low, Tail, Cloudy), (Medium, Head, Clear), (Medium,Head, Cloudy), (Medium, Tail, Clear), (Medium, Tail, Cloudy), (High, Head, Clear),(High, Head, Cloudy), (High, Tail, Clear), (High, Tail, Cloudy)}. This domain is shownin tabular form in ˙ AircraftInputDomain¨. Since there is only one output, the outputspace or output domain is simply {Manual, Automatic}.

Table 2.1. Input Domain for the Aircraft Control ProblemHeadTail

ClearCloudyClearCloudy

LowMedium

HighThe learning task of the system is to associate a member of the output domain witheach of the 12 members of the input domain. For this example, the system must assigneither Manual or Automatic to each space in ˙ AircraftInputDomain¨. Thus, the system Simplements a function fS from I to O.2.2.Examples and Training SetsTo enable the system to find a mapping that is better than a random mapping or someother arbitrary result, it is given a training set containing examples. A training example is apair (i, o) from I·O. Each example gives the input/output association for one point in theinput domain. A training set is a subset of I·O. Finding the output assignments for inputsthat are defined by examples is simple: the system just uses the output given in theexample. However, the training set is a subset of the complete mapping from input tooutput. Not all points in the input domain are defined by training examples. The systemmust generalize the examples to find good assignments for points in the input space thatare not given in the training set.Assume the aircraft control problem has the following training set:(High, Tail, Cloudy) fi Automatic(Low, Head, Cloudy) fi Manual(High, Head, Cloudy) fi Manual(Low, Tail, Clear) fi AutomaticThe training set is shown in the tabular form of the input domain in ˙AircraftTrainSet¨.Table 2.2. Training Set for the Aircraft Control ProblemHeadTail

LowManualAutomatic

Medium

HighManualAutomatic

Note that eight spaces in the table are blank where the system must generalize on thetraining examples to determine the outputs. One possible way the system could

generalize is to assign Manual to the six spaces on the left of the table and Automatic tothe six spaces on the right of the table.One may reason that learning would be trivial if the system were just given a trainingset containing the complete mapping from input to output. The difficulty with thisapproach is that for many applications, complete information is not available. For reasonsof convenience, the system should be capable of learning from examples taken directlyfrom its own experience, rather than being given a carefully prepared training set. Themost important reason for not giving a complete set of examples is that the number ofpoints in the input space�and thus the number of examples in the training set�growsexponentially in terms of the number of inputs to the system.

Chapter 3FeaturesThis chapter describes the concept of a feature. Properties of features such asgenerality and strength are discussed.A feature is some subset of system inputs along with their associated values. Afeature is matched when the values on the system inputs, that are part of the feature, areequal to the values for those inputs as given in the feature. Inputs that are not part of thefeature can be any value. A feature matches some subset of the total input domain. It isassumed that the problem the system is learning has some interesting features (orcombinations of inputs) that can be used for generalization, otherwise the problem isunlearnable.More formally, a feature is a set of pairs (ij, x), where ij is an input and x is a memberof the input domain Xj. A feature matches a point in the input space if for each pair (ij, x),the value(ij) = x. The set of points in the input space matched by a feature is called thesubdomain of the feature.A feature matches an example if the feature matches the input part of the example.Formally, a feature F matches an example E = (i, o) if F matches i.˙ FeatureSubdomains¨ shows examples of some features and their subdomains. Thefirst feature, {(Wind Speed, High)}, matches any point in the input space that has thefirst input set to High. The other two inputs can be any value. The second feature in thetable, {(Wind Direction, Tail), (Visibility, Clear)}, specifies the values for the last twoinputs and so only matches points where those inputs are Tail and Clear.Table 3.1. Features and their SubdomainsFeatureSubdomain

{(Wind Speed, High)}{(High, Head, Clear), (High, Head, Cloudy),(High, Tail, Clear), (High, Tail, Cloudy)}

{(Wind Direction, Tail),(Visibility, Clear)}{(Low, Tail, Clear), (Medium, Tail, Clear),(High, Tail, Clear)}

{(Visibility, Cloudy)}{(Low, Head, Cloudy), (Low, Tail, Cloudy),(Medium, Head, Cloudy), (Medium, Tail, Cloudy),(High, Head, Cloudy), (High, Tail, Cloudy)}

{(Wind Speed, Medium),(Wind Direction, Head),(Visibility, Clear)}{(Medium, Head, Clear)}

˙ SubdomainVisCdy¨ graphically shows the subdomain for the third feature in ˙FeatureSubdomains¨.

Table 3.2. Subdomain for feature {(Visibility, Cloudy)}HeadTail

ClearCloudyClearCloudy

LowMedium

High3.1.Feature GeneralityThe generality of a feature is a measure of how much of the input space is matched bythe feature. A feature with few inputs is a general feature: it matches many points in theinput space. For example, the feature {} with no inputs matches the complete inputdomain. Each pair (ij, x) in a feature restricts the subdomain of the feature to only pointsthat match that pair. If the feature contains few pairs, the subdomain is less restricted andtherefore larger.Formally, the generality of a feature F is

SIF, where SF is the subdomain of F and I isthe complete input domain. Each input ij not contained in a feature allows the feature tocover |Xj| times the input space that it would cover with the input. So each input notcontained in a feature increases the generality of the feature by the number of possiblevalues for the input. The generality of the feature with no inputs, {}, is 1, which is alsothe maximum value for generality. The generality of a feature with all inputs specified is

1I, or near 0, since such a feature matches only a single point in the input space.For example, the generality of feature {(Wind Direction, Head)} shown in ˙FeatureGenerality¨ is 6/12 = .5, since there are 6 points in the subdomain of the featureand 12 points in the complete input space.Table 3.3. Feature GeneralityHeadTail

HighFor simplicity, a different measure of generality may be used for implementation. Thesimple generality of a feature F is defined as nFn-, where n is the total number of inputsto the system. Simple generality is the number of inputs not contained in the featuredivided by the total number of inputs. The simple generality of the feature {} is 1, andthe simple generality of a feature containing all inputs is 0.

Simple generality is not as accurate as true generality, but it is easier to compute.When all inputs have domains of the same size, simple generality gives the same relativeordering of features as true generality. Simple generality differs more from true generalitywhen the inputs have domain sizes that differ from each other.3.2.Feature Relationships3.2.1.Theorem 3.1. Feature subset (superset) � Subdomain superset(subset)Given two feature input/value sets A and B and their subdomains DA and DB, A is asubset (superset) of B if-and-only-if DA is a superset (subset) of DB.

ProofIf A is a subset of B then the only difference between A and B is that B containsadditional pairs not contained in A. The additional pairs in B serve to restrict pointsmatched by B to be a subset of those matched by A. Therefore, DA is a superset of DB.Conversely if DA is a superset of DB then the points matched by A are a superset of thosematched by B. Therefore A cannot contain any pair not contained in B. Such a pair wouldrestrict A to not match some point matched by B. So A must be a subset of B. The features in ˙ FeatureSubSuper¨ show an example of this relationship. The feature{(Wind Direction, Head)} is a subset of the feature {(Wind Direction, Head), (WindSpeed, Medium)} while the subdomain of the feature {(Wind Direction, Head)} is asuperset of the subdomain of the feature {(Wind Direction, Head), (Wind Speed,Medium)}.Table 3.4. Feature Subset/Superset RelationshipsHeadTail

ClearCloudyClearCloudy

LowMedium

High

This result is important from the standpoint of implementation since featuresubdomains can be compared by comparing the feature sets rather than by comparingsubdomains. The subdomain of a feature is potentially exponential in size relative to thesize of the feature. Thus, comparing feature input/value sets is more efficient.3.2.2.Definition 3.1. Feature OverlapFeature A overlaps feature B if the intersection of the subdomain of feature A and thesubdomain of feature B is not empty. In other words, there is a least one point in thedomain that is matched by both feature A and feature B.˙ FeatureOverlap¨ shows an example of feature overlap between the features {(WindDirection, Head)} and {(Wind Speed, Medium), (Visibility, Cloudy)}.

Table 3.5. Feature OverlapHeadTail

ClearCloudyClearCloudy

LowMedium

High3.2.3.Definition 3.2. Feature DiscriminationFeature A is discriminated from feature B if the intersection of the subdomain offeature A and the subdomain of feature B is empty. In other words, there is no pointmatched by both A and B. Feature discrimination is the logical complement of featureoverlap.˙ FeatureDiscrim¨ shows two features that are discriminated, {(Wind Direction,Head), (Visibility, Clear)} and {(Wind Speed, Medium), (Visibility, Cloudy)}.Table 3.6. Feature DiscriminationHeadTail

High3.2.4.Theorem 3.2. Feature discrimination � Discriminant inputTwo features A and B are discriminated if-and-only-if there is a pair (ij, x) in A and apair (ij, y) in B such that x „ y. In other words, the features A and B both restrict the sameinput but each feature restricts the input to be a different value. The input ij is called adiscriminant input for the two features.

ProofLet the two features A and B be discriminated and assume that there is no discriminantinput for the two features. Then there is a feature C = A ¨ B. The feature C only existsbecause there is no discriminant input for A and B. If a discriminant input ij does exist forA and B, then feature C would contain both pairs (ij, x) and (ij, y) and C could not matchany point in the input domain. If feature C does exist, then C is a superset of bothfeatures A and B because of the definition of set union. By ˙ FsubsetSDsuperTh¨ thesubdomain of C must be a subset of both the subdomain of A and the subdomain of B.Since both the subdomain of A and the subdomain of B must contain the subdomain of C,then A and B must both match at least one common point in the input domain. This is acontradiction of the statement that the features A and B are discriminated. Therefore, theassumption that there is no discriminant input must be false.

Conversely, if two features A and B have a discriminant input, then it is impossiblefor the two features to match the same point. There is a pair (ij, x) in A that requires theinput ij to be equal to x and there is a pair (ij, y) in B that requires the input ij to be equalto y. There is no point in the input space where an input can be equal to two values at onetime. Since the subdomains of the two features do not have any point in common theintersection of the subdomains is empty and the two features are discriminated by thedefinition of discrimination.˙ FeatureDiscrim¨ shows the features {(Wind Direction, Head), (Visibility, Clear)}and {(Wind Speed, Medium), (Visibility, Cloudy)}. These two features are discriminatedbecause they have a discriminant input. The first feature contains the input Visibility witha value of Clear while the second feature requires that the input Visibility must have thevalue of Cloudy.3.2.5.Corollary 3.1. Feature overlap � No discriminant inputFeature A overlaps feature B if-and-only-if A and B do not have a discriminant input.The overlap relationship is the complement of the discriminated relationship. Therefore,the corollary is true since it is obtained by replacing both sides of the if-and-only-if in ˙FdiscrimDInputTh¨ by their complements.Note in ˙ FeatureOverlap¨ that the features {(Wind Direction, Head)} and {(WindSpeed, Medium), (Visibility, Cloudy)} do not have a discriminant input.3.3.Feature SpecializationLet A be a feature. The feature B obtained by adding one or more input/value pairs tothe feature A is a specialization of A. The feature B is a specialization of A because thesubdomain of B is a subset of the subdomain of A. This follows directly from ˙FsubsetSDsuperTh¨ and that A is a subset of B since B is obtained by adding more pairsto those already contained in A.Intuitively, the new input(s) added to the original feature only restrict the featurefurther. Any point outside the subdomain of the original feature cannot be in thesubdomain of the specialization.A feature that is already completely specific cannot be specialized; no more inputscan be added to the feature.˙ FeatureSpecial¨ shows an example of feature specialization. The feature {(WindSpeed, Low)} initially covers the entire top row of the input domain. When the feature isspecialized by adding the pair (Wind Direction, Tail), the new feature {(Wind Speed,Low), (Wind Direction, Tail)} only covers the two right points of the top row. The newfeature is a specialization of the original feature.

Table 3.7. Feature SpecializationHeadTail

ClearCloudyClearCloudy

LowMedium

High3.4.Feature GeneralizationLet A be a feature. The feature B obtained by removing one or more input/value pairsfrom the feature A is a generalization of A. The feature B is a generalization of A becausethe subdomain of B is a superset of the subdomain of A. This follows directly from ˙FsubsetSDsuperTh¨ and that B is a subset of A since B is obtained by removing pairsfrom those contained in A.Intuitively, inputs removed from the original feature only remove restrictions on theoriginal subdomain. Any points in the subdomain of the original feature are also matchedby the generalized feature. There can be no point in the original subdomain that is notmatched by the generalized feature.A feature that is completely general (has no inputs) cannot be generalized; there are noinputs to remove from the feature.˙ FeatureGeneral¨ shows an example of feature generalization. The feature {(WindSpeed, High), (Wind Direction, Tail)} initially covers the two right points of the bottomrow of the input domain. When the feature is generalized by removing the pair (WindSpeed, High), the new feature {(Wind Direction, Tail)} covers the entire right half of theinput domain. The new feature is a generalization of the original feature.Table 3.8. Feature GeneralizationHeadTail

High3.5.Feature UnionUnion is a special case of feature specialization. Given two features A and B, theunion of A and B is defined by the standard set union operation on the input/value sets ofthe features. Union is only defined for features that are not discriminated. Let C = A ¨ B.The feature C exists only because there is no discriminant input for A and B. If a discriminant input ij does exist for A and B, then feature C would contain both pairs (ij, x)and (ij, y) and C could not match any point in the input domain.3.5.1.Theorem 3.3. Feature union � Subdomain intersectionLet A, B, and C be features such that A and B have no discriminant input. Let DA, DB,and DC be the subdomains of A, B, and C respectively. C = A ¨ B if-and-only-if DC = DA˙ DB. In other words, the subdomain of the union of two features is the intersection ofthe original two subdomains.

ProofThe proof is by contradiction. There are two cases where the statement C = A ¨ Bcan be contradicted, either C is missing a pair that is contained in A ¨ B, or C contains anadditional pair not contained in A ¨ B. In either case, DC „ DA ˙ DB.

Case 1Suppose C does not contain a pair p = (ij, x) that is contained in A ¨ B. Thesubdomain DC then contains points with input ij set to all values in its domain, but anypoint with input ij equal to a value other than x is outside of one of the originalsubdomains. Since p is in A ¨ B, p must be contained in one of A or B. Suppose p iscontained in A. Then DA only contains points with input ij equal to x and not equal to anyother value, so the intersection of DA and DB cannot contain points with input ij equal to avalue other than x.

Case 2Suppose C contains an extra pair p = (ij, x) that is not contained in A ¨ B. Then DCcontains only points where input ij = x and no points with input ij „ x, but points withinput ij „ x are contained in both D A and D B and so should be contained in theintersection.˙ FeatureUnion¨ shows an example of feature union. The feature {(Wind Speed,Medium), (Wind Direction, Head)} covers the first two points of the middle row. Thefeature {(Wind Direction, Head), (Visibility, Cloudy)} covers the second column. The twofeatures combine to form the feature {(Wind Speed, Medium), (Wind Direction, Head),(Visibility, Cloudy)}. The new feature covers the single point in the second row andsecond column which is the intersection of the original two subdomains.Table 3.9. Feature UnionHeadTail

ClearCloudyClearCloudy

LowMedium

High

3.6.Feature IntersectionIntersection is a special case of feature generalization. Given two features A and B, theintersection of A and B is defined by the standard set intersection operation on theinput/values sets of the features. Unlike union, intersection is defined for any twofeatures.3.6.1.Theorem 3.4. Feature intersection � Subdomain union containmentLet A, B, and C be features. Let DA, DB, and DC be the subdomains of A, B, and Crespectively. If C = A ˙ B then DC ˚ DA ¨ DB. In other words, the subdomain of theintersection of two features is a superset of the union of the original two subdomains. Thenew subdomain completely encompasses the other two.

ProofFeature C must be a subset of both feature A and feature B because of the definition ofset intersection. By ˙ FsubsetSDsuperTh¨, subdomain DC is a superset of DA since C ˝A. Likewise, DC is a superset of DB. Since there are no points in DA ¨ DB that are not in atleast one of DA or DB, DC must be a superset of DA ¨ DB.˙ FeatureIntersect¨ shows an example of feature intersection. The feature {(WindSpeed, Low), (Wind Direction, Tail), (Visibility, Cloudy)} covers the single point at theend of the first row. The feature {(Wind Speed, High), (Wind Direction, Tail), (Visibility,Clear)} covers the single point in the third column of the last row. The two featuresintersect to form the feature {(Wind Direction, Tail)}. The new feature covers the entireright half of the input domain and encompasses the union of the original two subdomains.Table 3.10. Feature IntersectionHeadTail

ClearCloudyClearCloudy

LowMedium

High

3.7.Feature StrengthLet A be a feature. Let v be a point in the output domain. Let t be the total number ofexamples that match A. Let cv be the number of examples that match A and have outputequal to v. The strength of output value v for feature A is ctv. The strength of a feature is ameasure of how well the feature can predict an output value. If a feature A matches no examples (t =0), then the strength of all outputs for the feature is defined as 0.For example the feature {(Visibility, Cloudy)} shown in ˙ FeatureStrength¨ hasstrength 2/3 = .67 for output Manual and strength 1/3 = .33 for output Automatic. If the

feature were changed to {(Wind Direction, Head), (Visibility, Cloudy)}, the strength wouldbe 2/2 = 1.0 for output Manual and 0/2 = 0 for output Automatic.Table 3.11. Feature StrengthHeadTail

ClearCloudyClearCloudy

LowManualAutomatic

Medium

HighManualAutomatic

The output of a feature is its strongest output value. If the two strongest outputs of afeature have the same strength, the output of the feature is Don’t-Know. The strength of afeature is the strength of its strongest output value. For example, the output of feature{(Visibility, Cloudy)} shown in ˙ FeatureStrength¨ is Manual since Manual is strongerthan Automatic. The strength of the feature is .67.Let A and B be features. Let DA and DB be the subdomains of A and B, respectively.Let SA and SB be the strength of A and B, respectively. Let VA and VB be the output of Aand B, respectively. Feature A covers feature B if DA ˚ DB, SA ‡ SB, and VA = VB. Feature Acontradicts feature B if DA ˚ DB, SA ‡ SB, and VA „ VB. In other words, a feature is coveredif its subdomain is encompassed by the subdomain of a stronger feature with the sameoutput. A feature is contradicted if its subdomain is encompassed by the subdomain of astronger feature with a different output.Two outputs VA and VB are said to be concordant if VA = VB. They are discordant if VA„ VB. Two examples or features are concordant if their outputs are concordant. They arediscordant if their outputs are discordant.An example of feature covering is shown in ˙ FeatureCover¨. The feature {(WindDirection, Head), (Visibility, Cloudy)} has output Manual with strength 2/3 = .67. Thefeature {(Wind Direction, Head)} covers the first feature since its subdomain is a supersetof the subdomain of the first feature and the output Manual has strength 3/4 = .75.Table 3.12. Feature CoveringHeadTail

MediumManualAutomatic

3.8.Sets of FeaturesRecall that the goal of learning from examples is to find a mapping from an inputspace to an output space. This mapping can be done by a set of features. This sectiondescribes how a set of features can implement such a mapping. Later chapters describehow sets of features are selected or learned.A set of features can implement a function from input to output. A feature matches aset of points in the input space and a feature has an output. So a feature defines themapping for the subdomain that it matches. Each point in the subdomain of the feature isassociated with the output point of the feature. A set of features defines the mapping forthe union of the subdomains of the features. The set of features may cover the completeinput space or only part of the input space and so may implement a total function or apartial function.For example, ˙ FeatureFunction¨ shows the features {(Wind Direction, Head),(Visibility, Clear)} with output Manual, {(Wind Speed, Low), (Visibility, Cloudy)} withoutput Manual, and {(Wind Speed, High), (Wind Direction, Tail)} with output Automatic.These features implement a partial function for the aircraft control problem as shown in ˙FunctionImpl¨.Table 3.13. A Function Defined by FeaturesHeadTail

ClearCloudyClearCloudy

LowManual

MediumManual

HighAutomatic

The function implemented by the features in ˙ FeatureFunction¨ is partial. It defines7 out of the 12 possible points in the input domain.Table 3.14. Function implemented by features in ˙ FeatureFunction¨InputOutput(Low, Head, Clear)Manual(Medium, Head, Clear)Manual(High, Head, Clear)Manual(Low, Head, Cloudy)Manual(Low, Tail, Cloudy)Manual(High, Tail, Clear)Automatic(High, Tail, Cloudy)AutomaticAll the features in a set of features that defines a function may be discriminated. Theoutput of a set of features for a given input point is then simply the output of the featurethat matches the input point. The output for input points that are not matched by any feature is Don’t-Know (undefined). The example above in ˙ FeatureFunction¨ and ˙FunctionImpl¨ shows a set of features that are all discriminated from each other.More likely is a set of features where some features in the set overlap each other. Theoutput for a given input point is then the output of the strongest feature that matches theinput point. If the two strongest features that match an input point have the samestrength and different outputs, the output is Don’t-Know. In this case the system couldoutput one or both of the strongest features.˙ FunctionOverlap¨ shows the features {(Wind Direction, Head)} with outputManual and strength 2/3, {(Wind Speed, Low), (Visibility, Cloudy)} with output Manualand strength 1, and {(Wind Speed, High)} with output Automatic and strength 1. Thefeature {(Wind Direction, Head)} matches 6 points in the input domain. However, threeof the points are either covered or contradicted by other stronger features. Therefore, thefeature only controls the function output for 3 points in the input domain. These featuresimplement the function shown in ˙ FunctionOlImpl¨.Table 3.15. A Function Defined by Overlapping FeaturesHeadTail

ClearCloudyClearCloudy

LowManual

MediumManual

HighAutomaticAutomatic

Table 3.16. Function implemented by features in ˙ FunctionOverlap¨InputOutput(Low, Head, Clear)Manual(Medium, Head, Clear)Manual(High, Head, Clear)Automatic(Low, Head, Cloudy)Manual( M e d i u m , H e a d , Cloudy)Manual(High, Head, Cloudy)Automatic(Low, Tail, Cloudy)Manual(High, Tail, Clear)Automatic(High, Tail, Cloudy)AutomaticA function can be implemented with many specific features or with few generalfeatures. A possible set of features is the set that exactly matches the input pointsdefined in the set of training examples. This set of features provides no generalizationalthough it outputs correctly for all training examples. For example, the training set shownin ˙ FunctionOverlap¨ could be implemented with the features {(Wind Speed, Low),

(Wind Direction, Head), (Visibility, Cloudy)}, {(Wind Speed, Medium), (Wind Direction,Head), (Visibility, Clear)}, {(Wind Speed, High), (Wind Direction, Head), (Visibility,Cloudy)}, {(Wind Speed, High), (Wind Direction, Tail), (Visibility, Cloudy)}.General features with high strength match several training examples where theexamples have the same output. Such features also match points in the input space thatare not defined by any training example. High strength features should be good predictorsof the correct output for such input points. The learning algorithms presented in laterchapters try to find small sets of general features. The features shown in ˙FunctionOverlap¨ are quite general and have good strength. These features are a betterchoice from the standpoint of generalization than the very specific features above.3.9.Networks of FeaturesA set of features can be implemented using a network of nodes. Each node isresponsible for and represents a single feature. Each node contains a set of counters C formeasuring feature strength. The set of counters C contains a counter co for each point o inthe output space. Each node also contains a total counter T. The learning modelspresented in later chapters have several variations. In some variations the nodes containadditional items which will be discussed in connection with the variation.All the learning models described in this work are incremental learners. This meansthat examples are presented one at a time. The system incorporates the example and isthen able to execute the functional mapping that has been learned. Counters give anestimate of feature strength based on the examples that have been seen since the node wascreated.A typical node is shown ˙ NetworkNode¨. The node monitors the feature {(WindSpeed, Low)}. There is a counter for each of the possible output values and a totalcounter.(Wind Speed, Low)ManualAutomatic

FeatureCountersTotal257Figure 3.1. Typical network nodeThe counters in each node allow the node to calculate the strength of each outputpoint based on the input examples that the node has seen. During training with example (i,o), all nodes that match i update their counters as follows:¥Increment the total counter T.¥Increment the counter co, associated with the output point o given in the trainingexample.The strength of output point o is cTo.

˙ BeforeCntUpdate¨ shows a node along with the strength of each output. When theexample is given to the node the counters are updated and the strengths change as shownin ˙ AfterCntUpdate¨.Strength.3333.6667(Wind Speed, Low)ManualAutomatic

FeatureCountersTotal123Figure 3.2. Node before counter updateExample: (Low, Head, Clear) fi AutomaticStrength.2500.7500(Wind Speed, Low)ManualAutomatic

FeatureCountersTotal134Figure 3.3. Node after counter updateWhen given input values, a network of nodes executes and produces an output asfollows. Each node that matches the input state calculates the strength for each outputvalue. The purpose of each node is to approximate the conditional probability of anoutput value given that the input values match a particular feature. The nodes competeaccording to strength and the strongest node wins the competition. The output value ofthe winning node is asserted as the output value of the network. Thus, the output of anetwork of nodes is the output of the highest strength node. If the two strongest nodeshave the same strength and different outputs, the output of the network is Don’t-Know.˙ NetworkExecution¨ shows the network execution algorithm. Broadcast means thatinformation is given to all nodes. Gather means that information is taken from all nodes.The implementation of broadcast and gather on tree architectures is described in detail inChapter 7.

Network Execution1.The input values presented to the network inputs are broadcast toall nodes in the network.2.Each node compares the input values to the feature stored at thenode.3.Nodes where the feature matches the input values:4.Calculate the strength of each output value.5.Send the strongest output value along with its strength outto the network.6.End.7.The network gathers the outputs from each node.8.The strongest output value is the network output.End.Figure 3.4. Network ExecutionWe now give an example of network execution. Given the network in ˙NetworkExecExample¨ and input point (High, Head, Clear), Node 1 outputs Automaticsince Automatic has strength .67. Node 2 outputs Don’t-Know since no output value has ahigher strength than the others. Node 3 outputs Manual and Node 4 does not match theinput values. Node 3 wins the competition and the network output is Manual.Node 1(Visibility, Clear)ManualAutomatic

Node 2(Wind Direction, Head)

Node 3(Wind Speed, High)

Node 4(Wind Direction, Tail)

.33.6712ManualAutomatic.75.2531ManualAutomatic.50.5011ManualAutomatic0.01.002Figure 3.5. Example of network executionA node is an implementation for the concept of a feature. Thus, the terms strength,output, generality, etc. that apply to a feature also apply to a node. When applied tonodes, these terms refer to the feature contained in the node. Since a network of nodesimplements a set of features, the network implements a function from input to output.

Chapter 4General to Specific LearningThis chapter presents one way our systems learn the features that are important tothe problems they are solving. One possible approach to learning features is to create allpossible features, then keep strong features and delete weak features. This is not apractical approach because the number of features is exponential in the number of inputs.For example, suppose the network has 16 Boolean input variables. If the network were tocreate all possible 16th-order features, the number of nodes would be 65,536 or 216.Another problem with creating all features is that strong features may exist in thetraining set that are not needed to actually learn the problem. The system shouldapproximate the minimum possible set of features if it is to provide the bestgeneralization.General to specific learning (GS) avoids these problems by first creating generalfeatures. The general features guide the creation of more specific features. A combinationof generality and strength is used as a metric to measure the goodness of a feature.A simplified example is given to illustrate the GS approach. Detailed explanation ofgeneral to specific learning is given in subsequent sections.A network for the aircraft control problem is shown in ˙ LandNetwork1¨. Node 1monitors the input Wind Speed and matches when the value is High. Node 1 predictsoutput Automatic with higher strength than output Manual. Node 3 matches the feature{(Visibility, Cloudy)} which has the same strength for both outputs. The network in ˙LandNetwork1¨ is the result of training with several examples. Two additional examplesare presented to the system.Node 3(Visibility, Clear)

Node 2(Wind Direction, Head)

Node 1(Wind Speed, High)ManualAutomatic

.33.6712ManualAutomatic.50.5011ManualAutomatic.50.5011Figure 4.1. Network for the aircraft control problemExample 1: (High, Tail, Clear) fi AutomaticWhen a new example is presented, all possible first-order features that match theexample are created. Since the example above is matched by the feature {(Wind Direction,Tail)} that does not have an existing node, a new node is created. The network nodescompete according to strength to assert their strongest output value. Node 1 wins thecompetition and outputs Automatic. The network output agrees with the example output, so no additional nodes are created. The nodes that match the input example update theircounters giving the network in ˙ LandNetwork2¨.Node 3(Visibility, Clear)

Node 2(Wind Direction, Head)

Node 1(Wind Speed, High)ManualAutomatic

.25.7513ManualAutomatic.50.5011ManualAutomatic.33.6712Node 4(Wind Direction, Tail)

ManualAutomatic0.01.001Figure 4.2. Network after the first exampleExample 2: (Low, Head, Clear) fi ManualThe next example is presented to the network and Node 3 wins the competition andoutputs Automatic. The output is incorrect, so not only is the new first-order node withfeature {(Wind Speed, Low)} created, but a new second-order node is created. The twonodes with highest strength for the output value Manual (Nodes 2 and 3) combine tocreate a new node with the feature {(Wind Direction, Head), (Visibility, Clear)}. Nodesmatching the example update their counters giving the network in ˙ LandNetwork3¨. Inthe examples given in this paper, connections are typically shown between nodes thathave a general to specific relationship. Thus, Node 6 is connected to Nodes 2 and 3 sinceNode 6 is a specialization of the other two nodes.

Node 3(Visibility, Clear)

Node 2(Wind Direction, Head)

Node 1(Wind Speed, High)ManualAutomatic

.25.7513ManualAutomatic.67.3321ManualAutomatic.50.5022Node 4(Wind Direction, Tail)

ManualAutomatic0.01.001Node 5(Wind Speed, Low)

ManualAutomatic1.00.010Node 6(WD, Head),(Vis, Clear)

ManualAutomatic1.00.010

Figure 4.3. Network after the second example4.1.General to Specific Learning AlgorithmsFive different GS learning algorithms are presented in this chapter. The five algorithmsdiffer only in the way they create new specific features. This section describes the mainroutine that is shared by all five algorithms. The main routine is executed for each examplein the training set. Because nodes are created incrementally and nodes count outputs formatching examples, more than one presentation of a training example may be needed toaccurately count outputs. Thus, typically a training set is presented to the system at leasttwo or more times.Before any examples are given, GS begins with the single general feature {} thatcovers the complete input space. The initial feature is contained in a node called the root.The counters of the root node are all set to 0. As examples are given to the system, inputsare added to the root feature to create more specific features. New specific features areselected based on a combination of generality and strength. The best new features are usedto create new nodes.A GS system repeatedly executes the learning algorithm shown in ˙ GSLearnCode¨for each example that is given to the system. When a training example is presented duringlearning, the network executes (Lines 1 to 2) to obtain the network output for the inputgiven in the example. Later, a specific feature is created only if the output of the networkis different from the output of the example.After execution, the network can optionally create single-input nodes (Lines 3 to 6).Single-input nodes have only a single input/value pair in their feature. Single-input nodesare required for the Feature-union and Feature-specialization methods. The other methodscan optionally create single-input features. Creation of single-input nodes effectively speeds up the specialization process by starting the process with one level ofspecialization already completed.When single-input nodes are created a new feature is created for each input in thetraining example. For example, the example (Low, Head, Clear) fi Manual causes thecreation of features {(Wind Speed, Low)}, {(Wind Direction, Head)}, and {(Visibility,Clear)}. Each node is only created if an equivalent node does not already exist. Thecounters in new single-input nodes are initialized to zero.If the network output is not equal to the example output, then a specific node iscreated using existing nodes. Otherwise, no additional nodes are added to the system. Inother words, if an example is already handled by a simple node, a more complex node isnot created to accomplish the same result. A variation on this test is that if the networkoutput is Don’t-Know then no additional nodes are added to the system. The reasoningfor this variation is that if the output is Don’t-Know, incrementing counters should besufficient to correct the network output and additional nodes are not needed.A specific node can be created using feature-union, feature-specialization, or feature-specialization-with-strength-estimation (Line 8). The three approaches are not mixed butactually give different learning algorithms. Feature-specialization-with-strength-estimationhas three variations, giving a total of five different GS learning methods. Feature-unionand feature-specialization use the strength of existing features to select good new features.Feature-specialization-with-strength-estimation uses an improved approach thatestimates the strength of new features rather than using the strength of existing features.After the training example is learned, nodes in the network that are not needed deletethemselves. Deletion is described in the next section.General to Specific Learning1.Broadcast the training example (i, o) to all nodes in the network.2.Gather the strongest node output giving the network output r.3.If single-input nodes are to be created, then for each input value xj in i.4.Create a new feature F = {(ij, xj)}.5.If a node with feature F does not already exist then create a newnode with feature F. Initialize counters in the new node to zero.6.End.7.Each node that matches i increments its counters as described previously.8.If the network output is not correct (r „ o) then create a specific node byone ofFeature-unionFeature-specializationFeature-specialization-with-strength-estimation9.Delete nodes that are not needed.End.Figure 4.4. General to Specific Learning

4.2.DeletionThis section describes how nodes that are not needed are deleted. All the learningalgorithms described in this work use the same deletion methods. Thus, deletion isexplained once in this section but is used in the algorithms that are described in othersections.Because nodes are created incrementally, many times a node will be created that is notessential for learning the training set. If nonessential nodes can be identified, they can bedeleted from the system. Measurement of node usage and comparison of nodeprobabilities can both be used to identify nonessential nodes.4.2.1.Measuring Node UsageNodes measure their usage by keeping a use counter. The use counter is zeroed at aregular interval (e.g., after each pass over the training set) and incremented whenever anode wins in execution. Nodes that have zero counters at the next interval for setting allcounters to zero delete themselves.The network execution algorithm is slightly enhanced to improve deletion based onusage. When two nodes tie in the execution strength competition, the node that is mostgeneral is made the winner. Thus the more general nodes are favored to survive while morespecific nodes (that match input points handled properly by general nodes) deletethemselves.4.2.2.Comparing Node StrengthA node that is covered by another node can never change the output function. Forevery input point that the covered node can respond to, the covering node can alsorespond with at least as high a strength. A node can determine if it is covered by anothernode by comparing its feature and strength with the feature and strength of other nodes.The comparison can be done either as part of the learning algorithm or as a backgroundprocess.Comparison is done in the learning process immediately after the network producesan output. The feature and strength of the node that wins the execution are broadcast tothe network. Nodes that are covered by the broadcast feature delete themselves.More formally, let Fw and Sw be the feature and strength of the winning node W,respectively. Let Fn and Sn be the feature and strength of a node N receiving the broadcast,respectively. If Fw ˝ Fn and Sw > Sn, then node N deletes itself.In the background process each node periodically broadcasts its feature and strength.The other nodes in the network then respond in the same way as when strengthcomparison is done in the learning algorithm. A complete round of background deletion isO(m log m), where m is the number of nodes. Each of the m nodes does a broadcast to theother nodes and each broadcast is O(log m) on a tree architecture.4.3.Feature UnionOne method for creating specific features is to combine existing features using theunion operation. Recall from the last chapter that the union of two features covers asubdomain of the input space that is the intersection of the subdomains covered by the original features. Thus the feature created by such a union is more specific as desired forgeneral to specific learning.An important goal in learning is to converge on a solution quickly. Therefore, thesystem should not simply combine any two features at random. The feature combinationsshould be guided to new features that will have high strength. It is not practical tocombine all existing features since the number of new nodes would grow exponentially.Therefore, existing features combine based on strength and generality.Feature generality and strength are combined using a linear combination, M = Gc +S(1—c), where G is generality, S is strength for the output given in the example, and c is aconstant between 0 and 1. The result M is used as a metric to select the best existingfeatures for combination. Empirical tests suggest that the constant c does not requirecareful adjustment. Values from .5 to .9 give consistently good results.Existing nodes that match the example are sorted according to M and the two bestnodes are combined. When two nodes A and B combine to create a new node C, thefeature for C is the union of the features of A and B. Note that if the two original featurescontain the same input, that input will have the same value in both features because bothfeatures must match the training example. Thus the requirement that the two features notbe discriminated for the union operation to be defined is always met.A new candidate feature may already exist in a node in the network. If the featurealready exists, the best node marks itself as not combinable and the next best two nodesattempt to combine. When a unique feature is found, a new node is created.Single-input nodes must be created so that features exist to begin combining.Otherwise, the only node in the network would be the root which would have no othernode to combine with. The feature-union algorithm is shown in ˙ FeatureUnion¨.

Feature Union1.For all nodes N.2.If node N matches the example and N is not the root then3.Node N marks itself as available for combination.4.Node N calculates the metric M = Gc + S(1—c), where G isthe generality of N, S is the strength of N for output o, andc is a constant between 0 and 1.5.Else6.Node N marks itself as unavailable.7.End.8.End.9.Gather M from the marked nodes returning the node A with highest M.10.Node A marks itself as unavailable.11.Repeat until either a node is created or all nodes are markedunavailable.12.Gather M from the marked nodes returning the node B withhighest M.13.Node B marks itself as unavailable.14.Create a new feature F = FA ¨ FB, where FA and FB are thefeatures of node A and B, respectively.15.If a node with feature F does not already exist then16.Create a new node N with feature F.17.Initialize counters T and co in N to 1, where o is theoutput of the example.18.Initialize all other counters in N to 0.19.End.20.Set A to B.21.End.End.Figure 4.5. Creating higher-order features through Feature Union4.2.1.Training ExampleWe now give an example of general to specific learning using feature-union. Thenetwork starts with only the root node as shown in ˙ UnionNetwork1¨. Connections areshown between nodes that have a general to specific relationship.RootManAuto

000.00.0Figure 4.6. Initial Network

Example 1: (Low, Tail, Cloudy) fi AutomaticExample 1 is given to the network. The network executes with the input (Low, Tail,Cloudy). The root node matches the example but the strength of both outputs for the rootnode is 0. Therefore, the output of the root node is Don’t-Know. Since there are no othernodes in the network, the output of the network is the output of the root or Don’t-Know.Single-input nodes must be created for feature-union. The three features {(WindSpeed, Low)}, {(Wind Direction, Tail)}, and {(Visibility, Cloudy)} are created from theexample. No existing nodes contain any of these features, so three new nodes are created.The root node and the new single-input nodes update their counters giving the resultshown in ˙ UnionNetwork2¨.Empirical tests have shown that feature-union gives better results when a new specificnode is not created when the network output is Don’t-Know. Therefore, the feature-unionalgorithm is not executed and the network has completed incorporating the example.Node 1(S, Low)ManAuto

Root

Node 2(D, Tail)Node 3(V, Cldy)

0.01.001ManAuto0.01.001ManAuto0.01.001ManAuto0.01.001Figure 4.7. Network after first exampleExample 2: (High, Head, Clear) fi ManualExample 2 is given to the network. The network executes with the input (High, Head,Clear). The root node is the only node that matches the example. The output of the rootnode is Automatic. Since there are no other matching nodes, the output of the network isthe output of the root.Three single-input features {(Wind Speed, High)}, {(Wind Direction, Head)}, and{(Visibility, Clear)} are created from the example. No existing nodes contain any of thesefeatures so three new nodes are created. The root node and the new single-input nodesupdate their counters giving the result shown in ˙ UnionNetwork3¨.The output of the network is different from the output of the example, so feature-union is executed. The three single-input nodes just created mark themselves as availablefor combination. The root node does not mark itself as available even though it matchesbecause the union of the root and any other node is the same as the other node. The threenew nodes are all equal in generality and strength. Two of the new nodes are arbitrarilyselected for combination. Assume Nodes 4 and 5 in ˙ UnionNetwork3¨ are selected. Theunion of the features in these nodes is {(Wind Speed, High), (Wind Direction, Head)}.

The new feature is not contained in any existing node, so Node 7 is created and itscounters are set according to the training example.Node 1(S,Low)MA

Root

Node 2(D,Tail)

Node 3(V,Cldy)

Node 4(S,High)

Node 5(D,Head)

Node 6(V,Clr)

Node 7(S,High),(D,Head)

0.01.001MA0.01.001MA0.01.001MA.50.5011MA1.00.010MA1.00.010MA1.00.010MA1.00.010

Figure 4.8. Network after second exampleExample 3: (High, Tail, Clear) fi AutomaticExample 3 is given to the network. The network executes with the input (High, Tail,Clear). The root and nodes 2, 4, and 6 match the example. Nodes 2, 4, and 6 are strongerthan the root and of equal strength. Node 2 outputs different than Nodes 4 and 6 so theoutput of the network is Don’t-Know.The single-input features created from Example 3 already exist in Nodes 2, 4, and 6,so no new single-input nodes are created. The root and Nodes 2, 4, and 6 update theircounters. Since the output of the network is Don’t-Know, feature-union is not done.

Node 1(S,Low)MA

Root

Node 2(D,Tail)

Node 3(V,Cldy)

Node 4(S,High)

Node 5(D,Head)

Node 6(V,Clr)

Node 7(S,High),(D,Head)

0.01.001MA0.01.002MA0.01.001MA.33.6712MA.50.5011MA1.00.010MA.50.5011MA1.00.010

Figure 4.9. Network after third exampleExample 4: (High, Head, Cloudy) fi AutomaticExample 4 is given to the network. The network executes with the input (High, Head,Cloudy). The root and nodes 3, 4, 5, and 7 match the example. Nodes 3, 5, and 7 arestronger than the other nodes and of equal strength. Node 3 outputs different than Nodes5 and 7 so the output of the network is Don’t-Know.The single-input features created from Example 4 already exist in Nodes 3, 4, and 5,so no new single-input nodes are created. The root and Nodes 3, 4, 5, and 7 update theircounters. Since the output of the network is Don’t-Know, feature-union is not done.

Node 1(S,Low)MA

Root

Node 2(D,Tail)

Node 3(V,Cldy)

Node 4(S,High)

Node 5(D,Head)

Node 6(V,Clr)

Node 7(S,High),(D,Head)

0.01.001MA0.01.002MA0.01.002MA.25.7513MA.33.6712MA.50.5011MA.50.5011MA.50.5011

Figure 4.10. Network after fourth exampleExample 5: (Low, Head, Clear) fi ManualExample 5 is given to the network. The network executes with the input (Low, Head,Clear). The root and nodes 1, 5, and 6 match the example. Node 1 is stronger than theother nodes so the network output is Automatic.The single-input features created from Example 5 already exist in Nodes 1, 5, and 6,so no new single-input nodes are created. The root and Nodes 1, 5, and 6 update theircounters to the values shown in ˙ UnionNetwork6¨.The output of the network is different from the output of the example, so feature-union is executed. Nodes 1, 5, and 6 mark themselves as available for combination.Assume that simple generality is used to measure generality and that the constant c is setto .5. The generality, strength, and metric for the three nodes (using counts in ˙UnionNetwork6¨) are as follows:NodeGeneralityStrengthMetric12/3 = .671/2 = .50.67 · .5 + .50 · .5 = .5852/3 = .672/3 = .67.67 · .5 + .67 · .5 = .6762/3 = .672/3 = .67.67 · .5 + .67 · .5 = .67Nodes 5 and 6 have a higher metric so they are selected for combination. The union ofthe features in these nodes is {(Wind Direction, Head), (Visibility, Clear)}. The newfeature is not contained in any existing node, so Node 8 is created and its counters are setaccording to the training example.

Node 1(S,Low)MA

Root

Node 2(D,Tail)

Node 3(V,Cldy)

Node 4(S,High)

Node 5(D,Head)

Node 6(V,Clr)

Node 7(S,High),(D,Head)

.50.5011MA0.01.002MA0.01.002MA.40.6023MA.33.6712MA.67.3321MA.67.3321MA.50.5011

Node 8(D,Head),(V,Clr)

MA1.00.010

Figure 4.11. Network after last exampleThe function implemented by the network in ˙ UnionNetwork6¨ is shown in ˙UnionFunction¨. Note that not all the nodes in the network are needed to implement thefunction. For example, Node 1 can never win a competition for output since it is aspecialization of the root and the root is stronger. Node 7 is a specialization of Node 5and Node 5 is stronger. These and other nodes can be removed by deletion.Table 4.1. Function implemented by network in ˙ UnionNetwork6¨HeadTail

ClearCloudyClearCloudy

LowManualAutomaticAutomaticAutomatic

MediumManualAutomaticAutomaticAutomatic

HighManualAutomaticAutomaticAutomatic

The network shown in ˙ NetworkDeletion¨ is the result of deleting unused nodesafter a second pass over the training set with the network in ˙ UnionNetwork6¨. Thefunction implemented by this network is identical to that shown in ˙ UnionFunction¨.Note that the root node is never deleted even though in this case it never wins inexecution.

Root

Node 2(D,Tail)

Node 3(V,Cldy)

Node 8(D,Head),(V,Clr)

AutoMan.40.6046AutoMan0.01.004AutoMan0.01.004AutoMan1.00.030Figure 4.12. Network after deletionFeature-union begins with the root node and single-input nodes which are verygeneral. These general nodes gather statistics from the training examples. Strong generalfeatures combine to form more specific features. Not all combinations of general featuresare considered since the number of combinations is combinatoric. Combinations arerestricted to adjacent nodes in an ordering by generality and strength. An alternativewould be to consider combining the strongest node with all other nodes. Because nodesare selected for combination based on the strength of general features, feature-union worksbest when strong specific features are made up of strong general features. If a problem hasstrong specific features that are not composed of strong general features, feature-unionmay create many specific features in error before finding good specific features.Combining adjacent nodes in a strength ordering allows feature-union to eventuallycombine two weak general features. If the alternative method is used where the strongestgeneral feature is combined with all other features, two weak features are never combined.This weakness of feature-union is overcome by feature-specialization-with-strength-estimation described in later sections.4.4.Feature SpecializationAnother method for creating specific features from existing nodes is for existing nodesindividually to specialize themselves by adding an input/value pair to their feature. Thusnodes are able to operate more autonomously than in feature-union. Chapter 3 showedhow adding a pair to a feature creates a new feature whose subdomain is a subset of theoriginal feature’s subdomain.It is not practical for all existing nodes to specialize and create new features. If eachexisting node created a specialization for each training example, the number of nodes in thenetwork would double for each example. Thus, the size of the network would grow at anexponential rate. On the other hand, the system should not allow random nodes tospecialize. Therefore, just as in union, nodes are selected for specialization by using agoodness metric, M = Gc + S(1—c).Existing nodes that match the training example are sorted according to M and the bestnode is selected. The selected node then adds a pair to its current feature to create a newfeature. The pairs are selected in order based on the strength of the corresponding single-

input features as given by the single-input nodes. Single-input nodes must be created toprovide this strength information.If the new feature does not already exist, then a node with the new feature is created.Otherwise the process is repeated adding the next strongest pair to the node’s originalfeature. If the selected node cannot create any unique new feature by adding a single pair,the next best node is selected.The process repeats until either a unique feature is found or all nodes have beenselected.The feature-specialization algorithm is shown in ˙ FeatureSpecial¨.Feature Specialization1.For all nodes N.2.If node N matches the example and N is not the root then3.Node N marks itself as available for specialization.4.Node N calculates the metric M = Gc + S(1—c), where G is thegenerality of N, S is the strength of N for output o, and c is aconstant between 0 and 1.5.Else6.Node N marks itself as unavailable.7.End.8.End.9.Repeat until either a node is created or all nodes are marked unavailable.10.Gather M from the marked nodes returning the node A withhighest M.11.Node A marks itself as unavailable.12.Repeat until either a node is created or all pairs have beenselected.13.Let Pj = (ij, xj) be the pair defined by input value xj in i.Let Nj be the node containing the single-input feature Fj = {(ij,xj)}. Let Sj be the strength of Nj for output o.14.Select the pair Pj that has not already been selected andwhose feature Fj has highest Sj according to node Nj.15.Create a new feature F by adding the pair Pj to thefeature FA, where FA is the feature of node A.16.If a node with feature F does not already exist then17.Create a new node N with feature F.18.Initialize counters T and co in N to 1, where o isthe output of the example.19.Initialize all other counters in N to 0.20.End.21.End.22.End.End.Figure 4.13. Creating higher-order features through Feature Specialization

A detailed example of feature-specialization is not given since for simple examplesfeature-specialization is essentially identical to feature-union. When existing features areall first-order, feature-union and specialization are identical. When existing features arehigher-order, feature-union can combine two higher-order features and create a veryspecific feature quickly. Feature-specialization requires more steps to create a veryspecific feature. However, feature-specialization has the advantage of gathering strengthinformation for the intermediate features and therefore feature-specialization may beguided to better specific features. Also, feature-specialization has the advantage ofallowing nodes to work more independently, thus making it possible to add strengthestimation techniques to specialization as described in the next section.4.5.Specialization with Strength Estimation of New FeaturesThis section presents the three remaining GS learning models. The three models sharea common specialization routine that is called from the main GS routine when thenetwork gives an output that is different from the output of the training example. Thespecialization routine creates new candidate features by adding inputs to nodes thatmatch the example. The strength of the new features is estimated using one of threemethods; next-input-counter strength estimation, limited-example-memory strengthestimation, or example-node strength estimation. The new feature with highest generalityand strength is selected to create a new node. The specialization routine is described inthis section while the strength estimation methods are described in three subsections.The feature-specialization routine is shown in ˙ FeatureSpecSE¨. All nodes (inparallel) that match the training example create specializations of the current feature byadding a single additional input/value pair (Lines 1 to 3). For every input ij not containedin the node’s current feature, a new feature is created by adding the pair (ij, xj) to thecurrent feature, where xj is the value of input ij from the training example. The newcandidate features are stored in the node’s local memory while strength estimation is done.Only a single new feature is selected to create a new node.Each new candidate feature is compared with features already existing in the network.If a feature the same as a new candidate feature does not already exist, then the strength ofthe new feature is calculated using one of three strength estimation methods (Lines 4 to6). The strength estimation methods are not mixed. All nodes over all training examplesuse a single method. Thus each estimation method results in a separate and distinctapproach to GS learning.If the strongest new feature is stronger than the original feature, the strongest newfeature is saved in the node and the node optionally repeats the specialization processusing the new feature (Lines 7 to 10). (If specialization cannot create a feature strongerthan the original, there is no reason to create a new feature.) Specialization can be repeatedas long as:1.It is possible to specialize the current best new feature (the feature does notalready contain all inputs).2.A new feature is created that is stronger than the feature created on the previousiteration.Repetition is not reasonable for next-input-counter estimation since this method onlykeeps information about a single additional input/value pair. No information is available about adding additional pairs. However, after a new specific node is created, the new nodecan gather statistics about features more specific than itself and such features can becreated on subsequent training examples or on later iterations over the training set. Thus,feature-specialization can effectively be repeated but it requires more steps.Since general features are preferred over specific features, a metric is calculated thatcombines generality and strength of the best new feature. As in feature-union and feature-specialization, the metric is a linear combination of generality and strength, given by M =Gc + S(1—c). The important difference here is that S is the estimated strength of the newfeature rather than the strength of the parent node.The matching nodes compete according to the metric and the winning node is selectedto create a new node using its best feature (Lines 13 to 15). The counters in the new nodeare initialized differently depending on the method of strength estimation that is used.Details are given in the subsections that follow.Feature Specialization with Strength Estimation1.For all nodes N that match the example2.Set F to the existing feature of the node N.3.For each input ij not in F create a new feature Fj by adding the pair(ij, xj) to F, where xj is the value of input ij in the training example.4.For each new feature Fj.5.If a node with feature Fj does not already exist thencalculate the strength of Fj using either Next-Input Counters,Limited Example Memory, or Example Nodes.6.End.7.If at least one new feature exists that is stronger than F.8.Set F to the new feature with highest strength and mark N.9.Optionally repeat lines 3 to 10 using the new feature F.10.End.11.Calculate the metric M = Gc + S(1—c), where G is the generalityof F, S is the strength of F for output o, and c is a constant between 0and 1.12.End.13.Gather the new feature F with highest M from the marked nodes.14.Create a new node NN with feature F.15.Initialize counters in NN according to the strength estimationmethod.End.Figure 4.14. Feature Specialization with Strength Estimation4.5.1.Next-Input Counter (NIC) Strength EstimationThe Next-Input Counter (NIC) method for strength estimation requires that each nodehave a set of counters for each possible input/value pair in addition to the standard set ofcounters in a node. These counters monitor the strength of features obtained by adding an additional pair to the current feature. Thus a node can estimate the strength of a newspecialization of its current feature.The number of possible input/value pairs in the system is p = |X1| + |X2| + ... + |Xn|,where Xj is the domain for input ij and n is the number of inputs in the system. In otherwords, input 1 has |X1| possible input/value pairs, one for each value of the input. Thepossible pairs for each input are summed over all the inputs. The number of countersneeded for each pair is q = |O| + 1, where O is the output domain as given in Chapter 2.There is one counter for each point in the output space and the total counter. This is thesame as the number of standard counters in a node. The total number of counters for allpairs is thus pq.˙ NICNode¨ shows a node that contains next-input counters. The Wind Speed inputhas three values so there are three sets of counters for that input. The other two inputseach have two values and thus two sets of counters. Each set (column) of countersconsists of two counters for the two possible output points and the total counter.(WS, Low)ManAuto

FeatureCountersTotal257Next-Input Counters257000000033224145112WSWDVisLMHHTClrCldFigure 4.15. Network node with Next-Input CountersEach pair has a set of counters just like the standard set of counters. The standardcounters are updated if the node matches the training example. The counters associatedwith a pair (i, x) have this same condition for update as well as an additional condition;input i in the training example must be equal to x.The additional counters simulate p additional nodes. Each simulated node effectivelycontains the feature obtained by adding the pair associated with the set of counters to thereal feature of the node. The simulated nodes give the system the ability to look aheadinto the specialization process.The counters for a single input/value pair are updated just like the standard counters.The counter co corresponding to the output o given in the training example is incrementedand the total counter is incremented.˙ NICUpdate¨ shows how the counters in the node in ˙ NICNode¨ are updated whengiven the training example (Low, Head, Clear) fi Automatic. The counters for Wind Speedare updated exactly the same as the main counters since the node’s feature contains theWind Speed input. The Wind Direction counter for Head and Automatic is incrementedsince the example contains those two values for Wind Direction and the output,respectively. Similarly, the Visibility counter for Clear and Automatic is incremented. Notethat the counters in each row for a single input must sum to the value given in the maincounter for that row.

(WS, Low)ManAuto

FeatureCountersTotal268Next-Input Counters268000000044224156112WSWDVisLMHHTClrCldFigure 4.16. Next-Input Counter UpdateLet F be a new feature created by adding the pair P to the node’s feature. Theestimated strength for F using this method is given by co/T, where co is the counterassociated with pair P for the output o given in the training example and T is the totalcounter associated with pair P.A new node created using this method is initialized as follows. Let P be the pair addedto the parent node’s feature to create the new node. The counters for pair P in the parentnode are copied into the standard counters for the child node. The next-input counters inthe child node are initialized to 0 and then set according to the training example.˙ NICInit¨ shows how a new node created from the node in ˙ NICUpdate¨ isinitialized. The new node adds the input/value pair (Wind Direction, Head) to the featurein ˙ NICUpdate¨. Therefore the counters for that pair are copied into the main countersfor the new node. All other counters are set to 0.(WS, L), (WD, H)ManAuto

FeatureCountersTotal044Next-Input Counters000000000000000000000WSWDVisLMHHTClrCldFigure 4.17. Node initialization with Next-Input Counters

4.5.1.1.

Training ExampleWe now give an example of learning using NIC specialization. The network startswith only the root node as shown in ˙ NICNetwork1¨. For simplicity, single-input nodesare not used in this example, although empirical results suggest that using single-inputnodes typically gives better results for GS learning. Connections are shown betweennodes that have a general to specific relationship. Strengths are shown after the maincounters in each node. Due to space limitations, strengths are not shown for next-inputcounters.

ManAuto

0000000000000000WSWDVisLMHHTClrCldRoot00Figure 4.18. Initial NetworkExample 1: (Low, Tail, Cloudy) fi AutomaticExample 1 is given to the network. The network executes with the input (Low, Tail,Cloudy). The root node matches the example but the strength of both outputs for the rootnode is 0. Therefore, the output of the root node is Don’t-Know. Since there are no othernodes in the network, the output of the network is the output of the root or Don’t-Know.The root node updates its counters giving the resulting root node shown in ˙NICNetwork2¨. Since the output of the network is Don’t-Know, feature-specialization isnot done and no additional nodes are created.ManAuto

0101000000010001WSWDVisLMHHTClrCldRoot01Figure 4.19. Network after first exampleExample 2: (High, Head, Clear) fi ManualExample 2 is given to the network. The network executes with the input (High, Head,Clear). Again the root node matches the example. The output of the root node isAutomatic. Since there are no other nodes, the output of the network is the output of theroot.The root node updates its counters giving the resulting root node shown in ˙NICNetwork3¨. The output of the network is different from the output of the example,so NIC specialization is executed.The root node creates three new features by adding each of the three inputs in thetraining example to its current feature. The features and their strength for output Manualare as follows. (The strengths are calculated from the next-input counters of the root nodein ˙ NICNetwork3¨).{(Wind Speed, High)}1/1 = 1.0{(Wind Direction, Head)}1/1 = 1.0{(Visibility, Clear)}1/1 = 1.0Since all three features have equal strength, one is arbitrarily selected. Assume thefeature {(Wind Direction, Head)} is selected and used to create Node 1 in ˙NICNetwork3¨. The counters in Node 1 are copied from the next-input counters in the

root in the column under (Wind Direction, Head). The next-input counters in Node 1 areinitialized to 0 and then incremented according to the training example.ManAuto

1000001010001000WSWDVisLMHHTClrCldNode 1(WD, Head)ManAuto

1101001010011001WSWDVisLMHHTClrCldRoot

10.5.5Figure 4.20. Network after second exampleExample 3: (High, Tail, Clear) fi AutomaticExample 3 is given to the network. The network executes with the input (High, Tail,Clear). The root is the only node that matches the example. The output of the root isDon’t-Know. Since no other nodes match the example, the output of the network is theoutput of the root.The root node updates its counters giving the resulting root node shown in ˙NICNetwork4¨. Since the output of the network is Don’t-Know, feature-specialization isnot done and no additional nodes are created.ManAuto

1201001110021101WSWDVisLMHHTClrCldRoot

10.3.7Figure 4.21. Network after third exampleExample 4: (Low, Head, Clear) fi Manual

Example 4 is given to the network. The network executes with the input (Low, Head,Clear). The root and Node 1 both match the example. The root outputs Automatic andNode 1 outputs Manual. Node 1 is stronger than the root, so the output of the network isManual.The root and Node 1 both update their counters giving the result shown in ˙NICNetwork5¨. Since the output of the network is the same as the example, feature-specialization is not done.ManAuto

2010001020002000WSWDVisLMHHTClrCldNode 1(WD, Head)ManAuto

2211001120022101WSWDVisLMHHTClrCldRoot

10.5.5Figure 4.22. Network after fourth exampleExample 5: (High, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (High, Head,Cloudy). The root and Node 1 both match the example. Node 1 is stronger than the rootso the network output is Manual.The root and Node 1 update their counters to the values shown in ˙ NICNetwork6¨.The output of the network is different from the output of the example, so feature-specialization is executed.The root node creates three candidate features with strengths for output Automatic asfollows. (The strengths are given by the next-input-counters of the root node in ˙NICNetwork6¨).{(Wind Speed, High)}2/3 = .67{(Wind Direction, Head)}1/3 = .33{(Visibility, Cloudy)}2/2 = 1.0The feature {(Visibility, Cloudy)} is strongest, so it is the feature the root node willuse to compete with Node 1 to obtain the right to create a new node.Node 1 creates two new features with strengths for output Automatic as follows.{(Wind Speed, High), (Wind Direction, Head)}1/2 = .50{(Wind Direction, Head), (Visibility, Cloudy)}1/1 = 1.0The feature {(Wind Direction, Head), (Visibility, Cloudy)} is strongest, so it is thefeature Node 1 will use to compete with the root.

Assume that simple generality is used to measure generality and that the constant c isset to .5. The generality, strength, and metric for the best new features of the two nodesare as follows.NodeGeneralityStrengthMetricRoot2/3 = .671.0.67 · .5 + 1 · .5 = .83Node 11/3 = .331.0.33 · .5 + 1 · .5 = .67The root node has a higher metric, so it wins the competition and creates Node 2 withthe feature {(Visibility, Cloudy)}. The counters in Node 2 are copied from the next-inputcounters in the root in the column under (Visibility, Cloudy). The next-input counters inNode 2 are initialized to 0 and then incremented according to the training example.MA

110001121002001WSWDVisLMHHTClrCldNode 1(WD, Head)

11001221022102WSWDVisLMHHTClrCldRoot

00000101000001WSWDVisLMHHTClrCldNode 2(V, Cloudy)

2.7.3MA2001MA32.4.6Figure 4.23. Network after last exampleThe function implemented by the network in ˙ NICNetwork6¨ is shown in ˙NICFunction¨. The function is the same as that implemented by the network in ˙UnionNetwork6¨ using feature-union, although the networks that implement thefunctions are different. NIC specialization was able to learn the function with fewernodes. In this case no deletion is needed. NIC specialization keeps more informationabout new features than feature-union, so it is able to learn a problem more efficiently.Table 4.2. Function implemented by network in ˙ NICNetwork6¨HeadTail

ClearCloudyClearCloudy

LowManualAutomaticAutomaticAutomatic

MediumManualAutomaticAutomaticAutomatic

HighManualAutomaticAutomaticAutomatic

4.5.2.Limited Example Memory (LEM) Strength EstimationThe Limited Example Memory (LEM) method of strength estimation requires thateach node have a table with space to store examples. Let k be the number of examples thatcan be stored in the table. The number k is always a constant and all nodes have the samevalue for k. Typical sizes for k that we have empirically tested are from 5 to 100.˙ LEMNode¨ shows a node that contains example memory. The node has space tostore a total of three examples. Two examples have been given that match the node.(WS, Low)ManAuto

FeatureCountersTotal112Example MemoryLow, Head, ClearLow, Tail, Cloudy22NENEmaxManAutoFigure 4.24. Network node with Example MemoryWhen an example is given during training, all nodes that match the example store theexample in their example table. The example is stored in the next available space in thetable. If no space is available, the new example replaces the oldest example in the table.The next available space in the table is kept in the variable NE (Next Example). Themaximum value of the variable NE is kept in NEmax. The following lines for storingexamples are inserted in the main GS learning algorithm just before Line 7.Example Storage1.If N matches i2.Store the example at location NE in the example table.3.Increment NE (the next example pointer).4.If NE > NEmax then set NEmax to NE.5.If NE ‡ k then set NE to 0. (the end of the table has beenreached so start over at the beginning of the table)6.End.End.˙ LEMUpdate¨ shows the result of giving the example (Low, Tail, Clear) fiAutomatic to the node in ˙ LEMNode¨. If the node is given the example (High, Head,Clear) fi Manual, there is no change to the node since the node does not match theexample.(WS, Low)ManAuto

FeatureCountersTotal123Example MemoryLow, Head, Clear Low, Tail, CloudyLow, Tail, ClearAutoAutoMan03NENEmaxFigure 4.25. Updating a node with Example Memory

˙ LEMFull¨ shows the result of adding the example (Low, Head, Cloudy) fiAutomatic to the already full example table of ˙ LEMUpdate¨. The new exampleoverwrites the contents of the first location in the table since that location contained theoldest example.(WS, Low)ManAuto

FeatureCountersTotal134Example MemoryLow, Head, Cloudy Low, Tail, CloudyLow, Tail, ClearAutoAutoAuto13NENEmaxFigure 4.26. Adding an Example to a Full TableLet F be a new feature created by specializing a node’s feature. The estimated strengthfor F using the LEM method is calculated by counting the examples stored in the nodethat are matched by F. Let en = (in, on) be an example stored in the node. Let c and t betemporary counters initialized to zero. If F matches en then the counter t is incremented.If F matches en and the output on is equal to the output o of the current training example,then the counter c is incremented. After counting all the stored examples in this manner,the strength of F is given by c/t.LEM Strength Estimation (Input: N (parent node), F (new feature);Output: S (estimated strength of F))1.Set c and t to 0.2.For each example en = (in, on) stored in node N.3.If F matches in4.Increment t (total counter).5.If on = o then6.Increment c (counter for output o).7.End.8.End.9.End.10.Return the strength of F as c/t.End.For example suppose the node in ˙ LEMUpdate¨ creates the new feature {(WindSpeed, Low), (Wind Direction, Tail)}. Two of the examples stored in the node match thenew feature, so the t counter is set to 2. Both examples that match the new feature haveoutput Automatic, so the c counter is also set to 2 and the estimated strength of the newfeature is 2/2 = 1.A new node created using this method is initialized as follows. All counters in the newnode are initialized to 0. Let en = (in, on) be an example stored in the parent node. If thenew node matches the example en, then the example is stored in the next available space inthe new node. There are at most k examples stored in the parent node so no more than kexamples will be stored in the new node. Thus there is no need to handle the case of

examples replacing other examples in the new node. As each example is stored in the newnode the total counter T is incremented. The counter con that is associated with the outputon given in the stored example is also incremented.LEM Node Initialization (Input: P (parent node), N (new node))1.Set NE and NEmax to 0.2.Set all counters in the new node N to 0.3.For each example en = (in, on) stored in node P.4.If N matches in5.Increment T (total counter).6.Increment con (counter for output on).7.Store en at location NE in the example table.8.Increment NE (the next example pointer).9.If NE > NEmax then set NEmax to NE.10.End.11.End.End.˙ LEMInit¨ shows the initialization of a new node created from the node in ˙LEMUpdate¨. The two examples from the original node that match the new node arecopied into the new node. The counters are updated according to the examples that matchthe new node.(WS, Low), (WD, Tail)ManAuto

FeatureCountersTotal022Example MemoryLow, Tail, CloudyLow, Tail, ClearAutoAuto22NENEmaxFigure 4.27. Node initialization with Example Memory

4.5.2.1.

Training ExampleWe now give an example of learning using LEM specialization. The network startswith only the root node as shown in ˙ LEMNetwork1¨. For simplicity, single-inputnodes are not used in this example. Connections are shown between nodes that have ageneral to specific relationship. Strengths are shown after the counters in each node.ManAuto

Root0000NENEmax00Figure 4.28. Initial Network

Example 1: (Low, Tail, Cloudy) fi AutomaticExample 1 is given to the network. The network executes with the input (Low, Tail,Cloudy). The root node matches the example, but the strength of both outputs for theroot node is 0. Therefore, the output of the root node is Don’t-Know. Since there are noother nodes in the network, the output of the network is the output of the root or Don’t-Know.The root node updates its counters and stores the training example giving the resultingroot node shown in ˙ LEMNetwork2¨. Since the output of the network is Don’t-Know,feature-specialization is not done and no additional nodes are created.ManAuto

Root01Low, Tail, CloudyAuto11NENEmax01Figure 4.29. Network after first exampleExample 2: (High, Tail, Clear) fi AutomaticExample 2 is given to the network. The network executes with the input (High, Tail,Clear). Again the root node matches the example. The output of the root node isAutomatic. Since there are no other nodes, the output of the network is the output of theroot.The root node updates its counters and stores the example giving the resulting rootnode shown in ˙ LEMNetwork3¨. The output of the network is the same as the example,so feature-specialization is not done and no additional nodes are created.ManAuto

Root02Low, Tail, CloudyAutoHigh, Tail, ClearAuto22NENEmax01Figure 4.30. Network after second exampleExample 3: (High, Head, Clear) fi ManualExample 3 is given to the network. The network executes with the input (High, Head,Clear). The root node matches the example. The output of the root and thus the outputof the network is Automatic.

The root node updates its counters and stores the example giving the resulting rootnode shown in ˙ LEMNetwork4¨. The output of the network is different from theoutput of the example, so LEM specialization is executed.The root node creates three new features by adding each of the three inputs in thetraining example to its current feature. The features and their strength for output Manualare as follows. (The strengths are calculated from the examples stored in the root node in˙ LEMNetwork4¨).{(Wind Speed, High)}1/2 = .50{(Wind Direction, Head)}1/1 = 1.0{(Visibility, Clear)}1/2 = .50Since the feature {(Wind Direction, Head)} is strongest, it is selected and used tocreate Node 1 in ˙ LEMNetwork4¨. The third example stored in the root node matchesthe new feature so it is copied into the new node. The counters in Node 1 are setaccording to the newly stored example.ManAuto

Root12Low, Tail, CloudyAutoHigh, Tail, ClearAutoHigh, Head, ClearManManAuto

Node 110High, Head, ClearMan

(WD, Head)11NENEmax03NENEmax10.3.7Figure 4.31. Network after third exampleExample 4: (Low, Head, Clear) fi ManualExample 4 is given to the network. The network executes with the input (Low, Head,Clear). The root and Node 1 both match the example. The root outputs Automatic andNode 1 outputs Manual. The strength of Node 1 is 1/1 and the strength of the root is 2/3.Node 1 is stronger than the root, so the output of the network is Manual.The root and Node 1 both update their counters and store the example giving theresult shown in ˙ LEMNetwork5¨. Note that the example is stored in the first position ofthe root node, overwriting the previous contents. Since the output of the network is thesame as the example, feature-specialization is not done.

ManAuto

Root22High, Tail, ClearAutoHigh, Head, ClearManManAuto

Node 120High, Head, ClearMan

(WD, Head)Low, Head, ClearManLow, Head, ClearMan22NENEmax13NENEmax10.5.5Figure 4.32. Network after fourth exampleExample 5: (High, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (High, Head,Cloudy). The root and Node 1 both match the example. Node 1 is stronger than the rootso the network output is Manual.The root and Node 1 update their counters to the values shown in ˙ LEMNetwork6¨.The example is stored in the last available position in Node 1 and overwrites the previouscontents of the second position in the root node. The output of the network is differentfrom the output of the example, so feature-specialization is executed.The root node creates three candidate features with strengths for output Automatic asfollows. (The strengths are calculated from the examples in the root node in ˙LEMNetwork6¨).{(Wind Speed, High)}1/2 = .50{(Wind Direction, Head)}1/3 = .33{(Visibility, Cloudy)}1/1 = 1.0The feature {(Visibility, Cloudy)} is strongest, so it is the feature the root node willuse to compete with Node 1 to obtain the right to create a new node.Node 1 creates two new features with strengths for output Automatic as follows. (Thestrengths are calculated from the examples in Node 1 in ˙ LEMNetwork6¨).{(Wind Speed, High), (Wind Direction, Head)}1/2 = .50{(Wind Direction, Head), (Visibility, Cloudy)}1/1 = 1.0The feature {(Wind Direction, Head), (Visibility, Cloudy)} is strongest, so it is thefeature Node 1 will use to compete with the root.Assume that simple generality is used to measure generality and that the constant c isset to .5. The generality, strength, and metric for the best new features of the two nodesare as follows.NodeGeneralityStrengthMetricRoot2/3 = .671.0.67 · .5 + 1 · .5 = .83Node 11/3 = .331.0.33 · .5 + 1 · .5 = .67

The root node has a higher metric, so it wins the competition and creates Node 2 withthe feature {(Visibility, Cloudy)}. The example (High, Head, Cloudy) fi Automatic iscopied from the root into the new node. The counters in the new node are initialized to 0and then the counter for Automatic is incremented since the only stored example hasoutput Automatic.ManAuto

Root23AutoHigh, Head, ClearManManAuto

Node 121High, Head, ClearMan

(WD, Head)Low, Head, ClearManLow, Head, ClearManManAuto

Node 201High, Head, CldyAuto(V, Cloudy)High, Head, CldyAutoHigh, Head, Cldy

03NENEmax11NENEmax23NENEmax.7.301.4.6Figure 4.33. Network after last exampleThe final network created by LEM estimation is identical to that created by NICestimation. The functions implemented by the two networks are also identical. As in theNIC estimation example, no deletion is needed. With more complex problems, LEMestimation can give different results than NIC estimation since the memory in LEM isfixed and some matching examples may be dropped. For example, the root node in theNIC example has complete strength information for all single-input features. Thus, NICwould correctly estimate the strength of the feature {(Wind Speed, Low)} to be .5 forboth outputs. The root node in the LEM example had to drop two of its stored examplesfor lack of space. Thus, LEM would incorrectly estimate the strength of the feature{(Wind Speed, Low)} to be 1 for output Manual and 0 for output Automatic. Therefore,for problems that do not fit within the fixed limits of LEM, NIC is expected to be moreaccurate. On the other hand, when LEM can store enough examples, it is able to predictstrength farther into the specialization process than NIC. LEM can predict the strength ofa new feature created by adding two or even more pairs to a current feature. Thus, LEMshould allow the system to find a solution more quickly than NIC. Also, the amount ofmemory used by LEM at each node can be adjusted to fit the resources available to thesystem. NIC, on the other hand, requires a specific amount of memory for its countersthat is determined by the input and output domains of the problem.4.5.3.Example Node (EN) Strength EstimationExample Node (EN) strength estimation allows complete information to be storedabout examples without the fixed limitation on the number of examples found in LEMestimation. The EN method of strength estimation requires no additional storage at a

node. However, it does require that example nodes are created. The example nodesprovide complete strength information about any new feature. LEM estimation couldprovide the same result, if the number of examples stored in a node is as large as thenumber of examples in the training set. However, using LEM in this way would typicallyrequire a large amount of memory in every node in the system. EN estimation does notsuffer from this drawback.An example node is a node whose feature is fully specific and defined directly by theexample. For instance, the example (Low, Head, Clear) fi Manual causes the creation offeature {(Wind Speed, Low), (Wind Direction, Head), (Visibility, Clear)}. The node isonly created if an equivalent node does not already exist. Example nodes do notparticipate in network execution during training. They do participate in normal execution.The following lines for creating example nodes are inserted in the main GS algorithm justbefore Line 7.Example Node Creation1.Create a new feature F = {(i1, x1), ..., (in, xn)},where x1, ..., xn are the values given in i.2.If a node with feature F does not already exist, then create a newnode with feature F. Initialize counters in the new node to zero.End.Let F be a new feature created by specializing a node’s feature. The estimated strengthfor F using the EN method is calculated by summing the counters in the example nodesthat are matched by F. Let N be an example node existing in the network. Let c and t betemporary counters initialized to zero. If F matches N then the T counter from N is addedto the counter t and the co counter from N is added to c. After summing all the examplenode counters in this manner, the strength of F is given by c/t.EN Strength Estimation (Input: F (new feature); Output: S (estimatedstrength of F))1.Set c and t to 0.2.For all nodes N.3.If N is an example node and F matches N4.Add T from node N to t.5.Add co from node N to c.6.End.7.End.8.Return the strength of F as c/t.End.For example, the root node in ˙ ENCalc¨ could create a new feature {(Wind Speed,High)}. This feature matches all three example nodes shown in ˙ ENCalc¨. Two of theexample nodes have a count of 1 for output Automatic, so the strength of the new featurewould be 2/3 for output Automatic. The feature has strength 1/3 for output Manual.Similarly, the feature {(Wind Direction, Head)} has strength 1/2 for either output. Thefeature {(Visibility, Cloudy)} has strength 2/2 for output Automatic and 0/2 for outputManual.

ManAuto

Node 101

(S,High)(D,Head)(V,Cld)

Root12ManAuto

Node 210(S,High)(D,Head)(V,Clr)ManAuto

Node 301(S,High)(D,Tail)(V,Cld)

Figure 4.34. Strength Calculation using Example NodesThe EN strength estimation algorithm can be implemented using either broadcast andgather or a general to specific interconnect topology. The general to specific topologyreduces network traffic compared to broadcast and gather. Both implementations aredescribed in Chapter 7.A new node created using this method is initialized as follows. All counters in the newnode are initialized to 0. Let N be an example node existing in the network. If the newnode matches the node N, then the total counter T from node N is added to the totalcounter T for the new node. Also, for each output point o, the counter co from node N isadded to counter co for the new node.EN Node Initialization (NN (new node)).1.Set all counters in the new node NN to 0.2.For all nodes N.3.If N is an example node and NN matches N4.Add T from node N to T for node NN.5.For all output points o.6.Add co from node N to co for node NN.7.End.8.End.9.End.End.An example of new node initialization is shown in ˙ ENInit¨. Node 4 is added to thenetwork shown in ˙ ENCalc¨. Nodes 1 and 3 match the new feature in Node 4 so thecounters for nodes 1 and 3 are summed into the new node’s counters.

ManAuto

Node 101

(S,High)(D,Head)(V,Cld)

Root12ManAuto

Node 210(S,High)(D,Head)(V,Clr)ManAuto

Node 301(S,High)(D,Tail)(V,Cld)

Node 402(V,Cld)Figure 4.35. Node Initialization using Example Nodes

4.5.3.1.

Training ExampleWe now give an example of learning using EN specialization. The network starts withonly the root node as shown in ˙ ENNetwork1¨. For simplicity, single-input nodes arenot used in this example. Connections are shown between nodes that have a general tospecific relationship. Strengths are shown after the counters in each node.ManAuto

Root000.00.0Figure 4.36. Initial NetworkExample 1: (Low, Tail, Cloudy) fi AutomaticExample 1 is given to the network. The network executes with the input (Low, Tail,Cloudy). The root node matches the example, but the strength of both outputs for theroot node is 0. Therefore, the output of the root node is Don’t-Know. Since there are noother nodes in the network, the output of the network is the output of the root or Don’t-Know.Node 1 is created as an example node with a feature that matches only the single inputpoint given in the example. The root node and Node 1 update their counters giving theresult shown in ˙ ENNetwork2¨. Since the output of the network is Don’t-Know, feature-specialization is not done and no additional nodes are created.

ManAuto

Root01ManAuto

Node 101(S,Low)(D,Tail)(V,Cld)

0.01.00.01.0Figure 4.37. Network after first exampleExample 2: (High, Tail, Clear) fi AutomaticExample 2 is given to the network. The network executes with the input (High, Tail,Clear). The root node matches the example while Node 1 does not match. The output ofthe root node is Automatic. Since there are no other matching nodes, the output of thenetwork is the output of the root.An example node does not already exist for the training example, so Node 2 is created.The root node and Node 2 update their counters giving the result shown in ˙ENNetwork3¨. The output of the network is the same as the example, so feature-specialization is not done and no additional nodes are created.ManAuto

Node 101

(S,Low)(D,Tail)(V,Cld)ManAuto

Root02ManAuto

Node 201(S,High)(D,Tail)(V,Clr)

0.00.00.01.01.01.0Figure 4.38. Network after second exampleExample 3: (High, Head, Clear) fi Manual

Example 3 is given to the network. The network executes with the input (High, Head,Clear). Again only the root node matches the example. The output of the root and thusthe output of the network is Automatic.Node 3 is created for the example. The root node and Node 3 update their countersgiving the result shown in ˙ ENNetwork4¨. The output of the network is different fromthe output of the example, so EN specialization is executed.The three example nodes are already fully specific, so no additional inputs can beadded to their features. They do not participate in the specialization process.The root node creates three new features by adding each of the three inputs in thetraining example to its current feature. The features and their strength for output Manualare as follows. (The strengths are calculated from the example nodes in ˙ ENNetwork4¨).{(Wind Speed, High)}1/2 = .50{(Wind Direction, Head)}1/1 = 1.0{(Visibility, Clear)}1/2 = .50Since the feature {(Wind Direction, Head)} is strongest, it is selected and used tocreate Node 4 in ˙ ENNetwork4¨. The counters in Node 4 are set according to the singlematching example node (Node 3).ManAuto

Node 101

(S,Low)(D,Tail)(V,Cld)

ManAuto

Root12ManAuto

Node 201(S,High)(D,Tail)(V,Clr)ManAuto

Node 310(S,High)(D,Head)(V,Clr)

Node 410(D,Head)

0.00.00.00.01.01.01.01.0.33.67Figure 4.39. Network after third exampleExample 4: (Low, Head, Clear) fi ManualExample 4 is given to the network. The network executes with the input (Low, Head,Clear). The root and Node 4 both match the example. The root outputs Automatic andNode 4 outputs Manual. The strength of Node 4 is 1/1 and the strength of the root is 2/3.Node 4 is stronger than the root, so the output of the network is Manual.

A new example node (Node 5) is created. The root, Node 4, and Node 5 update theircounters giving the result shown in ˙ ENNetwork5¨. Since the output of the network isthe same as the example, feature-specialization is not done.ManAuto

Node 101

(S,L)(D,T)(V,Cld)

ManAuto

Root22ManAuto

Node 201(S,H)(D,T)(V,Clr)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)

Node 510(S,L)(D,H)(V,Clr)

0.00.00.00.00.01.01.01.01.01.0.50.50Figure 4.40. Network after fourth exampleExample 5: (High, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (High, Head,Cloudy). The root and Node 4 both match the example. Node 4 is stronger than the root,so the network output is Manual.An example node is created (Node 6). The root, Node 4, and Node 6 update theircounters to the values shown in ˙ ENNetwork6¨. The output of the network is differentfrom the output of the example, so feature-specialization is executed.The root node creates three candidate features with strengths for output Automatic asfollows. (The strengths are calculated from the example nodes in ˙ ENNetwork6¨).{(Wind Speed, High)}2/3 = .67{(Wind Direction, Head)}1/3 = .33{(Visibility, Cloudy)}2/2 = 1.0The feature {(Visibility, Cloudy)} is strongest, so it is the feature the root node willuse to compete with Node 4 to obtain the right to create a new node.Node 4 creates two new features with strengths for output Automatic as follows.{(Wind Speed, High), (Wind Direction, Head)}1/2 = .50{(Wind Direction, Head), (Visibility, Cloudy)}1/1 = 1.0The feature {(Wind Direction, Head), (Visibility, Cloudy)} is strongest, so it is thefeature Node 4 will use to compete with the root.

Assume that simple generality is used to measure generality and that the constant c isset to .5. The generality, strength, and metric for the best new features of the two nodesare as follows.NodeGeneralityStrengthMetricRoot2/3 = .671.0.67 · .5 + 1 · .5 = .83Node 41/3 = .331.0.33 · .5 + 1 · .5 = .67The root node has a higher metric, so it wins the competition and creates Node 7 withthe feature {(Visibility, Cloudy)}. The counters in the new node are initialized to 0 andthen the counter for Automatic is incremented for Node 1 and Node 6 giving a total of 2.ManAuto

Node 101

(S,L)(D,T)(V,Cld)

ManAuto

Root23ManAuto

Node 601(S,H)(D,H)(V,Cld)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 421(D, Head)

Node 510(S,L)(D,H)(V,Clr)

Node 201(S,H)(D,T)(V,Clr)ManAuto

Node 702(V, Cloudy)

0.00.00.00.00.00.01.01.01.01.01.01.0.67.33.40.60Figure 4.41. Network after last exampleThe final network created by EN estimation is identical to that created by both NICand LEM estimation, except that the network contains example nodes. The functionsimplemented by the networks are also identical. As in the other strength-estimationexamples, no deletion is needed.EN estimation provides complete strength information about any new feature. NICestimation only gives information about features that are one level beyond current nodesin terms of their specificity. LEM estimation may lose information about some examplesdue to limited memory resources. Thus, it is expected that EN estimation should givebetter accuracy and speed of learning results than the other two methods. Simulationresults in Chapter 9 confirm this expectation.EN estimation conserves memory resources: information about an example is stored inonly one location. LEM estimation may store several copies of the same example in many

different nodes. NIC estimation may have redundant counters keeping statistics about thesame new feature.EN estimation requires communication between nodes to estimate the strength of anew feature. Both NIC and LEM estimation can estimate the strength of a new featureusing only local information. The general to specific network topology described inChapter 7 reduces the network traffic required for EN estimation by localizing thecommunications.Five algorithms for learning a set of features have been presented in this chapter. Allthe algorithms begin with general features. The general nodes gather statistics from thetraining examples. General features combine and specialize to form more specific features.Feature-union and feature-specialization algorithms create specific features based on thestrength of general features. If a problem has strong specific features that are notcomposed of strong general features, the algorithms may create many specific features inerror before finding good specific features. This weakness is overcome by threeapproaches to feature-specialization-with-strength-estimation. NIC estimation allowscomplete information to be kept locally about one level of additional specialization. ENestimation keeps complete information about multiple levels of specialization but requiresinternode communication. LEM estimation accuracy depends on the problem beinglearned, but LEM allows flexibility in the use of system resources.

Chapter 5Specific to General LearningThis chapter presents another method of learning features that avoids the exponentialnature of the number of features. Specific to general learning (SG) takes an approachessentially opposite to that of GS learning. The SG approach to creating features is tostart with specific nodes and expand around those nodes creating general nodes. Thesystem first creates nodes with features that match the training example exactly. Inputsare removed from the feature to create more general nodes until the new nodes conflictwith discordant nodes. Expansion of a feature terminates when it encounters anotherfeature with contradicting outputs.One way SG generalizes is by combining similar specific features. If two features aresimilar, they are close to each other in the input space. Combining the two features bydropping inputs that are not common between the features creates a new feature thatencompasses both the original features. The new feature is general: it matches points inthe input space that have not been defined by any example.5.1.Specific to General Learning AlgorithmsTwo different SG learning algorithms are presented in this chapter. The twoalgorithms differ only in the way they create new general features. This section describesthe main routine that is shared by both algorithms.Before any examples are given, SG begins with the single general feature {} thatcovers the complete input space. The initial feature is contained in a node called the root.The counters of the root node are all set to 0.An SG system repeatedly executes the learning algorithm shown in ˙ SGLearning¨ foreach example that is given to the system. When a training example is presented duringlearning, the network executes (Lines 1 to 2) to obtain the network output for the inputgiven in the example. Later, a general feature is created only if the output of the networkis different from the output of the example. (The network executes using only generalnodes. Example nodes do not participate since the network output would always becorrect for the training examples after the first pass.)After execution, the system creates an example node for the training example, if anequivalent node does not already exist (Lines 3 to 4). An example node is a node whosefeature is fully specific and defined directly by the example. For instance, the example(Low, Head, Clear) fi Manual causes the creation of feature {(Wind Speed, Low), (WindDirection, Head), (Visibility, Clear)}. Example nodes participate in normal networkexecution, but they do not participate in execution during training. Example nodes arealways created for SG learning since SG learning starts with specific features. Theexample nodes are the starting point for the process.If the network output is not equal to the example output, then a general node iscreated using existing nodes. Otherwise, no additional nodes are added to the system.Because SG learning works from specific to general, it creates a general node even when the network output is Don’t-Know. A Don’t-Know output during learning suggests thatthe network does not cover the input point given in the example. Thus, a general node iscreated to cover the point and other points around it.A general node can be created using feature-intersection or feature-generalization (Line6). The two approaches are not mixed but actually give different learning algorithms.Feature-intersection and feature-generalization are described in the sections that follow.After the training example is learned, nodes in the network that are not needed deletethemselves. Deletion is described in Chapter 4.Specific to General Learning1.Broadcast the training example (i, o) to all nodes in the network.2.Gather the strongest non-example node output giving the network output r.3.Create a new feature F = {(i1, x1), ..., (in, xn)},where x1, ..., xn are the values given in i.4.If a node with feature F does not already exist, then create a new node withfeature F. Initialize counters in the new node to zero.5.Each node that matches i increments its counters as described previously.6.If the network output is not correct (r „ o) then create a general node byone ofFeature-intersectionFeature-generalization7.Delete nodes that are not needed.End.Figure 5.1. Specific to General Learning5.2.Feature IntersectionOne method for creating general features is for existing nodes that are concordant withthe training example to combine their current feature with the training example. The newfeature is the intersection of the node’s current feature and the feature defined by thetraining example. Theorem 3.4 shows that the subdomain of the intersection of twofeatures completely encompasses the two original subdomains. Thus, the new feature is ageneralization of both original features.The new candidate feature is compared with features already existing in the network.If a feature the same as the new feature does not already exist, then the strength of thenew feature is calculated using example nodes. The counters in example nodes that arematched by the new feature are summed to give a count for output o and a total count.The counts are divided to give the estimated strength. If the newly created feature alreadyexists in another node in the network, the feature is not processed further.If the new feature with the strength as estimated is not covered or contradicted by anyother node, then the feature competes with all the other new features. If the new feature iscovered or contradicted, there is no need to create a node with the feature since the nodewould not affect the network output. A new node is created using the strongest and most general new feature. The example nodes that are matched by the new node are used toinitialize the counters in the new node.Recall from Section 3.7 that a feature is covered if its subdomain is encompassed bythe subdomain of a stronger feature with the same output. A feature is contradicted if itssubdomain is encompassed by the subdomain of a stronger feature with different output.New features that are equal to, covered by, or contradicted by existing features are foundusing either a broadcast and gather or using a GS network topology. These techniques aredescribed in Chapter 7.Feature Intersection1.For all nodes N with the same output as the training example.2.Let Fe = {(i1, x1), ..., (in, xn)}, where x1, ..., xn are the values given in i.3.Create a new feature F = Fe ˙ Fn, where Fn is the feature of node N.4.If a node with feature F does not already exist then5.Calculate the strength S of F using example nodes.6.If F with strength S is not covered or contradicted then mark N.7.End.8.Calculate the metric M = Gc + S(1—c), where G is the generality of F, Sis the strength of F for output o, and c is a constant between 0 and 1.9.End.10.Gather the new feature F with highest M from the marked nodes.11.Create a new node NN with feature F.12.Initialize counters in NN by counting example nodes that matchNN.End.Figure 5.2. Feature Intersection5.2.1.Training ExampleWe now give an example of specific to general learning using feature-intersection. Thenetwork starts with only the root node as shown in ˙ IntersectNet1¨. Connections areshown between nodes that have a general to specific relationship. Strengths are shownafter the counters in each node.ManAuto

Root000.00.0Figure 5.3. Initial NetworkExample 1: (Low, Tail, Cloudy) fi Automatic

Example 1 is given to the network. The network executes with the input (Low, Tail,Cloudy). The root node matches the example, but the strength of both outputs for theroot node is 0. Therefore, the output of the root node is Don’t-Know. Since there are noother nodes in the network, the output of the network is the output of the root or Don’t-Know.Node 1 is created as an example node with a feature that matches only the single inputpoint given in the example. The root node and Node 1 update their counters giving theresult shown in ˙ IntersectNet2¨. Typically in SG learning general nodes are created evenwhen the output of the network is Don’t-Know. The root node is already fully general sono new features can be created from it by intersection. The intersection of the root featureand any other feature is the same as the root feature since the root feature is the emptyset. The root effectively does not participate in the generalization process. Therefore, noadditional nodes are created.ManAuto

Root01ManAuto

Node 101(S,Low)(D,Tail)(V,Cld)

0.01.01.00.0Figure 5.4. Network after first exampleExample 2: (High, Tail, Clear) fi AutomaticExample 2 is given to the network. The network executes with the input (High, Tail,Clear). The root node matches the example. Since Node 1 is an example node, it does notparticipate in network execution during training. The output of the root node isAutomatic. Since there are no other matching nodes, the output of the network is theoutput of the root.An example node does not already exist for the training example, so Node 2 is created.The root node and Node 2 update their counters giving the result shown in ˙IntersectNet3¨. The output of the network is the same as the example, so feature-intersection is not done and no additional nodes are created.

ManAuto

Node 101

(S,Low)(D,Tail)(V,Cld)ManAuto

Root02ManAuto

Node 201(S,High)(D,Tail)(V,Clr)

0.00.00.01.01.01.0Figure 5.5. Network after second exampleExample 3: (High, Head, Clear) fi ManualExample 3 is given to the network. The network executes with the input (High, Head,Clear). Again only the root node matches the example. The output of the root and thusthe output of the network is Automatic.Node 3 is created for the example. The root node and Node 3 update their countersgiving the result shown in ˙ IntersectNet4¨. The output of the network is different fromthe output of the example, so feature-intersection is executed.The root node cannot generalize. Additionally, the root node and both Nodes 1 and 2have outputs that are different from the training example. Intersection is only done withnodes that have the same output as the training example. Therefore, no nodes intersectwith the example and no general features are created.ManAuto

Node 11

(S,Low)(D,Tail)(V,Cld)

Root12ManAuto

Node 201(S,High)(D,Tail)(V,Clr)ManAuto

Node 310(S,High)(D,Head)(V,Clr)

00.00.00.01.01.01.0.67.33Figure 5.6. Network after third exampleExample 4: (Low, Head, Clear) fi Manual

Example 4 is given to the network. The network executes with the input (Low, Head,Clear). The root node matches the example and the root is the only node that is not anexample node. The output of the root node as well as the network is Automatic.A new example node (Node 4) is created. The root node and Node 4 update theircounters giving the result shown in ˙ IntersectNet5¨. Since the output of the network isdifferent from the example, feature-intersection is executed.The only node with output the same as the training example is Node 3. Node 3intersects its feature, {(Wind Speed, High), (Wind Direction, Head), (Visibility, Clear)},with the feature given by the training example, {(Wind Speed, Low), (Wind Direction,Head), (Visibility, Clear)}.The resulting feature, {(Wind Direction, Head), (Visibility, Clear)}, is given anestimated strength of 2/2 = 1 by summing the counters of Nodes 3 and 4. The generalityof the new feature is 1/3 = .33. Assuming the constant c is set to .5, the metric for thenew feature is .33 · .5 + 1 · .5 = .67.No other nodes create new features so Node 3 wins the competition and creates Node5 with its new feature. The counters in Node 5 are first set to 0 and then the countersfrom Nodes 3 and 4 are summed into Node 5.ManAuto

Node 101

(S,L)(D,T)(V,Cld)

ManAuto

Root22ManAuto

Node 201(S,H)(D,T)(V,Clr)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 520(D,Head)(V,Clear)

Node 410(S,L)(D,H)(V,Clr)

0.00.00.00.00.01.01.01.01.01.0.50.50Figure 5.7. Network after fourth exampleExample 5: (High, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (High, Head,Cloudy). The root is the only node that matches the example. The output of the networkis the output of the root which is Don’t-Know.

An example node is created (Node 6). The root and Node 6 update their counters tothe values shown in ˙ IntersectNet6¨. The output of the network is different from theoutput of the example, so feature-intersection is executed.Nodes 1 and 2 have the same output as the example, so they both intersect their ownfeature with that defined by the example. Node 2 creates the new feature {(Wind Speed,High)}. The new feature is not equal to any existing feature. The feature has an estimatedstrength of 2/3 = .67. The strength of the root is 3/5 = .60 so the new feature is notcovered or contradicted by any other node (the root is the only node that is ageneralization of the new feature and thus the only node that has potential to cover orcontradict the new feature).Node 1 creates the new feature {(Visibility, Cloudy)}. The generality, strength, andmetric for the new features of the two nodes are as follows. (Assume that simplegenerality is used to measure generality and that the constant c is set to .5).NodeGeneralityStrengthMetricNode 12/3 = .672/2 = 1.0.67 · .5 + 1 · .5 = .83Node 22/3 = .672/3 = .67.67 · .5 + .67 · .5 = .67Nodes 1 and 2 compete using the metrics for their new features. Node 1 wins thecompetition and creates Node 7. The counters in the new node are initialized to 0 andthen the counters from Nodes 1 and 6 are summed into Node 7.ManAuto

Node 101

(S,L)(D,T)(V,Cld)

ManAuto

Root23ManAuto

Node 601(S,H)(D,H)(V,Cld)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 520(D, Head)(V,Clear)

Node 410(S,L)(D,H)(V,Clr)

Node 201(S,H)(D,T)(V,Clr)

Node 702(V,Cloudy)

0.00.00.00.00.00.00.01.01.01.01.01.01.01.0.40.60Figure 5.8. Network after last exampleThe function implemented by the network in ˙ IntersectNet6¨ is shown in ˙IntersectFunction¨. The function is the same as that implemented by the GS learningmodels although the networks that implement the functions are different.

Table 5.1. Function implemented by network in ˙ IntersectNet6¨HeadTail

ClearCloudyClearCloudy

LowManualAutomaticAutomaticAutomatic

MediumManualAutomaticAutomaticAutomatic

HighManualAutomaticAutomaticAutomatic

5.3.Feature GeneralizationRather than combining nodes to create new nodes, individual existing nodes cangeneralize themselves by removing inputs from their feature. All nodes that match thecurrent example and are concordant with the example generalize their feature until it iscovered or contradicted.The feature-generalization routine is shown in ˙ FeatureGeneral¨. All nodes (inparallel) that match the training example and are concordant with the example creategeneralizations of the current feature by removing an input/value pair (Lines 1 to 3). Forevery input ij contained in the node’s current feature, a new feature is created by removingthe pair (ij, xj) from the current feature. The new candidate features are stored in thenode’s local memory while strength estimation is done. Only a single new feature isselected to create a new node.If a newly created feature does not exist in another node in the network, the strengthof the new feature is calculated using example-node strength estimation (Lines 4 to 6).The candidate feature with highest strength for the target output that is not covered orcontradicted is selected for further processing. It is possible that all new features areeither covered or contradicted. In this case the generalization process terminates for thenode.If a new feature exists that is not covered or contradicted, then the strongest newfeature is saved and the node optionally repeats the generalization process using the newfeature (Lines 7 to 10). Generalization can be repeated as long as:1.It is possible to generalize the current best new feature (the feature still containsinputs to be removed).2.A new feature is created that is not covered or contradicted.Since general features are preferred over specific features, a metric is calculated thatcombines generality and strength of the best new feature. As in GS learning and feature-intersection, the metric is a linear combination of generality and strength, given by M = Gc+ S(1—c).The nodes compete according to the metric and the winning node is selected to createa new node using its best feature (Lines 13 to 15). The counters in the new node areinitialized by counting the example nodes that match the new feature.

Feature Generalization1.For all nodes N that match i and have the same output as o.2.Set F to the existing feature of the node N.3.For each input ij in F create a new feature Fj by removing the pair(ij, xj) from F.4.For each new feature Fj.5.If a node with feature Fj does not already exist thencalculate the strength of Fj using Example Nodes.6.End.7.If at least one new feature exists that is not covered or contradicted.8.Set F to the new feature with highest strength and mark N.9.Optionally repeat lines 3 to 10 using the new feature F.10.End.11.Calculate the metric M = Gc + S(1—c), where G is the generalityof F, S is the strength of F for output o, and c is a constant between 0and 1.12.End.13.Gather the new feature F with highest M from the marked nodes.14.Create a new node NN with feature F.15.Initialize counters in NN by counting example nodes that matchNN.End.Figure 5.9. Feature Generalization5.3.1.Training ExampleWe now give an example of specific to general learning using feature-generalization.The network starts with only the root node as shown in ˙ GenNet1¨. Connections areshown between nodes that have a general to specific relationship. Strengths are shownafter the counters in each node.ManAuto

Root000.00.0Figure 5.10. Initial NetworkExample 1: (High, Head, Cloudy) fi AutomaticExample 1 is given to the network. The network executes with the input (High, Head,Cloudy). The root node matches the example, but the strength of both outputs for the root node is 0. Therefore, the output of the root node is Don’t-Know. Since there are noother nodes in the network, the output of the network is the output of the root or Don’t-Know.Node 1 is created as an example node with a feature that matches only the single inputpoint given in the example. The root node and Node 1 update their counters giving theresult shown in ˙ GenNet2¨. Since the output of the network is Don’t-Know, feature-generalization is executed.Both Node 1 and the root node match the example, so they both participate ingeneralization. The root is already completely general (it contains no input/value pairsthat can be removed), so the root cannot create any new nodes more general than itself.Node 1 must decide which of the three input/value pairs to remove from its currentfeature. The three features resulting from removing each of the possible input/value pairsall match the single example node in the network (Node 1). All three features thereforehave the same estimated strength of 1/1 = 1. One of the features is arbitrarily chosen.Suppose that the feature {(Wind Direction, Head), (Visibility, Cloudy)}, resulting fromdropping the first input/value pair (Wind Speed, High), is chosen.The feature must be tested against current network nodes to determine if a new nodecan be created. The feature is not equal to that contained in any node in the network. Thefeature is not contradicted by any node in the network since the output of all currentnodes is Automatic which is the same as the new feature. However, the feature is coveredby the root node since the root node has the same output and strength as the new feature.Therefore, a new node is not created for the feature. The resulting network is shown in ˙GenNet2¨.ManAuto

Root01ManAuto

Node 101(S,High)(D,Head)(V,Cld)

0.00.01.01.0Figure 5.11. Network after first exampleExample 2: (High, Tail, Clear) fi AutomaticExample 2 is given to the network. The network executes with the input (High, Tail,Clear). The root node matches the example. Since Node 1 is an example node, it does notparticipate in network execution during training. Even if example nodes did take part,Node 1 does not match the example. The output of the root node is Automatic. Since thereare no other matching nodes, the output of the network is the output of the root.

An example node does not already exist for the training example, so Node 2 is created.The root node and Node 2 update their counters giving the result shown in ˙ GenNet3¨.The output of the network is the same as the example, so feature-generalization is notdone and no additional nodes are created.ManAuto

Node 101

(S,High)(D,Head)(V,Cld)ManAuto

Root02ManAuto

Node 201(S,High)(D,Tail)(V,Clr)

0.00.00.01.01.01.0Figure 5.12. Network after second exampleExample 3: (High, Head, Clear) fi ManualExample 3 is given to the network. The network executes with the input (High, Head,Clear). Again only the root node matches the example. The output of the root and thusthe output of the network is Automatic.Node 3 is created for the example. The root node and Node 3 update their countersgiving the result shown in ˙ GenNet4¨. The output of the network is different from theoutput of the example, so feature-generalization is executed.The root node cannot generalize. Additionally, the root node and both Nodes 1 and 2have outputs that are different from the training example. Generalization is only donewith nodes that match the training example and have the same output as the example.Node 3 is the only node that meets this criteria.Node 3 calculates the strength of the three features resulting from removing eachinput/value pair from its current feature. The feature {(Wind Speed, High), (WindDirection, Head)} matches Example Nodes 1 and 3 so the strength of the feature forManual is 1/2. The strength of feature {(Wind Speed, High), (Visibility, Clear)} is also 1/2since it matches Nodes 2 and 3. The strength of feature {(Wind Direction, Head),(Visibility, Clear)} is 1/1 because it only matches Node 3.The feature {(Wind Direction, Head), (Visibility, Clear)} is the strongest feature forNode 3. The generality of the new feature is 1/3 = .33. Assuming the constant c is set to.5, the metric for the new feature is .33 · .5 + 1 · .5 = .67. There are no other nodes tocompete with Node 3 for the creation of a new node.Node 3’s candidate feature is not equal to the feature of any node, nor is it covered orcontradicted by any node. The subdomain of the root node completely contains thesubdomain of the new feature, so the root could potentially cover or contradict the new feature. However, the strength of the root is lower than that of the new feature.Therefore, Node 4 is created using the new feature. The counters in Node 4 are initializedusing the only example node that is matched by Node 4, which is Node 3.ManAuto

Node 101

(S,High)(D,Head)(V,Cld)

ManAuto

Root12ManAuto

Node 201(S,High)(D,Tail)(V,Clr)ManAuto

Node 310(S,High)(D,Head)(V,Clr)

Node 410(D,Head)(V,Clr)

0.00.00.00.01.01.01.01.0.33.67Figure 5.13. Network after third exampleExample 4: (Low, Head, Clear) fi ManualExample 4 is given to the network. The network executes with the input (Low, Head,Clear). The root node and Node 4 both match the example. The strength of the root is 2/3= .67 and the output is Automatic. The strength of Node 4 is 1/1 = 1 and the output isManual. Since Node 4 is stronger, the output of the network is Manual.A new example node (Node 5) is created. The root node, Node 4, and Node 5 updatetheir counters giving the result shown in ˙ GenNet5¨. Since the output of the network isthe same as the example, feature-generalization is not done. The resulting network isshown in ˙ GenNet5¨.

ManAuto

Node 101

(S,H)(D,H)(V,Cld)

Root22ManAuto

Node 201(S,H)(D,T)(V,Clr)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)(V,Clear)

Node 510(S,L)(D,H)(V,Clr)

0.00.00.00.00.01.01.01.01.01.0.50.50Figure 5.14. Network after fourth exampleExample 5: (Low, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (Low, Head,Cloudy). The root is the only node that matches the example. The output of the networkis the output of the root which is Don’t-Know.An example node is created (Node 6). The root and Node 6 update their counters tothe values shown in ˙ GenNet6¨. The output of the network is different from the outputof the example, so feature-generalization is executed.Node 6 is the only node that matches the example and has the same output as theexample. Node 6 creates three new candidate features with strengths for output Automaticas follows.{(Wind Speed, Low), (Wind Direction, Head)}1/2 = .50{(Wind Speed, Low), (Visibility, Cloudy)}1/1 = 1.0{(Wind Direction, Head), (Visibility, Cloudy)}2/2 = 1.0None of the features is equal to any existing feature. Two of the features have equalhighest strength, so one of the two is arbitrarily chosen. Suppose that the last feature{(Wind Direction, Head), (Visibility, Cloudy)} is chosen. The new feature is not coveredor contradicted by any other node.No other nodes match the example, so Node 6 has no competition for creation of anew node. Node 7 is created with counters initialized from Nodes 1 and 6.

ManAuto

Node 101

(S,H)(D,H)(V,Cld)

Root23ManAuto

Node 201(S,H)(D,T)(V,Clr)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)(V,Clear)

Node 510(S,L)(D,H)(V,Clr)

Node 601(S,L)(D,H)(V,Cld)ManAuto

Node 702(D,H)(V,Cld)

0.00.00.00.00.00.00.01.01.01.01.01.01.01.0.40.60Figure 5.15. Network after last exampleThe function implemented by the network in ˙ GenNet6¨ is the same as thatimplemented by feature-intersection although the networks that implement the functionsare different.Two algorithms for learning a set of features have been presented in this chapter. Bothalgorithms begin with specific features. The specific features are combined and generalizedto create more general features. Feature-intersection can combine two specific features andcreate a very general feature quickly. Feature-generalization requires more steps to createa very general feature since it can only remove one input at a time. Therefore, feature-intersection is expected to converge to a solution more quickly than feature-generalization.On the other hand, feature-intersection can only create new features that are anintersection between an existing feature and the training example. Feature-generalizationhas more options for the new features it can create. Thus, feature-generalization may findbetter solutions for the problem being learned.SG learning begins with example nodes and expands around them to find generalfeatures that match the problem. GS learning begins with general features and specializesthem. Thus, SG is expected to give better results when the problem has a large number ofspecific features in its solution. GS should perform better when a small number of generalfeatures give a good problem solution.

Chapter 6Combining GS Learning and SG LearningGS learning begins with general features and specializes those features to learn asimple set of features that implements a function. SG learning begins with specificfeatures and generalizes those features also to learn a set of features that implements afunction. GS learning performs better on some training sets than SG learning and SGlearning performs better than GS learning on other sets of data. In this chapter the twomethods are combined so that both specialization and generalization are done in the samemodel. The resulting model provides good performance over a wider range of applications.GS and SG models are combined in two ways. One method executes an SG algorithmfollowed by a GS algorithm. Each algorithm creates a new node so two new nodes arecreated each time the network does not output correctly for a training example. Anotherway to combine GS and SG models is to create only a single new node with the featurethat is the best of the features generated from the SG algorithm and the GS algorithm.When creating a single best feature, an individual node considers both generalizationsand specializations of its current feature. The node generates the generalizations of itsfeature that would be generated by feature-generalization in SG learning. The node alsogenerates the specializations of its feature that would be generated by feature-specialization in GS learning. The best new feature is then selected for furtherconsideration.It may appear that union and intersection operations also could be combined.However, union combines two relatively general features into a more specific feature.Intersection combines two relatively specific features into a more general feature. Unionand intersection are therefore difficult to combine into a single model. A model combiningunion and intersection would require complex interactions between multiple nodes.Since SG models exclusively use EN strength estimation, the most sensible GS modelsto combine with SG are those that use EN strength estimation. If new features are to becomparable between the GS and SG approaches then the same method of strengthestimation should be used for both generalization and specialization.One combined algorithm runs feature-specialization with EN strength estimation andcreates a new node. Then feature-generalization with EN strength estimation is executedand a second new node is created.In the second combined algorithm, individual nodes create both generalizations andspecializations of their current feature as described above. The strength of both thegeneralizations and specializations is estimated using EN strength estimation. Thestrongest new feature is used in competition with other nodes. The winning node creates asingle new node using the strongest feature.6.1.Generalization And Specialization Learning AlgorithmThis section describes the main routine that is shared by both types of combinedgeneralization and specialization (GAS) algorithms. A GAS system repeatedly executes the learning algorithm shown in ˙ GASLearn¨ for each example that is given to thesystem. Before any examples are given, GAS begins with the single general feature {} thatcovers the complete input space. The initial feature is contained in a node called the root.The counters of the root node are all set to 0.When a training example is presented during learning, the network executes (Lines 1 to2) to obtain the network output for the input given in the example. Later, generalization-and-specialization is only executed if the output of the network is different from theoutput of the example.After execution, the system creates an example node for the training example, if anequivalent node does not already exist (Lines 3 to 4). Example nodes are always neededfor GAS Learning for two reasons. First, EN strength estimation is used in GAS Learning.Second, since generalization is done, example nodes are needed as a starting point for theprocess.The network can optionally create single-input nodes (Lines 5 to 8) just as in GSlearning. The system compares the output of the network with the output of the exampleto determine if generalization-and-specialization should be done just as in both GS andSG.Lines 11 and 12 list the two alternatives for GAS Learning. Either two nodes arecreated, one each for generalization and specialization, or one node is created that is thebest feature created by both of the methods.Generalization And Specialization (GAS) Learning1.Broadcast the training example (i, o) to all nodes in the network.2.Gather the strongest non-example node output giving the network output r.3.Create a new feature F = {(i1, x1), ..., (in, xn)},where x1, ..., xn are the values given in i.4.If a node with feature F does not already exist, then create a new node withfeature F. Initialize counters in the new node to zero.5.If single-input nodes are to be created, then for each input value xj in i.6.Create a new feature F = {(ij, xj)}.7.If a node with feature F does not already exist, then create a newnode with feature F. Initialize counters in the new node to zero.8.End.9.Each node that matches i increments its counters as described previously.10.If the network output is not correct (r „ o) then do one of thefollowing.11.Create two new nodes, one for feature-specialization andone for feature-generalization.12.Create one new node, the best of feature-specialization andfeature-generalization.13.End.14.Delete nodes that are not needed.End.Figure 6.1. Generalization and Specialization Learning

After the training example is learned, nodes in the network that are not needed deletethemselves. Deletion is described in Chapter 4.6.2.Both Generalization and SpecializationWhen creating two new nodes, the previously described feature-generalization andfeature-specialization procedures can be used without modification. Feature-generalization with EN strength estimation is executed and then feature-specializationwith EN strength estimation is executed.An example is given to illustrate. The network starts with only the root node asshown in ˙ GSSGNet1¨. Connections are shown between nodes that have a general tospecific relationship. Strengths are shown after the counters in each node. For simplicity,single-input nodes are not created.ManAuto

Root000.00.0Figure 6.2. Initial NetworkExample 1: (High, Tail, Clear) fi AutomaticExample 1 is given to the network. The network executes with the input (High, Tail,Clear). The root node matches the example but the strength of both outputs for the rootnode is 0. Therefore, the output of the root node is Don’t-Know. Since there are no othernodes in the network, the output of the network is the output of the root or Don’t-Know.For the purpose of simplifying this example, when the output of the network is Don’t-Know, feature-generalization and feature-specialization will not be executed.Node 1 is created as an example node with a feature that matches only the single inputpoint given in the example. The root node and Node 1 update their counters giving theresult shown in ˙ GSSGNet2¨. Since the output of the network is Don’t-Know, no othernodes are created.

ManAuto

Root01ManAuto

Node 101(S,High)(D,Tail)(V,Clr)

0.00.01.01.0Figure 6.3. Network after first exampleExample 2: (High, Head, Cloudy) fi AutomaticExample 2 is given to the network. The network executes with the input (High, Head,Cloudy). The root node matches the example. Since Node 1 is an example node, it doesnot participate in network execution during training. Even if example nodes did take part,Node 1 does not match the example. The output of the root node is Automatic. Since thereare no other matching nodes, the output of the network is the output of the root.An example node does not already exist for the training example so Node 2 is created.The root node and Node 2 update their counters giving the result shown in ˙ GSSGNet3¨.The output of the network is the same as the example, so feature-generalization andfeature-specialization are not done and no additional nodes are created.ManAuto

Node 11

(S,High)(D,Tail)(V,Clr)ManAuto

Root02ManAuto

Node 201(S,High)(D,Head)(V,Cld)

00.00.00.01.01.01.0Figure 6.4. Network after second exampleExample 3: (High, Head, Clear) fi Manual

Example 3 is given to the network. The network executes with the input (High, Head,Clear). Only the root node matches the example. The output of the root and thus theoutput of the network is Automatic.Node 3 is created for the example. The root node and Node 3 update their countersgiving the result shown in ˙ GSSGNet4¨. The output of the network is different from theoutput of the example, so feature-generalization is executed followed by feature-specialization.The root node is already completely general (it contains no input/value pairs that canbe removed) so the root cannot create any new nodes more general than itself.Additionally, the root node and both Nodes 1 and 2 have outputs that are different fromthe training example. Generalization is only done with nodes that match the trainingexample and have the same output as the example. Node 3 is the only node that meetsthis criteria.Node 3 calculates the strength of the three features resulting from removing eachinput/value pair from its current feature. The feature {(Wind Speed, High), (WindDirection, Head)} matches Example Nodes 2 and 3, so the strength of the feature forManual is 1/2. The strength of feature {(Wind Speed, High), (Visibility, Clear)} is also 1/2since it matches Nodes 1 and 3. The strength of feature {(Wind Direction, Head),(Visibility, Clear)} is 1/1 because it only matches Node 3.The feature {(Wind Direction, Head), (Visibility, Clear)} is the strongest feature forNode 3. Node 3’s candidate feature is not equal to that in any node, nor is it covered orcontradicted by any node. There are no other nodes to compete with Node 3 for thecreation of a new node. Therefore, Node 4 is created using the new feature. The countersin Node 4 are initialized using the only example node that is matched by Node 4 which isNode 3.The root node is the only node able to attempt feature-specialization since Node 3(the only other node that matches the example) is already completely specific. The rootnode creates three features from the training example with strengths for output Manual asfollows. (The strengths are calculated from the example nodes in ˙ GSSGNet4¨).{(Wind Speed, High)}1/3 = .33{(Wind Direction, Head)}1/2 = .50{(Visibility, Clear)}1/2 = .50Since the last two features have equal strength, assume that the feature {(WindDirection, Head)} is arbitrarily selected. No other nodes compete with the root node sothe root creates Node 5. The counters in Node 5 are initialized by summing the countersin Nodes 2 and 3. The resulting network is shown in ˙ GSSGNet4¨.

ManAuto

Node 101

(S,High)(D,Tail)(V,Clr)

Root12ManAuto

Node 201(S,High)(D,Head)(V,Cld)ManAuto

Node 310(S,High)(D,Head)(V,Clr)

Node 410(D,Head)(V,Clr)

Node 511(D,Head)

0.00.00.00.01.01.01.01.0.50.50.33.67Figure 6.5. Network after third exampleExample 4: (Low, Head, Clear) fi ManualExample 4 is given to the network. The network executes with the input (Low, Head,Clear). The root node, Node 4, and Node 5 all match the example. The strength of theroot is 2/3 = .67 and the output is Automatic. The strength of Node 4 is 1/1 = 1 and theoutput is Manual. The strength of Node 5 is 1/2 = .5 and the output is Don’t-Know. SinceNode 4 is strongest, the output of the network is Manual.A new example node (Node 6) is created. The root node, Node 4, Node 5, and Node 6update their counters giving the result shown in ˙ GSSGNet5¨. Since the output of thenetwork is the same as the example, feature-generalization and feature-specialization arenot done. The resulting network is shown in ˙ GSSGNet5¨.

ManAuto

Node 11

(S,H)(D,T)(V,Clr)

Root22ManAuto

Node 201(S,H)(D,H)(V,Cld)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)(V,Clear)

Node 610(S,L)(D,H)(V,Clr)

Node 521(D,Head)

00.00.00.00.00.01.01.01.01.01.0.67.33.50.50Figure 6.6. Network after fourth exampleExample 5: (Low, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (Low, Head,Cloudy). The root and Node 5 match the example. The strength of the root is 2/4 = .5 andthe output is Don’t-Know. The strength of Node 5 is 2/3 = .67 and the output is Manual.Therefore, the output of the network is Manual since Node 5 is the strongest.An example node is created (Node 7). The root, Node 5, and Node 7 update theircounters to the values shown in ˙ GSSGNet6¨. The output of the network is differentfrom the output of the example, so feature-generalization is executed followed by feature-specialization.Node 7 is the only node that matches the example and has the same output as theexample. (The root node meets the criteria but as before cannot generalize. Node 5matches the example but the output is Don’t-Know. Even if Node 5 could participate itsonly generalization is equal to the root.)Node 7 creates three new candidate features with strengths for output Automatic asfollows.{(Wind Speed, Low), (Wind Direction, Head)}1/2 = .50

{(Wind Speed, Low), (Visibility, Cloudy)}1/1 = 1.0{(Wind Direction, Head), (Visibility, Cloudy)}2/2 = 1.0None of the features is equal to any existing feature. Two of the features have equalhighest strength, so one of the two is arbitrarily chosen. Suppose that the last feature{(Wind Direction, Head), (Visibility, Cloudy)} is chosen.The strength of the root is 3/5 and the strength of Node 5 is 2/4 = .5, so the newfeature is not covered or contradicted by any other node. (The root node and Node 5 arethe only nodes with subdomains that encompass the new feature and thus the only nodesthat have potential to cover or contradict the new feature.)Node 7 has no competition for creation of a new node. Node 8 is created withcounters initialized from Nodes 2 and 7.The root node and Node 5 both perform feature-specialization since they both matchthe example. The root node creates three features from the training example with strengthsfor output Automatic as follows.{(Wind Speed, Low)}1/2 = .50{(Wind Direction, Head)}2/4 = .50{(Visibility, Cloudy)}2/2 = 1.0The feature {(Wind Direction, Head)} is already contained in Node 5, so the feature isnot considered further. The feature {(Visibility, Cloudy)} has highest strength and isselected.Node 5 creates two new features with strengths for output Automatic as follows.{(Wind Speed, Low), (Wind Direction, Head)}1/2 = .50{(Wind Direction, Head), (Visibility, Cloudy)}2/2 = 1.0The feature {(Wind Direction, Head), (Visibility, Cloudy)} is equal to the feature inNode 8 and is not processed further.Assume that simple generality is used to measure generality and that the constant c isset to .5. The generality, strength, and metric for the competing features are as follows.NodeGeneralityStrengthMetricRoot2/3 = .671.0.67 · .5 + 1 · .5 = .83Node 51/3 = .33.50.33 · .5 + .5 · .5 = .42The root node wins the competition and creates Node 9 using the new feature. Thecounters in Node 9 are initialized by summing the counters in Nodes 2 and 7. Theresulting network is shown in ˙ GSSGNet6¨.

ManAuto

Node 101

(S,H)(D,T)(V,Clr)

Root23ManAuto

Node 201(S,H)(D,H)(V,Cld)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)(V,Clear)

Node 610(S,L)(D,H)(V,Clr)

Node 522(D,Head)

Node 701(S,L)(D,H)(V,Cld)ManAuto

Node 802(D,Head)(V,Cloudy)

Node 902(V,Cloudy)

0.00.00.00.00.00.00.00.01.01.01.01.01.01.01.01.0.50.50.40.60Figure 6.7. Network after last exampleAfter a second pass over the training examples, Nodes 5 and 8 delete themselves,since neither node ever wins the competition during execution. Any example matched byNode 5 is also matched by the root node. The root node has higher strength than Node 5,so the root will always win. Any example matched by Node 8 is also matched by Node 9.Node 9 has the same strength as Node 8. Since Node 9 has higher generality, it willalways win the competition.The function implemented by the resulting network is the same as that implementedby both the GS learning models and the SG learning models, although the networks thatimplement the functions are different. When learning more complex problems, GASshould give better results than either GS or SG since GAS combines both models. GAShas potential to learn (1) problems that have a small number of general features and (2)problems that have a larger number of more specific features.6.3.Best of Generalization or SpecializationWhen doing generalization-and-specialization nodes may be created that are not ofhigh strength such as Node 5 in the last example. In that example, if only the best of the two possible new nodes were created, then Node 4 would be selected over Node 5 andNode 5 would not have been created. This section shows how generalization andspecialization are combined by creating the best new feature of all those that could becreated by either feature-generalization or feature-specialization.The generalization-or-specialization routine is shown in ˙ GoSLearn¨. All nodes (inparallel) that match the training example create generalizations of the current feature byremoving an input/value pair and specializations by adding an input/value pair (Lines 1 to6). For every input ij contained in the node’s current feature, a new more general feature iscreated by removing the pair (ij, xj) from the current feature. For every input ij notcontained in the node’s current feature, a new more specific feature is created by addingthe pair (ij, xj) to the current feature, where xj is the value of input ij from the trainingexample. The new candidate features are stored in the node’s local memory while strengthestimation is done. Only a single new feature is selected to create a new node.If a newly created feature does not exist in another node in the network, the strengthof the new feature is calculated using example nodes (Lines 7 to 9). Candidate featuresthat are specializations and are weaker than the current feature of the node are eliminatedfrom competition. Candidate features that are covered or contradicted by another node arealso eliminated from competition. The remaining candidate features compete and thecandidate feature with highest strength for the target output is selected for furtherprocessing. It is possible that all new features are either covered or contradicted. In thiscase the process terminates for the node.If a new feature exists that is not covered or contradicted, then the strongest newfeature is saved and the node optionally repeats the process using the new feature (Lines10 to 13).Since general features are to be preferred over specific features, a metric is calculatedthat combines generality and strength of the best new feature. As in both GS learning andSG learning, the metric is a linear combination of generality and strength, given by M = Gc+ S(1—c).The marked nodes compete according to the metric and the winning node is selected tocreate a new node using its best feature (Lines 16 to 18). The counters in the new node areinitialized by summing the counters in all the example nodes that are matched by the newnode.

Generalization or Specialization1.For all nodes N that match the example2.Set F to the existing feature of the node N.3.For each input ij create a new feature Fj as follows.4.If ij is not contained in F then Fj = F ¨ {(ij, xj)}, where xj isthe value of input ij in the training example.5.If ij is contained in F then Fj = F - {(ij, xj)}.6.End.7.For each new feature Fj.8.If a node with feature Fj does not already exist thencalculate the strength of Fj using Example Nodes.9.End.10.If at least one new feature exists that is not covered orcontradicted.11.Set F to the new feature with highest strength andmark N.12.Optionally repeat lines 3 to 13 using the newfeature F.13.End.14.Calculate the metric M = Gc + S(1—c), where G is the generalityof F, S is the strength of F for output o, and c is a constant between 0and 1.15.End.16.Gather the new feature F with highest M from the marked nodes.17.Create a new node NN with feature F.18.Initialize counters in NN by counting example nodes that matchNN.End.Figure 6.8. Feature Generalization or Specialization6.3.1.Training ExampleWe now give an example of GAS learning selecting the best of generalization andspecialization. The network starts with only the root node as shown in ˙ GoSNet1¨.Connections are shown between nodes that have a general to specific relationship.Strengths are shown after the counters in each node. For simplicity, single-input nodes arenot created.

ManAuto

Root000.00.0Figure 6.9. Initial NetworkExample 1: (High, Tail, Clear) fi AutomaticExample 1 is given to the network. The network executes with the input (High, Tail,Clear). The root node matches the example but the strength of both outputs for the rootnode is 0. Therefore, the output of the root node is Don’t-Know. Since there are no othernodes in the network, the output of the network is the output of the root or Don’t-Know.Node 1 is created as an example node with a feature that matches only the single inputpoint given in the example. The root node and Node 1 update their counters giving theresult shown in ˙ GoSNet2¨. Since the output of the network is Don’t-Know, no othernodes are created.ManAuto

Root01ManAuto

Node 101(S,High)(D,Tail)(V,Clr)

0.00.01.01.0Figure 6.10. Network after first exampleExample 2: (High, Head, Cloudy) fi AutomaticExample 2 is given to the network. The network executes with the input (High, Head,Cloudy). The root node matches the example. Since Node 1 is an example node, it doesnot participate in network execution during training. Even if example nodes did take part,Node 1 does not match the example. The output of the root node is Automatic. Since thereare no other matching nodes, the output of the network is the output of the root.An example node does not already exist for the training example so Node 2 is created.The root node and Node 2 update their counters giving the result shown in ˙ GoSNet3¨.The output of the network is the same as the example, so generalization-or-specializationis not done and no additional nodes are created.

ManAuto

Node 101

(S,High)(D,Tail)(V,Clr)ManAuto

Root02ManAuto

Node 201(S,High)(D,Head)(V,Cld)

0.00.00.01.01.01.0Figure 6.11. Network after second exampleExample 3: (High, Head, Clear) fi ManualExample 3 is given to the network. The network executes with the input (High, Head,Clear). Only the root node matches the example. The output of the root and thus theoutput of the network is Automatic.Node 3 is created for the example. The root node and Node 3 update their countersgiving the result shown in ˙ GoSNet4¨. The output of the network is different from theoutput of the example, so generalization-or-specialization is executed.The root node and Node 3 match the training example, so both nodes executegeneralization-or-specialization. Nodes 1 and 2 do not match the example so they are idleduring the generalization-or-specialization process.The root node has no input/value pairs that can be removed from its feature, so theroot cannot create any features more general than itself. The root node creates threefeatures, all more specific than its current feature, by adding input/value pairs from thetraining example. The features and their strengths for output Manual are as follows.{(Wind Speed, High)}1/3 = .33{(Wind Direction, Head)}1/2 = .50{(Visibility, Clear)}1/2 = .50All three features are contradicted by the root node which has strength of 2/3 = .67 foroutput Automatic. Therefore, the root node has no viable new features to create and doesnot compete with other nodes.Node 3 is completely specific. No additional input/value pairs can be added to itsfeature. Therefore, the new features created by Node 3 are all generalizations of its currentfeature created by removing input/value pairs. The features and their strengths for outputManual are as follows.{(Wind Speed, High), (Wind Direction, Head)}1/2 = .50{(Wind Speed, High), (Visibility, Clear)}1/2 = .50{(Wind Direction, Head), (Visibility, Clear)}1/1 = 1.0The feature {(Wind Direction, Head), (Visibility, Clear)} is the strongest feature forNode 3. Node 3’s candidate feature is not equal to that in any node, nor is it covered orcontradicted by any node. There are no other nodes to compete with Node 3 for creation of a new node. Therefore, Node 4 is created using the new feature. The counters in Node4 are initialized using the only example node that is matched by Node 4 which is Node 3.The resulting network is shown in ˙ GoSNet4¨.ManAuto

Node 101

(S,High)(D,Tail)(V,Clr)

ManAuto

Root12ManAuto

Node 201(S,High)(D,Head)(V,Cld)ManAuto

Node 310(S,High)(D,Head)(V,Clr)

Node 410(D,Head)(V,Clr)

0.00.00.00.01.01.01.01.0.33.67Figure 6.12. Network after third exampleExample 4: (Low, Head, Clear) fi ManualExample 4 is given to the network. The network executes with the input (Low, Head,Clear). The root node and Node 4 both match the example. The strength of the root is 2/3= .67 and the output is Automatic. The strength of Node 4 is 1/1 = 1 and the output isManual. Since Node 4 is stronger, the output of the network is Manual.A new example node (Node 5) is created. The root node, Node 4, and Node 5 updatetheir counters giving the result shown in ˙ GoSNet5¨. Since the output of the network isthe same as the example, generalization-or-specialization is not done. The resultingnetwork is shown in ˙ GoSNet5¨.

ManAuto

Node 101

(S,H)(D,T)(V,Clr)

Root22ManAuto

Node 201(S,H)(D,H)(V,Cld)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)(V,Clear)

Node 510(S,L)(D,H)(V,Clr)

0.00.00.00.00.01.01.01.01.01.0.50.50Figure 6.13. Network after fourth exampleExample 5: (Low, Head, Cloudy) fi AutomaticExample 5 is given to the network. The network executes with the input (Low, Head,Cloudy). The root is the only node that matches the example. The output of the networkis the output of the root which is Don’t-Know.An example node is created (Node 6). The root and Node 6 update their counters tothe values shown in ˙ GoSNet6¨. Since the output of the network is Don’t-Know, noadditional nodes are created.

ManAuto

Node 101

(S,H)(D,T)(V,Clr)

Root23ManAuto

Node 201(S,H)(D,H)(V,Cld)ManAuto

Node 310(S,H)(D,H)(V,Clr)

Node 420(D,Head)(V,Clear)

Node 510(S,L)(D,H)(V,Clr)

Node 601(S,L)(D,H)(V,Cld)

0.00.00.00.00.00.01.01.01.01.01.01.0.40.60Figure 6.14. Network after last exampleNote that the final network in this example implements exactly the same function asthat in the last example. However, the network here is simpler with fewer nodes. In fact,for this training set, the generalization-or-specialization method requires no deletion ofnodes.Because GAS learning using generalization-or-specialization creates a node using thebest new feature, it should learn with fewer mistakes in new feature creation than GASlearning using feature-generalization and feature-specialization. Generalization-or-specialization is expected to learn (1) problems that have few general features and (2)problems that have many specific features since, like the first GAS model, generalization-or-specialization combines both GS and SG learning.

Chapter 7Interconnect ArchitecturesThis chapter explains how a number of nodes are connected together into a networkthat can carry out the algorithms of network execution and learning described in previouschapters. The first architecture, Broadcast/Gather, is a simple approach that can beimplemented easily on existing parallel systems with static topologies. The secondarchitecture, General/Specific, is a more complicated approach that requires dynamicinterconnect in a full hardware implementation. However, the second approach providesincreased performance in learning.7.1.Broadcast/Gather ArchitectureBroadcast/Gather is an approach that uses only two communication operationsbetween nodes, broadcast and gather. Broadcast is the operation of sending data to allnodes in the system. Gather is the operation of getting data from all nodes in the systemand combining that data together. Broadcast and gather can be implemented on severaldifferent network topologies including trees and hypercubes.7.1.1.BroadcastBroadcast is the operation of communicating the same data object to every node in thesystem. Some models may use a restricted form of broadcast where an object is onlygiven to nodes that meet some test. There are many examples of the use of broadcast:1.When the network must execute and produce an output, the input patternis broadcast to all nodes in the network.2.When an example is given during learning, that example is broadcast to allnodes in the network.3.When a new candidate feature is created, the feature is broadcast to thenetwork to determine if a node already exists with the feature.Broadcast can be implemented in several ways. Here we give only the binary treeimplementation. The method can be generalized so that broadcast can be done on anytype of tree.A tree consists of nodes and connections between nodes. Each node in a tree has asingle parent. Each node in a binary tree has 0, 1, or 2 children. A connection is madebetween each pair of nodes that has a parent/child relationship. One node in the tree is theroot. The root has no parent. Nodes with no children are called leaves.An example of a tree is shown in ˙ Tree¨. The root is typically shown at the top ofthe tree. The children of nodes at level i in the tree are drawn at level i + 1 or one levellower in the tree. The parents are drawn at level i - 1 or one level higher. The parent ofNode 1 is the Root. Node 1 is a child of the Root. The children of Node 1 are Nodes 3 and4. Node 1 is the parent of Nodes 3 and 4. Nodes 3 through 6 in the tree are leaf nodes.

Root

Node 3

Node 4

Node 5

Node 6

Node 1

Node 2

Figure 7.1. Binary TreeBroadcast on a tree begins when the root node receives data from the environment.The root node stores the data locally. The root then sends the data to both of its children.The children of the root store the data locally. The children then send the data to theirchildren. The process repeats until the data reaches the leaf nodes.Note that the number of steps required to broadcast on a tree is proportional to thenumber of levels in the tree. The broadcast operation is O(d), where d is the number oflevels in the tree. It can be shown that d is O(log n) for a balanced tree, where n is thenumber of nodes in the tree.An example of broadcast on a tree is shown in ˙ TreeBC¨. The training example (Low,Tail, Clear) fi Automatic is to be broadcast to all the nodes in the network. The trainingexample is first given to the root node as shown in ˙ TreeBC¨.

Root

Node 3

Node 4

Node 5

Node 6

Node 1

Node 2

AutomaticLow Tail ClrFigure 7.2. Broadcast on a Binary TreeThe root node stores the training example and then sends the training example to itschildren, Nodes 1 and 2, as shown in ˙ TreeBC2¨. Nodes 1 and 2 store the trainingexample and send the example to their children, Nodes 3 through 6, which are leaf nodes.

AutomaticLow Tail ClrAutomaticLow Tail ClrAutomaticLow Tail ClrFigure 7.3. Broadcast to the children of the rootBroadcast on a tree can be broken into two parts, (1) the part done by the system,and (2) the part done by each node. These two parts are shown in the following routines.System Broadcast(Input: Data)

Send Data to the root node.End.Node Broadcast()Take Data from parent node.Store Data into self.If children exist thenSend Data to child nodes.End.End.7.1.2.GatherGather is the operation of taking data from all nodes in the system and combining thatdata into a single datum. The combining function used in a gather operation will usuallycombine any number of pieces of data without regard to order. For example whenobtaining a sum of several numbers, the individual numbers can be added together in anyorder and the same result is obtained. Some models may use a restricted form of gatherwhere data is only taken from nodes that meet some test. There are many examples of theuse of gather:1.When the network must execute and produce an output, the output of eachnode is gathered and combined using a maximum function on the strength of theoutput. The final output of the gather operation is thus the strongest output of allthe nodes.2.When several nodes create new candidate features, the features are gatheredand combined using a maximum function on the goodness measure for the feature.The best new candidate feature is the output of the gather operation.Gather can be implemented in several ways. Here we give only the binary treeimplementation. The method can be generalized so that gather can be done on any type oftree.Gather on a tree is done starting at the leaves. The leaf nodes send their data to theirparent nodes. The parent nodes combine the data received from the children and their ownlocal data using the combining function. Note that for a binary tree the combining functiontakes three inputs (two children and the local data) and produces one output. The parentnodes then send the result of the combining function to their parent nodes. The parentnodes at the next level perform the combining function and send the result to the nextlevel. The process repeats until the data reaches the root node.Note that the number of steps required to gather on a tree is proportional to thenumber of levels in the tree. The gather operation is O(d), where d is the number of levelsin the tree. It can be shown that d is O(log n) for a balanced tree, where n is the number ofnodes in the tree.An example of gather on a tree is shown in ˙ TreeGather¨. Each node contains itsoutput and the strength of the output. This data is gathered using a maximum function toobtain an output for the network.

Root

Node 3

Node 4

Node 5

Node 6

Node 1

Node 2

Man .5Man .33Man .75Auto .67Auto 1Auto .5Man .25Figure 7.4. Gather on a Binary TreeThe first step is for the leaf nodes, Nodes 3 through 6, to send their data to theirparents, Nodes 1 and 2. Node 1 performs the maximum function on the values .75, 1, and.33 from Nodes 3, 4, and 1, respectively. The maximum value of 1 along with the outputAuto is temporarily stored in Node 1 as shown in ˙ TreeGather2¨. Node 2 also performsthe maximum operation. The maximum strength in this case is the strength from Node 2itself. The maximum is temporarily stored in Node 2 as shown in ˙ TreeGather2¨.

Man .5Man .33Man .75Auto .67Auto 1Auto .5Man .25Auto 1Auto .67Figure 7.5. Gather from the leaves

The maximums stored in Nodes 1 and 2 are passed up the tree to the root node. Theroot node performs the maximum function on the two values passed up from the childrenand the value stored in the root. The maximum of the three strengths is 1 with outputAuto. The maximum is temporarily stored in the root node and sent out as the output ofthe network as shown in ˙ TreeGather3¨.

Root

Node 3

Node 4

Node 5

Node 6

Node 1

Node 2

Man .5Man .33Man .75Auto .67Auto 1Auto .5Man .25Auto 1Auto .67Auto 1Figure 7.6. Gather to the rootAfter the gather operation on the tree is complete, the system takes the resulting datafrom the root node. The system operation is given in the routine below followed by theroutine executed by all nodes in the tree.System Gather(Output: Data)Get Data from the root node.End.Node Gather()If children exist thenGet Data from child nodes.Compute combining function on data from child nodes and data fromself.Send Result to parent node.ElseSend Data from self to parent node.End.End.

7.1.3.EN Strength Estimation using Broadcast/GatherEN Strength Estimation requires communication between nodes to produce a resultsince the strength information is distributed throughout the example nodes. One methodfor providing the required communication is to use broadcast/gather.First, the new candidate feature is broadcast to all nodes in the network. The examplenodes that are matched by the new candidate feature respond by providing two counts,the count for the output that is given in the training example and the total count. Thegather operation performs two separate sums, one for the output count and one for thetotal count. Note that only example nodes that are matched by the new feature providedata for the gather operation. The result of the gather operation is the two sums. The sumof the count for the output is divided by the sum of the total count to give the estimatedstrength of the new feature.7.2.General/Specific (GS) architectureThis section describes a network topology where nodes are connected when they havea general to specific or a specific to general relationship. The topology allows learning tobe done more efficiently. Learning is O(log m), where m is the number of network nodes,when using the GS topology compared to O(m log m) with broadcast/gather. (The detailsof the complexity results are given in Chapter 8.) This section describes the GSinterconnection structure. The algorithms for creation of connections are described.Algorithms for finding equal features using the network are given.During learning suppose n nodes are attempting to create a new feature. Each time anode considers creating a new feature it must determine if the feature is already containedin another node in the network. Using a broadcast/gather architecture there can be n nodesbroadcasting on the network at one time. Each node may consider the creation of severalnew features for each training example. The process of testing for the existence of featuresin the network can become very costly.The test for feature existence should be localized so that not all nodes are involved inthe broadcast that searches for an equal feature. When a node creates a new feature, thenew feature is either a specialization or a generalization of the current feature at the node.Suppose that each node A is connected to all nodes that contain specializations of thefeature stored in A. If node A is doing GS learning and creating specializations of itscurrent feature, then node A can find any existing feature that is equal to a new candidatefeature by searching only the nodes that are connected to node A. Similarly if node A isconnected to all nodes that contain generalizations of the feature contained in A and ifnode A is doing SG learning then node A need only search connected nodes to find existingfeatures that are equal to new candidate features.7.2.1.TopologyA network using the GS topology is a set of nodes N and a set of edges E. Let A, B,and C be nodes from N. Let Fa, Fb, and Fc be the features for nodes A, B, and C,respectively. Suppose the network is defined such that there is an edge from A to B if-and-only-if Fa is a generalization of Fb.An example of such a network is shown in ˙ GS¨. The root node is connected to allother nodes since the root is a generalization of every possible feature. Node 1 is a generalization of both Nodes 2 and 3. Note that the connections between the root andNodes 2 and 3 are essentially redundant. These connections can be obtained bycomputing the transitive closure of other connections. The number of connectionsrequired in the network can be reduced by removing these redundant connections.

Root

Node 2

Node 3

Node 1

{}{(D,H)}{(S,H)(D,H)}{(S,L)(D,H)}

Figure 7.7. General/Specific ArchitectureThe definition for edges is modified to remove edges that are redundant. An edgeexists from A to B if-and-only-if Fa is a generalization of Fb and there is not some othernode C, such that Fc is a generalization of Fb and Fc is a specialization of Fa. In otherwords, two nodes are connected if the feature in one node is either the most specificgeneralization or the most general specialization of the feature in the other node.An example of a network without redundant connections is shown in ˙ GS2¨. Notethat a node can still have multiple generalizations. Node 3 is connected to Nodes 1 and 2since both nodes are generalizations of Node 3 but Nodes 1 and 2 are not generalizationsor specializations of each other. The resulting network is thus a directed acyclic graph(DAG) rather than a tree.

Root

Node 3

Node 4

Node 2

{}{(D,H)}{(S,H)(D,H)}{(S,L)(D,H)}

Node 1{(S,H)}Figure 7.8. General/Specific Architecture7.2.2.Adding NodesWhen adding a new node to a GS network the new node must be connected to existingnodes that are the most specific generalizations of the new node. The new node must alsobe connected to existing nodes that are the most general specializations of the new node.It is desirable to reduce the number of existing nodes that must be searched in order toconnect a new node. By using information that is already known about a new node thenew node can be connected in a more efficient manner.When a new node is known to be a specialization of an existing network node N,specializations of the new node can be found efficiently by starting at node N in thenetwork. This process is described in Section 7.2.2.1. When a node is known to be ageneralization of an existing network node N, generalizations of the new node can befound efficiently by starting at node N in the network. This process is described inSection 7.2.2.2. Once a node is linked into the network, other nodes previously existing inthe network may have become redundant. Section 7.2.2.3 shows how these links areremoved. Some new nodes may have no specialization or a specialization of the node maynot be known. Generalization links for such a node can be found using the proceduredescribed in Section 7.2.2.4.The remaining four sections (7.2.2.5 to 7.2.2.8) describe how the four building blockroutines are combined to completely link four different types of nodes into the network.1.Single-Input Nodes.2.Example Nodes.3.Specializations of existing nodes.4.Generalizations of existing nodes.

7.2.2.1.

Specialization LinksThe specialization DAG of a node N is the set of nodes and connections starting at Nand going in the direction of specialization.

The routine LinkSpec shown in ˙ LinkSpec¨ finds the most general specializations ofa new node N given an existing node G in the network that is a generalization of N. Byusing node G that is already connected in the network the search is narrowed to onlythose nodes in the specialization DAG starting at node G. Since G is a generalization ofN, N is a specialization of G, and all specializations of N are guaranteed to be contained inthe specialization DAG of G.The routine searches the specialization DAG of G starting at G and proceeding in ageneral to specific direction. Let T be a node in the specialization DAG of G that is alsofound to be a specialization of N. Since the search is general to specific, T is guaranteed tobe a most general specialization. Therefore, Node T is linked to node N.Node T is not guaranteed to be a most general specialization if the network allowsredundant links. If redundant links are allowed, G can be linked to two specializations, S1and S2, where S1 is a specialization of S2. The algorithm would link both nodes to N butthe link to S1 would be redundant.All nodes in the specialization DAG beyond T are specializations of T so any linksbetween those nodes and node N are redundant links. Therefore, the search of the DAGdoes not continue beyond node T.Let F be a specialization of G that is not a specialization of N. If node F overlapsnode N it is possible that some specialization of F is a specialization of N. Therefore, thesearch of the DAG is continued to the next level by calling the routine recursively startingwith node F. If node F does not overlap (is discriminated with) node N then there is nospecialization of F that can ever be a specialization of N, so the search of the DAG doesnot continue.LinkSpec(G, N).1.For all nodes S that are specializations connected to node G.2.If S is a specialization of N then3.If a link between S and N is not a redundant linkthen4.Link S and N.5.End.6.else If S overlaps N then7.LinkSpec(S, N).8.End.9.End.End.Figure 7.9. Link a Node to its Specializations˙ LinkSpecExample¨ shows an example of linking a new node to its specializations.Suppose Node 2 has just created Node 8 which is a new specialization of Node 2. SinceNode 2 is creating a specialization it is known that Node 2 is a generalization of Node 8and the LinkSpec routine can be used.

Root

Node 4

Node 1

{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Figure 7.10. LinkSpec ExampleThe routine starts at Node 2. Nodes 3, 4, and 5 are compared to Node 8 since they arespecializations connected to Node 2. Node 5 is found to be a specialization of Node 8, soNode 5 is linked to Node 8 as a specialization. Node 3 is not a specialization of Node 8.However, Node 3 does overlap with Node 8. Therefore, LinkSpec is called recursivelystarting at Node 3. Specializations of Node 3 are compared with Node 8. Node 6 is foundto be a specialization of Node 8, so Node 6 is linked to Node 8. No other specializationsof Node 3 exist, so the recursion terminates and processing continues back withspecializations of Node 2. The remaining specialization of Node 2, Node 4, isdiscriminated with Node 8 by the Wind Direction input. Therefore LinkSpec is not calledrecursively on Node 4 and the linking process is complete. The resulting network isshown in ˙ LinkSpecExample2¨. Note that Node 8 must still be linked to itsgeneralizations.

Root

Node 4

Node 1

{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Figure 7.11. Completed Specialization Links

7.2.2.2.

Generalization LinksThe generalization DAG of a node N is the set of nodes and connections starting at Nand going in the direction of generalization.The routine LinkGen shown in ˙ LinkGen¨ finds the most specific generalizations ofa new node N given an existing node S in the network that is a specialization of N. Byusing node S that is already connected in the network the search is narrowed to only thosenodes in the generalization DAG starting at node S. Since S is a specialization of N, N is ageneralization of S, and all generalizations of N are guaranteed to be contained in thegeneralization DAG of S.The routine searches the generalization DAG of S starting at S and proceeding in aspecific to general direction. Let T be a node in the generalization DAG of S that is alsofound to be a generalization of N. Since the search is specific to general, T is guaranteed tobe a most specific generalization. Therefore, Node T is linked to node N.Node T is not guaranteed to be a most specific generalization if the network allowsredundant links. If redundant links are allowed, S can be linked to two generalizations G1and G2, where G1 is a generalization of G2. The algorithm would link both nodes to N butthe link to G1 would be redundant.All nodes in the generalization DAG beyond T are generalizations of T so any linksbetween those nodes and node N are redundant links. Therefore, the search of the DAGdoes not continue beyond node T.Let F be a generalization of S that is not a generalization of N. There may be somegeneralization of F that is a generalization of N. If F and N have no input/value pair incommon (the intersection of the features contained in F and N is the empty set), then theonly generalization of F that is a generalization of N is the root node. Therefore, when F and N have no input/value pair in common the search for generalizations is not continuedbeyond node F. If F and N have a common input/value pair, the search of the DAG iscontinued to the next level by calling LinkGen recursively starting with node F. If, afterthe entire search is completed, no generalizations of N are found, then N must be linked tothe root node.LinkGen(S, N).1.For all nodes G that are generalizations connected to node S.2.If G is a generalization of N then3.If a link between G and N is not a redundant linkthen4.Link G and N.5.End.6.else If G ˙ N „ ˘ then7.LinkGen(G, N).8.End.9.End.End.Figure 7.12. Link a Node to its Generalizations˙ LinkGenExample¨ shows an example of linking a new node to its generalizations.Suppose Node 6 has just created Node 8 which is a new generalization of Node 6. SinceNode 6 is creating a generalization, it is known that Node 6 is a specialization of Node 8and the LinkGen routine can be used.

Root

Node 4

Node 1

{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Figure 7.13. LinkGen ExampleThe routine starts at Node 6. Nodes 1 and 3 are compared to Node 8 since they aregeneralizations connected to Node 6. Node 1 is found to be a generalization of Node 8, soNode 1 is linked to Node 8 as a generalization. Node 3 is not a generalization of Node 8.However, Node 3 and Node 8 have a common input/value pair, (Wind Speed, High).Therefore, LinkGen is called recursively starting at Node 3. Generalizations of Node 3 arecompared with Node 8. Node 2 is found to be a generalization of Node 8, so Node 2 islinked to Node 8. Node 9 is not a generalization of Node 8 and the two nodes have noinput/value pairs in common. Therefore, LinkGen is not called recursively starting atNode 9. No other generalizations of Node 3 exist, so the recursion terminates andprocessing continues back with generalizations of Node 6. No other generalizations ofNode 6 exist, so the linking process is complete. The resulting network is shown in ˙LinkGenExample2¨. Note that Node 8 must still be linked to its specializations.

Root

Node 4

Node 1

{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Figure 7.14. Completed Generalization Links

7.2.2.3.

Removing Redundant Links˙ RedunLinks¨ shows Node 8 after it has been linked to both specializations andgeneralizations as described in the previous two sections. Note that linking Node 8 intothe network has created three redundant links (Node 1 to Node 5, Node 1 to Node 6, andNode 2 to Node 5). The routine RemoveRedundant must be run on Node 8 to remove theextra links.

Root

Node 4

Node 1

{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Figure 7.15. Redundant Links After Adding a New NodeRemoveRedundant considers all pairs of nodes (G, S), where G is a generalizationdirectly connected to N and S is a specialization directly connected to N. If a link existsbetween G and S, the link is redundant and is removed. This simple routine keeps thenetwork free from redundant links because it is run whenever a new node is added to thenetwork. Thus, when the routine is run, the only redundant links in the network are thosethat were created by adding the new node. The routine is not intended to remove arbitraryredundant links.RemoveRedundant(N).1.For all nodes G that are generalizations connected to node N.2.For all nodes S that are specializations connected to node N.3.If G and S are linked then4.Unlink G and S.5.End.6.End.7.End.End.Figure 7.16. Remove Redundant Links After Linking a New NodeThe example shown in ˙ RedunLinks¨ has four general/specific pairs for Node 8,(Node 1, Node 5), (Node 1, Node 6), (Node 2, Node 5), and (Node 2, Node 6). The firstthree pairs of nodes are linked so the links are removed giving the network shown in ˙RemoveRedunExample¨.

Root

Node 4

Node 1{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Figure 7.17. Network After Removing Redundant Links

7.2.2.4.

Finding Generalization Links without a Specialization NodeThe routine LinkRoot in ˙ LinkRoot¨ finds the most specific generalizations of a newnode without knowing any relationship between the new node and any existing nodes.The routine is called starting at the root node. The root node is known to be ageneralization of all possible other nodes. However, there may be some specialization ofthe root S that is also a generalization of the new node. In such a case the new nodeshould not be linked to the root because the root is not the most specific generalization.The routine checks all specializations of the root node. If no specialization is found tobe a generalization of the new node then the root is known to be the most specificgeneralization and the root is linked to the new node.If any specialization S of the root node is found to be a generalization of the new nodethen LinkRoot is called recursively starting at S. A flag is set to indicate that the root nodeshould not be linked to the new node. LinkRoot must be called recursively because node Smay have a specialization that is a generalization of the new node. In such a case the newnode should not be linked to node S because S is not the most specific generalization.The specializations of node S are compared to the new node. If no specializations arefound to be generalizations of the new node then node S is linked to the new node.Otherwise the process is repeated with the specialization by again calling LinkRootrecursively and node S is not linked.Note that the search is limited to nodes that are generalizations of the new node. Thusthe number of nodes visited is relatively small.

LinkRoot(G(search node), N(new node)).1.Link = TRUE.2.For all nodes S that are specializations connected to node G.3.If S is a generalization of N then4.LinkRoot(S, N).5.Link = FALSE.6.End.7.End.8.If Link and a link between G and N is not a redundant link then9.Link G and N.10.End.End.Figure 7.18. Link Generalizations˙ LinkRootExample¨ shows an example of adding a new node (Node 10) when nospecialization of the new node exists in the network. The generalization links must befound by using the LinkRoot procedure. LinkRoot begins at the root node. Specializationsconnected to the root node, Nodes 1, 2, and 9, are compared to the new node. Node 1 isnot a generalization of the new node, so it is not processed further. Node 2 is ageneralization of the new node, so (1) a flag is set indicating that the root node should notbe linked to the new node and (2) LinkRoot is called recursively starting at Node 2.

Root

Node 4

Node 1{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Node 10{(S,H)(D,H)(V,Clr)}Figure 7.19. Finding Generalizations without a Specialization Node

Specializations of Node 2, Nodes 8 and 4, are compared with the new node. Node 8 isnot a generalization of the new node, so it is not processed further. Node 4 is ageneralization of the new node, so (1) a flag is set indicating that Node 2 should not belinked to the new node and (2) LinkRoot is called starting at Node 4.Node 7, the only specialization of Node 4, is compared to the new node. Node 7 isnot a generalization of the new node, so it is not processed further. The Link flag remainsset to true since no specializations of Node 4 were found to be generalizations of the newnode. Therefore, Node 4 is linked to the new node as a generalization. The recursionterminates and returns to the LinkRoot procedure at Node 2.Node 2 has no more specializations to check, so that recursion terminates and returnsto the LinkRoot procedure at the root node. A generalization was found beyond Node 2,so Node 2 is not linked to the new node.Node 9, the remaining specialization of the root node, is a generalization of the newnode, so LinkRoot is called recursively starting at Node 9. Node 6, the only specializationof Node 9, is compared to the new node. Node 6 is not a generalization of the new node,so it is not processed further. The Link flag remains set to true since no specializations ofNode 9 were found to be generalizations of the new node. Therefore, Node 9 is linked tothe new node as a generalization. The recursion terminates and returns to the LinkRootprocedure at the root node. No specializations of the root node remain to be processed, sothe linking procedure has completed. The resulting network is shown in ˙LinkRootExample2¨.

Root

Node 4

Node 1{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Node 10{(S,H)(D,H)(V,Clr)}

Figure 7.20. Network After Linking Generalizations

7.2.2.5.

Single-Input NodesSince single-input nodes contain only a single input/value pair, it is known that single-input nodes have only a single generalization link to the root node. The only way a nodewith a single input/value pair can be generalized is by removing that input/value pair. Thiswill always give the empty set as the result for the generalized feature. This feature is thefeature that is always found in the root node. Therefore, a new single-input node isalways linked directly to the root.Specializations of the new node can then by found by calling LinkSpec starting at theroot node. Finally, any redundant links must be removed by calling RemoveRedundant.LinkSingleInputNode(N).Link the Root Node and Node N.LinkSpec(Root, N).RemoveRedundant(N).End.Figure 7.21. Linking a Single-Input Node

7.2.2.6.

Example NodesExample nodes are completely specific. No node can be a specialization of an examplenode. Therefore, no specialization links are possible to an example node. An examplenode does need to be linked to its generalizations. Since no specialization exists for anexample node, the LinkGen routine cannot be used to find generalizations for the newnode. When adding an example node the LinkRoot routine must be used.Since example nodes have no specialization links, it is not possible for the addition ofan example node to cause a previous link in the network to become redundant. Therefore,after adding an example node the RemoveRedundant routine does not need to be called.LinkExampleNode(N).LinkRoot(Root, N).End.Figure 7.22. Linking an Example Node

7.2.2.7.

Specializations of Existing NodesWhen a new specific node is created in GS Learning, an existing node is always knownto be a generalization of the new node. Therefore, specialization links can be created forthe new node by calling the LinkSpec routine.After specializations are linked to the new node, one of those specializations can beused to find generalizations of the new node using the LinkGen routine. If the new nodedoes not have any specializations then the LinkRoot routine must be used to findgeneralizations of the new node. A specialization of a new node may not exist when doingGS learning without creating example nodes.Finally, after the node is linked, redundant links must be removed by callingRemoveRedundant.

LinkSpecializationNode(G, N).1.LinkSpec(G, N).2.If node N is linked to a specialization S then3.LinkGen(S, N).4.Else5.LinkRoot(Root, N).6.End.7.RemoveRedundant(N).End.Figure 7.23. Linking a Specialization of an Existing Node

7.2.2.8.

Generalizations of Existing NodesWhen a new general node is created in SG Learning, an existing node is always knownto be a specialization of the new node. Therefore, generalization links can be created forthe new node by calling the LinkGen routine.After generalizations are linked to the new node, one of those generalizations can beused to find specializations of the new node using the LinkSpec routine. A generalizationalways exists for every possible new general node since the root is a generalization ofevery other node.Finally, after the node is linked, redundant links must be removed by callingRemoveRedundant.LinkGeneralizationNode(S, N).1.LinkGen(S, N).2.Let G be one of the generalizations just linked to N.3.LinkSpec(G, N).4.RemoveRedundant(N).End.Figure 7.24. Linking a Generalization of an Existing Node7.2.3.Deleting NodesWhen a node N is deleted, all pairs of nodes (G, S), where G is a generalizationdirectly connected to N and S is a specialization directly connected to N, must beconsidered for linking. The process is essentially the reverse of removing redundant linkswhen a node is added. If a link between G and S is not redundant (treating the node N asthough it has already been removed from the network) then G and S are linked. If the nodeN is not treated as though is has already been removed from the network, then N willcause all links between all pairs (G, S) to appear redundant.After the nodes around the node being deleted are linked together, then the node beingdeleted is unlinked from the network.

RemoveLinks(N).1.For all nodes G that are generalizations connected to node N.2.For all nodes S that are specializations connected to node N.3.If a link between G and S is not a redundant link(assuming N is deleted) then4.Link G and S.5.End.6.End.7.End.8.For all nodes G that are generalizations connected to node N.9.Unlink G and N.10.End.11.For all nodes S that are specializations connected to node N.12.Unlink S and N.13.End.End.Figure 7.25. Removing Links when Deleting a NodeAn example of removing a node from a network is shown in ˙ DeleteExample¨.Assume that Node 8 is deleted. Four new links must be considered for creation (Node 1,Node 5), (Node 1, Node 6), (Node 2, Node 5), and (Node 2, Node 6).

Root

Node 4

Node 1{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 8{(S,H)(D,T)}

Node 9{(V,Clr)}

Node 10{(S,H)(D,H)(V,Clr)}

Figure 7.26. Network Before Deleting Node

None of the four new links are redundant so all four are created. Then Node 8 isremoved from the network giving the result shown in ˙ DeleteExample2¨.

Root

Node 4

Node 1{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Node 9{(V,Clr)}

Node 10{(S,H)(D,H)(V,Clr)}

Figure 7.27. Network After Deleting Node7.2.4.Using the NetworkThe structure of the GS network has been shown. Algorithms for creation anddeletion of the network have been given. This section describes how the network is usedfor learning and execution.The GS architecture must still be capable of broadcast to give the input pattern to thenodes during execution and the training example to the nodes during learning. The networkmust be capable of gather to collect the strongest output during execution and todetermine the best new feature during learning. The first two sections (7.2.4.1 and 7.2.4.2)explain how broadcast and gather are done on the GS network topology.The next three sections (7.2.4.3 to 7.2.4.5) describe how the GS topology is used toincrease efficiency of the learning algorithms. The GS architecture improves efficiency inlearning by:1.Localizing the search for equal nodes.2.Restricting the search for covering and contradicting nodes.3.Localizing the estimation of strength using example nodes.Finally, the last section (7.2.4.6) presents an alternative to example node strengthestimation. This new strength estimation method is made possible by the GS topology.

7.2.4.1.

Broadcast on a GS Architecture (DAG)The GS interconnect creates a Directed Acyclic Graph (DAG) rather than a tree. Thebroadcast algorithm must be modified to work with a DAG. A DAG is similar to a tree

except that in a DAG a node can have multiple parents. The GS DAG does have a singleroot node where broadcast operations begin and gather operations terminate.The central issue concerning broadcast on a DAG is that the data or command that isbeing broadcast must only be given to each node one time. Since each node can havemultiple parents the standard tree broadcast algorithm could give the data to a node asmany times as the node has parents. The information broadcast to the network may be acommand such as increment. If such a command is executed multiple times at some nodesthe results will not be correct.The sending of data is controlled by using an increasing message number in eachmessage. A register in each node stores the message number from the last message thatwas accepted. When a new message is received the message number in the new message iscompared with that stored in the node. If the number in the new message is greater thanthe number stored in the node then it is known that the node has not yet seen the newmessage. Therefore, the message is accepted and processed. If the number in the newmessage is less than or equal to the number stored in the node then it is known that thenew message has already been seen by the node.Because of the structure of the GS network, the broadcast of messages can berestricted to only those nodes that match the input pattern. For many operationsrequiring broadcast and gather, the only nodes in the network that need to participate arenodes that match the input pattern. The BroadcastMatching routine only broadcasts tonodes that match the input pattern. Since the network is organized from general tospecific, once a node N is found to not match the input pattern, none of the nodes in thespecialization DAG beyond N need to be visited. Thus the broadcast is efficient in termsof visiting only those nodes that must be visited.A full broadcast routine can be obtained by removing the matching test on line 6 ofBroadcastMatching.SystemBroadcastMatching(D).1.Increment Message Number.2.Store Message Number in D.3.BroadcastMatching(Root, D).End.BroadcastMatching(N, D)1.If Message Number from D > Message Number from the last Dthen2.Store Message Number from D into N.3.Store D into N.4.Execute any commands contained in D.5.For all nodes S that are specializations connected to node N.6.If S matches the input pattern then7.BroadcastMatching(S, D).8.End.9.End.10.End.End.Figure 7.28. Broadcast on a GS Network

7.2.4.2.

Gather on a GS Architecture (DAG)Gather on a GS topology is not very different from gather on a tree. The mainconsideration is that the data being gathered must only be sent to one parent in the GSnetwork so that the data does not participate multiple times in the result. Most times agather operation is associated with and follows a broadcast operation. Therefore, oneapproach is for each node involved in the gather to send its data to the parent from whichit received the associated broadcast.System Gather(Output: Data)1.Get Data from the root node.End.Node Gather(N, D)1.If node N has specializations then2.For all nodes S that are specializations connected to node N.3.If node S has data to send then4.Get Data from node S.5.End.6.End.7.Compute combining function on data from child nodes anddata from self.8.Send Result to a single parent node.9.Else10.Send Data from self to a single parent node.11.End.End.Figure 7.29. Gather on a GS Network

7.2.4.3.

Finding Equal Nodes on a GS ArchitectureWhen an existing node G creates a new specialization N of itself, G can determine if anode equal to N already exists in the network by searching the specialization DAGstarting at G. The search need not proceed beyond nodes in the specialization DAG of Gthat are not generalizations of N. Such nodes can never be specialized further such that theresult is equal to N.The routine EqualSpec first compares N to nodes that are connected to G asspecializations. If such a node S is equal to N then an equal node has been found and thesearch terminates. Otherwise, if S is a generalization of N then EqualSpec is calledrecursively to check the next level of specialization nodes. The search terminates wheneither an equal node is found or none of the nodes on the frontier of the search aregeneralizations of the new node.

EqualSpec(G, N).1.For all nodes S that are specializations connected to node G.2.If S = N then3.Return TRUE.4.End.5.If N is a specialization of S then6.E = EqualSpec(S, N).7.If E = TRUE then8.Return TRUE.9.End.10.End.11.End.12.Return FALSE.End.Figure 7.30. Finding Equal SpecializationsFor example, suppose the Root Node in ˙ EqSpecExample¨ creates the new feature{(Wind Direction, Tail)}. Node 1 is found to be equal to the new feature by searchingonly direct specializations. Suppose the Root creates the feature {(Wind Speed, Low)}.None of the direct specializations are equal to the new feature. None of the directspecializations are generalizations of the new feature, so specializations at the next leveldo not need to be considered. Whenever a node creates a new feature by adding only asingle input/value pair to its current feature, the node can determine if the new feature isredundant by only searching direct connections.Suppose the Root Node creates the new feature {(Wind Speed, High), (Visibility,Cloudy)}. Node 1 is found to be neither equal to the new feature nor a generalization ofthe new feature. Node 2 is found to be a generalization of the new feature, so the searchcontinues with specializations of Node 2. Node 5 is found not equal to the new featureand Node 5 is a leaf node, so the search cannot continue beyond Node 5. Nodes 3 and 4are not equal to the new feature. Nodes 3 and 4 are not generalizations of the new feature,so the search terminates having not found the new feature redundant.

Root

Node 4

Node 1

{}{(D,T)}{(S,H)(D,H)}

Node 2{(S,H)}

Node 3{(S,H)(V,Clr)}

Node 6{(S,H)(D,T)(V,Clr)}

Node 5{(S,H)(D,T)(V,Cld)}

Node 7{(S,H)(D,H)(V,Cld)}

Figure 7.31. Finding Equal Nodes ExampleWhen an existing node S creates a new generalization N of itself, S can determine if anode equal to N already exists in the network by searching the generalization DAGstarting at S. The search need not proceed beyond nodes in the generalization DAG of Sthat are not specializations of N. Such nodes can never be generalized further such that theresult is equal to N.The routine EqualGen first compares N to nodes that are connected to S asgeneralizations. If such a node G is equal to N then an equal node has been found and thesearch terminates. Otherwise, if G is a specialization of N then EqualGen is calledrecursively to check the next level of generalization nodes. The search terminates wheneither an equal node is found or none of the nodes on the frontier of the search arespecializations of the new node.

EqualGen(S, N).1.For all nodes G that are generalizations connected to node S.2.If G = N then3.Return TRUE.4.End.5.If N is a generalization of G then6.E = EqualGen(G, N).7.If E = TRUE then8.Return TRUE.9.End.10.End.11.End.12.Return FALSE.End.Figure 7.32. Finding Equal GeneralizationsFor example, suppose Node 6 in ˙ EqSpecExample¨ creates the new feature {(WindSpeed, High), (Wind Direction, Tail)}. Neither Nodes 1 or 3 are equal to the new feature.Neither Node 1 or 3 are specializations of the new feature, so generalizations at the nextlevel do not need to be considered. Whenever a node creates a new feature by removingonly a single input/value pair from its current feature, the node can determine if the newfeature is redundant by only searching direct connections.Suppose Node 6 creates the new feature {(Visibility, Clear)}. Node 1 is found to beneither equal to the new feature nor a specialization of the new feature. Node 3 is foundto be a specialization of the new feature, so the search continues with generalizations ofNode 3. Node 2 is found not equal to the new feature and Node 2 is not a specializationof the new feature, so the search terminates having not found the new feature redundant.

7.2.4.4.

Finding Covering Nodes on a GS ArchitectureIt can be determined if a node is covered or contradicted by another node bycomparing a node with its directly connected generalizations. Let N be a node in thenetwork. Let G be a generalization connected to N. If the strength of G is greater than thestrength of N then node N is covered. The node should either not be created or should bedeleted from the network.

7.2.4.5.

EN Strength Estimation on a GS ArchitectureEN Strength Estimation can be done more efficiently on a GS architecture because thebroadcast and gather to sum the counts of matching example nodes can be restricted toonly visit nodes that match the new candidate feature. The new candidate feature is onlybroadcast to the specialization DAG of the new feature. All the example nodes at theleaves of the specialization DAG match the new feature. These example nodes participatein a gather operation to sum their counts into a strength measure.

7.2.4.6.

Direct Specialization (DS) Strength EstimationThe GS network structure allows a new type of strength estimation for new candidatenodes. The new method is a variation on EN strength estimation but uses only the directspecializations of a new node rather than example nodes matched by a new node. Direct

Specialization (DS) strength estimation uses information that is local to the new node andthus reduces traffic in the network. However, because the GS network is a DAG ratherthan a tree, the resulting strength from DS strength estimation is not guaranteed to be thesame as that obtained from EN strength estimation.Let N be a new node created by specializing an existing node. The estimated strengthfor N using the DS method is calculated by summing the counters in the nodes that aredirectly connected to N as specializations. Let S be a specialization connected to N. Let cand t be temporary counters initialized to zero. The T counter from S is added to thecounter t and the co counter from S is added to c. After summing all the directspecialization counters in this manner, the strength of N is given by c/t. Note that use ofDS strength estimation requires the creation and linking of a new node rather than just thecreation of a new feature as in EN strength estimation.DS Strength Estimation (Input: N (new node); Output: S (estimatedstrength of N)).1.Set c and t to 0.2.For all nodes S that are specializations connected to node N.4.Add T from node S to t.5.Add co from node S to c.7.End.8.Return the strength of N as c/t.End.Figure 7.33. Direct Specialization Strength EstimationFor example, suppose Node 6 in ˙ DSExample¨ is a new candidate node beingconsidered for creation. Nodes 4 and 5 are directly connected to Node 6 as specializationsso the counters in these two nodes are added to the sum. The total for output Automaticis 1, for Manual is 3, and for the total counter is 4. The estimated strength of outputAutomatic for the new feature is 1/4 and the estimated strength of output Manual is 3/4.Note that, using EN strength estimation, Nodes 1, 2, and 3 would be summed. Thetotal for Automatic is still 1 but the total for Manual is 2. Thus, the two methods givedifferent results. Node 2 contributes twice when using DS strength estimation because itis a specialization of both Nodes 4 and 5.

ManAuto

Node 6ManAuto

Node 101(S,H)(D,H)(V,Cld)ManAuto

Node 210(S,H)(D,H)(V,Clr)

Node 520(D, Head)(V, Clear)

Node 310(S,L)(D,H)(V,Clr)

Node 411(S, High)(D, Head)

(D, Head)Figure 7.34. Strength Calculation using Direct SpecializationsA new node created using this method is initialized as follows. All counters in the newnode are initialized to 0. Let S be a specialization connected to the new node. The totalcounter T from node S is added to the total counter T for the new node. Also, for eachoutput point o, the counter co from node S is added to counter co for the new node.DS Node Initialization (N (new node)).1.Set all counters in the new node N to 0.2.For all nodes S that are specializations connected to node N.4.Add T from node S to T for node N.5.For all output points o.6.Add co from node S to co for node N.7.End.9.End.End.˙ DSInitExample¨ shows how Node 6 from ˙ DSExample¨ is initialized using DirectSpecializations. Nodes 4 and 5 are direct specializations of Node 6 so the counters fornodes 4 and 5 are summed into the new nodes counters.

ManAuto

Node 6ManAuto

Node 101(S,H)(D,H)(V,Cld)ManAuto

Node 210(S,H)(D,H)(V,Clr)

Node 520(D, Head)(V, Clear)

Node 310(S,L)(D,H)(V,Clr)

Node 411(S, High)(D, Head)

(D, Head)31Figure 7.35. Node Initialization using Direct SpecializationsGS, SG, and GAS learning algorithms can be implemented using either abroadcast/gather architecture or a more complex GS architecture. Broadcast/gather issimple and can be implemented directly using existing systems. The GS architecture iscomplex but provides better learning performance. Allocating new nodes withbroadcast/gather is not difficult. No attempt is made to localize related nodes. The onlyconcern is maintaining balance in the network structure. Adding new nodes with GSrequires more overhead since related nodes are connected to one another. However,because of the connections between related nodes, GS allows increased performance formany learning and execution operations. Many operations are localized resulting inreduced network traffic.

Chapter 8Complexity AnalysisThis chapter gives a complexity analysis for the algorithms described in this paper.The complexity of algorithms in this paper is given in terms of the following variables:Number of inputs to the systemnNumber of nodes in the systemmNumber of output valueskSum of number of input values over all inputspNumber of training examplestThe number of nodes m is linear in terms of t since at most 4 nodes are created foreach training example (1 single-input node, 1 example node, 1 generalization, and 1specialization). Thus, whenever m is used in the complexity results in this chapter, m canbe replaced by t. Since m and t are related linearly, m = vt, where v is a constant.Simulation results (Chapter 9) suggest that typical values for v are between .5 and 1.5.(The analysis here assumes one pass over t training examples. However, the simulationsin Chapter 9 iterate over the examples from 2 to 10 times, depending on the choice oflearning algorithm and training set.)8.1.Space ComplexityThe space complexity of all algorithms in this paper is the number of nodes times thenumber of elements in each node. All nodes require O(n) space to hold the node’s feature.All nodes also require O(k) space for output counters. Nodes with next-input countersrequire additional space of O(kp) for the next-input counters. All other informationcontained in nodes is constant size or O(1). The total space complexity for algorithmswithout next-input counters is O(m) · (O(n) + O(k) + O(1)) = O(mn + mk). Algorithmsusing next-input counters require space of O(m) · (O(n) + O(k) + O(kp) + O(1)) = O(mn+ mkp).8.2.Common OperationsSeveral operations are found in many of the learning algorithms presented in thispaper. The complexity analysis of these operations is given in this section.8.2.1.Feature/Example/Input OperationsSeveral operations can be done on features, on examples, or on the system inputs.Features contain n input/value pairs, examples contain n input values, and the system hasn inputs. Therefore, if it is assumed that the operations done on individual elements areO(1), then the operations done on the complete object are O(n) since the object contains nelements. Typical feature/example/input operations are:Copy or transmissionTest for match

Test for equalityCreationCompute generalityCompute unionCompute intersection8.2.2.Constant Time OperationsOperations that are normally done in parallel on most processors such as addition,subtraction, multiplication, division, comparison, increment, and array indexing areassumed to be O(1).8.2.3.Network ExecutionThis section gives the time complexity of the network execution algorithm given inFigure 3.4 in Section 3.9. The first step in network execution (Line 1) is to broadcast thenetwork input values to all nodes in the network. Broadcast is O(log m) assuming abalanced tree network topology. When the input values are broadcast, each node mustcopy and transmit the values to the node’s children. The copy of a list of inputs is O(n)so the total time is O(n log m).Each node must determine if it matches the input by comparing its feature with thebroadcast input values. The compare (Line 2) requires O(n) time.Lines 3 to 6 compute the strongest output value for nodes that match the input. Thestrength of each output value is computed by dividing the counter for the output by thetotal count. Divide is assumed to require constant time. Computing the strength of alloutput values is O(1) · O(k) = O(k) since there are k output values. Finding the strongestof the k output values is O(k) · O(1) = O(k) assuming scalar comparison is O(1).The network output is gathered on Line 7 of the algorithm. Gather is O(log m)assuming a balanced tree network topology. During the gather each node must comparethe values given by the children to the node’s own value. The comparison is assumed tobe O(1) giving a total time for Line 7 of O(log m) · O(1) = O(log m).The total time for network execution is O(n log m) + O(n) + O(k) + O(log m) = O(nlog m + k).8.2.4.Counter UpdateWhen a new example is given to a network, the counters in all nodes that match theexample must be updated. The test for match is O(n) as discussed above. The correctoutput counter is accessed using an array index giving time O(1). The increment of thecounters is assumed to be O(1). The total time for counter update is O(n) + O(1) + O(1)= O(n).If the node contains next-input counters then O(n) is added to the total time since nnext-input counters are incremented. The total time does not change since O(n) + O(n) =O(n). If examples are stored in the node for LEM strength estimation then O(n) is addedto the total time to account for copying the training example into the node’s storage.Again, the total time does not change since O(n) + O(n) = O(n).

8.2.5.Computing the New Feature MetricThe algorithms described in this paper use a metric that combines generality andstrength to compare new features. Typically the new feature with the highest metric isused to create a new node. This section gives the time complexity for computation of thenew feature metric. The metric is M = Gc + S(1�—c), where G is the generality of the newfeature, S is the strength of the new feature, and c is a constant between 0 and 1.Computing the generality of the feature is O(n). The strength of the new feature is alwayspreviously computed. The multiplies, addition, and subtraction are all O(1). The totaltime to compute the metric is O(n) + O(1) + O(1) + O(1) + O(1) = O(n).8.2.6.Finding an Equal/Covering/Contradicting FeatureWhenever a new feature is considered for creation it must be determined if a node withthe same feature already exists in the network. This requires that the new feature isbroadcast to all nodes in the network. The broadcast is O(n log m) as described in thediscussion for network execution. All nodes in parallel then test the new feature forequality with the node’s feature. This operation is O(n) as discussed in Section 8.2.1. Theresult of the comparisons is gathered using time O(log m). The total time to determine if afeature already exists in the network is O(n log m) + O(n) + O(log m) = O(n log m).If all m nodes are simultaneously considering the creation of new features, then thetime complexity for finding an equal feature must be multiplied by m giving O(mn log m).The time complexity of finding nodes with covering or contradicting features is thesame as that for finding equal features. The only difference in the process is that the testdone at each node between features is a test for covering or contradicting rather than a testfor equality. All feature operations have the same complexity of O(n) so the totalcomplexity is the same for all three types of searches.8.2.7.Creating a New NodeThis section gives the time complexity for creating a new node. The first step increating a new node is to verify that a node does not already exist in the network with thesame feature. This operation is shown to be O(n log m) in Section 8.2.6. The timerequired for creating a new node is O(n + k). This is the time to copy the new feature intothe node plus the time to initialize the output counters. Creating a new node with next-input counters adds O(kp) time to initialize the next-input counters. The total time fornode creation is O(n log m) + O(n + k) = O(n log m + k). If the node has next-inputcounters the total time is O(n log m + k) + O(kp) = O(n log m + kp).Creation of an example node is O(n log m + k) since example nodes and next-inputcounters are never used together.When creating single-input nodes at most n new nodes are created. Each node creationrequires time O(n log m + k) giving a total time of O(n) · O(n log m + k) = O(n2 log m +nk). If the nodes have next-input counters the total time is O(n) · O(n log m + kp) = O(n2log m + nkp).8.2.8.Strength EstimationThis section analyzes the complexity of NIC, LEM, and EN methods for estimatingthe strength of new features. NIC strength estimation is O(1) since the counters for thepair that was added to create the new feature are simply divided to give the strength estimate. LEM strength estimation is O(n) since a fixed number of examples stored in thenode must be tested for matching with the new feature. EN strength estimation is O(n logm) for each node since the new feature must be broadcast to all the nodes followed bygathering the sum of the output counters for the current example output from examplenodes that match the new feature. Since m nodes can do EN strength estimation at once,the total time for EN strength estimation is O(mn log m).8.2.9.Node InitializationThis section gives the time complexity for node initialization for each of the threemethods of strength estimation. NIC strength estimation requires time O(k) + O(kp) =O(kp) to initialize the counters in the new node since k next-input counters from theparent node are copied into the output counters in the new node and the next-inputcounters in the new node are initialized to zero. LEM strength estimation requires O(n)time since a fixed number of examples stored in the parent node are tested for matchingwith the new node. EN strength estimation is O(n log m) + O(k log m) since the newnode’s feature must be broadcast to all nodes in the network followed by gathering thesums of the counters for the k different output values from the example nodes that matchthe new node.8.3.General to Specific LearningThis section analyzes the time complexity of the GS learning algorithm given in Figure4.4 in Section 4.1. The algorithm will be first analyzed in parts and then the parts will besummed to give the overall time complexity of the algorithm.Network execution (Lines 1 to 2) is shown to be O(n log m + k) in Section 8.2.3.Creation of single-input nodes (Lines 3 to 6) is shown to be O(n2 log m + nk) inSection 8.2.7. The operation is O(n2 log m + nkp) if the nodes contain next-inputcounters.Counter update (Line 7) is shown to be O(n) in Section 8.2.4.Line 8 creates a new specific node if the network output is different from the example.The complexity of each specialization routine is described in a separate section below.The complexity of line 8 is O(1) + O(s) = O(s), where O(s) is the complexity of thespecialization routine.The total time complexity for the GS learning algorithm is the sum of the complexitieslisted above for each section or O(n log m + k) + O(n2 log m + nk) + O(n) + O(s) = O(n2log m + nk) + O(s). If the nodes have next-input counters the total time is O(n2 log m +nkp) + O(s).If example nodes are created then O(n log m + k) is added to the total time giving thesame result as without example node creation. If single-input nodes are not created thenthe second term is dropped giving O(n log m + k) + O(n) + O(s) = O(n log m + k) + O(s).For many cases n, k, and p are less than 30 and can be treated as constants. When n, k,and p can be treated as constants, the time complexity simplifies to O(log m) + O(s).

8.3.1.Feature UnionThis section analyzes the complexity of feature-union and then combines that resultwith the result from the last section giving a total time complexity for GS learning usingfeature-union. The feature-union algorithm is given in Figure 4.5 in Section 4.3.Lines 1 to 8 mark nodes that match the training example as available for union andcompute a metric for such nodes. These lines are executed by all nodes in parallel. Themost complex path is for nodes that match the example. The match operation (Line 2) isO(n). The marking (Line 3) is O(1). Computing the metric (Line 4) is O(n). The total timefor Lines 1 to 8 is O(n) + O(1) + O(n) = O(n).The metrics computed on Line 4 are gathered on Line 9. Gather is O(log m). Thewinning node from the gather is marked (Line 10) in O(1) time. The total time for Lines 9and 10 is O(log m) + O(1) = O(log m).Lines 11 to 21 form a loop that is repeated at most m — 1 times since when the loopstarts at most m — 1 nodes are marked available and an additional available node is markedunavailable on each pass through the loop. The gather (Line 12) followed by the mark(Line 13) is O(log m) as shown above. Lines 14 to 19 create a new feature and a new nodefor the feature, if a node with the feature does not already exist. This operation is shownto be O(n log m + k) in Section 8.2.7. Finally Line 20 is O(1). The total time for the bodyof the loop is O(log m) + O(n log m + k) + O(1) = O(n log m + k). The total time forLines 11 to 21 is O(m) · O(n log m + k) = O(mn log m + mk).The total time for feature-union is O(n) + O(log m) + O(mn log m + mk) = O(mn logm + mk).The total time for GS learning using feature-union is given by O(n2 log m + nk) + O(s)from the last section with O(mn log m + nk) substituted for O(s), giving O(n2 log m + nk)+ O(mn log m + mk) = O(mn log m + mk) since in practical terms m > n.For many cases n and k are less than 30 and can be treated as constants. When n and kcan be treated as constants, the time complexity simplifies to O(m log m).8.3.2.Feature SpecializationThis section analyzes the complexity of feature-specialization and then combines thatresult with the time complexity for GS learning giving the total time complexity for GSlearning using feature-specialization. The feature-specialization algorithm is given inFigure 4.13 in Section 4.4.Lines 1 to 8 of feature-specialization are identical to Lines 1 to 8 of feature-union.Thus, the time for Lines 1 to 8 is O(n).Lines 9 to 22 form a loop that is repeated at most m — 1 times similar to Lines 11 to21 in feature-union. The gather (Line 10) followed by the mark (Line 11) is O(log m).Lines 12 to 21 form a loop that is repeated at most n — 1 times since node A mustalready contain at least 1 pair and the total number of pairs defined by the trainingexample is n. The selection of a pair (Line 14) is O(n) since the maximum strength pair isselected. Lines 15 to 20 create a new feature and a new node for the feature. Thisoperation is shown to be O(n log m + k) in Section 8.2.7. The total time for the body ofthe loop is O(n) + O(n log m + k) = O(n log m + k). The total time for Lines 12 to 21 isO(n) · O(n log m + k) = O(n2 log m + nk)

The total time for the body of the loop from Line 9 to Line 22 is O(log m) + O(n2 logm + nk) = O(n2 log m + nk). The total time for Lines 9 to 22 is O(m) · O(n2 log m + nk)= O(mn2 log m + mnk).The total time for feature-specialization is O(n) + O(mn2 log m + mnk) = O(mn2 log m+ mnk).The total time for GS learning using feature-specialization is given by O(n2 log m +nk) + O(s) with O(mn2 log m + mnk) substituted for O(s), giving O(n2 log m + nk) +O(mn2 log m + mnk) = O(mn2 log m + mnk).If n and k can be treated as constants, the time complexity simplifies to O(m log m).8.3.3.Feature Specialization with Strength EstimationThis section analyzes the complexity of feature-specialization-with-strength-estimation and then combines that result with the time complexity for GS learning givingthe total time complexity for GS learning using feature-specialization-with-strength-estimation. The feature-specialization-with-strength-estimation algorithm is given inFigure 4.14 in Section 4.5.All nodes in parallel do Lines 1 to 12. Each node matching the training example selectsthe best new feature that can be made by specializing the node’s current feature. Thematch test (Line 1) is O(n).Line 3 creates all possible features obtained from adding single input/value pairs to thecurrent feature of the node. At most n new features are created. Each new feature creationis O(n). Thus the creation of all the new features is O(n2).Lines 4 to 6 are executed for each of the n new features. The search for a node with anequal feature (Line 5) is shown to be O(mn log m) in Section 8.2.6. The strengthestimation calculation (Lines 5) is O(1) for NIC strength estimation, O(n) for LEMstrength estimation, and O(mn log m) for EN strength estimation as shown in Section8.2.8. The total for Lines 4 to 6 is O(mn log m) + O(1) = O(mn log m) for NIC strengthestimation, O(mn log m) + O(n) = O(mn log m) for LEM strength estimation, and O(mnlog m) + O(mn log m) = O(mn log m) for EN strength estimation. Thus, regardless of thestrength estimation method used, the total for Lines 4 to 6 is O(mn log m). This totalmust then be multiplied by O(n) since the lines are executed for each of the n newfeatures, giving O(mn2 log m).Line 7 is O(n) and Line 8 is O(1). The total time for Lines 3 to 8 is O(n2) + O(mn2 logm) + O(n) + O(1) = O(mn2 log m). Line 9 allows these lines to be optionally repeated upto n — 1 times giving a total time for Lines 3 to 10 of O(mn3 log m) when using repetition.Calculation of the metric (Line 11) is O(n) as shown in Section 8.2.5. The total timefor Lines 1 to 12 is O(n) + O(mn2 log m) + O(n) = O(mn2 log m). If repetition is used thetotal time is O(mn3 log m).The gather (Line 13) is O(log m). Creating a new node (Line 14) is shown to be O(nlog m + k) in Section 8.2.7. The time for initializing the new node (Line 15) is O(kp) forNIC strength estimation, O(n) for LEM strength estimation, and O(n log m) + O(k log m)for EN strength estimation. The total time for Lines 13 to 15 is O(log m) + O(n log m + k)+ O(kp) = O(n log m + kp) for NIC strength estimation, O(log m) + O(n log m + k) +O(n) = O(n log m + k) for LEM strength estimation, and O(log m) + O(n log m + k) +O(n log m) + O(k log m) = O(n log m + k log m) for EN strength estimation.

The total time for specialization using strength estimation is O(mn2 log m) + O(n logm + kp) = O(mn2 log m + kp) for NIC strength estimation, O(mn2 log m) + O(n log m + k)= O(mn2 log m + k) for LEM strength estimation, and O(mn2 log m) + O(n log m + k logm) = O(mn2 log m) + O(k log m) for EN strength estimation. Since typically m > k and m> p, all three complexities simplify to O(mn2 log m).The total time for GS learning using feature-specialization-with-strength-estimation isgiven by O(n2 log m + nk) + O(s), where O(s) is replaced by the time required for feature-specialization-with-strength-estimation. For NIC strength estimation the total time isO(n2 log m + nkp) + O(mn2 log m + kp) = O(mn2 log m + nkp). For LEM strengthestimation the total time is O(n2 log m + nk) + O(mn2 log m + k) = O(mn2 log m + nk).For EN strength estimation the total time is O(n2 log m + nk) + O(mn2 log m + k log m) =O(mn2 log m + k log m + nk).If n, k, and p can be treated as constants, the time complexities simplify to O(m logm).8.4.Specific to General LearningThis section analyzes the time complexity of the SG learning algorithm given in Figure5.1 in Section 5.1. SG learning is almost identical to GS learning except that 1) examplenodes are always created, 2) single-input nodes are never created, and 3) when thenetwork output is different from the example, generalization routines are executed ratherthan specialization routines. Therefore, the time complexity for SG learning is O(n log m+ k) + O(g). O(n log m + k) is the complexity of GS learning without single-input nodesas shown in Section 8.3. O(g) is the complexity of the generalization routine. Thecomplexity of each generalization routine is described in a separate section below. Aswith GS learning, if n and k are treated as constants, the time complexity simplifies toO(log m) + O(g).8.4.1.Feature IntersectionThis section analyzes the complexity of feature-intersection and then combines thatresult with the result from the last section giving a total time complexity for SG learningusing feature-intersection. The feature-intersection algorithm is given in Figure 5.2 inSection 5.2.All nodes in parallel do Lines 1 to 9. Each node with the same output as the trainingexample creates a new feature that is the intersection of the node’s feature and the trainingexample. Comparing outputs (Line 1) is an O(1) operation. The creation of theintersection feature (Lines 2 to 3) is O(n). The search for a node with an equal feature(Line 4) is shown to be O(mn log m) in Section 8.2.6. The EN strength estimation (Line 5)is shown to be O(mn log m) in Section 8.2.8. Line 6 determines if the new feature iscovered or contradicted in O(mn log m) time as shown in Section 8.2.6. Marking the node(Line 6) is O(1). Computing the metric (Line 8) is shown to be O(n) in Section 8.2.5. Thetotal time for Lines 1 to 9 is O(1) + O(n) + O(mn log m) + O(mn log m) + O(mn log m) +O(1) + O(n) = O(mn log m).The time required for the gather (Line 10) is O(log m). Creation of a new node (Line11) is shown to be O(n log m + k) in Section 8.2.7. Initialization of the new node (Line

12) is O(n log m) + O(k log m) as shown in Section 8.2.9. The total time for Lines 10 to12 is O(log m) + O(n log m + k) + O(n log m) + O(k log m) = O(n log m) + O(k log m).The total time for feature-intersection is O(mn log m) + O(n log m) + O(k log m) =O(mn log m) since m is typically greater than k.The total time for SG learning using feature-intersection is given by O(n log m + k) +O(g), where O(g) is replaced by the time required for feature-intersection. The total timeis O(n log m + k) + O(mn log m) = O(mn log m + k). If it is assumed that m > k thenO(mn log m + k) = O(mn log m).If n and k can be treated as constants, the time complexity simplifies to O(m log m).8.4.2.Feature GeneralizationThis section analyzes the complexity of feature-generalization and then combines thatresult with the time complexity for SG learning giving a total time complexity for SGlearning using feature-generalization. The feature-generalization algorithm is given inFigure 5.9 in Section 5.3.All nodes in parallel do Lines 1 to 12. Each node with the same output as the trainingexample selects the best new feature that can be created by generalizing the node’s currentfeature. Checking for feature match and comparing outputs (Line 1) is an O(n) operation.Line 3 creates all possible features obtained from removing single input/value pairsfrom the current feature of the node. At most n new features are created. Each new featurecreation is O(n). Thus the creation of all the new features is O(n2).Lines 4 to 6 are executed for each of the n new features. The search for a node with anequal feature (Line 5) is shown to be O(mn log m) in Section 8.2.6. The EN strengthestimation calculation (Line 5) is O(mn log m) as shown in Section 8.2.8. The total timefor Lines 4 to 6 is O(mn log m) + O(mn log m) = O(mn log m). This total must then bemultiplied by O(n) since the lines are executed for each of the n new features, givingO(mn2 log m).Finding the strongest new feature (Lines 7 to 8) requires that as many as n newfeatures must be checked for covering or contradiction. Each check requires O(mn log m)giving a total time of O(mn2 log m).The total time for Lines 3 to 8 is O(n2) + O(mn2 log m) + O(mn2 log m) = O(mn2 logm). Line 9 allows these lines to be optionally repeated up to n — 1 times giving a totaltime for Lines 3 to 10 of O(mn3 log m) when using repetition.Calculation of the metric (Line 11) is O(n) as shown in Section 8.2.5. The total timefor Lines 1 to 12 is O(n) + O(mn2 log m) + O(n) = O(mn2 log m). If repetition is used thetotal time is O(mn3 log m).The gather (Line 13) is O(log m). Creating a new node (Line 14) is O(n log m + k) asshown in Section 8.2.7. The time for initializing counters in the new node (Line 15) is O(nlog m) + O(k log m) since EN strength estimation is used.The total time for feature-generalization is O(mn2 log m) + O(log m) + O(n log m + k)+ O(n log m) + O(k log m) = O(mn2 log m) + O(k log m). Since typically m > k, O(mn2log m) + O(k log m) = O(mn2 log m).The total time for SG learning using feature-generalization is given by O(n log m + k)+ O(g), where O(g) is replaced by the time required for feature-generalization. The totaltime is O(n log m + k) + O(mn2 log m) = O(mn2 log m + k). If it is assumed that m > kthen O(mn2 log m + k) = O(mn2 log m).

If n and k can be treated as constants, the time complexity simplifies to O(m log m).8.5.Generalization and Specialization LearningThis section analyzes the time complexity of the GAS learning algorithm given inFigure 6.1 in Section 6.1. GAS learning is almost identical to GS learning except that 1)example nodes are always created and 2) when the network output is different from theexample, generalization and specialization routines are executed rather than justspecialization routines. Therefore, the time complexity for GAS learning is O(n2 log m +nk) + O(gs) with single-input nodes and O(n log m + k) + O(gs) without single-inputnodes. O(gs) is the complexity of the generalization and specialization routine. Thecomplexity of each generalization and specialization routine is described in a separatesection below. As with GS learning, if n and k are treated as constants, the timecomplexity simplifies to O(log m) + O(gs).8.5.1.Both Generalization and SpecializationWhen both generalization and specialization are done, feature-specialization with ENstrength estimation is executed followed by feature-generalization. Feature-specializationwith EN strength estimation is O(mn2 log m) as shown in Section 8.3.3. Feature-generalization is O(mn2 log m) as shown in Section 8.4.2. The time complexity for bothgeneralization and specialization is the sum of the two, or O(mn2 log m) + O(mn2 log m) =O(mn2 log m).Combining this result with the result for GAS learning from Section 8.5 gives O(n2 logm + nk) + O(mn2 log m) = O(mn2 log m + nk). Assuming n and k can be treated asconstants, the result simplifies to O(m log m).8.5.2.Best of Generalization and SpecializationThis section analyzes the complexity of the generalization-or-specialization algorithmand then combines that result with the time complexity for GAS learning giving the totaltime complexity for GAS learning using generalization-or-specialization. Thegeneralization-or-specialization algorithm is given in Figure 6.8 in Section 6.3.All nodes in parallel do Lines 1 to 15. Each node matching the training example selectsthe best new feature that can be made by either generalizing or specializing the node’scurrent feature. The match test (Line 1) is O(n).Lines 3 to 6 create all possible features obtained from either adding or removing singleinput/value pairs from the current feature of the node. Exactly n new features are created.Each new feature creation is O(n). Thus the creation of all the new features is O(n2).Lines 7 to 9 are executed for each of the n new features. The search for a node with anequal feature (Line 8) is shown to be O(mn log m) in Section 8.2.6. The EN strengthestimation calculation (Line 8) is O(mn log m) as shown in Section 8.2.8. The total forLines 7 to 9 is O(mn log m) + O(mn log m) = O(mn log m). This total must then bemultiplied by O(n) since the lines are executed for each of the n new features, givingO(mn2 log m).Finding the strongest new feature (Lines 10 to 11) requires that as many as n newfeatures must be checked for covering or contradiction. Each check requires O(mn log m)giving a total time of O(mn2 log m).

The total time for Lines 3 to 11 is O(n2) + O(mn2 log m) + O(mn2 log m) = O(mn2 logm). Line 12 allows these lines to be optionally repeated up to n — 1 times giving a totaltime for Lines 3 to 13 of O(mn3 log m) when using repetition.Calculation of the metric (Line 14) is O(n) as shown in Section 8.2.5. The total timefor Lines 1 to 15 is O(n) + O(mn2 log m) + O(n) = O(mn2 log m). If repetition is used thetotal time is O(mn3 log m).The gather (Line 16) is O(log m). Creating a new node (Line 17) is shown to be O(nlog m + k) in Section 8.2.7. Initialization of the new node (Line 18) is O(n log m) + O(klog m).The total time for generalization-or-specialization is O(mn2 log m) + O(log m) + O(nlog m + k) + O(n log m) + O(k log m) = O(mn2 log m) + O(k log m). Since typically m >k, O(mn2 log m) + O(k log m) = O(mn2 log m).The total time for GAS learning using generalization-or-specialization is given by O(n2log m + nk) + O(gs), where O(gs) is replaced by the time required for generalization-or-specialization. The total time is O(n2 log m + nk) + O(mn2 log m) = O(mn2 log m + nk). Ifit is assumed that m > k then O(mn2 log m + k) = O(mn2 log m). If n and k are treated asconstants, the time complexity simplifies to O(m log m).8.6.General/Specific Architecture Complexity8.6.1.Theorem 8.1. Depth of a GS architecture networkThe maximum depth of a GS architecture network is n. There can be at most n edgesfrom the root to any leaf node.

ProofLet the network be divided into n + 1 levels. Let node A be assigned to level ra wherera is the number of input/value pairs in node A. The root node is at level 0 and examplenodes are at level n, since example nodes contain n input/value pairs. In the GSarchitecture, a general to specific link from node A to B only exists when node B is aspecialization of node A. Node B is a specialization of A only if rb > ra. Therefore, a linkexists from A to B only if rb > ra. Since rb > ra, node B must be on a higher level than nodeA.Suppose the network is traversed and let i be the current level of the traversal.Whenever an edge in the network is traversed, i must be increased since an edge onlyexists if the destination node is at a higher level. A traversal from root to leaves begins atlevel 0 and ends at level n. The traversal requires at most n steps since at each step i isincreased at least by 1.8.6.2.Theorem 8.2. Number of specialization connections.Let E be an edge connecting node A to node B in a GS network. Let ra and rb be thenumber of input/value pairs in the features of nodes A and B, respectively. Let thenetwork be restricted such that sufficient intermediate nodes are present so that for anyedge E, |ra — rb| = 1. In other words, each edge connects two nodes that only differ ingenerality by exactly 1 input/value pair. In such a restricted network, the number of edgesconnected to a node in the specialization direction is bounded by p, where p is the sum ofthe number of input values over all the inputs.

ProofConsider all edges connecting node A to a more specific node Bi. Let ra be the numberof input/value pairs in node A. Let ri be the number of input/value pairs in node Bi. Foreach node Bi connected to node A, ri = ra + 1 (i.e. each node Bi has exactly one moreinput/value pair than node A). Since Bi is a specialization of node A, the pairs in node Bimust be a superset of the input/value pairs in node A. In other words, each node Bi ismade up of the feature contained in node A with a single additional input/value pair. Thereare exactly p unique input/value pairs since each pair is composed of an input and apossible value for that input. Therefore, there can be at most p nodes Bi that are unique.So there are at most p edges connecting node A to more specific nodes.8.6.3.Theorem 8.3. Number of generalization connections.Let a network be restricted exactly as described in Theorem 8.2. In such a restrictednetwork, the number of edges connected to a node in the generalization direction isbounded by n, where n is the number of inputs to the network.

ProofConsider all edges connecting node A to a more general node Bi. Let ra be the numberof input/value pairs in node A. Let ri be the number of input/value pairs in node Bi. Foreach node Bi connected to node A, ri = ra — 1 (i.e. each node Bi has exactly one lessinput/value pair than node A). Since Bi is a generalization of node A, the pairs in node Bimust be a subset of the input/value pairs in node A. In other words, each node Bi is madeup of the feature contained in node A with a single input/value pair removed. There are atmost n input/value pairs in node A that can be removed. Therefore, there can be at most nnodes Bi that are unique. So there are at most n edges connecting node A to more generalnodes.Note that no bounds are given for the number of edges for unrestricted networks.However, simulation results have shown that in practice the bounds for restrictednetworks typically hold for unrestricted networks. Thus, the bounds for restrictednetworks are used in the following analysis of complexity for network operations.8.6.4.Creating Specialization LinksThis section analyzes the complexity of the LinkSpec algorithm found in Figure 7.9 inSection 7.2.2.1. LinkSpec recursively traverses through the levels of the GS networkarchitecture. Since the network has at most n + 1 levels, LinkSpec is called recursively atmost n times. Nodes at each level operate in parallel.Lines 2 to 8 are executed for each node that is connected to G in the specializationdirection. As shown in Section 8.6.2 above, at most p nodes can be connected to any nodein the specialization direction. If the test on Line 2 fails and the test on Line 6 succeedsthen LinkSpec is called recursively. The specialization test on Line 2 is O(n). The overlaptest on Line 6 is O(n). Thus, the time at each recursive call is p · (O(n) + O(n)) = O(np).The total time for recursive calls is n · O(np) = O(n2p) since LinkSpec is calledrecursively at most n times.Lines 3 to 5 are executed at the terminal points of the recursion. The test for aredundant link requires two parts. Let N be the new node and S be the possiblespecialization. Node N must be tested against all specializations of S. If N is a specialization of any specialization of S, then the new link is redundant. Node S must betested against all generalizations of N. If S is a generalization of any generalization of N,then the new link is redundant.The first part of the redundant test is O(p ) · O(n) since S has at most pspecializations and each test is O(n). The second part of the test is O(n) · O(n) since Nhas at most n generalizations. The creation of a link is O(1). The total time for Lines 3 to5 is O(np) + O(n2) + O(1) = O(np + n2). Since p > n the total time simplifies to O(np).The total time for LinkSpec is the sum of the recursive time and the time at theterminal points of the recursion. Recall that the nodes at the terminal points all operate inparallel. Thus, the total time for LinkSpec is O(n2p) + O(np) = O(n2p).8.6.5.Creating Generalization LinksThis section analyzes the complexity of the LinkGen algorithm found in Figure 7.12in Section 7.2.2.2. LinkGen recursively traverses through the levels of the GS networkarchitecture. Since the network has at most n + 1 levels, LinkGen is called recursively atmost n times. Nodes at each level operate in parallel.Lines 2 to 8 are executed for each node that is connected to S in the generalizationdirection. As shown in Section 8.6.3 above, at most n nodes can be connected to any nodein the generalization direction. If the test on Line 2 fails and the test on Line 6 succeedsthen LinkGen is called recursively. The generalization test on Line 2 is O(n). The intersecttest on Line 6 is O(n). Thus, the time at each recursive call is n · (O(n) + O(n)) = O(n2).The total time for recursive calls is n · O(n2) = O(n3) since LinkGen is called recursivelyat most n times.Lines 3 to 5 are executed at the terminal points of the recursion. Since these lines areidentical to the same lines in LinkSpec described in the last section, the total time forLines 3 to 5 is O(np).The total time for LinkGen is the sum of the recursive time and the time at theterminal points of the recursion. Recall that the nodes at the terminal points all operate inparallel. Thus, the total time for LinkGen is O(n3) + O(np) = O(n3 + np).8.6.6.Removing Redundant LinksThis section analyzes the complexity of the RemoveRedundant algorithm found inFigure 7.16 in Section 7.2.2.3.Line 1 loops for all nodes connected to N that are generalizations of N. Line 2 loopsfor all nodes connected to N that are specializations of N. Lines 3 to 5 are O(1) since twonodes can be tested for connection in constant time and two nodes can be disconnected inconstant time. The total time for RemoveRedundant is O(np) since the number ofgeneralizations connected to a node is bounded by n and the number of specializationsconnected to a node is bounded by p.8.6.7.Creating Generalization Links without a Specialization NodeThis section analyzes the complexity of the LinkRoot algorithm found in Figure 7.18in Section 7.2.2.4. LinkRoot recursively traverses through the levels of the GS networkarchitecture. Since the network has at most n + 1 levels, LinkRoot is called recursively atmost n times. Nodes at each level operate in parallel.

Lines 3 to 6 are executed for each node that is connected to G in the specializationdirection. As shown in Section 8.6.2 above, at most p nodes can be connected to any nodein the specialization direction. If a specialization of G is a generalization of the new nodethen LinkRoot is called recursively. The generalization test on Line 3 is O(n). Thus, thetime at each recursive call is p · O(n) = O(np). The total time for recursive calls is n ·O(np) = O(n2p) since LinkRoot is called recursively at most n times.Lines 8 to 10 are executed at the terminal points of the recursion. Since these lines areidentical to Lines 3 to 5 in LinkSpec described in Section 8.6.4, the total time for Lines 8to 10 is O(np).The total time for LinkRoot is the sum of the recursive time and the time at theterminal points of the recursion. Recall that the nodes at the terminal points all operate inparallel. Thus, the total time for LinkRoot is O(n2p) + O(np) = O(n2p).8.6.8.Linking Single-Input NodesThis section analyzes the complexity of the LinkSingleInputNode algorithm found inFigure 7.21 in Section 7.2.2.5. The first line of the algorithm links the new node directlyto the root node. This operation is O(1). The LinkSpec routine is shown to be O(n2p) inSection 8.6.4. The RemoveRedundant routine is shown to be O(np) in Section 8.6.6. Thetotal time for LinkSingleInputNode is O(1) + O(n2p) + O(np) = O(n2p).8.6.9.Linking Example NodesThe LinkExampleNode routine found in Figure 7.22 in Section 7.2.2.6 simply calls theLinkRoot routine analyzed in Section 8.6.7. Thus the LinkExampleNode routine is O(n2p)as shown in Section 8.6.7.8.6.10.Linking Specializations of Existing NodesThis section analyzes the complexity of the LinkSpecializationNode algorithm foundin Figure 7.23 in Section 7.2.2.7. The LinkSpec routine (Line 1) is shown to be O(n2p) inSection 8.6.4. One of either Line 3 or Line 5 will be executed. The LinkGen routine (Line3) is O(n3 + np). The LinkRoot routine (Line 5) is O(n2p). The RemoveRedundant routine(Line 7) is shown to be O(np) in Section 8.6.6. If Line 5 is executed the total time forLinkSpecializationNode is O(n2p) + O(n2p) + O(np) = O(n2p). If Line 3 is executed thetotal time for LinkSpecializationNode is O(n2p) + O(n3 + np) + O(np) = O(n3 + n2p).Since p > n, O(n3 + n2p) = O(n2p). Thus, the time for LinkSpecializationNode is O(n2p)regardless of which of Lines 3 and 5 are executed.8.6.11.Linking Generalizations of Existing NodesThis section analyzes the complexity of the LinkGeneralizationNode algorithm foundin Figure 7.24 in Section 7.2.2.8. The LinkGen routine (Line 1) is shown to be O(n3 + np)in Section 8.6.5. The LinkSpec routine (Line 3) is O(n2p) as shown in Section 8.6.4. TheRemoveRedundant routine (Line 4) is shown to be O(np) in Section 8.6.6. The total timefor LinkGeneralizationNode is O(n3 + np) + O(n2p) + O(np) = O(n3 + n2p). Since p > nthe time for LinkGeneralizationNode simplifies to O(n2p).

8.6.12.Removing NodesThis section analyzes the complexity of the RemoveLinks algorithm found in Figure7.25 in Section 7.2.3.Line 1 loops for all nodes connected to N that are generalizations of N. Line 2 loopsfor all nodes connected to N that are specializations of N. Since Lines 3 to 5 are identicalto the same lines in LinkSpec described in Section 8.6.4, the total time for Lines 3 to 5 isO(np). Since the number of generalizations connected to a node is bounded by n and thenumber of specializations connected to a node is bounded by p, the total time for Lines 1to 7 is np · O(np) = O(n2p2).The loop on Lines 8 to 10 executes at most n times since at most n generalizations areconnected to N. The removal of a link (Line 9) is O(1). The total time for Lines 8 to 10 isO(n). The loop on Lines 11 to 13 is similar to the loop on Lines 8 to 10 except that itexecutes at most p times since at most p specializations are connect to N. The total timefor Lines 11 to 13 is O(p).The total time for RemoveLinks is O(n2p2) + O(n) + O(p) = O(n2p2).8.6.13.Broadcast/Gather on a GS ArchitectureThe complexity analysis of algorithms in this paper assumes broadcast and gather aredone on a tree architecture. The depth of a balanced tree with m nodes is O(log m). Thecomplexity of broadcast and gather is dependent on the depth of the network. Thus thecomplexity of most algorithms contains O(log m).Section 8.6.1 shows that the depth of a GS network is at most n. Thus the complexityresults of algorithms using broadcast and gather should have O(log m) replaced with O(n)if broadcast and gather are done using the GS network.Note that a set of nodes can be connected using both a tree architecture and a GSarchitecture at the same time. Thus, the system can obtain the best complexitycharacteristics depending on the values of n and m.8.6.14.Finding Equal NodesThis section analyzes the complexity of the EqualSpec and EqualGen algorithmsfound in Figures 7.30 and 7.32 in Section 7.2.4.3.Lines 2 to 10 of EqualSpec are executed for each node that is connected to G in thespecialization direction. As shown in Section 8.6.2 above, at most p nodes can beconnected to any node in the specialization direction. If a node equal to the new node isnot found among the specializations of G then EqualSpec is called recursively. The equaltest (Line 2) is O(n). The specialization test (Line 5) is also O(n). Thus, the time at eachrecursive call is p · (O(n) + O(n)) = O(np). The total time for EqualSpec is n · O(np) =O(n2p) since EqualSpec is called recursively at most n times.Algorithms that use feature-specialization create new features that have oneinput/value pair more than the parent node. Therefore, the EqualSpec routine is not calledrecursively for these algorithms. One level of testing for equal nodes is sufficient todetermine if equal nodes exist. Thus, the complexity of EqualSpec is O(np) for algorithmsusing feature-specialization.The EqualGen algorithm is similar to the EqualSpec algorithm except that the mainloop is executed at most n times rather than p times since at most n generalizations of Scan be connected to S. Thus the total time for EqualGen is O(n3).

Algorithms that use feature-generalization create new features by removing a singleinput/value pair from the feature in the parent node. Therefore, the EqualGen routine isnot called recursively for these algorithms. Thus, the complexity of EqualGen is O(n2) foralgorithms using feature-generalization.Note that using EqualSpec or EqualGen in learning algorithms typically causes thefactor m in the complexity result to be replaced with either p or n. Typically p and n areboth much smaller than m so using the GS architecture can speed up learning.8.6.15.Strength EstimationThis section analyzes the complexity of the DS strength estimation algorithm given inFigure 7.33 in Section 7.2.4.6. DS strength estimation totals the counters of nodes that arespecializations of the new node and are directly connected to the new node. Since at mostp specializations of a node can be connected to the node, DS strength estimation is O(p).This result compares favorably with the O(mn log m) complexity of EN strengthestimation given in Section 8.2.8.Node initialization for DS strength estimation computes k + 1 totals by summing thecounters in nodes that are specializations of the new node and are connected to the newnode. Again there are at most p such nodes connected to the new node. Thus, the totaltime for node initialization is O(kp).8.7.ConclusionTable 8.1 summarizes the results of this chapter. All algorithms have polynomiallearning times using either broadcast/gather or GS architectures. When n, k, and p aretreated as constants, all algorithms are O(m log m). Using the GS architecture improvesthe time of many algorithms to O(log m). Thus, the GS architecture can provide asignificant increase in learning speed.Adding any type of node to the GS architecture requires time O(n2p). Deleting a nodein the GS architecture is O(n2p2). Adding a node to a tree is O(log m). Thus, connectingnodes in the more complex GS architecture does not incur a significant overhead comparedto the simpler tree structure.Table 8.1. Complexity SummaryAlgorithmBroadcast/Gathern, k, p constantGS architecture

UnionO(mn log m + mk)O(m log m)O(m log m)

SpecializationO(mn2 log m + mnk)O(m log m)O(m log m)

NICO(mn2 log m + nkp)O(m log m)O(log m)

LEMO(mn2 log m + nk)O(m log m)O(log m)

ENO(mn2 log m + nk)O(m log m)O(log m) (DS)

IntersectionO(mn log m)O(m log m)O(log m) (DS)

GeneralizationO(mn2 log m)O(m log m)O(log m) (DS)

GASO(mn2 log m + nk)O(m log m)O(log m) (DS)

Chapter 9Simulation ResultsThis chapter gives the results of testing each learning algorithm on 10 data sets. Thissection describes the data sets, the procedure used for testing, and the results of thetesting. Variations on the algorithms are described along with the test results for thevariations.9.1.Data SetsThe 10 data sets used for testing are listed in ˙ DataSets¨. The data was obtainedfrom UC Irvine [Murphy & Aha 1992]. For each data set the table shows (1) the numberof inputs for the data set, (2) the number of values for the inputs, (3) the number ofvalues for the output, (4) the number of examples in the complete data set, and (5) therange of test accuracy obtained from other algorithms on the data set. Following the table,detailed information is given for each data set.Table 9.1. Data SetsData SetInputsIn ValuesOut ValExamplesAccuracy

Breast Cancer910269992.295.9

Chess End-Game3622319667.699.2

Hepatitis192—10215538.785.8

Iris4continuous31508498

LED721010007173.3

Mushroom222—122812491.2100

Soybean352—744787.097.5

Tic Tac Toe End-Game93295876.799.1

House Voting 198416324358495.6

Zoo162—6790NA

9.1.1.Breast CancerThe breast cancer data comes from the University of Wisconsin Hospitals, Madison[Magnasarian & Wolberg 1990]. The examples in the breast cancer data set have nineinputs describing a tumor. Each input is given a value from 1 to 10. The inputs are asfollows:Clump ThicknessUniformity of Cell SizeUniformity of Cell Shape

Marginal AdhesionSingle Epithelial Cell SizeBare NucleiBland ChromatinNormal NucleoliMitosesThe output for each example is either Benign or Malignant. There are 458 (65.5%)Benign examples and 241 (34.5%) Malignant examples.9.1.2.Chess End-GameThe chess end-game examples are created from a game with a King and a Rook againsta King and a Pawn. The Pawn is on square a7 which means that it is one square awayfrom queening. The King and Rook are White and it is White’s turn to move. Eachexample has 36 inputs that describe the board position. Each input is binary except fornumber 15 which has 3 states.The output of each example is either White-can-win or White-cannot-win. There are1669 (52.2%) examples with output White-can-win and 1527 (47.8%) examples withoutput White-cannot-win.9.1.3.HepatitisThe hepatitis data comes from Yugoslavia. The examples have 19 inputs. Severalinputs are binary. Other inputs appear to be continuous but are actually discrete whensplit at the boundary values given in the following table:Age10, 20, 30, 40, 50, 60, 70, 80

Sexmale, female

Steroidno, yes

Antiviralsno, yes

Fatigueno, yes

Malaiseno, yes

Anorexiano, yes

Liver Bigno, yes

Liver Firmno, yes

Spleen Palpableno, yes

Spidersno, yes

Ascitesno, yes

Varicesno, yes

Biliruben0.39, 0.80, 1.20, 2.00, 3.00, 4.00

Alk Phosphate33, 80, 120, 160, 200, 250

Sgot13, 100, 200, 300, 400, 500

Albumin2.1, 3.0, 3.8, 4.5, 5.0, 6.0

Protime10, 20, 30, 40, 50, 60, 70, 80, 90

Histologyno, yes

The output of each example is either Die or Live. There are 32 (20.6%) Die examplesand 123 (79.4%) Live examples.9.1.4.IrisThe iris data set is a classic from the pattern recognition literature [Fisher 1936]. Theexamples have 4 inputs that are all continuous. Each of the 4 continuous inputs were splitinto 10 discrete values using a K-means clustering algorithm.Sepal Length4.3 cm — 7.9 cm

Sepal Width2.0 cm — 4.4 cm

Petal Length1.0 cm — 6.9 cm

Petal Width0.1 cm — 2.5 cm

The output of each example is either Iris-Setosa, Iris-Versicolour, or Iris-Virginica.There are 50 (33.3%) examples with each type of output. One output class is linearlyseparable from the other two. The remaining two classes are not linearly separable fromeach other.9.1.5.LEDThe LED examples have 7 inputs that represent the 7 segments of an LED display[Brieman, et al. 1984]. Each input is binary indicating whether the segment is on or off.The inputs are intentionally made noisy. Each input has a 10% chance of being inverted.The inputs are as follows:TopTop LeftTop RightMiddleBottom LeftBottom RightBottomThe output of each example is the digit represented by the original 7 segments beforenoise is introduced. There are approximately 100 (10%) examples with each output sincethe output is randomly chosen. The optimal Bayes classification accuracy is 74%.9.1.6.MushroomThe mushroom examples are drawn from The Audubon Society Field Guide to NorthAmerican Mushrooms. The examples have 22 inputs with possible values as shown in thefollowing table:Cap ShapeBell, Conical, Convex, Flat, Knobbed, Sunken

Cap SurfaceFibrous, Grooves, Scaly, Smooth

Cap ColorBrown, Buff, Cinnamon, Gray, Green, Pink, Purple, Red,White, Yellow

BruisesTrue, False

OdorAlmond, Anise, Creosote, Fishy, Foul, Musty, None,Pungent, Spicy

Gill AttachmentAttached, Descending, Free, Notched

Gill SpacingClose, Crowded, Distant

Gill SizeBroad, Narrow

Gill ColorBlack, Brown, Buff, Chocolate, Gray, Green, Orange, Pink,Purple, Red, White, Yellow

Stalk ShapeEnlarging, Tapering

Stalk RootBulbous, Club, Cup, Equal, Rhizomorphs, Rooted, Missing

Stalk Surface AboveRingFibrous, Scaly, Silky, Smooth

Stalk Surface BelowRingFibrous, Scaly, Silky, Smooth

Stalk Color Above RingBrown, Buff, Cinnamon, Gray, Orange, Pink, Red, White,Yellow

Stalk Color Below RingBrown, Buff, Cinnamon, Gray, Orange, Pink, Red, White,Yellow

Veil TypePartial, Universal

Veil ColorBrown, Orange, White, Yellow

Ring NumberNone, One, Two

Ring TypeCobwebby, Evanescent, Flaring, Large, None, Pendant,Sheathing, Zone

Spore Print ColorBlack, Brown, Buff, Chocolate, Green, Orange, Purple,White, Yellow

PopulationAbundant, Clustered, Numerous, Scattered, Several, Solitary

HabitatGrasses, Leaves, Meadows, Paths, Urban, Waste, Woods

The output of each example is either Edible or Poisonous. There are 4208 (51.8%)examples with output Edible and 3916 (48.2%) examples with output Poisonous.9.1.7.SoybeanThe soybean examples have 35 inputs with values as shown in the following table:DateApril, May, June, July, August, September, October

Plant StandNormal, lt Normal, Unknown

Precipitationlt Normal, Normal, gt Normal, Unknown

Temperaturelt Normal, Normal, gt Normal, Unknown

HailYes, No, Unknown

Crop HistoryDiff Last Year, Same Last Year, Same Last Two Years, SameLast Several Years, Unknown

Area DamagedScattered, Low Areas, Upper Areas, Whole Field, Unknown

SeverityMinor, pot Severe, Severe, Unknown

Seed TreatmentNone, Fungicide, Other, Unknown

Germination90—100%, 80—89%, lt 80%, Unknown

Plant GrowthNormal, Abnormal, Unknown

LeavesNormal, Abnormal

Leafspots HaloAbsent, Yellow Halos, No Yellow Halos

Leafspots Margws Marg, No ws Marg, dna, Unknown

Leafspot Sizelt 1/8, gt 1/8, dna, Unknown

Leaf ShredAbsent, Present, Unknown

Leaf MalfAbsent, Present, Unknown

Leaf MildAbsent, Upper Surface, Lower Surface, Unknown

StemNormal, Abnormal, Unknown

LodgingYes, No, Unknown

Stem CankersAbsent, Below Soil, Above Soil, Above sec nde, Unknown

Canker Lesiondna, Brown, Dark Brown, Tan, Unknown

Fruiting BodiesAbsent, Present, Unknown

External DecayAbsent, Firm and Dry, Watery, Unknown

MyceliumAbsent, Present, Unknown int DiscolorNone, Brown, Black, Unknown

SclerotiaAbsent, Present, Unknown

Fruit PodsNormal, Diseased, Few Present, dna, Unknown

Fruit SpotsAbsent, Colored, Brown w/Black Specs, Distort, dna, Unknown

SeedNormal, Abnormal, Unknown

Mold GrowthAbsent, Present, Unknown

Seed DiscolorAbsent, Present, Unknown

Seed SizeNormal, lt Normal, Unknown

ShrivelingAbsent, Present, Unknown

RootsNormal, Rotted, Galls Cysts, Unknown

The output of each example is one of four soybean diseases (D1, D2, D3, D4). Thereare 10 (21.3%) D1 examples, 10 (21.3%) D2 examples, 10 (21.3%) D3 examples, and 17(36.2%) D4 examples.9.1.8.Tic Tac Toe End GameThe tic-tac-toe end-game data encodes the complete set of possible board positions atthe end of tic-tac-toe games. It is assumed that ’x’ played first. Each example has 9 inputsrepresenting the 9 tic-tac-toe squares. Each input is either ’x’, ’o’, or ’blank’. The inputs areas follows:Top LeftTop MiddleTop RightMiddle LeftMiddle MiddleMiddle RightBottom LeftBottom MiddleBottom Right

The output of each example is either Win-for-X or Not-win-for-X. There are 626(65.3%) examples with output Win-for-X and 332 (34.7%) examples with output Not-win-for-X.9.1.9.VotingThe voting data is taken from 1984 United States congressional voting records [CQA1985]. Each example has 16 inputs corresponding to the 16 key votes identified by theCongressional Quarterly Almanac. Each input is either For, Against, or No Vote. Threekinds of votes, voted for, paired for, and announced for, are combined into For. Threekinds of votes, voted against, paired against, and announced against, are combined intoAgainst. Three kinds of votes, voted present, voted present to avoid conflict of interest,and did not vote, are combined into No Vote. The 16 votes are as follows:Handicapped InfantsWater Project Cost SharingAdoption of the Budget ResolutionPhysician Fee FreezeEl Salvador AidReligious Groups in SchoolsAnti Satellite Test BanAid to Nicaraguan ContrasMX MissileImmigrationSynfuels Corporation CutbackEducation SpendingSuperfund Right to SueCrimeDuty Free ExportsExport Administration Act South AfricaThe output of each example is either Democrat or Republican. There are 267 (61.4%)examples with output Democrat and 168 (38.6%) examples with output Republican.9.1.10.ZooThe zoo data set contains examples of animals. Each example has 16 inputs withvalues as shown in the following table.HairYes, No

FeathersYes, No

EggsYes, No

MilkYes, No

AirborneYes, No

AquaticYes, No

PredatorYes, No

ToothedYes, No

BackboneYes, No

BreathesYes, No

VenomousYes, No

FinsYes, No

Legs0, 2, 4, 5, 6, 8

TailYes, No

DomesticYes, No

CatsizeYes, No

The output of each example is Mammal, Bird, Reptile, Fish, Amphibian, Insect, orOther. There are 41 examples with output Mammal, 20 examples with output Bird, 5examples with output Reptile, 13 examples with output Fish, 4 examples with outputAmphibian, 8 examples with output Insect, and 10 examples with output Other. Previousresults on this data set are not known.9.2.Test ProcessThis section describes the methods used for testing the learning algorithms in thispaper. The test methods are intended to insure that the results are not skewed by afortunate selection of training and testing sets.Each algorithm is run 100 times, ten times on each data set. The results for each dataset are averaged over the ten runs. Each data set is split into a training set and a test set.One half of the examples in a data set are randomly selected as the training set for eachrun. The remaining examples are used as the test set. Thus, the test set does not containexamples from the training set. New training and test sets are selected for each run.On each run the training set is used to train the system. The system iterates over thetraining set. Training stops when the system completes a full pass over the training setwithout creating or deleting any nodes. (In addition, the number of passes over thetraining data is limited to a maximum of 10.) When training is complete the test set is usedto test the system. During testing the system does not learn. The system only operates inexecution mode.9.3.Results GatheredThis section explains what variables are measured and reported as results. The resultsare intended to measure generalization performance, speed, and useability of thealgorithms. The six variables that are reported are as follows:Accuracy on the training setAccuracy on the test setNumber of nodes createdNumber of nodes deletedNumber of nodes in the final networkNumber of passes over the training setAccuracy on the training set is the number of training examples for which the networkgives the correct answer divided by the total number of training examples. This resultgives an indication of how accurate the system is for inputs that the system has beentrained on. Training set accuracy is measured on the last pass over the training data.

Accuracy on the test set is the number of test examples for which the system givesthe correct answer divided by the total number of test examples. This result indicates howwell the system generalizes or how well the system can predict the correct output forinputs that the system has not been trained on. Test set accuracy is measured aftertraining is complete.The number of nodes in the system as well as the number of passes over the trainingset required for convergence both give an indication of how easily the system is learningthe problem. A high number of nodes or passes indicates that the system has difficultylearning the problem. Note that models that use example nodes have at least as manynodes as there are examples in the training set. The interesting number for these models isthe number of nodes created in addition to the example nodes.Deleted nodes indicate poor choices were made for creation of new features. Noincremental learning model can make perfect choices about creating new features since allinformation needed for a correct choice is not available. Thus, some deletion of nodes isneeded, but it is desirable to minimize the number of nodes created in error.9.4.GS ResultsThis section gives results for GS learning on the 10 data sets described above.The three strength estimation models have more information available to them thanunion and specialization. Therefore, they are expected to be more accurate than the firsttwo algorithms that do not use strength estimation. The strength estimation models areexpected to reach a solution for the training set with fewer wrong choices in creating anddeleting nodes. The strength estimation methods should converge in fewer passes than theother two methods since they choose better new features. The results confirm theseexpectations. (There are two exceptions that are discussed later.)The three strength estimation methods have differing amounts of informationavailable. NIC strength estimation has the least information and EN strength estimationhas the most. Therefore, LEM is expected to perform better than NIC and EN is expectedto do better than LEM. The results confirm these expectations.Results for the five basic GS learning models on the 10 data sets are shown in ˙GSResults¨. All models have similar good results for Breast Cancer, Iris, Mushroom,Soybean, and Voting.Note that create and node counts are high for EN strength estimation because ENstrength estimation creates a node for every example in the training set. A fair comparisonof EN strength estimation requires subtracting the number of example nodes created.On the Chess data, union and specialization have high create, delete, and node countscompared to the strength estimation models. Even though the counts are lower for thestrength estimation models the counts are still higher than is desired. The strengthestimation models give about 2% better accuracy for the Chess data. Thus, the Chess datashows better results for strength estimation as expected.Test accuracy is low on the Hepatitis data for all models. This result is comparable toprevious results on Hepatitis. Note that the strength estimation models do better intraining accuracy than the other models. Contrary to expectations, specializationperforms almost 2% higher than any of the strength estimation methods in test accuracy.

Both train and test accuracy appear low for the LED data, but the Bayes optimalresult is 74% because of the noise in the data set. Thus, accuracy is good for union, LEMstrength estimation, and EN strength estimation. Accuracy is not good for specializationor NIC strength estimation even considering the Bayes optimal result of 74%. The create,delete, node, and pass counts are high for all models. Pass counts are particularly high forunion and specialization suggesting that these models have difficulty learning the data set.The Tic-Tac-Toe data set strongly shows the advantage of the strength estimationmethods. This suggests that this data set has important higher-order features. Union andspecialization create and delete about 3 times as many nodes as the strength estimationmodels. The pass counts are also very high for union and specialization. The two betterstrength estimation models have 2% better test accuracy than specialization. Testaccuracy for union is very poor.Table 9.2. GS ResultsData SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

BreastUnion99.74%95.03%105.163.941.24.8

CancerSpecial99.66%95.20%113.164.548.67.3

NIC100.00%95.06%96.458.637.83.6

LEM99.86%95.26%97.459.338.13.9

EN100.00%95.03%345.159.1286.03.7

ChessUnion95.08%95.85%746.8472.1274.79.0

Special94.39%96.02%636.1379.7256.47.8

NIC97.55%97.83%370.0305.764.37.3

LEM97.94%97.58%418.4356.561.97.8

EN98.60%97.73%1874.1221.01653.15.6

HepatitisUnion94.03%81.15%92.963.229.76.7

Special94.16%82.69%96.163.232.96.3

NIC99.09%80.00%78.455.323.14.2

LEM99.61%80.26%76.853.123.73.8

EN96.36%81.03%168.769.799.05.7

IrisUnion97.33%92.13%44.123.520.64.2

Special99.47%92.80%48.629.119.56.3

NIC98.40%93.60%38.319.219.13.6

LEM98.80%92.93%37.518.918.63.4

EN98.80%92.80%103.518.585.03.2

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

LEDUnion74.24%72.10%1031.3636.8394.59.9

Special68.48%69.34%1313.373.11240.29.3

NIC56.22%62.60%1166.1965.5200.66.1

LEM73.18%71.80%980.7820.0160.76.5

EN72.72%73.00%984.0751.5232.56.2

MushroomUnion99.96%99.92%120.392.427.95.2

Special99.94%99.94%121.093.927.14.2

NIC100.00%99.98%109.584.624.92.4

LEM99.98%99.93%114.889.025.83.5

EN99.96%99.94%4177.087.74089.33.3

SoybeanUnion100.00%97.08%66.261.54.72.7

Special100.00%97.08%66.261.54.72.7

NIC100.00%97.08%65.260.54.72.7

LEM100.00%97.08%65.260.54.72.7

EN100.00%97.08%88.260.527.72.7

Tic TacUnion91.40%85.26%646.7469.7177.09.6

ToeSpecial96.74%95.28%630.1364.5265.69.3

NIC95.82%94.41%200.3150.050.35.0

LEM98.43%97.29%148.9111.337.63.8

EN98.46%97.37%617.8100.7517.13.2

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

VotingUnion95.90%94.38%116.467.648.88.6

Special96.04%94.65%82.354.228.15.0

NIC96.77%94.10%68.250.317.94.6

LEM98.34%95.53%61.143.817.34.0

EN98.20%95.48%246.247.3198.94.4

ZooUnion96.89%88.00%48.137.910.24.1

Special95.56%90.44%52.838.214.64.8

NIC100.00%92.67%44.535.59.03.0

LEM100.00%92.44%44.335.48.93.0

EN100.00%92.89%77.535.641.93.1

AverageUnion94.46%90.09%301.8198.9102.96.5

Special94.44%91.35%316.0122.2193.86.3

NIC94.39%90.73%223.7178.545.24.3

LEM96.61%92.01%204.5164.839.74.2

EN96.31%92.23%868.2145.2723.14.1

The Zoo data has similar counts for all models but the train and test accuracy is 2—4%better for the strength estimation models.The averages over all the data sets show the expected improvement in performance forthe strength estimation algorithms. An exception is accuracy for NIC strength estimation.The average for NIC strength estimation is low because of the poor result on the LED data set. NIC specialization may have problems handling noise. Performance improvesover the three strength estimation algorithms as is expected since EN has moreinformation available to it than LEM which has more information than NIC.The averages of create, node, and pass counts also show the advantage of the strengthestimation methods. EN strength estimation has more nodes created as expected. Note thesteady decline in deleted nodes over the three strength estimation methods. This resultagrees with the amount of information available to each method for the purpose ofestimating the strength of new features. The number of passes required for Union andSpecialization is about 1.5 times the number needed for the strength estimation methods.In summary, all models perform similarly on Breast Cancer, Hepatitis, Iris,Mushroom, Soybean, and Voting. Strength estimation models do better than other modelson Chess, LED, Tic-Tac-Toe, and Zoo. Overall, the strength estimation models appear toperform better than union and specialization as expected.9.5.GS VariationsThe GS learning algorithm can be run with two variations. Single-input nodes caneither be created or not created and specialization-with-strength-estimation can either bedone one time or repeated. The base case for GS learning is to create single-input nodesand to do specialization one time. The following two sections give results for thealgorithm with the two variations.9.5.1.Strength Estimation without Single-Input NodesThe specialization methods that use strength estimation can operate without creatingsingle-input nodes. This section compares the results for these methods without single-input nodes to the base results reported above. ˙ GSnoSI¨ shows the test accuracypercentages for the three strength estimation methods both with and without single-inputnode creation.Strength estimation without single-input nodes was expected to perform as well asstrength estimation with single-input nodes because strength estimation does not requiresingle-input nodes to choose good new features. However, with few exceptions, the tableshows that each strength estimation method performs better when single-input nodes arecreated than when single-input nodes are not created. As expected, though not shown inthe table, more nodes are created and deleted when single-input nodes are used. Passcounts typically are lower when single-input nodes are used.Table 9.3. Test Accuracy for GS without Single-Input NodesData SetNICNIC w/oSILEMLEMw/o SIENEN w/oSI

Breast Cancer95.0694.2695.2694.8095.0395.26

Chess97.8397.5197.5897.4597.7397.57

Hepatitis80.0079.3680.2679.8781.0381.15

Iris93.6085.8792.9385.4792.8086.13

LED62.6060.3671.8071.7073.0073.06

Mushroom99.9899.9799.9399.9299.9499.93

Soybean97.0891.2597.0890.0097.0890.00

Tic Tac Toe94.4195.1497.2997.3197.3797.08

Voting94.1094.7595.5395.6295.4895.30

Zoo92.6791.1192.4490.0092.8990.00

Average90.7388.9692.0190.2192.2390.55

9.5.2.Repeat SpecializationLEM and EN specialization can repeatedly specialize a feature by adding more thanone input/value pair to a current feature. All other GS learning methods store too littleinformation about examples that have been presented to support such repeatspecialization. This section compares the results for LEM and EN specialization usingrepetition to the base results reported above. ˙ GSRep¨ shows the test accuracypercentages for LEM and EN specialization both with and without repetition.Table 9.4. Test Accuracy for GS with RepetitionData SetLEMLEM w/RepENEN w/Rep

Breast Cancer95.2695.1795.0395.03

Chess97.5897.0797.7398.27

Hepatitis80.2680.6481.0381.41

Iris92.9392.4092.8092.40

LED71.8071.6473.0073.00

Mushroom99.9399.9399.9499.95

Soybean97.0897.0897.0897.08

Tic Tac Toe97.2997.8997.3798.39

Voting95.5394.5295.4895.02

Zoo92.4492.2292.8992.67

Average92.0191.8692.2392.32

Specialization with repetition was expected to perform better than specializationwithout repetition because repetition should allow the system to find the correct specificfeature without creating intermediate features. However, the table shows that eachspecialization method performs about the same with or without repetition.9.6.SG ResultsResults for the two base SG learning models on the 10 data sets are shown in ˙SGResults¨. The table also gives results for feature-generalization without repetition andGS learning using EN strength estimation. Base SG models have similar good results forBreast Cancer, Chess, LED, and Voting.Hepatitis test accuracy results for both base models are as expected from previousresults. Training accuracy is somewhat low for feature-generalization.

Feature-intersection has poor accuracy on Iris and Soybean while feature-generalization does well on the same data. Feature-generalization performs poorly onMushroom and Tic-Tac-Toe while feature-intersection does well. Both algorithms havelow test accuracy on the Zoo data.Feature-intersection has better create, delete, node, and pass counts than feature-generalization on LED and Mushroom.The averages over all data sets are very close for the two base SG models. Testaccuracy for SG models is 3—4% lower than the GS learning algorithm. This suggests thatstarting with general features provides a better generalization result than starting withspecific features. However, the SG model using feature-generalization performs betterthan GS on Iris and Soybean. Thus, SG can outperform GS on specific types of data.The create, delete, node, and pass counts are higher for the GS algorithm than for thebase SG models. GS creates about twice as many nodes on the Hepatitis, Soybean, andZoo data. For the LED data, GS creates almost 10 times as many nodes. The GSalgorithm typically deletes an order of magnitude more nodes than the SG models. For theLED data, GS deletes almost 100 times as many nodes as feature-intersection. So,although GS may do better than SG in terms of generalization performance, SG does havethe strength of reducing the number of nodes created and deleted as well as the passcount.Table 9.5. SG ResultsData SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

BreastIntersect99.86%94.71%279.64.9274.72.9

CancerGeneral99.77%92.83%293.19.8283.33.3

Gen no Rep100.00%66.60%375.40.0375.42.3

GS EN100.00%95.03%345.159.1286.03.7

ChessIntersect99.98%97.94%1797.4136.71660.73.4

General100.00%96.65%1800.3122.91677.43.4

Gen no Rep100.00%48.98%3188.64.83183.83.0

GS EN98.60%97.73%1874.1221.01653.15.6

HepatitisIntersect98.44%79.87%106.616.889.85.1

General89.87%81.15%85.12.482.72.7

Gen no Rep100.00%78.59%94.30.094.32.1

GS EN96.36%81.03%168.769.799.05.7

IrisIntersect98.67%90.93%84.74.080.72.5

General100.00%94.53%81.81.580.33.1

Gen no Rep100.00%66.67%113.01.9111.12.8

GS EN98.80%92.80%103.518.585.03.2

LEDIntersect65.08%71.58%117.48.3109.13.3

General74.36%71.98%157.942.2115.73.7

Gen no Rep75.68%70.92%175.340.3135.05.0

GS EN72.72%73.00%984.0751.5232.56.2

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

MushroomIntersect100.00%99.99%4102.315.34087.02.2

General94.10%93.86%4202.194.74107.44.8

Gen no Rep100.00%76.95%6901.90.06901.93.0

GS EN99.96%99.94%4177.087.74089.33.3

SoybeanIntersect100.00%79.58%33.46.526.92.1

General100.00%97.92%29.82.327.52.4

Gen no Rep100.00%24.17%43.70.043.72.8

GS EN100.00%97.08%88.260.527.72.7

Tic TacIntersect100.00%97.10%583.069.3513.72.9

ToeGeneral100.00%81.02%650.067.7582.33.6

Gen no Rep100.00%64.99%645.90.0645.92.1

GS EN98.46%97.37%617.8100.7517.13.2

VotingIntersect99.22%95.16%217.817.2200.65.2

General96.96%92.12%212.513.2199.33.8

Gen no Rep100.00%77.56%259.20.0259.22.5

GS EN98.20%95.48%246.247.3198.94.4

ZooIntersect98.22%81.33%46.06.839.22.1

General100.00%83.78%53.58.345.22.8

Gen no Rep100.00%66.22%57.90.057.92.1

GS EN100.00%92.89%77.535.641.93.1

AverageIntersect95.95%88.82%736.828.6708.23.2

General95.51%88.58%756.636.5720.13.4

Gen no Rep97.57%64.16%1185.54.71180.82.8

GS EN96.31%92.23%868.2145.2723.14.1

The only variation for SG algorithms is repetition for feature-generalization. The baseconfiguration for feature-generalization is to use repetition. Without repetition the averagetest accuracy for the 10 data sets drops to 64%. Thus, repetition is important for feature-generalization. It appears that without repetition, features do not expand around thetraining examples sufficiently to cover the complete input space.In summary, GS has better accuracy than SG, but SG creates and deletes fewer nodesand requires fewer training passes than GS.

9.7.GAS ResultsResults for GAS learning on the 10 data sets are shown in ˙ GASResults¨. The tablealso gives results for GS learning using EN specialization and SG learning using feature-generalization. The base results for GAS do not use single-input nodes so the GS resultsare also those without single-input nodes.GAS learning is expected to perform better than either GS or SG learning since GAScombines GS and SG. GAS learning that selects the best feature of specialization orgeneralization is expected to do better than GAS learning that creates both features sincefewer poor features should be created. It is expected that the GAS model that creates bothgeneralization and specialization nodes should create more nodes.All four models have similar results for Breast Cancer and Chess. SG is somewhatlower than the others on test accuracy for Breast Cancer. GS is worse than the others onpass count for Chess. GAS avoids the SG and GS problems on these data sets andobtains close to the GS accuracy result on Breast Cancer and the SG pass count result onChess. On these data sets GAS is able to get the benefits of the individual methodswithout suffering the drawbacks.GAS has close to the GS training accuracy on Hepatitis, LED, and Voting. However,GAS also suffers from the higher node count and pass count problems of GS on thesedata sets. GAS is not able to benefit from the lower counts that SG is able to achieve.SG has better performance than GS in every category on the Iris data. GAS creatingthe best node gets exactly the same as the SG result and avoids the GS problems.GAS does better than both GS and SG in every category on the Mushroom data.GAS obtains close to the accuracy of SG on the Soybean data.The GAS model that creates the best node gets results almost identical to SG on theTic-Tac-Toe data. Unfortunately, SG results on Tic-Tac-Toe are poor. GAS creating bothnodes obtains the better results of the GS model.On the Zoo data, GAS is able to get the better SG result on training accuracy, thebetter GS result on test accuracy, and the better SG result on pass count.

Table 9.6. GAS ResultsData SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

BreastBoth99.89%94.49%314.631.2283.43.5

CancerBest99.86%94.23%291.511.2280.33.2

GS99.37%95.26%290.114.3275.83.9

SG99.77%92.83%293.19.8283.33.3

ChessBoth100.00%97.60%1893.5224.81668.73.3

Best100.00%96.75%1793.7116.51677.23.3

GS98.49%97.57%1808.0155.21652.85.1

SG100.00%96.65%1800.3122.91677.43.4

HepatitisBoth96.10%79.49%123.629.494.25.7

Best96.49%80.51%116.622.993.75.5

GS97.40%81.15%113.421.991.55.8

SG89.87%81.15%85.12.482.72.7

IrisBoth100.00%93.73%91.58.982.63.0

Best100.00%94.53%81.81.580.33.1

GS93.20%86.13%88.67.181.53.8

SG100.00%94.53%81.81.580.33.1

LEDBoth76.30%72.66%965.3727.6237.76.3

Best76.60%72.24%855.9618.9237.06.0

GS72.02%73.06%954.7723.3231.46.1

SG74.36%71.98%157.942.2115.73.7

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

MushroomBoth100.00%100.00%4107.823.14084.72.0

Best100.00%100.00%4095.511.24084.32.0

GS99.98%99.93%4114.726.24088.54.0

SG94.10%93.86%4202.194.74107.44.8

SoybeanBoth100.00%97.08%36.68.628.02.4

Best100.00%93.75%32.24.627.62.4

GS94.35%90.00%31.23.627.62.4

SG100.00%97.92%29.82.327.52.4

Tic TacBoth100.00%96.12%719.5178.8540.73.3

ToeBest100.00%80.92%649.066.2582.83.6

GS98.41%97.08%602.587.6514.93.1

SG100.00%81.02%650.067.7582.33.6

VotingBoth98.80%93.64%236.535.2201.34.0

Best98.85%93.87%229.930.2199.75.9

GS98.11%95.30%228.330.4197.95.6

SG96.96%92.12%212.513.2199.33.8

ZooBoth100.00%88.67%61.317.743.62.9

Best100.00%90.00%50.98.142.82.8

GS99.56%90.00%47.25.641.63.8

SG100.00%83.78%53.58.345.22.8

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

AverageBoth97.11%91.35%855.0128.5726.53.6

Best97.18%89.68%819.789.1730.63.8

GS95.09%90.55%827.9107.5720.44.4

SG95.51%88.58%756.636.5720.13.4

The average over all data sets is higher for GAS learning creating both features; theopposite of what is expected. It is suspected that this is because the SG part of GASlearning dominates the GS part when only the best feature is created.On average, the best GAS model is about 1% more accurate than the GS model. At thesame time the GAS model is 3% better than the SG model. On average, GAS is closer toSG in pass count.Overall, GAS is able to obtain the better characteristics of either GS or SG on manydata sets. On other data sets, GAS gets results similar to either GS or SG alone, withoutbeing able to combine the best of the two approaches.9.8.Direct Specialization Strength EstimationDirect specialization strength estimation is an approximation to EN strengthestimation. DS strength estimation is potentially more efficient than EN strengthestimation, but is not guaranteed to give the same result. This section comparessimulation results for DS strength estimation with results for EN strength estimation todetermine if DS strength estimation gives good strength estimates.Results for DS strength estimation are given for SG learning using intersection and forGAS learning. GAS learning uses both feature-specialization and feature-generalizationusing EN strength estimation. Thus, good results for DS strength estimation on GASlearning should indicate good results for both feature-specialization and feature-generalization alone.Results for feature-intersection using both EN and DS strength estimation and GASlearning using both EN and DS strength estimation are shown in ˙ DSResults¨. On manydata sets (Chess, Iris, LED, Mushroom, Soybean, Tic-Tac-Toe, Zoo) DS strengthestimation gives results exactly the same as EN strength estimation. On other data setsDS results are slightly lower than EN results. On average DS strength estimation is veryclose to EN strength estimation in every category.

Table 9.7. DS Strength Estimation ResultsData SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

BreastIntersect99.86%94.71%279.64.9274.72.9

CancerInter DS99.89%94.69%279.75.0274.72.8

GAS99.86%94.23%291.511.2280.33.2

GAS DS100.00%93.86%291.511.1280.43.1

ChessIntersect99.98%97.94%1797.4136.71660.73.4

Inter DS99.98%97.94%1797.4136.71660.73.4

GAS100.00%96.75%1793.7116.51677.23.3

GAS DS100.00%96.86%1794.3117.31677.03.3

HepatitisIntersect98.44%79.87%106.616.889.85.1

Inter DS99.48%79.23%93.95.688.32.6

GAS96.49%80.51%116.622.993.75.5

GAS DS99.61%78.59%102.98.794.23.1

IrisIntersect98.67%90.93%84.74.080.72.5

Inter DS98.67%90.93%84.74.080.72.5

GAS100.00%94.53%81.81.580.33.1

GAS DS100.00%94.53%81.81.580.33.1

LEDIntersect65.08%71.58%117.48.3109.13.3

Inter DS65.08%71.58%117.48.3109.13.3

GAS76.60%72.24%855.9618.9237.06.0

GAS DS76.52%72.36%851.6613.7237.95.9

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

MushroomIntersect100.00%99.99%4102.315.34087.02.2

Inter DS100.00%99.99%4102.315.34087.02.2

GAS100.00%100.00%4095.511.24084.32.0

GAS DS100.00%100.00%4095.511.24084.32.0

SoybeanIntersect100.00%79.58%33.46.526.92.1

Inter DS100.00%79.58%33.46.526.92.1

GAS100.00%93.75%32.24.627.62.4

GAS DS100.00%93.75%32.24.627.62.4

Tic TacIntersect100.00%97.10%583.069.3513.72.9

ToeInter DS100.00%97.10%583.069.3513.72.9

GAS100.00%80.92%649.066.2582.83.6

GAS DS100.00%80.92%649.066.2582.83.6

VotingIntersect99.22%95.16%217.817.2200.65.2

Inter DS99.68%94.56%209.710.1199.63.0

GAS98.85%93.87%229.930.2199.75.9

GAS DS99.95%92.67%219.417.1202.33.7

ZooIntersect98.22%81.33%46.06.839.22.1

Inter DS98.22%81.33%46.06.839.22.1

GAS100.00%90.00%50.98.142.82.8

GAS DS100.00%90.00%50.98.142.82.8

Data SetAlgorithmTrainAccuracyTestAccuracyCreateCountDeleteCountNodeCountPassCount

AverageIntersect95.95%88.82%736.828.6708.23.2

Inter DS96.10%88.69%734.826.8708.02.7

GAS97.18%89.68%819.789.1730.63.8

GAS DS97.61%89.35%816.986.0731.03.3

9.9.ConclusionResults of testing the learning algorithms in this paper suggest that GS algorithmshave better accuracy than SG algorithms. However, SG algorithms create and delete fewernodes than GS algorithms. SG algorithms also require fewer passes over the trainingexamples. On many data sets, when GS and SG have different results, GAS algorithms areable to obtain the better of the two results. On other data sets, GAS algorithms get resultsat least as good as either GS or SG alone.

Chapter 10Conclusion10.1.SummaryThis paper has presented a family of algorithms for inductive machine learning. Thealgorithms combine the benefits of neural networks, ASOCS, and symbolic learningalgorithms. The algorithms learn incrementally with good speed and generalization. Thealgorithms are based on a parallel architectural model that adapts to the problem beinglearned. Learning is done without requiring user adjustment of sensitive parameters andnoise is tolerated with graceful degradation in performance.The approach to development of the systems in this work was to study currentapproaches to machine learning. The strengths of current systems were identified alongwith the characteristic of the system that provided the strength. Neural networks cantolerate noise because each training example causes only incremental changes in the stateof the system. ASOCS models learn quickly and adapt to a large class of problemsbecause of a dynamic parallel architectural model. Symbolic AI induction algorithmsgeneralize at a symbolic level by using generalization rules.The techniques of (1) using incremental changes to the state of the system, (2)dynamically creating and deleting nodes in a parallel network, and (3) symbolicrepresentations modified with generalization rules were combined to create the newmodels for inductive learning in this work. The new models were thus able to gain thebenefits of the various current approaches.An explanation of the meaning of learning from examples was given in Chapter 2. Thisprovided the needed foundation to explain the idea of a feature in Chapter 3. The conceptof a feature was described as an important set of states in the input space. The featurethen became the basic building block for construction of networks to learn generalmappings from input to output. Relationships between features and the input space wereproven. This provided the basis for creating generalizations or specializations of existingfeatures.Chapter 4 showed that it is possible to begin with general features and specializethose features to match a problem that is being learned. Five different methods were givenfor creating more specific features. New specific features were created by eithercomputing the union of existing features or by adding inputs to existing features. Thegoodness of new features was measured either based on the strength and generality of theexisting features or by estimating the strength of the new feature. The strength estimationmethods required remembering additional information about training examples.Chapter 5 showed that an approach almost opposite to that in Chapter 4 can learnfeatures to match a problem. Specific features were first created. These features weregeneralized by either intersection or removing inputs. The generalization of features wascontrolled by contradiction with other features.

GS learning and SG learning were then combined in Chapter 6 resulting in a model thatgives the benefits of both GS and SG learning.Two possible architectural models were presented in Chapter 7. The models allow alarge number of nodes to operate in parallel. The broadcast/gather model is suitable forimplementation using static interconnects. The general/specific model requires dynamicinterconnection but provides better learning performance. Dynamic interconnects can beemulated using a system with static connections.The algorithms were shown to have good complexity characteristics in Chapter 8 bothin terms of space and time. All algorithms were shown to be O(m log m), where m is thenumber of nodes, when the number of inputs and output values can be treated asconstants. When the general/specific network topology is used, the time complexitybecomes O(log m) because m nodes are no longer broadcasting new features to the entirenetwork.Chapter 9 gave results from testing the algorithms on ten data sets. The resultsindicate that the algorithms give good generalization and that learning converges in a smallnumber of training passes. GS models were shown to have better accuracy than SGmodels, but SG models were shown to converge in fewer passes. SG models were alsoshown to create and delete fewer nodes. GAS models were shown to have potential togain the benefits of both GS and SG models.In summary, several new algorithms for inductive learning have been presented. Thenew algorithms compare well with other learning models. Learning time for the newalgorithms is O(log m), where m is the number of network nodes, when the newlydeveloped GS network topology is used. The accuracy of the new models compares wellwith previous results on several real world data sets. The new models are easy to use andcan be applied to many learning problems.10.2.Future ResearchSeveral possibilities exists for future extensions and improvements to the algorithmsgiven here. Though the models presented here have a good combination of benefits, theydo still have some weaknesses.The current algorithms have a limited representation for features. Each element of afeature restricts an input to be equal to a value. Features should be extended so thatinputs can be specified to cover a range of values. Features could also specify morecomplex relationships between inputs. For example, a feature could specify that twoinputs must be equal or that the sum of several inputs must exceed some threshold.Such extensions of feature representation would require the feature generality andspecificity measures to be enhanced to handle the new complexity of the representation.Feature generalization and specialization operations would need modification. Thesefeature representation improvements would potentially allow the algorithms to learn alarger class of functions. The more complex feature representations would require newmethods for learning good features.The current models are designed to only accept nominal inputs. Continuous data mustbe discretized before the data can be use for training the system. Using a more generalfeature representation as described above, feature creation and measurement could beenhanced to learn good ranges of continuous inputs.

The learning models presented in this work are composed of several building blocks.New features can be created from existing features using Union, Intersection,Specialization, and Generalization. The strength of new features can be estimated usingNext-Input Counters, Limited Example Memory, and Example Nodes. Features can bedeleted either by measuring node usage or by comparing node strength. These variousbuilding blocks can be combined in many new and different ways. Analysis and testing ofthese new combinations may provide fruitful areas for future research.Applications for the models developed here should be identified. The models are wellsuited to decision problems as shown by several of the data sets given in the empiricalresults. Medical diagnoses, credit screening, and character recognition are problems thatcan easily be presented to the systems given here.Problems requiring adaptive response are suitable for these systems. The systemslearn incrementally such that learning and execution can be interleaved. Applications thatneed fast adaptation can be done by the systems presented here because of the ability ofthese systems to learn new information quickly. Examples of such applications areadaptive network routing, adaptive computer vision, and adaptive knowledge basedsystems.

BibliographyAckley, D. H., Hinton, D. E., & Sejnowski, T. J. (1985). A Learning Algorithm forBoltzmann Machines. Cognitive Science, 9, 147-169.Aha, D. W. (1991). Incremental constructive induction: An instance-based approach. InProceedings of the Eighth International Workshop on Machine Learning, pp 117-121.Evanston, Il: Morgan Kaufmann.Anderson, J. R. (1989). A Theory of the Origins of Human Knowledge. ArtificialIntelligence, 40, 313-352.Barker, J. C. and Martinez, T. R. (1993a). GS: A Network that Learns ImportantFeatures. Proceedings of The World Congress on Neural Networks, Portland, Oregon,July 11-15, 1993.Barker, J. C. and Martinez, T. R. (1993b). Learning and Generalization Controlled byContradiction. Proceedings of The International Conference on Artificial NeuralNetworks, Amsterdam, Netherlands, September 13-16, 1993.Barker, J. C. and Martinez, T. R. (1993c). Generalization by Controlled Intersection ofExamples. Proceedings of The Sixth Australian Joint Conference on ArtificialIntelligence, Melbourne, November, 1993.Barker, J. C. and Martinez, T. R. (1994). Proof of Correctness for ASOCS AA3Networks. IEEE Transactions on Systems, Man, and Cybernetics, 24, 3, Mar. 1994.Booker, L. B., Goldberg, D. E., & Holland, J. H. (1989). Classifier Systems and GeneticAlgorithms. Artificial Intelligence, 40, 235-282.Brieman, L., Friedman, J. H., Olshen, R. A., and Stone, C. J. (1984). Classification andRegression Trees. Wadsworth International Group: Belmont, California. pp 43-49.Cheeseman, P., Kelly, J., Self, M., Stutz, J., Taylor, W., & Freeman, D. (1988).AUTOCLASS: A Bayesian Classification System. Proceedings of the FifthInternational Conference on Machine Learning, (pp. 54-64). Ann Arbor, MI: MorganKaufmann.Congressional Quarterly Almanac, 98th Congress, 2nd session 1984, Volume XL:Congressional Quarterly Inc. Washington, DC., 1985.DeJong, G. F., & Mooney, R. J. (1986). Explanation-based Learning: An AlternativeView. Machine Learning, 1, 145-176.

Dietterich, T. G. (1986). Learning at the Knowledge Level. Machine Learning, 1, 287-316.Fisher, D. H. (1987a). Knowledge Acquisition via incremental conceptual clustering.Doctoral Dissertation, Department of Information and Computer Science, Universityof California, Irvine, CA.Fisher, D. H. (1987b). Knowledge Acquisition via Incremental Conceptual Clustering.Machine Learning, 2, 139-172.Fisher, R. A. (1936). The use of multiple measurements in taxonomic problems. AnnualEugenics, 7, Part II, 179-188.Gentner, D. (1989). Mechanisms of Analogical Learning. In S. Vosniadou & A. Ortony(Eds.), Similarity and Analogical Reasoning. London: Cambridge University Press.Grefenstette, J. J.(1988). Credit Assignment in Rule Discovery Systems Based onGenetic Algorithms. Machine Learning, 3, 225-245.Hopfield, J. J. & Tank, D. W. (1985). Neural Computation of Decisions in OptimizationProblems. Biological Cybernetics, 52, 141-152.Judd, J. S. (1988). On the Complexity of Loading Shallow Neural Networks. Journal ofComplexity, 4, 177-192.Kibler, D. & Aha, D. W. (1987). Learning Representative Exemplars of Concepts: AnInitial Case Study. Proceedings of the Fourth International Workshop on MachineLearning (pp. 24-30). Irvine, CA: Morgan Kaufmann.Kibler, D. & Langley, P. (1988). Machine Learning as an Experimental Science.Proceedings of the Third European Working Session on Learning. Glasgow, Scotland:Pitman.Kodratoff, Y. and Michalski, R. S. (Eds.) (1990). Machine Learning: An ArtificialIntelligence Approach, Volume III, Morgan Kaufmann Publishers, San Mateo, CA.Lang, K. J., Waibel, A. H., & Hinton, G. E. (1990). A Time-delay Neural NetworkArchitecture for Isolated Word Recognition. Neural Networks, 3, 23-43.Langley, P., Simon, H. A., & Bradshaw, G. L. (1987). Heuristics for Empirical Discovery.In L. Bolc (Ed.), Computational Models of Learning, Springer Verlag.Lenat, D. B. (1977). The Ubiquity of Discovery. Artificial Intelligence, 9, 257-285.Mangasarian, O. L. and Wolberg W. H. (1990). Cancer diagnosis via linear programming.SIAM News, 23, 5, 1 - 18.

Martinez, T. R. (1986). Adaptive Self-Organizing Logic Networks, Ph.D. Dissertation,UCLA Technical Report - CSD 860093, (274 pp.), June 1986.Martinez, T. R. & Vidal, J. J. (1988). Adaptive Parallel Logic Networks. Journal ofParallel and Distributed Computing, 5, 26-58.Martinez, T. R., & Campbell, D. M. (1991a). A Self-Adjusting Dynamic Logic Module.Journal of Parallel and Distributed Computing, 11, 303-313.Martinez, T. R. & Campbell, D. M. (1991b). A Self-Organizing Binary Decision Tree forIncrementally Defined Rule Based Systems. IEEE Transactions on System, Man, andCybernetics, 21.Martinez, T. R., Barker, J. C., and Giraud-Carrier, C. (1993). A Generalizing AdaptiveDiscriminant Network. Proceedings of The World Congress on Neural Networks,Portland, Oregon, July 11-15, 1993.Michalski, R. S. (1983a). A Theory and Methodology of Inductive Learning. ArtificialIntelligence, 20, 111-161.Michalski, R. S., Carbonell, J., and Mitchell, T. (Eds.) (1983b). Machine Learning: AnArtificial Intelligence Approach, Morgan Kaufmann Publishers, San Mateo, CA.Michalski, R. S., Carbonell, J., and Mitchell, T. (Eds.) (1986). Machine Learning: AnArtificial Intelligence Approach, Volume II, Morgan Kaufmann Publishers, SanMateo, CA.Minsky, M. L. & Papert, S. (1969). Perceptrons: An Introduction to ComputationalGeometry. Cambridge MA: MIT Press.Mitchell, T. M. (1980). The need for biases in learning generalizations (Technical ReportNo. CBM-TR-117). New Brunswick, NJ: Rutgers University, Department ofComputer Science.Mitchell, T. M. (1982). Generalization as Search. Artificial Intelligence, 18, 203-226.Mitchell, T. M., Keller, R. M., & Kedar-Cabelli, S. T. (1986). Explanation-BasedGeneralization: A Unifying View. Machine Learning, 1, 47-80.Mooney, R. J., Shavlik, J. W., Towell, G. G., & Gove, A. (1989). An ExperimentalComparison of Symbolic and Connectionist Learning Algorithms. Proceedings of theEleventh International Joint Conference on Artificial Intelligence (pp. 775-780).Detroit: Morgan Kaufmann.Murphy, P. M. & Aha, D. W. (1992). UCI Repository of machine learning databases.Irvine, CA: University of California, Department of Information and ComputerScience.

Quinlan, J. R. (1986). Induction of Decision Trees. Machine Learning, 1, 81-106.Rosenblatt, F. (1958). The Perceptron: A Probabilistic Model for Information Storage andOrganization in the Brain. Psychological Review, 65, 386-408.Rumelhart, D. E. and McClelland, J. (1986a). Parallel Distributed Processing, Vol. 1,Cambridge, MA. MIT Press.Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986b). Learning InternalRepresentations by Error Propagation. In D. E. Rumelhart and J. L. McClelland(Eds.) Parallel Distributed Processing (Vol. 1). Cambridge, MA: MIT Press.Rumelhart, D. E. & Zipser D. (1985). Feature Discovery by Competitive Learning.Cognitive Science, 9, 75-112.Schlimmer, J. S. (1987). Concept Acquisition Through Representational Adjustment.Technical Report 87-19, Doctoral Dissertation, Department of Information andComputer Science, University of California, Irvine.Shavlik, J. W. & Towell, G. G. (1989). An approach to combining explanation-based andneural learning algorithms. Connection Science, 1, 233-255.Shavlik, J. W. (1990). Acquiring Recursive and Iterative Concepts with Explanation-Based Learning. Machine Learning, 5, 39-70.Stanfill, G. & Waltz, D. (1986). Toward Memory-Based Reasoning. Communications ofthe ACM, 29:12, 1213-1228.Valiant, L. G. (1984). A Theory of the Learnable. Communications of the ACM, 27, 1134-1142.Weiss, S. & Kapouleas, I. (1989). An Empirical Comparison of Pattern Recognition,Neural Nets, and Machine Learning Classification Methods. Proceedings of theEleventh International Joint Conference on Artificial Intelligence (pp. 781-787).Detroit: Morgan Kaufmann.