Prioritized Rule SystemsA ThesisPresented to theDepartment of Computer ScienceBrigham Young UniversityIn Partial Fulfillmentof the Requirements for the DegreeMaster of Science' Brent W. Hughes 1989byBrent W. HughesNovember 1989 iiThis thesis, by Brent W. Hughes, is accepted in its present formby the Department of Computer Science of Brigham Young Universityas satisfying the thesis requirement for the degree of Master ofScience._______________________________Tony Martinez, Committee Chairman_______________________________Douglas Campbell, Committee Member____________________________________________DateLarry Christensen, Graduate Coordinator iiiACKNOWLEDGEMENTSThe author wishes to thank Dr. Tony Martinez without whosehelp this work would never have been accomplished. He has providedmotivation, assistance, and an open door providing the opportunityfor many interesting and worthwhile discussions. My thanks go alsoto Dr. Douglas Campbell who has also extended many hours of histime in regards to this and other work. I am grateful for all those atBrigham Young University who have been "teachers", whetherformally or informally. I am grateful for the spirit at BYU and forall those employees who understand the difference between thespirit of the law and the letter of the law, who are not just doing ajob but who are truly striving to help.Finally, I express my gratitude to my family � to my wife,Christine, and my children, Stephanie and Jody, without whom thiswould not have meant much.

i v Prioritized Rule Systems1 . I n t r o d u c t i o n 1.1Overview....................................................................................................... 11.2Non-von Neumann Models....................................................................... 21.3Perceptrons.................................................................................................. 31.4Neural Nets................................................................................................... 61.5Learning Networks.................................................................................... 71.6ASOCS............................................................................................................. 81.7High Level Overview of Prioritized Rule Systems.................. 1 1 1.8Advantages of Prioritized Rule Systems..................................... 1 6 2 . Prioritized Rule Systems - Informal Development2.1Partial Boolean Functions.................................................................. 1 9 2.2Rule Systems............................................................................................ 2 1 2.3Prioritized Rule Systems................................................................... 2 4 3 . Prioritized Rule Systems - Formal Development3.1Definitions................................................................................................ 2 7 3.2Theorems.................................................................................................... 3 3 3.3Using the Theorems............................................................................... 4 5

v4 . A PRS Architectural Model4.1The Architecture.................................................................................... 4 9 4.2Presenting a New Rule to the System........................................... 5 2 4.3Raising Hands........................................................................................... 5 3 4.4Processing Input..................................................................................... 5 4 4.5Learning...................................................................................................... 5 4 4.5.1Adding a New Rule...................................................................... 5 4 4.5.2Removing Subsumed Old Rules.............................................. 5 6 4.5.3Checking for New Rule Redundancy.................................... 5 6 4.5.4Expanding Concordant Old Rules.......................................... 5 7 4.5.5Expanding Discordant Old Rules........................................... 5 7 4.5.6Checking for New Rule Subsumation.................................. 5 8 4.6Comments.................................................................................................. 5 9 5 . Additional Capabilities5.1Multiple Outputs..................................................................................... 6 1 5.2Multi-Valued Variables....................................................................... 6 3 5.3Mutual Exclusion..................................................................................... 6 4 5.4The Don’t-Know State........................................................................... 6 5 5.5Stable Output (State Variables)...................................................... 6 5 v i 6 . S i m u l a t i o n 6.1Purpose....................................................................................................... 6 7 6.2Attributes.................................................................................................. 6 7 7 . Comparison With ASOCS7.1Things in Common.................................................................................. 7 1 7.2Advantages of PRS Over ASOCS....................................................... 7 2 7.3Disadvantages of PRS Compared to ASOCS................................. 7 2 8 . Extensions and Future Directions8.1Generalization......................................................................................... 7 3 8.2General Rules and Exceptions........................................................... 7 4 8.3Background Reduction........................................................................... 7 5 9 . Conclusion............................................................................................................ 7 7 Bibliography............................................................................................................ 7 8 A b s t r a c t ............................................................................................................ 8 0

1Chapter 1Introduction1 . 1 O v e r v i e w The purpose of this thesis is to present a processing modelcalled Prioritized Rule Systems (PRS), an extension of ASOCS(adaptive self-organizing concurrent systems) (Martinez, 1986;Martinez, 1987). The new model has a number of advantages over theregular ASOCS model. These advantages are described later.The new model inherits many of the attributes of ASOCS. Asystem based on these models is connectionist in nature. It consistsof many simple processing elements operating independently and inparallel. The network maps Boolean inputs to Boolean outputs. Thedesired functional mapping is specified to the system in the form ofif-then rules. The mapping is propositional in nature and anyarbitrary mapping may be represented and learned by the system.The system is adaptable; it can learn new rules over time in anincremental fashion. Each new rule is learned with only onepresentation of the rule. The system is not "programmed", but isself-organizing. Such a system has two operating modes. In thelearning mode, it adapts to new rules (perhaps overriding olderconflicting rules). In the processing mode, it acts much the same asa standard logic network mapping inputs to outputs. Both thelearning of new rules and the processing of inputs takes place inO(log(n)) time where n is the number of nodes in the system. Thesesystems have applications in adaptive logic, inferencing, robotics,remote systems, and adaptive control.Prioritized Rule Systems have these advantages over ASOCS:Learning is simpler. Consistency of the system is maintained in amore straight forward manner. Fewer nodes are required torepresent a set of rules. The number of nodes is bounded by thenumber of presented rules. A more comprehensive form ofgeneralization is available in a PRS. In an architecture based on thePRS model, the position of nodes in the network is irrelevant; incurrent ASOCS architectures this is not true. This means that nodescan be used more efficiently in a PRS.

2Prioritized Rule Systems do have some disadvantages overregular ASOCS. PRS nodes use more complex logic and additionalinformation must be passed through the network.We now provide some historical background as motivation forwhat follows.1 . 2 Non-von Neumann ModelsIn his Turing Award lecture (1978), John Backus introduced theterm "von Neumann computer" to describe the typical computers oftoday which are based on John von Neumann’s ideas of 40 years ago.Although von Neumann is usually honored for those ideas, Backus’slecture served to emphasize a significant weakness of the vonNeumann design which Backus referred to as the "von Neumannbottleneck". Backus spoke figuratively of a narrow tube betweenprocessor and memory through which all data must pass essentiallyone word at a time. Backus suggested that the time had come toovercome this bottleneck with new languages and new computerdesigns.The idea that there might be an alternative to having a singleprocessor work on memory one word at a time was not a new one,however. John von Neumann himself made significant contributionsto the field of cellular automata, a very "non-von" type of computingmachine with many simple processing units operating concurrentlyto modify many "words" of memory simultaneously.A short history of some of the efforts in "non-von" computingfrom perceptrons to neural nets to ASOCS to Prioritized RuleSystems is now presented.1 . 3 PerceptronsIn his book Principles of Neurodynamics (1962), FrankRosenblatt discussed simple neuron-like learning networks which hecalled perceptrons. These "machines" could learn to classify certainsets of patterns depending on the configuration of the machine. Aperceptron consists of a number of simple processing elements thatoperate in parallel. Although the exact details of the configurationof a perceptron are not needed in the discussion that follows, it isimportant to know that there are connections between certain of the"nodes" of the network that have modifiable "weights" or "strengths".

3It is the modification of these weights that allows the perceptron to"learn".One of the most important things to come out of Rosenblatt’swork was the perceptron learning algorithm and its associatedtheorem. Stated simply, the theorem says that if a perceptron canrepresent a classification, then it can also "learn" thatclassification. Because of its importance, we will discuss thistheorem in some detail.The input to a perceptron can be thought of as a vector of two-state Boolean values representing some pattern. The output of theperceptron is a single two-state Boolean value indicating in whichcategory the input pattern is placed. A set of vectors (patterns) cantherefore be partitioned by the perceptron into two disjoint sets.The perceptron can be thought of as an implementation of a Booleanfunction of Boolean vectors. It maps each input vector into a 0 or a1. If each vector consists of n Boolean values, then there are 2**npossible inputs to the network. (Two consecutive asterisks indicateexponentiation.) Since each input can be mapped to either of twooutputs (0 or 1), there are 2**(2**n) possible mappings from nBoolean values to 0,1.Can any perceptron configuration learn any of the 2**(2**n)possible mappings? No. A particular perceptron configuration maynot be able to represent a particular mapping. That is, there may ormay not be a setting of the weights that implements the specifiedmapping. However, if there does exist some setting of the weightsthat represents the mapping, then the perceptron learning algorithm,started with any settings on the weights, is guaranteed to be able tofind a setting that does in fact represent the desired mapping.Does there exist a specific perceptron configuration that canlearn any of the 2**(2**n) possible mappings? Yes. However, ituses an exponential number of nodes. Does there exist a specificperceptron configuration that can learn any of the 2**(2**n)possible mappings using less than exponential resources?Information theory suggests that the answer is no. Many so called"random mappings", such as being able to classify random rasteroutputs from untuned TV screens, would indeed require exponentialspace or time computational abilities. However, the class ofapplications for which neural networks (and our work) is targetedhave regularities and features which can be detected such thatclassification can be accomplished with much less than exponential

4demands (Martinez, 1989). Most patterns and decisions which we ashumans efficiently classify fall into this realm.Marvin Minsky and Seymour Papert published a book calledPerceptrons (1969) in which they provided a rigorous examinationof the perceptron. They proved a number of theorems which manysaw as proving severe limitations on the perceptron model. In fact,much of the excitement concerning perceptron-like models fadedaway following the publication of Minsky and Papert’s book.

51 . 4 Neural NetsSome researchers felt that, although the perceptron itself,which used a single layer of modifiable weights, might be dead, anextension of the model to multiple layers might provide theadditional power for which they were searching (Rumelhart &McClelland, 1986). However, for multi-layer perceptrons, no one hadyet found a learning algorithm and an associated convergencetheorem equivalent to that of the single layer perceptron. Further,in Perceptrons, Minsky and Papert expressed the opinion that no suchalgorithm and theorem would be found for multi-layer perceptrons.To this date, no one has proved them wrong. (Nevertheless, somepractical and useful systems have been built without such atheorem.)In spite of the lack of such learning guarantees, the field hasrecently been reborn. The new incarnation of this field is referredto as the field of neural nets in reference to the inspiration thatsuch models receive from the network of neurons found in nervoussystems (including the brain). Some interesting results have beenobtained and some researchers feel that some of the models are veryeffective in a practical sense even without "guarantees" (Rumelhart& McClelland, 1986). Some others still feel, however, that the"successes" have only been realized with "toy" problems.At this point, an attempt is made to put things in perspective.

61 . 5 Learning NetworksInformation theory suggests that no system is capable ofrepresenting all possible mappings without an exponential amount ofresources. The resources might take the form of number of nodes,number of connections, precision of the weights on connections,precision of timing, or precision in the functionality of nodes. If wewant to learn an arbitrary mapping, we must pay with exponentialresources. However, many of the theoretically possible mappingsmay not be of value in real world problems since many of thepossible mappings are essentially "random". For the rest of thediscussion, we will assume, therefore, that we are not starting withan exponentially sized, universal network.We saw earlier that there are two major questions that can beasked about any learning network. Can the network represent thedesired mapping? If yes, can it learn (converge to) the mapping?Each of these questions has subquestions. For example, in regard tothe second question, is convergence guaranteed? If not, can wecharacterize when the system does not converge? We now look atseveral general types of adaptive (learning) networks as they relateto these questions.The topology of a network can be represented by a graph wherecertain of the nodes receive the input vector and one or more nodesrepresent the output of the network. Many of the most well knownneural net models start with a fixed topology and adapt only bymodifying the weights on the links between nodes. Examples of thistype of neural net are the perceptron, the back-propagation model,and the Boltzmann model. As has been mentioned, the perceptronlearns by modifying a single layer of weights and can learn anymapping that it can represent, though it may have severe limitationson what it can represent. The back-propagation model (Rumelhart &McClelland, 1986) tries to achieve greater power using multiplelayers of modifiable weights. Nevertheless, such a network may ormay not be able to represent a specific mapping. And even when itcan, the learning algorithm may be become stuck in a local "energy"minimum. (Nevertheless, back-propagation systems have found anumber of significant uses.) The Boltzmann model (Hinton &Sejnowski, 1984) uses simulated annealing in an attempt to "shake"the model loose from local minima. However, there are still noguarantees that it finds the global minimum.

71 . 6 ASOCSSome models change the topology of the network instead ofchanging weights. An example of this is the ASOCS (adaptive self-organizing concurrent systems) model (Martinez, 1986; Martinez,1987; Martinez & Vidal, 1988). ASOCS assumes a pool of free nodesthat can be acquired and placed in the network during adaptation.This model (as opposed to the previously discussed fixed topologymodels) is guaranteed to be able to learn any desired mapping(providing that enough free nodes are available and the appropriateconnections can be made to place them in the appropriate part of thenetwork). The nodes in specific ASOCS architectural models aremore complex than in some neural nets, but ASOCS has the advantageof only requiring one pass through the learning set; some neural netsrequire many passes.The ASOCS approach is based on an adaptive network of manysimple computing elements which operate in a parallel asynchronousfashion. Both processing and control are distributed amongst thenodes. Figure 1.1 displays a high-level view of an ASOCS system.Rules are added incrementally and the system adapts to the changingrule base. Adaptation and data processing form two separate phasesof operation. During processing the system acts as a parallelhardware circuit. The adaptation process is distributed amongst thecomputing elements and efficiently exploits parallelism.

8Instances

ASOCS......x1x2x3xnz1z2z3zmFigure 1.1 - Black box diagramA number of different ASOCS models have been proposed, withthree main classes having received the majority of research effort.These different models are labeled as adaptive algorithms and calledAA1 (adaptive algorithm 1), AA2, and AA3 respectively. Althoughsharing the same functional goals, there mechanisms varydramatically. We can, nevertheless, give a flavor for thesearchitectures with one possible AA3 configuration shown in Figure1.2.

9D-Root~A~A ~B~A B ~C~A B~A B CA C ~DA C DA ~CA CAD+D-D+D-D+

~AA~C~D~C~BCBDCPPPPPFigure 1.2 - Example network configurationThe figure shows both the hierarchichal and distributedcharacteristics of ASOCS architectures. We make no attempt todescribe in detail how this network functions.When new rules are added to the system, the system self-organizes in such a way as to remain consistent and optionally toachieve some degree of parsimony in the number of nodes.Consistency is maintained through a process called discriminantvariable addition (DVA). By convention, new rules take precedenceover older rules. If an old rule’s output value conflicts with a newrule, and if both rules can match a given input, then DVA isperformed. This consists of splitting the old rule (node) into anumber of new rules (nodes), each of which contains at least onevariable that discriminates it from the new rule. For example, if anew rule contains the variable v, then an old conflicting rule can begiven the variable v’. This makes it impossible for both rules tomatch a given input. (The new Prioritized Rule Systems modelelliminates the need for DVA with its use of priorites.)We wish to emphasize one important point. Earlier we said that,as of yet, there are no guaranteed learning algorithms for multi-layer perceptrons where topology is fixed and only weights change.

1 0 ASOCS, with its modifiable topology, does provide learningguarantees in that it can both represent and learn all mappings.This paper presents an extension of the ASOCS model thatovercomes a number of weaknesses of ASOCS. The new model iscalled Prioritized Rule Systems .1 . 7 High Level Overview of Prioritized Rule SystemsThe following section presents a brief high level overview ofthe PRS model in order to give the reader an overall flavor of systemprocessing and learning. How the system actually works, togetherwith extensions to the simplistic model here shown, are the mainthrust of the rest of this thesis.A Prioritized Rule System is an ASOCS model which has thefollowing attributes.¥A PRS processes inputs in the form of Boolean variables andoutput a Boolean result.¥A PRS is a set of rules specifying the mapping of inputs tooutput. For example, the rule (bcd’,+) specifies that whenever band c are both high and d is low, then the output should be high,whereas the rule (e,-) specifies that whenever e is high, theoutput should be low.¥A PRS can learn new rules over time.¥In a PRS, the input variables need not be predefined.¥A PRS can handle both specific and general rules. For example,(ab’cd’efgh,+) is very specific whereas (e,-) is very general.¥A PRS can automatically recognize and resolve rule conflicts. Aconflict occurs when more than one rule matches a given inputand the rules attempt to output different values.¥A PRS can automatically generalize in the sense of combiningspecific rules into more general rules where appropriate, thususing hardware more efficiently.¥Each rule in a PRS has an associated priority which helps toprovide the capabilities mentioned above and others to be

1 1 mentioned later. For example, here is a representation of a fullrule with associated priority: (ab’c,+,3).We now give a brief example of a PRS architecture.An implementation of a Prioritized Rule System can be thoughtof as a black box where inputs enter at one end and an output isproduced at the other end.

1 2 When an input is presented to the system, all matching nodes"raise their hands" and assert their associated output value. Thenode with highest priority "wins" and its output becomes the outputof the system. In case of figure 1.5, the top two nodes match theinput but the upper-right node wins.

1 3 of figure 1.6, the upper-left node deletes itself and the lower-leftnode makes itself more general producing figure 1.7.In a PRS, at most one node need be added to the systemwhenever a rule is learned.¥A PRS can learn any arbitrary set of valid rules.¥A PRS need only see each rule one time when learning a rule set.¥A PRS does not unlearn old rules when learning new rules,except in the case of conflict resolution.This particular architectural instantiation has the followingattributes:¥The PRS processes inputs in O ( l o g ( n ) ) time, where n is thenumber nodes in the network.¥The PRS learns individual rules in O(log(n)) time, where n is thenumber nodes in the network.1 . 8 Advantages of Prioritized Rule SystemsPrioritized Rule Systems have the following advantages overASOCS.

1 4 ¥The new model need never add more than one node per"instance". This follows from no longer requiring DVA expansionas in previous ASOCS models.¥The new model allows additional minimization strategies.¥The new model does not depend on the physical location of anode in the network.¥The new model uses nodes more "efficiently".The new model retains the following strengths of other ASOCSmodels:¥It is capable of learning any Boolean function.¥It is capable of learning a rule set in a single pass.¥It is adaptable.¥It does not "unlearn" except in the case of conflict resolution.¥It processes inputs in log time.¥It learns in log time.The new model has the following weaknesses compared to otherASOCS models:¥The individual nodes use more complex logic.¥The priority of each node must be stored, passed, andmanipulated.Chapter 2 discusses Boolean functions in preparation for aformal discussion of Prioritized Rule Systems. Chapter 3 providesthe formal foundation of PRS, giving definitions, theorems, and anexample of the use of the theorems. Chapter 4 describes anarchitectural model based on the theory of chapter 3. Chapter 5discusses additional capabilities of the model. Chapter 6 describesa simulation of the architectural model. Chapter 7 compares PRSwith ASOCS. Chapter 8 discusses extensions and future work.Chapter 9 provides a summary and conclusion.

1 5 Chapter 2Prioritized Rule SystemsInformal DevelopmentIn this chapter we provide an informal introduction to theconcepts that are formalized in chapter 3. The intent is to providean intuitive feel for the material of chapter 3.2 . 1 Partial Boolean FunctionsConsider the following Boolean function:f(x,y,z) =xy + y’zThe function f takes on the value 1 whenever either x and y areboth 1 or whenever y is 0 and z is 1. We could write this functionanother way:f(x,y,z) =1, when xy = 11, when y’z = 10, otherwiseSuppose we specify a related function in the following way:

1 6 g(x,y,z) =1, when xy = 11, when y’z = 1?, otherwise.The function g is undefined whenever the first two criteria arenot met. We have switched from f, a total function, to g, a partialfunction. We may specify a third function:h(x,y,z) =1, when xy = 11, when y’z = 10, when x’z’ = 1?, otherwise.This specifies when the function h takes the value 0, when ittakes the value 1, and that it is undefined under all other conditions.This function h can be expressed using a new notation:xy +y’z +x’z’ -Each of the three lines above is referred to as a rule. Each canbe thought of as an if-then rule. "If x and y are both 1, output a 1.""If y is 0 and z is 1, output a 1." "If x and z are both 0, output a 0."If none of the rules apply, the output is undefined. The set of allsuch rules at any given time is called a rule set. The rule set, then,represents a (partial) Boolean function.2 . 2 Rule SystemsWe would like our rule system to have the following attributes:¥We would like to modify the function from time to time byadding new rules.¥We would like the modified rule set to be consistent, that is, wedon’t want two rules to simultaneously output different values.

1 7 ¥We would prefer not to have many rules when fewer would do.¥We would like to embed this system in hardware.¥We would like both the processing and learning modes to be fast.The rule system should be adaptive. That is, at any future timewe can add another rule to the rule set, such as:xy +y’z +x’z’ -z +The rule system should allow for the removal of redundancy. Inthe previous example, the second rule, y’z +, is subsumed by thefourth rule, z +, and would, therefore, be removed producing the ruleset:xy +x’z’ -z +Conflicts can arise when adding new rules such as x’y’z -:xy +x’z’ -z +x’y’z -What value should h take on when x and y are both 0 and z is 1?The new (fourth) rule (x’y’z -) says that h should take on the value 0.But the third rule (z +) says that whenever z is 1 that h should takeon the value 1. This issue is resolved in our rule systems byassuming that new rules always override old rules. The rule set ismodified to reflect this assumption.

1 8 We first introduce the concept of a "discriminant variable".When considering a pair of rules, if there is a variable that iscontained in both rules, and which is complemented in one of therules but not in the other, then it is called a discriminant variable.It should be clear that such a variable makes it impossible for bothrules to be "activated" at one time and, therefore, no conflict canoccur. In our example above, the third rule (x’y’z -) and fourth rule (z+) are not discriminated and they attempt to set h to oppositevalues. Hence the conflict.We remove a conflict by introducing discriminant variables intothe old rule. In our example, the fourth rule (x’y’z -) contains thevariables x and y that are not found in the third rule (z +). Wetherefore replace the third rule (z’y’z -) with two new rules eachcontaining a variable that discriminates it from the fourth rule (z +).That is, we replace "z +" with both "xz +" and "yz +" as follows:xy +x’z’ -xz +yz +x’y’z -If we were dealing with a system containing 100 variables, wemight be required to replace a rule with 99 new rules. We call thisthe problem "DVA expansion". DVA stands for "discriminant variableaddition".At this point we introduce the notion of concordant anddiscordant rules. A rule that causes a function to take on the value1 is called a "positive" rule. A rule that causes a function to take onthe value 0 is called a "negative" rule. Two rules are "concordant" ifthey are both positive or both negative. Two rules are "discordant"if one is positive and the other is negative. Conflict can only occurbetween discordant rules.There are actually several different types of redundancyreduction that can take place. Redundancy reduction only occursbetween concordant rules in the standard Rule System model.Prioritized Rule Systems make it possible to also do redundancyreduction between discordant rules. Prioritized Rule Systems also

1 9 do away with the need to handle DVA (discriminant variableaddition) in order to keep the rule set consistent.2 . 3 Prioritized Rule SystemsUnder the Prioritized Rule System model, each time a new ruleis added to the rule set, it is given a priority. For the moment,assume that each new rule is given a priority higher than all of theold rules and that whenever two rules conflict, the rule with thehighest priority wins.Consider the previous example with the following priorities:xy + 1x’z’ - 2z + 3x’y’z - 4Under the regular Rule System model, the third rule (z +) had tobe replaced with two other rules using DVA. Under the PrioritizedRule System model, this is not necessary since the new rule (x’y’z -)has higher priority than the old conflicting rule. An alternativepriority assignment is possible. A new rule need only be given apriority higher than the highest conflicting rule. The above rule setbecomes:xy + 1x’z’ - 1z + 1x’y’z - 2We give another example of the added flexibility provided byPrioritized Rule Systems. Suppose we were to add the rule xy’z’ +.It does not conflict with any discordant rules, so it is given priority1.xy + 1x’z’ - 1

2 0 z + 1x’y’z - 2xy’z’ + 1Using theorems proved in the next chapter, we could change thepriority of the second rule (x’z’ - 1) in the rule set to 2. We couldthen combine all of the positive rules into one single rule withpriority 1 giving the following rule set:x’z’ - 2x’y’z - 2+ 1The third rule in this new rule set (+ 1), having no variables atall, matches any input and tries to output a 1. However, if an inputis also matched by either of the other two rules, then the third ruleis overpowered by the greater priority of the first two rules, and thesystem outputs a 0.This last simplification of the rule set may seem like magic tothe reader. The next chapter should bring clarification.

2 1 Chapter 3Prioritized Rule SystemsFormal Development3 . 1 D e f i n i t i o n s A variable represents a value. In our discussion, variables willrepresent Boolean values. We use lowercase letters to representvariables. Variables can take on the values 0 and 1. A variable canbe complemented by following the variable with a single quote. Forexample, b’ is the complement of b. When b has the value 0, b’ hasthe value 1 and vice versa. We assume that the variables are takenfrom some fixed finite set of variables.A variable list is a (possibly empty) set of distinct variablesfrom the variable set (complemented or not). We usually write avariable list as the concatenation of its variables, for example:ab’c, bd’f’gh, c’d’, a. Although a list is shown as a sequence ofvariables, the reader should remember that variable lists are sets.An input is a set of Boolean values each associated with avariable in the variable set. For example: {(a,1),(b,0),(c,0),(d,1)}. Ifwe accept a certain ordering of the variables, the input can berepresented by a bit string. If, for example, we accept the standardalphabetic ordering of the variables, the input for the previousexample can be written 1001.A variable list m a t c h e s an input if each uncomplementedvariable in the list is matched by a 1 in the input and eachcomplemented variable is matched by a 0 in the input. For example,a’b over the variable set {a,b,c,d} matches the inputs 0100, 0101,0110, 0111, but it does not match any input beginning with 00, 10,or 11. Note that an empty variable list matches any input.A rule is a variable list together with an associated polarity.The polarity (either positive or negative) of a rule represents theoutput of the rule and is written as a ’+’ or a ’-’. A rule, then, is anordered pair, the first element being a variable list, the secondelement being the polarity: (ab’c,+), (a’,-). If the variable list of a

2 2 rule matches an input, the rule outputs a 1 (if it’s polarity is ’+’) or a0 (if it’s polarity is ’-’). A rule matches an input if its associatedvariable list matches the input. When we want to indicate thevariable list of a rule R, we write var(R); when we want to indicatethe polarity of a rule R, we write po(R).Two rules are c o n c o r d a n t if they have the same polarity,otherwise, they are discordant. Two discordant rules are said toconflict if there exists at least one input that is matched by bothrules.The matching set of a variable list or rule is the set of allinputs that are matched by the variable list or rule. If R is a rule,then MS(R) represents the matching set of R. Rule R is subsumed byrule S (written R £ S) if MS(R) is a subset of MS(S). R is properlysubsumed by S (written R < S) if MS(R) is a proper subset of MS(S).We write R = S if MS(R) = MS(S). Similar definitions apply to ‡, >,and „. Examples: (ab’,+) < (a,+), (a’c’d’ef,-) < (a’d’e,+) < (d’e,+) < (e,-)£ (e,+). In the sequel, we will find the concept of subsumation to bea handy one. We will often be interested in pairs of rules where thevariable list of one rule is a subset or superset of the variable listof the other rule, or where this is true except for a single variablethat is not complemented in one of the variable lists but which iscomplemented in the other, for example (abf,+) and (abcdf’,+).Given a rule R, we write Rv to indicate the rule derived from Rby adding to the variable list of R the variable represented by v. Thevariable v may be complemented or uncomplemented. Formally, Rv =(var(R) U {v}, po(R)).A rule set is a set of rules. A rule set is consistent if, for everypossible input, no two discordant rules can match the same input.A Rule System is a consistent rule set. A Rule System can:a.process inputs to produce an output.b.incrementally add new rules.When a Rule System is presented with an input, it outputs 0, 1,or ’?’. It outputs a 0 if one or more rules with polarity ’-’ matchesthe input; it outputs a 1 if one or more rules with polarity ’+’matches the input; it outputs a ’?’ if no rule matches the input.

2 3 (Since a rule set is consistent, rules of opposite polarity cannotmatch the same input.)A Rule System represents a partial Boolean function.A few comments need to be made with regards to the previousstatement:A.One might wonder what it means when the partial Booleanfunction represented by a Rule System is undefined. It means that,in terms of a Rule System, the Rule System has not been givenenough information to decide the output (that is, in neural net terms,how the input should be classified). When the Rule System outputs a’?’, it says "I don’t know for sure", rather than "undefined" in thesense that division by zero is undefined.B.The input to a Rule System occurs at one point in time andthe output of the Rule System occurs at some later point in time.The usual concept of a mathematical function does not include thisconcept of "temporal logic".When a rule is added to a Rule System, it takes precedence overall previous rules. (This is part of the definition of a Rule Systemand may be considered an arbitrary choice. Other types of RuleSystems may be defined differently.) If the rule conflicts with anyold rule, the rule set must be modified in order to remain consistent.The Rule System may also wish to attempt certain types ofreduction on the rule set.A Rule System is minimal if no Rule System representing thesame Boolean function has fewer rules. A Rule System that is notminimal can be reduced or simplified in the sense that its rule setcan be replaced with another rule set containing fewer rules withoutchanging the represented function. When implementing a realsystem, parsimony is a desirable goal, and we often replace twonodes with one, or free a redundant node. However, maintainingglobal minimality is a difficult problem (it is NP-complete).One rule is simpler or more general than another if its variablelist is a subset of that of the other rule. For example, (a,+) issimpler than (ab’,+). We are interested in making rules simpler. Forone thing, it may allow reductions at some future time. For anotherthing, greater generality may aid in the understanding of a particular

2 4 system. However, there may be reasons for not attempting to keepevery rule as simple as possible.A prioritized rule is a 3-tuple, the first element being avariable list, the second element being a polarity, and the thirdelement being a priority. A prioritized rule set is simply a set ofprioritized rules. Here is an example of a prioritized rule set:(a’,+,3)(ab’df,-,2)(bcg,+,5)When we want to indicate the priority of a rule R, we willusually write pr(R).Given a specific input, let the priority of the highest-prioritymatching rule(s) be p. A prioritized rule set is consistent if, forevery possible input, no two conflicting rules have the same highestpriority p (the highest priority of matching rules).A Prioritized Rule System (PRS) is a Rule System that uses aconsistent prioritized rule set rather than a consistent regular ruleset A PRS outputs a 0 if the polarity of the highest-prioritymatching rule(s) is negative; it outputs a 1 if the polarity of thehighest-priority matching rule(s) is positive; it outputs a ’?’ if norule matches the input.We wish to emphasize the difference between a Rule System anda Prioritized Rule System. The rule set of a Rule System cannotcontain conflicting rules, that is, it cannot contain discordant rulesthat can match the same input. The prioritized rule set of aPrioritized Rule System may have conflicting rules. However, theprioritized rule set cannot contain conflicting rules which, for somespecific input, have the same priority and which priority is greaterthan or equal to the priority of any other matching rule. Thisrequirement allows the output of the system to be well defined.When there is no chance of confusion, we will refer to aprioritized rule simply as a rule and a prioritized rule set simply asa rule set.The rule set of a PRS can be non-minimal, but it cannot beinconsistent. In section 3.2 we develop theorems that permit

2 5 manipulation the rule set of a PRS while maintaining theconsistency of the rule set.The partial Boolean function represented by a PRS is called thePRS function.A rule R is covered by a set C if for every input J matched by R,there is a rule S in C with pr(S) ‡ pr(R) that also matches J. If R iscovered by C, we write R \ C. If a rule R is covered by the rule set ofthe PRS, then it is redundant. (See Theorem 7.)A rule R is strictly covered by a set C if for every input Jmatched by R, there is a rule S in C with pr(S) > pr(R) that alsomatches J. If R is strictly covered by C, we write R \\ C. If a rule Ris strictly covered by the rule set of the PRS, then it is redundant.(See Theorem 7.)A rule R is (strictly) covered by a PRS if R is (strictly) coveredby some subset of the rule set of the PRS.3 . 2 TheoremsWe now prove seventeen theorems for Prioritized Rule Systems.These theorems are used in chapter 4 for designing a PRSarchitecture and associated processing and learning algorithms.Theorems 1 through 6 are preliminary theorems. Theorem 7tells which rules may be removed from a PRS without changing thePRS function. Theorems 8 and 9 tell which rules may be added to aPRS. Theorems 10 through 12 provide replacement capabilities.Theorems 13 through 17 provide techniques for changing thepriorities of existing rules.In the following discussion, a statement of the form "a PRS withrule R" or "a PRS containing rule R" means that R is one of the rulescontained in the rule set of the PRS, and that the rule set maycontain other rules. When we say that a PRS function has notchanged, we also mean that the rule set of the PRS is stillconsistent._______________________Theorem 1: Rule Rv is subsumed by rule R

2 6 In other words: Rv £ R.Proof: Any input whose appropriate bits are matched by thevariables in Rv are also matched by the variables in R since thevariables in R are just a subset of the variables in Rv. Therefore, bythe definition of subsumation, Rv is subsumed by R. œExample: (a’bc,+,3) < (a’bcd’,-,7)_______________________Theorem 2: If rule R is strictly covered by a set C,then R is covered by C.In other words: If R \\ C, then R \ C.Proof: Since every element in C has priority > R, every elementof C has priority ‡ R. œ_______________________Theorem 3: If rule R is subsumed by rule S and pr(R) £pr(S), then R is covered by any set containing S.In other words: If R £ S and pr(R) £ pr(S), then R \ ({S} U W) forany set W.Proof: Since R is subsumed by S, every input that matches Ralso matches S. Since pr(R) £ pr(S), R is covered by the set {S}.Therefore, R is covered by any set containing S. œExample: (a’bc,+,3) is covered by {(a’b,-,3)}._______________________Theorem 4: If rule R is subsumed by rule S and pr(R) <pr(S), then R is strictly covered by any set containing S.In other words: If R £ S and pr(R) < pr(S), then R \\ ({S} U W) forany set W.Proof: Identical to the proof of Theorem 3. œExample: (a’bc,+,3) is strictly covered by {(a’b,-,4)}._______________________

2 7 Theorem 5: If pr(R) £ pr(Rv) and pr(R) £ pr(Rv’), thenrule R is covered by any set containing Rv and Rv’.In other words: If pr(R) £ pr(Rv) and pr(R) £ pr(Rv’), then for anyset W, R \ ({Rv,Rv’} U W).Proof: Any input matched by R is matched by either Rv or Rv’.Since pr(R) £ pr(Rv) and pr(R) £ pr(Rv’), R is covered by the set{Rv,Rv’}. It is therefore covered by any set containing Rv and Rv’. œExample: (ab,+,1) is covered by {(abc,-,1),(abc’,+,2)}._______________________Theorem 6: If pr(R) < pr(Rv) and pr(R) < pr(Rv’), thenrule R is strictly covered by any set containing Rv and Rv’.In other words: If pr(R) < pr(Rv’) and pr(R) < pr(Rv’), then for anyset W, R \\ ({Rv,Rv’} U W).Proof: Similar to the proof of Theorem 5. œExample: (ab,+,1) is strictly covered by {(abc,-,3),(abc’,+,2)}._______________________Theorem 7: If R is covered by a PRS, then removing Rfrom the PRS does not change the PRS function.In other words: If R \ PRS, then PRS = PRS - {R}.Proof: If R is strictly covered by the PRS, then by the definitionof a covering, every input that matches R is also matched by somehigher priority rule. Since R cannot effect the final output of thePRS, it can be removed.If R cannot be strictly covered, but can be covered, then there issome input matched both by R and by some other rule S in the PRS ofpriority pr(R), and no other higher priority rule matches that input.The polarity of S must be equal to the priority of R, otherwise, thePRS would be inconsistent. Therefore, R has no effect on the outputof the PRS that is not already covered by at least one other rule.Consequently, R can be removed from the PRS. œExample: Given a PRS with the rule set {(ab,+,1), (abc,+,1),(abd,-,2), (abc’,-,2)}, the first rule may be dropped.

2 8 Corollary 7.1: If R is subsumed by some S in a PRS andpr(R) £ pr(S), then removing R from the PRS does not changethe PRS function.In other words: If there is an S in a PRS with R £ S and pr(R) £pr(S), then PRS = PRS - {R}.Proof: Since R £ S and pr(R) £ pr(S), then by Theorem 3, the ruleR is covered by the PRS which contains S. By Theorem 7, removing Rdoes not change the PRS. œExample: (abc,+,1) may be removed from {(abc,+,1), (ab,+,1)}.Corollary 7.2: Let a PRS contain rules R, Rv, and Rv’. Ifpr(R) £ pr(Rv) and pr(R) £ pr(Rv’), then removing R from thePRS does not change the PRS function.In other words: If R, Rv and Rv’ are in a PRS with pr(R) £ pr(Rv)and pr(R) £ pr(Rv’), then PRS = PRS - {R}.Proof: By Theorem 5, R is covered by the PRS containing Rv andRv’. By Theorem 7, removing R does not change the PRS. œ_______________________Theorem 8: If R is strictly covered by a PRS, thenadding R to the PRS does not change the PRS function.In other words: If R \\ PRS, then PRS = PRS U {R}.Proof: By the definition of a strict covering, if J is an inputmatched by R, then there is a rule S in the PRS with pr(S) ‡ pr(R)that also matches J. Its higher priority overrules any output from R.Adding R to the PRS cannot change the output of the PRS. œExample: (ab,+,1) may be added to {(abc,+,3), (abd,-,2),(abc’,-,2)}.Corollary 8.1: If R is subsumed by some S in a PRS andpr(R) < pr(S), then adding R to the PRS does not change thePRS function.In other words: If for some S in a PRS, R £ S and pr(R) < pr(S),then PRS = PRS U {R}.

2 9 Proof: By Theorem 4, the rule R is strictly covered by the PRS.By Theorem 8, R can be added without changing the PRS function. œExample: (ab,+,1) may be added to {(a,-,2)}.Corollary 8.2: Let a PRS contain the rules R, Rv, andRv’. If pr(R) < pr(Rv) and pr(R) < pr(Rv’), then adding R tothe PRS does not change the PRS function.In other words: If R, Rv and Rv’ are in a PRS with pr(R) < pr(Rv)and pr(R) < pr(Rv’), then PRS = PRS U {R}.Proof: By Theorem 6, the rule R is strictly covered by the PRS.By Theorem 8, R can be added to the PRS without changing the PRSfunction. œExample: (a,+,1) may be added to {(ab,-,2), (ab’,+,3)}._______________________Theorem 9: Let R be covered by a PRS. If there is acovering set C in the PRS such that for every rule S in Ceither pr(S) > pr(C) or po(S) = po(R), then adding R to thePRS does not change the PRS function.In other words: If there exists a set C (subset of PRS) such thatR \ C and for every S in C either pr(R) < pr(S) or po(R) = po(S), thenPRS = PRS U R.Proof: If an input matched by R is matched by a rule of higherpriority, then the output of R cannot effect the output of the PRS. Ifan input matched by R is matched by a rule of the same polarity, thenthe output of R does not change the output of the PRS. œExample: (ab,+,1) may be added to {(abc,+,1), (abd,-,2),(abc’,-,2)}.Corollary 9.1: Let R be subsumed by some S in a PRS, ifa) pr(R) < pr(S) or b) both pr(R) = pr(S) and po(R) = po(S),then adding R to the PRS does not change the PRS function.In other words: If R £ S for some S in a PRS and either pr(R) <pr(S) or both pr(R) = pr(S) and po(R) = po(S), then PRS = PRS U {R}.

3 0 Proof: By Theorem 3, the rule R is covered by the PRS. ByTheorem 9, R can be added to the PRS without changing the PRSfunction. œExamples: (ab,+,2) may be added to {(a,+,2)} or to {(ab,-,3)}.Corollary 9.2: Let a PRS contain rules Rv and Rv’, thenadding R with either pr(R) < pr(Rv) or po(R) = po(Rv) andwith either pr(R) < pr(Rv’) or po(R) = po(Rv’) to the PRSdoes not change the PRS function.In other words: If Rv and Rv’ are in a PRS, given an R with eitherpr(R) < pr(Rv) or po(R) = po(Rv) and with either pr(R) < pr(Rv’) orpo(R) = po(Rv’), then PRS = PRS U {R}.Proof: By Theorem 5, the rule R is covered by the PRS. ByTheorem 9, R can be added to the PRS without changing the PRSfunction. œExample: (a,+,2) may be added to {(ab,+,2), (ab’,-,3)}._______________________Theorem 10: Let a PRS contain rules Rv and Rv’ of thesame polarity and priority. If both Rv and Rv’ are replacedwith R of polarity po(Rv) and priority pr(Rv), then the PRSfunction is unchanged.In other words: If Rv and Rv’ are in a PRS and if pr(R) = pr(Rv) =pr(Rv’) and po(R) = po(Rv) = po(Rv’), then PRS = PRS U {R} - {Rv,Rv’}.Proof: This is merely an application of Corollary 9.2 followedby Corollary 7.1. œExample: {(ab,+,2), (ab’,+,2)} = {(a,+,2)}._______________________Theorem 11: Let a PRS contain rules Rv and RVv’satisfying pr(Rv) > pr(RVv’). Replacing RVv’ with RV havingthe same polarity and priority as RVv’ does not change thePRS function.

3 1 In other words: If Rv and RVv’ are in a PRS and pr(Rv) > pr(RVv’),then PRS = PRS U {RV} - {RVv’}, where po(RV) = po(RVv’) and pr(RV) =pr(RVv’).Proof: Corollary 8.1 is applied enough times to produce the ruleRVv with the same polarity and priority as RVv’. Then Theorem 10 isapplied to produce the desired rule RV. œExample: {(ab,+,2), (ab’cde,-,1)} = {(ab,+,2), (acde,-,1)}._______________________Theorem 12: Let a PRS contain rules Rv and RVv’ withpr(Rv) ‡ pr(RVv’) and po(Rv) = po(RVv’). Replacing RVv’ withRV having the same polarity and priority as RVv’ does notchange the PRS function.In other words: If Rv and RVv’ are in a PRS and pr(Rv) ‡ pr(RVv’)and po(Rv) = po(RVv’), then PRS = PRS U {RV} - {RVv’}, where po(RV) =po(RVv’) and pr(RV) = pr(RVv’).Proof: Similar to the proof of Theorem 11. œExample: {(ab,+,2), (ab’cde,+,2)} = {(ab,+,2), (acde,+,2)}._______________________The next four theorems use these definitions: Let R be a rulewith priority p in some PRS. Let Q be the set of all of the prioritiesof all of the rules in the PRS that conflict with R._______________________Theorem 13: If Q = fl, then changing the priority of Rdoes not change the PRS function.Proof: Since no rule conflicts with R, no input matched by R canalso be matched by a rule of opposite polarity. Changing the priorityof R may cause some other rule of the same polarity to "win".Nevertheless, the output of the system is the same and therefore thePRS function has not changed. œ_______________________

3 2 Theorem 14: Let Q „ fl and let q be the largest elementof Q. If p > q, then changing the priority of R from p to anyvalue greater than q does not change the PRS function.Proof: Since the priority of R is greater than that of anyconflicting rule, R always wins any contest involving a conflictingrule. R will continue to win as long as the priority of R remainshigher than any conflicting rule. Changing the priority of R maycause some other rule of the same polarity to win for some input.Nevertheless, the winner will output the same polarity as R, andtherefore, the PRS function does not change. œ_______________________Theorem 15: Let Q „ fl and let q be the smallestelement of Q. If p < q, then changing the priority of R fromp to any value smaller than q does not change the PRSfunction.Proof: Similar to the proof of Theorem 14. œ_______________________The following theorem applies when none of the previous threeapply, that is, when p is sandwiched between two elements of Q._______________________Theorem 16: Let Q „ fl and let q1 be the smallestelement of Q and q2 be the largest element of Q. If q1 < p <q2, then changing the priority of R from p to any valuebetween q1 and q2 does not change the PRS function.Proof: Similar to the proof of Theorem 14. œ_______________________Theorem 17: Given a PRS and integers k and m, let Q1be the set of all rules of the PRS with priorities ‡ m.Adding k to the priorities of all of the rules of Q1 does notchange the PRS function. Let Q2 be the set of all rule ofthe PRS with priorities £ m. Subtracting k from thepriorities of all of the rules of Q2 does not change the PRSfunction.

3 3 Proof: Consider any two rules with priorities p and q. If p = qbefore the change specified in the theorem, then they will beobviously be equal after the change. Likewise, if p < q before thechange, then p < q after the change. And if p > q before the change,then p > q after the change. So the ultimate winner for anyparticular input will not change. œ_______________________

3 4 3 . 3 Using the TheoremsWe use the previous theorems to manipulate the rule set of aPRS. For convenience, we write the rules without parentheses andcommas. We begin with an empty rule set and add the followingrules (which have no priority until entered into the rule set).abc +a’bcd’ -abcd -ab’c +a’bcd -a’b’ -We adopt the following conventions:¥We always give a rule a priority that is a positive integer.¥Since the definition of a PRS requires that new rules haveprecedence over old rules, each new rule added to the PRS isinitially given a priority one higher than that of any other rule inthe PRS.¥We number rules in the rule set for reference purposes.First, we add the rule "abc +" giving it a priority of 1.(1)abc + 1

3 5 Next, we add "a’bcd’ -" giving it a priority of 2.(1)abc + 1(2)a’bcd’ - 2Since the two rules do not conflict, we will use Theorem 13 toreduce the priority of rule 2 to 1.(1)abc + 1(2)a’bcd’ - 1Now we add "abcd -".(1)abc + 1(2)a’bcd’ - 1(3)abcd - 2Since the new rule conflicts with rule 1, we can’t reduce itspriority. We now add "ab’c +".(1)abc + 1(2)a’bcd’ - 1(3)abcd - 2(4)ab’c + 3The new rule does not conflict with any other rule and wereduce its priority to 1.(1)abc + 1(2)a’bcd’ - 1(3)abcd - 2(4)ab’c + 1

3 6 Using Theorem 10, we replace rules 1 and 4 with "ac + 1".(2)a’bcd’ - 1(3)abcd - 2(5)ac + 1Next, we add "a’bcd -", immediately reducing its priority to 1.(2)a’bcd’ - 1(3)abcd - 2(5)ac + 1(6)a’bcd - 1We notice that rules 2 and 6 can be replaced with "a’bc - 1". Wealso notice that if rules 3 and 6 had the same priority, we couldreplace them with a rule of the form "acd -". Therefore, we cleverlyuse Corollary 9.1 to duplicate rule 6.(2)a’bcd’ - 1(3)abcd - 2(5)ac + 1(6)a’bcd - 1(7)a’bcd - 1We replace rules 2 and 6 as mentioned before.(3)abcd - 2(5)ac + 1(7)a’bcd - 1(8)a’bc - 1

3 7 Using Theorem 13 we increment the priority of rule 7.(3)abcd - 2(5)ac + 1(7)a’bcd - 2(8)a’bc - 1And now we combine rules 3 and 7.(5)ac + 1(8)a’bc - 1(9)bcd - 2Finally, we add "a’b’ -" immediately lowering its priority to 1.(5)ac + 1(8)a’bc - 1(9)bcd - 2(10)a’b’ - 1We use Theorem 12 with rules 8 and 10 to replace rule 8 with"a’c - 1".(5)ac + 1(9)bcd - 2(10)a’b’ - 1(12)a’c - 1The addition of the rules is now complete.

3 8 Chapter 4A PRS Architectural ModelIn this section we consider an architectural model forPrioritized Rule Systems together with associated processing andlearning algorithms. This is not done to give an exact description ofa real implementation, but rather to show that such animplementation is possible. In presenting this model, we will notattempt to make it as efficient as possible; we only want to give thereader a feel for what can be done.4 . 1 The ArchitectureConsider the tree network structure shown in figure 4.1. Dataand control information can flow both up and down the tree. Eachrule in the rule set requires one node in the tree. Its position in thetree is immaterial. Such nodes are considered "active/in use". Othernodes, not yet representing rules, are considered "inactive/free".When a new rule needs to be added to the rule set, it acquires a freenode which then becomes active.

3 9 Each node contains several fields (see figure 4.2). One suchfield contains the priority of the node. If the node is free, it has apriority of zero; otherwise, it has a value greater than zero.

5 3 Chapter 7Comparison With ASOCSIn chapter 3 we defined Rule Systems and then Prioritized RuleSystems. ASOCS is essentially a Rule System. The literaturedescribes three architectural models based on ASOCS, namely AA1,AA2, and AA3 (Martinez, 1987). (The AA stands for "adaptivealgorithm".) The following sections compare Prioritized RuleSystems and associated architectural models with ASOCS andassociated architectural models.7 . 1 Things in CommonPrioritized Rule Systems and ASOCS share the followingstrengths:¥They are capable of learning any Boolean function.¥They are capable of learning a rule set in a single pass.¥They are adaptable.¥They do not unlearn except when a contradiction occurs.¥They process input in log time.¥They learn in log time.

5 4 7 . 2 Advantages of PRS Over ASOCSPrioritized Rule Systems have the following advantages overASOCS:¥A PRS needs never add more than one node per rule. It doesn’tsuffer from "DVA expansion". This can be especially valuablewhen dealing with multi-valued and mutually exclusivevariables described in a chapter 5.¥A PRS allows minimization between discordant rules.¥A PRS does not depend on the physical location of a node in thenetwork.¥The new model uses nodes more "efficiently".7 . 3 Disadvantages of PRS Compared to ASOCSPrioritized Rule Systems have the following disadvantagescompared to ASOCS:¥The individual nodes use more complex logic.¥The priority of each node must be stored, passed, andmanipulated.

5 5 Chapter 8Extensions and Future Directions8 . 1 G e n e r a l i z a t i o n One type of generalization is already built into the basic PRSmodel. Specific rules may be combined into more general rules.There is another type of generalization that can be handled in anextended version of PRS. (We will limit our discussion to binary-valued variables.) Whenever the normal output of a PRS is undefined("?"), the system will actually output a 0 or 1 (and possibly set aflag indicating that this is an educated guess) to be determined inthe following way. Assume that a new rule were added to thesystem that is absolutely specific; it matches only the currentinput. The rule could specify an output of a 0 or a 1. In each ofthose two cases, consider the smallest variable list that wouldcover that rule without also overlapping any rule with oppositeoutput value. Whichever of the two cases has the smallest numberof variables in its covering list "wins" and gets to output its valueas the output of the system. In case of a tie, the system outputs a"?".The generalizing method just mentioned is only one of a numberof possibilities. A more thorough examination of the possibilities isrecommended.8 . 2 General Rules and ExceptionsHumans learn from specific examples; they tend to developgeneral rules with exceptions to those rules. For example, as welearn language, we unconsciously learn a general rule for formingthe plural of nouns and the past tense of verbs. We also learn theexceptions to those rules. We may slowly learn the general rule thata noun is made plural by adding "s". An exception to that general ruleis another less general rule that says to add "es". Finally, there maybe some words that fit into no other rule and whose plural we mustmemorize. It could be desirable for Prioritized Rule Systems todevelop in a similar way.Consider the following prioritized rule set:

5 6 (abcd,-,1)(abcd’,+,1)(abc’d,+,1)(abc’d’,+,1)This rule set may be simplified in either of the following twoways:(ab,+,1)(ab,-,1)(abcd,-,2)(abc’,+,2)(abd’,+,2)The first simplified rule set seems to be the most natural. Itmay seem even more so when the rule set is seen as a portion of a"Karnaugh map".11

10The more general lower-priority background rule (ab,+,1)specifies when the output should be high. (The rule specifies thatall of the four cells in the box above should output a 1, although the1 in the lower-right cell is hidden by the more specific rule (abcd,-,2).) The more specific higher-priority foreground rule (theexception) specifies when the output should be low. (The singlelower-right cell outputs a 0, thus overriding the hidden 1 of themore general rule.)Currently, a PRS may or may not "converge" to the simplifiedrule set that most naturally represents the general rule/exceptionconcept just discussed (assuming there is such a "natural"representation). This may be a fertile area for further research.8 . 3 Background ReductionThe types of rule reduction used in chapter 4 are guaranteed tobe efficient; a new rule can be added in O(log(n)) time. The theoremsof chapter 3 provide for more types of reduction than are actuallyused in chapter 4. Some of these other types of reduction are not as

5 7 efficient. In fact, making the rule set absolutely minimal couldrequire exponential time. There are, however, some techniques thatwould require only O(log(n)log(m)) time where n is the number ofnodes and m is the number of variables. For many applications,these techniques could be included in the standard algorithms foradding new rules. For some other applications, the addition of newrules must be as fast as possible at the time the new rules arepresented to the system. However, there may be other times whenthe system is not busy processing inputs or adding new rules. Thistime may be used to advantage for applying some of the more costlyreduction techniques. This concept of background reduction needs tobe more fully explored.

5 8 Chapter 9ConclusionWe have introduced Prioritized Rule Systems and have describedan architectural model based on the PRS abstract model. We haveshown that this model has a number of significant advantages overthe model known as ASOCS from which the PRS model was derived.A rigorous foundation has been established with the development ofdefinitions and theorems. A simulation program has been writtenbased on both the abstract PRS model and the describedarchitectural model. Finally, some directions have been given forfurther research work. This work provides a stepping stone for thework that lies ahead.

5 9 BibliographyBackus, J. (1978) Can programming be liberated from the vonNeumann style? A functional style and its algebra of programs.Communications of the ACM, 21, No. 8, 613-641.Hinton, G. E. & Sejnowski, T. J. (1984) Boltzmann machines:Constraint satisfaction networks that learn. (Tech. Rep. No. CMU-CS-84-119), Pittspurgh, PA: Carnegie-Mellon University,Department of Computer Science.Hopfield, J. J. (1982) Neural networks and physical systems withemergent collective computational abilities. Proceedings of theNational Academy of Sciences, USA, 79, 2554-2558.Hopfield, J. J. (1984) Neurons with graded response have collectivecomputational properties like those of two-state neurons.Proceedings of the National Academy of Sciences, USA, 81, 3088-3092.Martinez, T. R. (1986) Adaptive Self-Organizing Logic Networks.Ph.D. Dissertation, Technical Report - CSD 860093, University ofCalifornia, Los Angeles, CA.Martinez, T. R. (1987) Models of parallel adaptive logic. Proceedingsof the 1987 IEEE Systems Man and Cybernetics Conference,October, 290-296.Martinez, T. R. & Vidal, J. J. (1988) Adaptive parallel logic networks.Journal of Parallel and Distributed Computing, 5, No. 1, 26-58.Martinez, T. R. (1988) Digital neural networks. Proceedings of the1988 IEEE Systems Man and Cybernetics Conference, August,6 8 1 - 6 8 4 . Martinez, T. R. (1989) Neural network applicability: Classifying theproblem space. Proceedings of the IASTED InternationalSymposium on Expert Systems and Neural Networks, August.Minsky, M. and S. Papert (1969) Perceptrons, an Introduction toComputational Geometry. MIT Press, Cambridge, MA.

6 0 Rosenblatt, F. (1962) Principles of Neurodynamics. Spartan Books,Washington D. C..Rumelhart, D. and J. McClelland (1986) Parallel DistributedProcessing: Explorations in the Microstructure of Cognition. 1,MIT Press, Cambridge, MA.

Prioritized Rule SystemsBrent W. HughesDepartment of Computer ScienceM. S. Degree, November 1989AbstractNon-von Neumann architectures attempt to overcome the "word-at-a-time"bottleneck of traditional computing systems. Neural nets are a class of non-vonarchitectures whose goal is, among other things, to learn input-output mappings usinghighly distributed processing and memory. A neural net consists of many simpleprocessing elements (nodes) with modifiable links between them, allowing for a highdegree of parallelism. A typical neural net has fixed a topology. It learns by modifyingthe "weights" or "conductances" of the links between nodes.Another model with similar goals, called ASOCS, learns by modifying its topology.Unlike a typical neural net, ASOCS is guaranteed to be able to represent and learn anydesired mapping and to do so efficiently.This thesis presents an extension of ASOCS called Prioritized Rules Systems. ThePRS abstract model provides a foundation for various architectural models that have anumber of advantages over other ASOCS models. One example of such an architecturalmodel is presented in the thesis along with a description of a program written tosimulate that model. The processing and learning algorithms of the architectural modelare based on theorems proved in the thesis.COMMITTEE APPROVAL:_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ Tony Martinez, Committee Chairman_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ Douglas Campbell, Committee Member_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ Larry Christensen, Graduate Coordinator