A Precept-Driven Learning AlgorithmA Thesis

Presented to the

Department of Computer Science

Brigham Young University

In Partial Fulfillment of the Requirements for the Degree

Master of Science byChristophe G. Giraud-Carrier

April 1993 iiThis thesis by Christophe Giraud-Carrier is accepted inits present form by the Department of Computer Science ofBrigham Young University as satisfying the thesis requirementfor the degree of Master of Science.___________________________________Tony Martinez, Committee Chair___________________________________David Embley, Committee Member__________________________________________________DateDavid Embley, Graduate Coordinator iiiACKNOWLEDGMENTSThis research was supported in part by a grant fromNovell, Inc., and by the Department of Computer Science atBrigham Young University. The computing resources of theConnectionist and Neural Nets Lab were invaluable for thesimulations. I wish to express my deepest gratitude to mywife for her constant support and patience. I thank my manyfriends who have always lent a listening ear to my ideas, inparticular Cory Barker. I appreciate the insights of Dr.Tony Martinez and Dr. David Embley who reviewed the earlydrafts of this thesis. Most of all, I wish to acknowledgethe hand of the Lord in this work, as well as in all otheraspects of my life. This thesis would not have come tofruition without His help.

ivTABLE OF CONTENTSPageACCEPTANCE PAGE............................................ iiACKNOWLEDGMENTS........................................... iiiCHAPTER 1. INTRODUCTION..................................... 1CHAPTER 2. PDL AND RELATED WORKS............................ 5Neural Networks, Artificial Intelligence and MachineLearning................................................. 5PDL and Machine Learning................................. 7PDL as a Plausible Approach.............................. 8PDL as a Means to Meet Machine Learning Goals............ 9Are There Problems With PDL?............................ 11A Broader Picture....................................... 11Why Precepts?........................................... 12CHAPTER 3. A PRECEPT-DRIVEN LEARNING ALGORITHM............. 14Preliminary Definitions................................. 14PDLA Overview........................................... 18The Learning Algorithm.................................. 20Detailed Example of PDLA................................ 22The Execution Mode...................................... 34Detailed Example of Exec................................ 35Priority to Less Exceptions............................. 37Implementation and Complexity........................... 37CHAPTER 4. SIMULATION RESULTS.............................. 41PDLA and Good Precepts.................................. 44PDLA and Bad Precepts................................... 44CHAPTER 5. VARIANTS AND EXTENSIONS......................... 47Variants of PDLA........................................ 47Extensions to PDLA...................................... 49CHAPTER 6. CONCLUSION...................................... 51Summary................................................. 51Future Work............................................. 52APPENDIX A................................................. 55APPENDIX B................................................. 58APPENDIX C................................................. 61BIBLIOGRAPHY............................................... 65

1CHAPTER 1˚

INTRODUCTIONMachine learning is an attempt at devising mechanismsthat machines can use to learn, rather than being explicitlyprogrammed for, real-world applications. If A is anapplication having inputs i1, ..., in and outputs o1, ...,op, with domains I1, ..., In, O1, ..., Op, respectively, thenI=I1·...·In is the input space and O=O1·...·Op is the outputspace for A. In the context of this research, A is a mappingfrom I to O, i.e., a function that associates a given set ofinput values to some unique set of output values.Informally, the values of I can be viewed as objects and thevalues of O as labels for classes of objects. Because Aassigns each object to its proper class, A is a classifier.A common approach to machine learning, called trainingset learning (TSL) consists of approximating A from a subsetof I·O, called the training set. The training set iscommonly derived from real-world experimentation. TSL hasbecome very popular for both practical and philosophicalreasons. It is practical because, for any real-worldapplication A, it is usually easy to come up with a richtraining set for A. It is also philosophically attractivebecause a training set learner learns on its own in that itis responsible for extracting from the training set thecritical features of A without human intervention. Thesecritical features are used in turn to approximate A.Empirical studies have shown that good results can beachieved with TSL [Mooney et al. 90, Kibler and Aha 87,Sejnowski and Rosenberg 87].However, there are several problems with TSL. Trainingset learners (e.g., backpropagation) are typically slow asthey may require several passes over the training set. Also,there is no guarantee that, given any arbitrary training set,the system will find enough good critical features to get areasonable (i.e., small misclassification error)approximation of A. Moreover, as the size of the input spaceincreases, TSL becomes more computationally expensive [Blumeret al. 87]. Finally, the scarcity of interesting positivetheoretical results suggests that learning without sufficienta priori knowledge is difficult.This thesis introduces precept-driven learning (PDL).PDL is intended to overcome some of TSL’s weaknesses. InPDL, the training set is augmented by a small set ofprecepts. A pair p = (i, o) in I·O is called an example. Aprecept is an example in which some of the i-entries (inputs)are set to the special value don’t-care. An input whose

2value is not don’t-care is said to be asserted. An input ijwhose value is don’t-care in some pair p has the followingproperty. Every pair p’ obtained from p by asserting ij tobe any one of its possible values (taken from Ij) and leavingthe other inputs of p unchanged has the same output as p.Informally, this says that in the context of p, the value ofij has no effect on the value of the output. The use of thespecial value don’t-care is therefore a short-hand notationthat allows a single pair to represent several examples. Tobe exact, a pair containing don’t-care inputs represents asmany examples as the product of the sizes of the inputdomains of its don’t-care inputs.A pair p is said to cover a pair q if q equals p on allasserted inputs of p. If p covers q, then p represents atleast all of the examples that q represents, i.e., there areno examples represented by q that p does not also represent.An example does not cover any other pair (all of its inputsare asserted) and corresponds therefore to a very specificstate of the real-world, whereas a precept is more generalsince it covers several examples.A precept corresponds to some high-level-knowledge ormeta-knowledge one may have about the real-world. It"suggests something advisory and not obligatory communicatedtypically through teaching" (Webster’s Dictionary). Preceptscan be thought of as some instantiation of domain knowledgeapplied to a particular algorithm. They are identical tocritical features except that they are given by the teacherand not derived by the algorithm. Moreover, they are notnecessarily accurate, but represent some hint or bias. Forinstance, in an application dealing with how weatherconditions affect what one wears, a possible precept would bethat if it rains, one takes an umbrella, regardless ofwhether the sun is also shining, or any other unnecessary(don’t-care) detail.Chapter 2 motivates PDL, discusses related work and showshow the proposed approach addresses issues raised in thecontext of machine learning and artificial intelligence.Chapter 3 presents the details of a precept-driven learningalgorithm (PDLA) capable of handling both correct andincorrect precepts. The approach used follows the judicialsystem’s assertion that an individual is innocent untilproven guilty. It consists of always assuming that theprecepts are correct until enough evidence may be obtainedfrom the training set to decide otherwise. Chapter 4describes and analyzes the results of several simulations ofPDLA against real-world data sets. In each case, performanceis measured in three situations: without precepts (i.e., puretraining set learning), with incorrect precepts (i.e.,precepts contradicting the actual features of theapplication), and with correct precepts. Chapter 5 discussesvariants of and extensions to PDLA. Finally, Chapter 6concludes the thesis.

3CHAPTER 2˚

PDL AND RELATED WORKSIn this chapter, we situate PDL in the context of MachineLearning and show how it addresses some of the importantissues of this field of research.

Neural

Networks,

Artificial

Intelligence andMachine

LearningResearch in Machine Learning is concerned with endowingmachines with learning capabilities. Historically, two mainareas of research have been devoted to this end, namely,Artificial Intelligence-Machine Learning (AI-ML) and NeuralNetworks (NNs). AI-ML began in the 1950’s (see theintroductions to [Dreyfus 79] and Chapter 1 of [Shavlik andDietterich 90] for good historical reviews). NNs made theirfirst real appearance with Rosenblatt’s perceptron in the1950’s (see [Rosenblatt 58, Rosenblatt 62, Minsky and Papert67]) as a result of earlier studies on neurons [McCulloch andPitts 43, Hebb 49]. Researchers in AI-ML and NNs had theambition, hope, and enthusiasm characteristic of most newly-born fields of research. However, the optimism of the earlydays was soon replaced by the hard reality of the extremecomplexity of the task at hand. Both fields met with violentcriticism, both of a theoretical nature (e.g., [Minsky andPapert 67]) and of a philosophical nature (e.g., [Dreyfus79]). The wound was severe, particularly for NNs. However,recent discovery of new learning mechanisms (e.g., multilayerbackpropagation [Rumelhart et al. 86]) and availability ofbetter hardware have created a renewed interest in machinelearning. In 1980, the First Machine Learning Workshop washeld at Carnegie-Mellon University in Pittsburgh, and in1987, the First International Conference on Neural Networkswas organized in San Diego, CA. These events marked theofficial rebirth of these areas of research. Since 1987,research in these areas has been very active.The AI-ML approach is symbolic in nature and tends to bedriven by the idea of "psychological plausibility," i.e.,that the construction of systems should be based onobservations of human psychological processes. The NNapproach, on the other hand, is connectionist and is drivenby the idea of "biological plausibility," i.e., that theconstruction of systems should reflect the structure of thehuman brain. Minsky gives a somewhat biased (yetinteresting) comparison of these two methodologies in [Minsky91].Even though the means are different, AI-ML and NN havethe common goal of designing systems capable of learningcertain human tasks. It has thus become customary to merge

4the two disciplines into the area of Machine Learning. Inblending the two approaches, the community opened the door tocomparative studies [Mooney et al. 89], as well as toattempts at designing systems combining them [Shavlik andTowell 89, Hall and Romaniuk 90, Barker 93, This Thesis]. Inthe mean time, the recently renewed interest in machinelearning has given rise to a new taxonomy of learningmechanisms in general. [Remy 88, Carbonell et al. 83] aregood reviews of this taxonomy and [Shavlik and Dietterich 90]contains many of the key papers discussing various facets ofmachine learning.

PDL andMachine

LearningMachine learning can be divided into several categories,typically including inductive learning [Michalski 83],learning by analogy [Carbonell 83], speedup learning[Mitchell et al. 83] and unsupervised learning [Rumelhart andZipser 85]. Inductive learning is characterized by theacquisition of knowledge by inductive inferences fromexamples. Learning by analogy consists of using similaritywith known facts or procedures to acquire or reason about newones. Speedup learning (also known as skill acquisition)explores ways of applying learning to improve the speed withwhich a problem-solver can solve problems. Unsupervisedlearning (also called conceptual clustering) is concernedwith the automatic clustering of concepts, without any humanintervention or a priori knowledge of the concepts.TSL is a form of inductive learning. Knowledge isacquired (i.e., critical features are discovered) byinferences from the examples which make up the training set.These inferences correspond to the application of variousgeneralization rules. A survey of generalization rules andtheir usage is in [Michalski 83].PDL is also a form of inductive learning in which thetraining examples are augmented by precepts. It is animplementation of what has been defined by Michalski as"incremental concept refinement, where the input informationincludes, in addition to the training examples, previouslylearned hypotheses, or human-provided initial hypotheses thatmay be partially incorrect or incomplete" [Michalski 83].Other models implementing incremental concept refinement arescarce. One variant is described in [Michalski and Larson78].

asaPlausible

ApproachPDL appears to be natural in human learning. Seldom dohumans learn exclusively from random examples, without everbeing exposed to more general rules. Often, these rulescorrespond to what we regard as common-sense knowledge. Forexample, regardless of most external circumstances, it doesnot make sense to put your hand on a red-hot stove. This isa general rule or precept that does not require successiveexamples of various settings involving your hand on the

5stove, to be acquired. Rather, humans are exposed toprecepts taught by others (e.g., "you are going to getburned"), which, together with a built-in pain mechanism,allow the (almost instantaneous) learning of the more generalrule. Learning a foreign language’s grammar provides anotherinstance in which learning is not limited to confrontationwith numerous specific examples. Foreign-language studentsfirst learn English rules (e.g., the plural of a noun isformed by tagging an s to the end of the singular form ofthat noun), and are then exposed to the exceptions (e.g.,geese instead of gooses, mice instead of mouses).

PDL asaMeans toMeet

Machine

Learning

GoalsMore important than PDL’s plausibility is itsapplicability to generalization: the current goal of machinelearning research. Generalization is the process ofpresenting the system with only the input part of someunknown pair (i.e., not seen during learning) and letting thesystem guess the output part. An important measure of asystem’s overall performance is given by how well itgeneralizes, that is, a measure of its predictive accuracy[Quinlan 86]. If U is a set of unknown inputs and U’ is thesubset of U for which the system (after learning) predictsthe correct output, then the percentage associated with theratio |U’|/|U|, where |U| denotes the number of elements inU, empirically measures the performance of the system.Generalization is based on the set of critical featuresavailable to the system. In TSL, the extraction of criticalfeatures is based solely on the training set and is performedby the system alone. Even though several forms of biasesexist in TSL (representation, number of hidden nodes, etc.),TSL ignores precepts and essentially denies a human (oranother machine) the ability to transfer domain knowledgeabout the application directly to the system. It seemshowever that having access to some precepts would speed uplearning by pruning the input space. Michalski argues thatproblem background knowledge, of which precepts are a specialcase, is necessary "to constrain the space of possibleinductive assertions" [Michalski 83]. It has also been shownthat unbiased generalization programs cannot outperform rotelearners, and that "the power of a generalization systemfollows directly from its biases." [Mitchell 80]. Mitchellidentifies several classes of reasonable biases. Preceptsare a form of what he calls factual knowledge of the domain,except that in PDL factual knowledge is relaxed to includehints or biases that may not be correct. Moreover, theaddition of correct precepts obviously increases theprobability that the known critical features of theapplication will be learned. PDL systems can thus beexpected to perform better in generalization than TSLsystems.

AreThere

Problems

With

PDL?

6Two concerns arise with PDL: first, PDL requires humansupervision and second, there may be other critical featuresunknown even to humans. The first concern is appeased byrealizing that the intent of PDL is not to do a large amountof preprocessing to discover precepts, but rather to onlyendow the system with some readily available (if any exists)a priori knowledge (or bias) about the application.Moreover, it is hoped that the fast generation of simpleprecepts can be automated. The second concern is not validsince PDL does not preclude self-learning. The precepts areindeed not sufficient. The training set must still be shownto confirm or invalidate the precepts, as well as to allowthe system to potentially discover other critical features.

ABroader

PictureCommon-sense knowledge has been argued to be the missingkey element in learning systems. The result is what has beenreferred to as the brittleness bottleneck [McCarthy 84, Lenatet al. 90]. Even sophisticated learning systems lack"certain common sense knowledge and ability possessed by anynon-feeble-minded human...are difficult to extend beyond thescope originally contemplated by their designers,and...usually don’t recognize their own limitations."[McCarthy 84]. Many real-world applications have inherentcommon-sense rules, and PDL attempts to become less brittleby incorporating them (in the form of precepts) into thelearning system directly. Designing general methods thateffectively combine prior knowledge with training set data islisted as an open problem in [Mitchell 82]. PDL is onepossible (and somewhat specific) answer to this problem.

Why

Precepts?The semantics of the word "precept" carry the idea ofsome general information being given via teaching. It seemsto fit very nicely with the philosophy of this work. Theidea is to tell the system things that a teacher (which couldbe another machine) already knows about the application.This type of knowledge is not very polished, but is a roughestimate of what ought to be expected given the application’scontext.The notion of a precept introduced in this work issimilar to that of a rule in rule-based (or expert) systems(see for example [Cordier 84]). However, their use isdifferent. Rule-based systems proceed from a fixed set ofrules (obtained from an expert) and reason deductively toinfer new facts from an initial set of known facts. Theunderlying assumption is that the rules are correct and thatthe set of rules is logically consistent (this assumption issometimes relaxed by using fuzzy logic). Moreover, suchsystems do not generally learn, although some proposals havebeen made to enhance them with learning capabilities [Haasand Hendrix 83, Rychener 83].

7Several models would allow the presentation of preceptsduring their learning phase, such as ASOCS [Martinez 86] andScNets [Hall and Romaniuk 90]. However, early models ofASOCS always give higher priority to incoming knowledge, donot allow logical inconsistency, and do not have anymeaningful generalization (except AA1, see [Martinez et al.93]). Current efforts in ASOCS research are aimed atovercoming some of these limitations. ScNets are networksthat learn rules that can later be used by an expert system.They attempt to combine the connectionist and the symbolicapproach. The resulting networks are complex andgeneralization does not appear trivial.PDL uses precepts to guide the learning phase. Theprecepts are always assumed to be correct until enoughevidence may be gathered from the training set to refutethem. Hence, at any time, the overall system containsinherent inconsistencies. As the system learns, new criticalfeatures (possibly absent from the precepts) are alsodiscovered. When presented with unknown inputs, PDLgeneralizes as discussed in Chapter 3.

8CHAPTER 3˚

A PRECEPT-DRIVEN LEARNING ALGORITHMIn this chapter, we describe a precept-driven learningalgorithm (PDLA). An earlier version of PDLA (in whichprecepts were assumed to be correct and possible exceptionswere not dealt with) is described in [Giraud-Carrier andMartinez 93] and is summarized in Appendix A.Before going into the details of PDLA, we first introducea few preliminary definitions. Input-output pairs refer toeither examples or precepts, where inputs can either beasserted or don’t-care.

Preliminary

Definitions

Definitions (relationships between pairs):¥Two pairs are equal if they have the same inputvalues.¥A pair p is a subset of a pair q if p and q areequal on the asserted inputs of q, that is, p is a subset ofq if and only if q covers p.¥If p is a subset of q, then q is a superset of p.¥Two pairs are discriminated if they differ in thevalues of at least one asserted input. If they differexactly on one asserted input, we say that there is anear_match between them.¥Pairs that are not equal and do not satisfy thesubset, superset or discriminated relations are said tooverlap.Note, if pairs are treated as the sets of examples theycover in the input space, then the above subset, superset,equal and overlap relations are the usual ones from settheory.

Definitions (output-dependent relationships):¥Two pairs are said to be concordant if theiroutputs are equal, discordant otherwise.¥A pair p contradicts a pair q if p and q arediscordant and p is subset of, equal to or overlap of q.

Definitions (properties of pairs):¥size: the amount of input space covered by thepair. If all the inputs are asserted then size is 1,otherwise, size is the product of the sizes of the domains ofinputs whose value is don’t-care in the pair.¥num_asserted: the number of asserted inputs in thepair.

9¥specificity: the ratio num_asserted / total numberof inputs. Examples have specificity=1 (maximally specific),while precepts have specificity<1 (more general).A pair can be generalized in many different ways (see[Michalski 83] for a list of generalization rules). However,the purpose is always the same. If a pair p covers a set Sof examples, then the pair p’ resulting from generalizing p(if such a generalization exists) will cover a set S’ ofexamples such that S˝S’.

Example 1:Consider the pairs p1=(<0,0,*,1,*>, <0>),p2=(<0,0,0,1,0>, <1>), p3=(<0,*,*,1,1>, <1>), p4=(0,0,1,1,1>,<0>), p5=(<0,0,1,1,0>, <1>), where all variables are Boolean.Then, the following illustrates the above definitions,relative to these pairs:¥p1 is a superset of p2, p4 is a subset of p3, p1and p3 overlap, p2 and p4 are discriminated, there is anear_match between p2 and p3, there is a near_match betweenp4 and p5.¥p2, p3 and p5 are concordant, p4 and p5 arediscordant.¥p2 contradicts p1, p4 and p5 do not contradict eachother since they are discriminated.¥size(p1)=size(p3)=4, size(p2)=size(p4)=size(p5)=1.¥num_asserted(p2)=num_asserted(p4)=num_asserted(p5)=5,num_asserted(p1)=num_asserted(p3)=3.¥specificity(p2)=specificity(p4)=specificity(p5)=1,specificity(p1)=specificity(p3)=.6.

Definitions (attributes of nodes):PDLA implements a network of simple nodes. Each nodestores a pair p and a list of all pairs that contradict p.Nodes have the following attributes:¥num_matched: the number of asserted inputs of thestored pair that match the current network inputs.¥activation: the node’s activation defined asnum_matched / num_asserted.¥num_exceptions: the cumulative sizes of overlapwith pairs that contradict the stored pair.The network architecture used by PDLA is a simple binarytree architecture. The only requirement is for a broadcastand gather facility. Both operations are O(logn) where n isthe number of nodes in the tree.The tree starts empty and dynamically adapts to newknowledge. During learning, nodes are added and deleted.When a node is deleted, transformations are applied to thetree to keep it balanced. When a node is added, its positionin the tree is determined so as to maximize breadth.Therefore, the tree is always maintained as full as possible.

10Example 2:The pairs are those of Example 1. Suppose the currentnetwork consists of the nodes n1, n2 and n3 containing p1, p2and p3 respectively. The network is shown in Figure 1:n 1 n 2 n 3 p a i r : contrad:contrad:contrad:p a i r : p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><0,*,*,1,1>,<1><0,0,0,1,0>,<1><0,*,*,1,1>,<1><0,0,*,1,*>,<0>Figure 1 - A Sample NetworkWe have num_exceptions(n2)=0, num_exceptions(n3)=2, and num_exceptions(n1)=3. Suppose theinput <0,0,1,1,0> is presented to the network of Figure 1. Then num_matched(n1)=3 andactivation(n1)=1, num_matched(n2)=4 and activation(n2)=.8, num_matched(n3)=2 and activation(n3)=.67.

PDLA

OverviewPDLA can run in two modes: the learning mode and theexecution mode. During learning, training pairs arepresented to the network. For each new training pair, a nodeis tentatively created, and the pair is broadcast to all theother nodes. Each node reacts in some way to the new pair.It may:¥self-delete,¥update its num_exceptions counter,¥generalize,¥cause the new node to be deleted, or¥cause the new pair to be generalized.The decision of which action to be performed by each nodeis determined by the relation of that node’s stored pair tothe training pair. A new node is always created unless thenetwork contains a node whose stored pair is concordant withthe incoming pair and either covers the incoming pair orgeneralizes with the incoming pair. All existing nodes thatcan generalize do so. In the case where the training pairmust generalize, if more than one node cause it togeneralize, only one possible generalization is chosen atrandom, and the node responsible for it self-deletes.During execution, the network’s inputs are set and eachnode computes its activation which is a measure of howclosely its stored pair matches the network’s inputs. Thenode with highest activation wins the competition and theoutput part of its stored pair becomes the output of the

11network. In case of a tie, priority is first given to themost specific pair (one nearest-neighbor) and then to the onethat has the least amount of exceptions.The following sections describe these modes in detail anddiscuss, via an example, some of the issues raised by PDLAand how they were addressed.

TheLearning

AlgorithmWe first present the algorithm and immediately show anexample of its execution. When learning a new application,the network starts empty. Training pairs are presented tothe network in an incremental fashion, and learning proceedsas follows.The create_flag keeps track of whether a new node must becreated for the current training pair and the modified_flagkeeps track of whether the current training pair is acandidate for modification by generalization.Begin PDLAFor each training pair q create a new node nn for q with num_exceptions set to 0 set create_flag to true set modified_flag to false For all nodes n (storing pair p) in the current network case superset(n.p, q) if concordant(n.p, q) then set create_flag = false else Update_Num_Exceptions(n) endif case equal(n.p, q) if concordant(n.p, q) then set create_flag = false else n self-deletes endif case subset(n.p, q) if concordant(n.p, q) then n self-deletes else Update_Num_Exceptions(nn) endif case overlap(n.p, q) if discordant(n.p, q) then Update_Num_Exceptions(nn) Update_Num_Exceptions(n) endif case discriminated(n.p, q) diff = abs(num_asserted(n.p) - num_asserted(q)) if concordant(n.p, q) & near_match(n.p, q) & diff<=1 then if size(n.p)>=size(q) & num_asserted(n.p)>1 then drop variable in n.p set create_flag to false else if num_asserted(q)>1 then drop variable in q to get q’ set modified_flag to true endif EndForAll /* all nodes */ if create_flag then

12 if modified_flag then randomly select one of the nodes which set the flag replace q by q’ in nn delete the selected node endif retain nn else delete nn endifEndForEach /* each training pair */Process_Exceptions() /* see details below */End PDLANote that the algorithm automatically handles precepts.All possible relations between all existing nodes and thecurrent training pair are checked. Modifications caused bydropping of variables and updating of exceptions are madeboth to the existing nodes and the training pair. It followsthat precepts can be entered in at any time during thelearning phase. However, since PDLA is incremental, theorder of presentation during learning may have an impact onthe outcome. Showing precepts first may improve the speed oflearning.Note also that parallelism is inherent in the algorithm.All the nodes can execute the "For all nodes..." loop inparallel. With the tree architecture discussed above, thisallows reduction of the complexity of PDLA as shown below.

Detailed

Example ofPDLAConsider an application with 5 Boolean inputs and asingle Boolean output. Let the training set consist of thefollowing pairs:¥p1 = (<0,0,*,1,*>,<0>),¥p2 = (<0,0,0,1,0>,<1>),¥p3 = (<0,0,1,1,1>,<0>),¥p4 = (<1,0,0,1,1>,<1>),¥p5 = (<1,0,0,1,1>,<0>),¥p6 = (<1,1,0,1,1>,<0>),¥p7 = (<0,*,*,1,1>,<1>).We assume that these pairs are presented to the system inthe order p1 through p7. Note that p1 and p7 are bothprecepts. For each pair in the training set, we show whatPDLA does and discuss why. The network starts empty.1.

Presentation of p1A new node is created for p1 and since the network isempty, the create_flag and modified_flag remain asinitialized. It follows that the new node, call it n1, isretained. The resulting network is in Figure 2.

13n 1 p a i r : contrad:<0,0,*,1,*>,<0>Figure 2 - Network After Presentation of p12.

Presentation of p2A new node is created for p2. Node n1 executes the "Forall" loop. Its stored pair is found to be superset anddiscordant. The function Update_Num_Exceptions is applied ton1, and the new node, call it n2, is retained. The resultingnetwork is in Figure 3.n 1 n 2 p a i r : contrad:contrad:p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><0,0,0,1,0>,<1>Figure 3 - Network After Presentation of p2To be able to invalidate precepts and more generally to deal with exceptions, PDLA must keep trackof these exceptions (function Update_Num_Exceptions above). To that end, each node keeps a list of allthe pairs that contradict (i.e., are exceptions to) its stored pair. However, there is an important difficulty tobe addressed, namely that of redundancy. If a pair p that has been contradicted bya pair q is later contradicted by a pair q’ that is either asubset of, superset of or equal to q, then certainprecautions must be taken.If q’ is equal to q, PDLA discards q’, that is, identicalexceptions count only once. If q’ is a subset of q, PDLAdiscards q’ since q covers q’ and therefore already accountsfor the exceptions due to q’. If q’ is a superset of q, PDLAreplaces q by q’ (this is the dual of the previous case).Since no discriminated pair can give rise to exceptions, thelist at each node contains only pairs that are related byoverlap. Hence, num_exceptions is easily obtained by addingtogether the amount of overlap of input space between eachpair in the list and the stored pair. The functionProcess_Exceptions decides what must be done with exceptionsand is discussed below.

14PDLA only accounts for exceptions that are actually seenin the training set. This guarantees that general rulesinvolving multistate inputs are not invalidated too hastilydue to our strong generalization mechanism (see Paragraph 5below).Note that keeping a list at each node is expensive interms of storage, and that the process of updating the listis also computationally expensive (linear in the size of thatlist). However, it is extremely difficult to circumvent thisproblem, which is felt must be addressed for PDLA to be ofany use. Moreover, unless precepts are really bad (i.e.,inconsistent with the training set), the list of exceptionpairs is expected to be small.3.

Presentation of p3A new node is created for p3. Node n1 and n2 execute the"For all" loop in parallel. The pair in node n1 is found tobe superset and concordant, so the create_flag is set tofalse. The pair in n2 is found to be discriminated anddiscordant, so no changes are caused by n2. It follows thatthe node created for p3 is deleted and the network after p3is identical to the network of Figure 3.Note that in this case, it is consistent with intuitionnot to create a new node for a pair that is a subset of andconcordant with another pair already present in the network.4.

Presentation of p4A new node is created for p4. Node n1 and n2 execute the"For all" loop in parallel. The pair in node n1 is found tobe discriminated and discordant, so no changes are caused byn1. The pair in n2 is found to be discriminated andconcordant, but there is no near_match between the pairs, sono changes are caused by n2. It follows that the nodecreated for p4, call it n3, is retained. The resultingnetwork is in Figure 4.n 1 n 2 n 3 p a i r : contrad:contrad:contrad:p a i r : p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><1,0,0,1,1>,<1><0,0,0,1,0>,<1>Figure 4 - Network After Presentation of p4

15If there does not seem to be a natural way for the current network to predict the output of theincoming training pair, then a new node must be created for that pair. In PDLA, natural means that eitherthere exists a node whose pair is concordant superset, or there exists a node that causes the incoming pairto generalize. Neither is true for p4, so n3 must be added.5.

Presentation of p5A new node is created for p5. Nodes n1, n2 and n3execute the "For all" loop in parallel. The pair in node n1is found to be discriminated, concordant and near_match, butdiff=2>1, so no changes are cause by n1. The pair in n2 isfound to be discriminated and discordant, so no changes arecaused by n2. The pair in n3 is found to be equal anddiscordant so n3 will self delete. It follows that the nodecreated for p5 is retained. We call it n3 since the currentn3 self deletes. The resulting network is in Figure 5.n 1 n 2 n 3 p a i r : contrad:contrad:contrad:p a i r : p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><1,0,0,1,1>,<0><0,0,0,1,0>,<1>Figure 5 - Network After Presentation of p5This example shows that PDLA does not handle noise. In this work, noise is definedas discordant equal pairs. Another case of noise, which thisthesis does not address, is encountered when the applicationto be learned is a distribution rather than a function. PDLAdoes not handle noise in any meaningful way. If two pairsare found to be noisy, only the later one is retained. InChapter 5, we discuss one possible way to extend the currentmodel to better handle noise.6.

Presentation of p6A new node is created for p6. Nodes n1, n2 and n3execute the "For all" loop in parallel. The pair in node n1is found to be discriminated, concordant, but there is nonear_match between the pairs, so no changes are caused by n1.The pair in n2 is found to be discriminated and discordant,so no changes are caused by n2. The pair in n3 is found tobe discriminated, concordant, near_match and diff=0£1 sogeneralization will take place. Since the first test issatisfied, the unique variable on which the two pairs differis dropped in the pair stored in n3 and the create_flag is

16set to false. It follows that the node created for p6 isdeleted, but n3 is modified. The resulting network is inFigure 6.n 1 n 2 n 3 p a i r : contrad:contrad:contrad:p a i r : p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><1,*,0,1,1>,<0><0,0,0,1,0>,<1>Figure 6 - Network After Presentation of p6PDLA implements only the dropping condition generalization rule (see [Dietterich and Michalski83]). In the context of our work, this rule is applied whenever two pairs are concordant, differ in the valueof exactly one asserted input out of all inputs asserted in both pairs (function near_match above), and onehas zero or one more asserted input than the other (variable diff above). The rule is applied by replacingthe differing input by the special value don’t-care in the pair that has the largest size, as long asnum_asserted is greater than 1. The condition on relative sizes guarantees that generalization is maximal.The condition on num_asserted guarantees that no rule will be created whose inputs are all don’t-care andthat therefore covers all possible examples in the input space (the output of most applications is a non-trivial function of its inputs).If the input being dropped is Boolean and diff=0, then applying the above general rule correspondsto the logical simplification: (a and b) or (a and not b) implies a. If theinput is multistate, then the rule generalizes from 2 valuesto all of them, which may be very strong in some instances.In this case however, possible exceptions would be handlednaturally by PDLA (see discussion above).In the earlier version of PDLA (see Appendix A),generalization was performed on pairs having precisely thesame number of asserted inputs (i.e., diff=0). Thiscondition has been relaxed here to allow a difference of 1 inthe hope of generating more general pairs. We discuss thischoice in the Boolean case.Let p and q be two concordant, near_match pairs. As seenabove, with diff=0, generalization is equivalent to Booleansimplification, so that the new rule is only a short-hand torepresent both p and q (e.g., (<1,0>,<0>) and (<1,1>,<0>)result in (<1,*>,<0>)). When diff=1, since the variable isalways dropped in the largest pair, generalization results ina pair that covers both p and q as well as at least one otherpair that has not yet been seen by the system. For example,(<1,*,0>,<1>) and (<1,0,1>,<1>) result in (<1,*,*>,<1>) whichalso covers the pair having input <1,1,1>. In general, fordiff=n, generalization results in a pair that covers both pand q as well as at least 2n-1 unseen pairs. A value of

17diff=0 does not result in any generalization, only a smallernetwork. A value of diff greater than 1 tends to give verystrong generalization (this gets even worse as we considervariables with more than two values). One would arguehowever that incorrect generalization would be dealt with byPDLA via exception handling. Though this is true, processingexceptions is an expensive operation as seen above. Thevalue of 1 was empirically found to give the best results.PDLA allows all the existing pairs that can togeneralize, thus maximizing overall generalization. However,if the training pair must generalize, it allows it to onlydrop a single variable. This decision facilitatesimplementation.7.

Presentation of p7A new node is created for p7. Nodes n1, n2 and n3execute the "For all" loop in parallel. The pair in node n1is found to be overlap and discordant, so num_exceptions isupdated for both n1 and the node created for p7. The pair inn2 is found to be discriminated, concordant and near_match,but diff=2>1, so no changes are caused by n2. The pair in n3is found to be discriminated, discordant, so no changes arecaused by n3. It follows that the node created for p7, callit n4, is retained. The resulting network is in Figure 7.n 1 n 2 n 3 p a i r : contrad:contrad:contrad:p a i r : p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><1,*,0,1,1>,<0><0,0,0,1,0>,<1>

18When all pairs have been presented, PDLA processesexceptions. The idea is as follows. Precepts are alwaysassumed to be correct until enough evidence is available torefute them. This idea of taking as facts only what isprovided, and only modifying knowledge as necessary is a formof what McCarthy calls circumscription [McCarthy 77, McCarthy80, McCarthy 86]. In PDLA, enough evidence is defined asfollows (function Process_Exceptions() above). Any nodewhose num_exceptions exceeds half of the amount of inputspace covered by its stored pair (i.e., the size of the pair)is removed from the network as being incorrect. Thethreshold of half seems reasonable, and is confirmed byempirical results. A smaller threshold would result in thedeletion of general rules in favor of their exceptions, whilea larger threshold might not delete enough incorrect rules.Using the computation described in Paragraph 2, node 1whose stored pair has size 4 is such thatnum_exceptions(n1)=3>2=4/2, so that n1 is deleted. Node n4,on the other hand is such that num_exceptions(n4)=2£4/2, sothat n4 is not deleted. The final network is given in Figure8.n 4 n 2 n 3 pair:contrad:contrad:contrad:pair:pair:<0,*,*,1,1>,<1><0,0,0,1,0>,<1><1,*,0,1,1>,<0><0,0,*,1,*>,<0>Figure 8 - Final Network

TheExecution

ModeIn execution mode, the network is presented some unknowninputs and must guess the correct output. When a new pair ispresented to the network, each node computes its activation,and a winner is determined as follows:Begin Exec if there is a single node with highest activation, it wins else if two nodes n and m compete (same activation), then: if specificity(n.p) > specificity(m.p) then n wins else if specificity(n.p) = specificity(m.p) then if num_exceptions(n) < num_exceptions(m) then n wins else m wins else m wins

19 The output of the network is set to the output of the pair stored in the winning nodeEnd ExecNote that execution can be made very efficient with thetree topology. Implementation and complexity are discussedin more detail below.

Detailed

Example ofExecWe discuss how the execution takes place via thefollowing example. Consider the network of Figure 9.n 1 n 2 n 3 p a i r : contrad:contrad:contrad:p a i r : p a i r : <0,0,*,1,*>,<0><0,0,0,1,0>,<1><1,0,0,1,1>,<1><0,0,0,1,0>,<1>Figure 9 - Example Network for Execution1.

<0,0,0,1,1> is PresentedAll three nodes n1 through n3 compute their activation.The results are 1, .8, and .8, respectively. In this case,n1 wins and the network output is 0. This result appearsreasonable given that we have a precept covering the newinput and the new input is not an exception to it.2.

<0,0,0,1,0> is PresentedThe activations are 1, 1, and .6, respectively. Nodes n1and n2 are tied. Since n2 is more specific, it wins and thenetwork output is 1, which is what we would expect since thenew input is one of the known exceptions to the precept inn1.When two nodes are tied for highest activation, priorityis given to the one whose stored pair is more specific. Thisis consistent with the philosophy of PDLA. If a new pair iscovered by a very general rule, but yet is equal to a morespecific pair, then the new pair is one of the exceptions tothe more general rule and should therefore be recognized assuch. If the new pair is covered but not equal to one of theseen exceptions, then its output will be determined by thegeneral rule. PDLA thus attempts to implement the intuitiveidea that "if I have not been told that you are an exception,then you must follow the general rule; but if you are anexception, I will treat you as such." Empirical results show

20that giving priority to the more specific pair gives betterperformance than giving priority to the more general pair.The advantage of this priority scheme is its ability todeal with exceptions. Its disadvantage is that it learnsnoise too. This is well seen in the results from runningPDLA against the Monk3 problem (see Chapter 4).

Priority toLess

ExceptionsWhen two nodes are tied and have the same degree ofspecificity, priority is given to the one which has seen theleast amount of exceptions. This allows the new input to begeneralized to the output that is most likely to be correct,and is a major improvement over the random choice of theearlier version (see Appendix A).

Implementation andComplexityAny efficient architecture that supports broadcast andgather mechanisms can be used. It is suggested that a binarytree architecture be used. The system would then perform asfollows.In learning mode, the training pair is broadcast down thetree to every node. Each node, in parallel, executes thealgorithm and returns to its parent node the create_flag, themodified_flag and the possibly modified training pair. Asthis information is brought back to the root, every node doesthe following.¥If the node or one of its children returns thecreate_flag set to false, then the create_flag is passed onand the other information can be discarded.¥If neither the node nor its children nodes returnthe create_flag set to false, then the modified_flag istested.a. If exactly one of the node or its childrenreturns the modified_flag set to true, then that node ismarked and the modified_flag is passed on together with thecorresponding modified training pair.b. If the modified_flag has been set to true bymore than one of the nodes (self and children), then one ofthem is arbitrarily chosen as the winner. That node ismarked and the modified_flag is passed on together with thecorresponding modified pair. The nodes that did not win areunmarked if necessary.At the root of the tree, the upcoming information is usedto decide what must be done:¥If the create_flag is false, then the next trainingpair may be broadcast.¥If the create_flag is true however, then a new nodemust be created.a. If the modified_flag is false then the trainingpair is stored in the new node.b. If the modified_flag is true then the upcomingmodified pair is used instead of the original training pair.A token is also sent back down, along the unique path of

21marked nodes starting at the root, to the lowest-level markednode to cause it to self-delete.To process the exceptions, a special token is sent to allthe nodes and all those who satisfy the condition for self-deletion (see above) actually self-delete.Computational complexity at the node is at most linear inthe number of variables (both input and output), when noupdate is necessary to the list of exceptions. Complexity ofUpdate_Num_Exceptions is O(v*e) where v is the number ofvariables and e is the number of exceptions in the list. Theproblem with the current implementation is that in theory, ecan be exponential. We do not however expect it to be thecase in practice, since precepts are expected to be goodhints, rather than random guesses.Ignoring the time necessary to compute at the node(either processing the exception list or various updating),as well as the problems of tree maintenance (which are beyondthe scope of this thesis), the learning time is O(plogn)where p is the number of pairs presented during learning(i.e., sum of the number of precepts and the size of thetraining set) and n is the number of nodes in the network.Note that n is bounded by p. The storage requirement at eachnode consists of one pair, a list of exception pairs, and afew bits for communication. Overall, the memory requirementis thus O(n*e*v).In execution mode, the unknown input values are broadcastdown the tree to every node. Each node, in parallel,computes its activation. The output of the network isbrought back to the root node as follows. Each node sendsits activation to its parent node. The parent node comparesits own activation and its children’s activations and passeson the largest one, together with the value of the outputspecified by the winner. In case of conflict, the parentnode first gives priority to the node containing the mostspecific pair, and then to the node that has seen the leastamount of exceptions. The output value reaching the rootnode is the output value of the network for the unknowninput.Again, ignoring the costs of local computations (which isO(v) at each node), the execution phase is readily seen to beO(logn).

22CHAPTER 4˚

SIMULATION RESULTSIn this chapter, we present and discuss the results ofsimulations of PDLA against real-world data. The details ofthe implementation used in this thesis are found in AppendixB.PDLA was tested on several real-world applications, drawnfrom the Irvine machine learning database [Murphy and Aha92]. Two modifications were made however. All real-valuedattributes were mapped into multistate (discrete) attributesbefore simulation (using a K-means algorithm on eachindividual input), and all don’t-know values are treated asdon’t-care values.Note that lenses is difficult to learn because of thesmall size of the data set, and hepatitis is also typicallyconsidered hard to learn due to missing data, etc.Performance results were collected in two situations for eachapplication: with and without precepts. The number andgenerality of the precepts used were varied and are shownbelow. Each of the percentages given here is an average over10 runs of PDLA.In each run, the training set and test set are randomlyregenerated, while the set of precepts remains unchanged. Inall cases, precepts are presented first, followed by thetraining set.Both the training set and the test set contain one halfof the examples in the complete data set. This setting isconsistent with Mooney et al.’s experiments, except that theyused two-third of the data set as training examples and theremaining one-third as a test set [Mooney et al. 89].The precepts were obtained either from the author’scommon sense knowledge about each application’s domain(Lenses, Zoo, Hepatitis) or from a priori knowledge about theproblems (Monk3, Iris, Voting). For example, in the lensesapplication, it makes sense that someone with a reduced tearproduction rate should probably not be fitted contact lenses.Each application was tested with correct and incorrectprecepts. The incorrect precepts were simply obtained fromthe correct ones by changing the value of their outputs. Thecorrect precepts are as follows:¥ Lenses (1 precept): if tear production rate is reducedthen the patient should not be fitted with contact lenses.¥ Zoo (1 precept): if an animal has feathers then theanimal is in class 2.¥ Voting (1 precept): if a representative voted "no" onthe issue of "physician-fee-freeze" then the representativeis a democrat.

23¥ Iris (6 precepts): if petal length is 0 (between 0 and1) then the iris is an Iris Setosa; if petal width is 0 thenthe iris is an Iris Setosa; if petal length is 5 (between 5and 6) then the iris is an Iris Versicolour; if petal widthis 5 then the iris is an Iris Versicolour; if petal length is8 (between 8 and 9) then the iris is an Iris Virginica; ifpetal width is 8 then the iris is an Iris Virginica.¥ Hepatitis (2 precepts): if an individual is 21 to 30years old then the individual lived; if an individual is 51to 60, is a male, has used steroids, has malaise, has a bigand firm liver, has high bilirubin (4.00) and high albumin(6.0) then the individual died¥ Monk3 (2 precepts): if jacket_color is blue then therobot is not in the class; if body_shape is not octagon thenthe robot is not in the class.The simulation results are summarized in the next twosections. The two numbers following the percentage (%) ofcorrect guesses (i.e., predictive accuracy) correspondrespectively to the size of the training set (TS), includingprecepts where applicable, and the size (i.e., number ofnodes) of the resulting network (NS) after completion of thelearning phase.

PDLA andGood

PreceptsNo preceptsWith precepts

Application % TS NS % TS NS lenses67.5 12 678.3 13 4 zoo95.8 45 2295.8 46 19 voting88.4 217 7390.9 218 31 iris92 75 3392.7 81 22 monk382.3 216 7685.6 218 43 hepatitis77.1 77 7179.5 79 61 mushroom100 4062 1499(unnecessary)

Table 1 - PDLA-Good PreceptsThese results show that the addition of simple preceptsimproves generalization performance and in most cases,significantly reduces the size of the network (greaterparsimony). Note that these results also represent animprovement over those of PDLA’s earlier version reported inAppendix A.

andBadPreceptsTo validate our approach to exception handling, PDLA wastested with the bad precepts in two settings. In the first,exceptions are not dealt with (i.e., the functionProcess_Exceptions() in the PDLA algorithm is skippedaltogether). In the second, exceptions are handled asdiscussed in Chapter 3. Results are shown below in thatorder.No preceptsWith precepts

24Application % TS NS % TS NS lenses67.5 12 637.5 13 7 zoo95.8 45 2285.1 46 23 voting86.9 217 7562 218 74 iris92 75 3368 81 38 monk382.3 216 7673.6 218 76 hepatitis77.1 77 7161.4 79 72

Table 2 - PDLA-Bad Precepts/No Exception HandlingNo preceptsWith precepts

Application % TS NS % TS NS lenses67.5 12 650.8 13 6 voting88.4 217 7481.8 218 71 monk382.3 216 7681.8 218 74 mushroom100 4062 1499(unnecessary)

Table 3 - PDLA-Bad Precepts/Exception HandlingThese results show that PDLA has the ability to deal withbad precepts. In all cases, generalization is better (or thesame) when exceptions are processed than when they are not.In most cases, the "recovery" is good, but is obtained at theexpense of a larger network. The results on lenses issomewhat significant because the bad precept covers exactlyhalf of the input space, and even with a very small trainingset, PDLA was able to achieve a little bit better than 50% ingeneralization.

25CHAPTER 5˚

VARIANTS AND EXTENSIONSIn this chapter, we discuss possible variants of andextensions to PDLA. Some of the variants have been simulatedand corresponding results are found in Appendix C.

Variants ofPDLAThere are several ways to modify PDLA. The first onethat comes to mind is to give priority to more general rulesthan specific ones when resolving activation conflicts.This, of course, goes against the basic philosophy of PDLA.Results with this approach are similar to results with PDLAin terms of network size, but are almost always worse interms of generalization. The notable exception is, ofcourse, Monk3, which contains a fair amount of noise that, aswas discussed in Chapter 3, PDLA does not handle very well(since it tends to learn it).Another variant consists of making PDLA more inductive byallowing the current value of the network for the trainingpair to be used to first set the create_flag. This shouldtend to bias the learning towards more parsimonious networks.The simulation results confirm this expectation. However,this greater parsimony is gained at the expense of someaccuracy in generalization. It is interesting to note,though, that often the loss of accuracy is small compared tothe gain of parsimony. For example, the voting applicationwith no precepts goes from 74 nodes to only 19, whilegeneralization goes only from 88.4% to 87.3%. Depending onthe goals of the system, this may be a viable option.It is possible to push further in the direction ofinductive learning by modifying PDLA as follows. PrefacePDLA by an execution of the current network on the newtraining pair’s input. If the network’s output is the sameas the training pair’s output, then only do generalizationand replacement of more specific concordant nodes by thetraining pair (a form of generalization at this level). Ifthe network’s output is incorrect, then proceed with PDLA.Again, as in the previous, greater parsimony is expected.Results show that the gain in parsimony is similar to that ofthe above approach, while generalization is somewhat worse.This can be explained by the fact that the learningmechanisms of PDLA are not directly related to the way thesystem executes. In other words, PDLA’s modifications inlearning mode are not driven by the need to respond to thecurrent system’s output. In the case of the Mushroomapplication, parsimony is reduced by two orders of magnitude(from 1499 to 27 nodes), while generalization is hardly

26affected (from 100% to 99.9%). Hence, it appears that thisapproach would be best suited for very consistent, simpleapplications. A major advantage of this technique is also inthe speedup it offers if correct precepts are shown first.In this case, PDLA will run less often and when it does run,it will run faster since the size of the network will alwaysbe small.

Extensions toPDLAIt is possible to extend PDLA so that newly generatedgeneral rules are rebroadcast to the network. This approachmay improve generalization but at the cost of greateralgorithmic complexity. Moreover, a decision would have tobe made as to when to stop rebroadcasting. It could eithergo on until no more pairs are generalized or a thresholdvalue could be arbitrarily set on the number of timesbroadcast is allowed. This extension was not implemented.It is also possible to extend PDLA so that noise isbetter handled. For example, the system could keep track ofthe number of pairs whose inputs are identical as a functionof their output, and retain for generalization only theoutput of the most numerous group.Other extensions would be necessary to make sure that noinformation is lost when the function Process_Exceptionscauses nodes to be deleted. For example, instead of simplydeleting a "bad" precept (see Chapter 3), PDLA could do oneof the following. It could keep the bad precept but changeits output value, thus creating a new possibly correctprecept, or it could replace the bad precept by one or moreprecepts having the same output, but that cover that subspaceof input space on which the bad precept has not beencontradicted, thus avoiding the deletion of information thatmay still be useful. Though somewhat intuitive, theseapproaches would need to be submitted to the kinds ofsimulations described in Chapter 4 for a better evaluation.The problem of exception handling is certainly not trivial.A more effective way of handling exceptions at each node(other than a list) would also increase speed of executionand reduce storage requirements. What is needed is anefficient representation of the cover relation, that allowseach node to "see" what subspace it covers and which portionsof that subspace it is contradicted on.

27CHAPTER 6˚

CONCLUSIONIn this concluding chapter, we summarize the results ofthis thesis and discuss further research issues related tothose raised by this work.

SummaryThis thesis introduced the notion of precept-drivenlearning. This new approach, aimed at enhancing the trainingset approach, was placed in the overall context of machinelearning and arguments were given to support its plausibilityand adequacy in achieving the goals of this field ofresearch. Based on these arguments, a precept-drivenlearning algorithm (PDLA) was introduced and discussed indetail. Results of several simulations on real-world datasets were reported.The main characteristics of PDLA include:1.Neurally inspired architecture that allows the useof massive parallelism and self adaptation.2.Bounded learning and execution time complexity.3.Use of precepts resulting in faster learning,increase in parsimony, and improved generalization.4.Ability to deal with incorrect precepts.5.No meaningful handling of noise.6.Potentially large memory requirement at each node.Simulation results show that when given correct precepts,predictive accuracy is indeed improved and greater parsimonyis achieved in the resulting network. They also show thatthe system can recover from bad precepts (i.e., refute them)by looking at the training set.The version of PDLA described in this thesis is notclaimed to be the best in any way. It is only intended to bean initial case study, to test some of the intuitiondiscussed in the first two chapters. Several extensions aresuggested in Chapter 5. Together with others, they wouldlead to an overall improvement of PDLA.

Future

WorkIn this work, precepts have been assumed to be somehowavailable to the system. In the simulations, the author’scommon sense was used as the main actor in obtainingprecepts. Even though this is a reasonable approach atfirst, one would surely hope that the generation of preceptscould be automated. Notice that precepts are obtained fromknowledge about the features of the application rather thanfrom the values of these features as is the case in data-driven approaches. In other words, in order to generate

28precepts, a machine should have available a vast amount ofcommon sense knowledge about the world in general, thespecific context of each application, and the contextualrelationships among the applications’ features. For example,in the hepatitis application, in order for a machine todetermine that the size and aspect of the liver may have animpact on the outcome, it must first know that hepatitis is adisease that affects the liver, and also that a normal (i.e.,healthy) liver is typically neither big nor firm.The issues of common sense and its necessary use if weare to build machines that perform human tasks effectivelyhave long been raised and hotly debated. Attempts have beenmade at compiling large databases of common sense facts[Lenat et al. 90] and formalizing common sense [Lifschitz 91,Hobbs and Moore 85, Davis 90]. Most formalizations arevariants of first-order predicate logic. These schemes aretheoretically attractive and expressively powerful, but themachinery is heavy and difficult for the novice to deal with,and few empirical studies are available as to the actualperformance of these formalisms. Much remains to be done inthis area. PDL has showed that the use of precepts canimprove learning and generalization. The focus should now beon how to efficiently assist the human teacher by letting themachine either discover precepts on its own or guide theteacher. Questions such as the following will need to beaddressed:¥How much information about the world will thatmachine need?¥What kind of information should it be (i.e., whatis common sense)?¥How should that information be represented?¥What learning mechanisms should be used to acquirethat information?

29APPENDIX AIn this appendix, we summarize the original version ofPDLA in which precepts were assumed to be correct andpossible exceptions were therefore not dealt with. Theresults in this Appendix also reflect the fixing of a smallbug found in [Giraud-Carrier and Martinez 93]. The variablesare as defined in Chapter 3. The network starts empty. Foreach pair in the training set and for each precept (denotedby q), learning goes as follows:Begin PDLASet create_flag to trueSet n to first node in the network (linked list)While there is an n to executecase superset(n.p, q)if concordant(n.p, q) then set create_flag = falsecase equal(n.p, q)if concordant(n.p, q) then set create_flag = falseelse n self-deletescase subset(n.p, q)if concordant(n.p, q) then n self-deletescase discriminated(n.p, q)if concordant(n.p, q) & near_match(n.p, q) & num_asserted(n.p)=num_asserted(q) thenif size(n.p)>=size(q) & num_asserted(n.p)>1 thendrop variable in n.pset create_flag to falseelse if num_asserted(q)>1 thendrop variable in qn self-deletesEnd WhileIf create_flag then create a new node for qEnd PDLAWhen new pairs are presented to the network, in theexecution phase, each node computes its activation. The nodewith highest activation wins the competition and the outputof its stored pair becomes the network’s output. If twonodes have equal activation and one is more general than theother (i.e., different sizes), priority is given to the mostgeneral one. If several nodes have the same highestactivation and the same size (degree of specificity),priority is arbitrarily given to the first one.Simulations of this algorithm gave the following results,each averaged over 10 runs in which one (randomly generated)half of the data set was used as the training set and theother half as the test set. The first number is the resultof generalization (i.e., the percentage of correct guesses onthe test set), the second number is the number of pairs inthe training set (including precepts when applicable), and

30the third number is the size of the network in nodes, afterlearning.ApplicationNo preceptsWith precepts lenses68.3 12 776.7 13 5 zoo95.6 45 2695.6 46 22 voting87.8 217 7892.6 218 34 iris91.7 75 42 --- monk377.5 216 12097.4 218 65 hepatitis77.1 77 7279 79 61 mushroom100 4062 2273 ---

Table A1 - PDLA-Early Version ResultsIn each case the precepts used were the same as the goodprecepts described in Chapter 4. In every case, greaterparsimony was achieved and generalization was improved.

31APPENDIX BIn this appendix, we give the details of the design ofPDLA. The design is inspired by object-oriented principles.The software is made up of several modules, each implementinga specific object-class, and providing services to the othermodules. All code is written in C++ on a DEC station.The object class Vector implements pairs as dynamicvectors (i.e., 1-dimensional array of dynamic size). Iteither stores or makes available through computation, all theinformation relative to pairs (e.g., size, num_asserted).The object class Vector_set implements the data set as alinked list. One of its functions returns a vector chosen atrandom from the data set. The chosen vector is marked asbelonging to the training set. This function allows thegeneration of a random training set of any arbitrary size.Another function returns the first unmarked vector of thelist. This function allows using the remainder of the dataset (i.e., vectors not used in training) as a test set. Thisclass is also used to handle the set of precepts. In thiscase however, all the vectors are left unmarked.The object class Node implements network nodes.Currently, a node contains a vector, a pointer to a nextnode, and a list of vectors that contradict its own. Thereis an advantage in having this special class separate fromthe class Vector. The network’s physical implementation canbe kept separate from its logical implementation and it isalso easy to extend the model so that nodes do or store morethan is currently possible (this was in fact useful in goingfrom the early version of Appendix A to the current version).The list of contradicting vectors is used to computenum_exceptions. Before a new vector is placed on the list,it is first checked for redundancy (see Chapter 3). Whenqueried for num_exceptions, the list is traversed and thesizes of overlap of its vectors with the stored vector areadded to give the total amount of space the stored vector hasbeen contradicted on.The object class Network implements the network of nodesas a linked list. As mentioned above, the object-orienteddesign allows it to be easily modified to a tree or any otherefficient data structure. This class contains the functionsimplementing the broadcast and gather facilities. It alsodeals with possible exceptions (function Process-Exceptions()).The main program Pdla orchestrates the proper interactionof the above object classes. Each data set is processed 10times (to increase the statistical reliability of theresults) and results are averaged accordingly. In each ofthe ten runs, a new training set is randomly generated andlearned, then the test set is presented for generalization.

32Half of the data set is used for training and the other halfis used for testing.

33APPENDIX CIn this appendix, we show the simulation results of thethree variants of PDLA discussed in Chapter 5. In each case,the first table has reference to good precepts, while thesecond has reference to bad precepts. Labels are: % forpredictive accuracy (i.e., generalization), TS for the sizeof the training set including precepts where applicable, andNS for the size of the network after learning.

Priority toMore

GeneralNo preceptsWith precepts

Application % TS NS % TS NS lenses66.7 12 675.8 13 4 zoo95.8 45 2295.8 46 19 voting88.3 217 7490.9 218 31 iris87.6 75 3391.7 81 22 monk382.4 216 7697.4 218 43 hepatitis77.2 77 7179.1 79 61

Table C1 - Priority to General-Good Precepts

34No preceptsWith precepts

Application % TS NS % TS NS lenses66.7 12 650 13 6 zoo95.8 45 2275.1 46 23 voting88.3 217 7475.7 218 72 iris87.6 75 3328.7 81 38 monk382.4 216 7681.9 218 74 hepatitis77.2 77 7159.9 79 73

Table C2 - Priority to General-Bad Precepts

Initialize create_flag toNetwork’s

OutputNo preceptsWith precepts lenses60.8 12 577.5 13 4 zoo95.3 45 995.3 46 8 voting87.3 217 1990.7 218 13 iris85.7 75 1589.9 81 14 monk380.8 216 4487.6 218 27 hepatitis73.2 77 2375 79 22

Table C3 - Init create_flag-Good Precepts

35No preceptsWith precepts

Application % TS NS % TS NS lenses60.8 12 550.8 13 6 zoo95.3 45 984.4 46 12 voting87.3 217 1980.6 218 73 iris85.7 75 1566.7 81 31 monk380.8 216 4483.3 218 55 hepatitis73.2 77 2357.7 79 33

Table C4 - Init create_flag-Bad Precepts

PDLA

Based onCurrent

Network’s

OutputNo preceptsWith precepts lenses60.8 12 577.5 13 4 zoo95.3 45 995.3 46 8 voting84.6 217 2186.9 218 14 iris85.7 75 1589.9 81 14 monk380.9 216 4487.6 218 27 hepatitis72.9 77 2375.6 79 22 mushroom99.9 4062 27(unnecessary)

Table C5 - Inductive-Good PreceptsNo preceptsWith precepts lenses60.8 12 550.8 13 4 voting84.6 217 2171.2 218 58 monk380.9 216 4483.6 218 55 hepatitis72.9 77 2358.2 79 34

Table C6 - Inductive-Bad Precepts

36BIBLIOGRAPHY[Barker 93]Barker, J.C. Eclectic Machine Learning. Ph.D.Dissertation, Brigham Young University, Department ofComputer Science, 1993. In preparation.[Blumer et al. 87]Blumer, A., Ehrenfeucht, A., Haussler, D., and Warmuth,M.K. Occam’s Razor. Information Processing Letters, 24, 1987,377-380. Reprinted in Shavlik, J.W., and Dietterich, T.G.(Eds.), Readings in Machine Learning. Morgan KaufmannPublishers, Inc., 1990, 201-204.[Carbonell 83]Carbonell, J.G. Learning by Analogy: Formulating andGeneralizing Plans from Past Experience. In Michalski, R.S.,Carbonell, J.G., and Mitchell, T.M. (Eds.), Machine Learning:An Artificial Intelligence Approach. Morgan KaufmannPublishers, Inc., Vol. I, 1983, Chapter 5.[Carbonell et al. 83]Carbonell, J.G., Michalski, R.S., and Mitchell, T.M. AnOverview of Machine Learning. In Michalski, R.S., Carbonell,J.G., and Mitchell, T.M. (Eds.), Machine Learning: AnArtificial Intelligence Approach. Morgan Kaufmann Publishers,Inc., Vol. I, 1983, Chapter 1.[Cordier 84]Cordier, M-O. Les Systemes Experts. La Recherche, 15, 151(Jan. 1984), 60-69. In French.[Davis 90]Davis, E. Representations of Commonsense Knowledge.Morgan Kaufmann Publishers, Inc., San Mateo, CA, 1990.[Dietterich and Michalski 83]Dietterich, T.G., and Michalski, R.S. A ComparativeReview of Selected Methods for Learning from Examples. InMichalski, R.S., Carbonell, J.G., and Mitchell, T.M. (Eds.),Machine Learning: An Artificial Intelligence Approach. MorganKaufmann Publishers, Inc., Vol. I, 1983, Chapter 3.[Dreyfus 79]Dreyfus, H. What Computers Can’t Do: The Limits ofArtificial Intelligence. Revised Edition. Harper & Row,Publishers, 1979.

37[Giraud-Carrier and Martinez 93]Giraud-Carrier, C., and Martinez, T. Precept-DrivenLearning: Extending the Training Set Approach. Submitted.[Haas and Hendrix 83]Haas, N., and Hendrix, G.G. Learning by Being Told:Acquiring Knowledge for Information Management. In Michalski,R.S., Carbonell, J.G., and Mitchell, T.M. (Eds.), MachineLearning: An Artificial Intelligence Approach. MorganKaufmann Publishers, Inc., Vol. I, 1983, Chapter 13.[Hall and Romaniuk 90]Hall, L.O., and Romaniuk, S.G. A Hybrid Connectionist,Symbolic Learning System. In Proceedings of the EighthNational Conference on Artificial Intelligence, 1990, 783-788.[Hobbs and Moore 85]Hobbs, J.R., and Moore, R.C. Formal Theories of theCommonsense World. Ablex Publishing Corporation, Norwood, NJ,1985.[Hebb 49]Hebb, D.O. The Organization of Behavior. New York: Wiley,1949.[Kibler and Aha 87]Kibler, D., and Aha, D.W. Learning RepresentativeExemplars of Concepts: An Initial Case Study. In Proceedingsof the Fourth International Workshop on Machine Learning,1987, 24-30. Reprinted in Shavlik, J.W., and Dietterich, T.G.(Eds.), Readings in Machine Learning. Morgan KaufmannPublishers, Inc., 1990, 108-114.[Lenat et al. 90]Lenat, D.B., Guha, R.V., Pittman, K., Pratt, D., andShepherd, M. Cyc: Toward Programs With Common Sense.Communications of the ACM, 33, 8 (Aug. 1990), 30-49.[Lifschitz 90]Lifschitz, V. (Ed.). Formalizing Common Sense: Papers byJohn McCarthy. Ablex Publishing Corporation, Norwood, NJ,1990.[Martinez 86]Martinez, T.R. Adaptive Self-Organizing Networks. Ph.D.Dissertation, UCLA Technical Report-CSD 860093, 1986.[Martinez et al. 93]Martinez, T., Barker, C., and Giraud-Carrier, C. AGeneralizing Adaptive Discriminant Network. Submitted.[McCarthy 77]

38McCarthy, J. Epistemological Problems of ArtificialIntelligence. In Proceedings of the Fifth International JointConference on Artificial Intelligence, 1977, 1038-1044.[McCarthy 80]McCarthy, J. Circumscription - A Form of Non-MonotonicReasoning. Artificial Intelligence, 13 (1,2), April 1980, 27-39, 171-172.[McCarthy 84]McCarthy, J. Some Expert Systems Need Common Sense. InPagels, H. (Ed.), Computer Culture: The Scientific,Intellectual and Social Impact of the Computer. Annals of theNew York Academy of Sciences, Vol. 426, 1984, 129-137.[McCarthy 86]McCarthy, J. Applications of Circumscription toFormalizing Common Sense Knowledge. Artificial Intelligence,28 (1), 1986, 89-116.[McCulloch and Pitts 43]McCulloch, W.S., and Pitts, W. A Logical Calculus of theIdeas Immanent in Nervous Activity. Bulletin of MathematicalBiophysics, 5, 1943, 115-133.[Michalski 83]Michalski, R.S. A Theory and Methodology of InductiveLearning. Artificial Intelligence, 20, 1983, 111-161.Reprinted in Shavlik, J.W., and Dietterich, T.G. (Eds.),Readings in Machine Learning. Morgan Kaufmann Publishers,Inc., 1990, 70-95.[Michalski and Larson 78]Michalski, R.S., and Larson, J.B. Selection of MostRepresentative Training Examples and Incremental Generationof VL1 Hypotheses: The Underlying Methodology and Descriptionof Programs ESEL and AQ11. Rept. No. 78-867, Department ofComputer Science, University of Illinois at Urbana-Champaign,1978.[Minsky 91]Minsky, M. Logical Vs. Analogical or Symbolic Vs.Connectionist or Neat Vs. Scruffy. AI Magazine, 12, 2 (Summer1991), 34-51.[Minsky and Papert 67]Minsky, M., and Papert, S. Perceptrons. MIT Press,Cambridge, MA, 1967.[Mitchell 80]Mitchell, T.M. The Need for Biases in LearningGeneralizations. Technical Report No. CBM-TR-117, NewBrunswick, NJ: Rutgers University, Department of ComputerScience, 1980. Reprinted in Shavlik, J.W., and Dietterich,

39T.G. (Eds.), Readings in Machine Learning. Morgan KaufmannPublishers, Inc., 1990, 184-191.[Mitchell 82]Mitchell, T.M. Generalization as Search. ArtificialIntelligence, 18, 1982, 203-226. Reprinted in Shavlik, J.W.,and Dietterich, T.G. (Eds.), Readings in Machine Learning.Morgan Kaufmann Publishers, Inc., 1990, 96-107.[Mitchell et al. 83]Mitchell, T.M., Utgoff, P.E., and Banerji, R. Learning byExperimentation: Acquiring and Refining Problem-SolvingHeuristics. In Michalski, R.S., Carbonell, J.G., andMitchell, T.M. (Eds.), Machine Learning: An ArtificialIntelligence Approach. Morgan Kaufmann Publishers, Inc., Vol.I, 1983, Chapter 6. Reprinted in Shavlik, J.W., andDietterich, T.G. (Eds.), Readings in Machine Learning. MorganKaufmann Publishers, Inc., 1990, 510-523.[Mooney et al. 89]Mooney, R., Shavlik, J., Towell, G., and Gove, A. AnExperimental Comparison of Symbolic and ConnectionistLearning Algorithms. In Proceedings of the EleventhInternational Joint Conference on Artificial Intelligence,1989, 775-780. Reprinted in Shavlik, J.W., and Dietterich,T.G. (Eds.), Readings in Machine Learning. Morgan KaufmannPublishers, Inc., 1990, 171-176.[Murphy and Aha 92]Murphy, P.M., and Aha, D.W. UCI Repository of machinelearning databases. Irvine, CA: University of California,Department of Information and Computer Science, 1992.[Quinlan 86]Quinlan, J.R. Induction of Decision Trees. MachineLearning, 1, 1986, 81-106. Reprinted in Shavlik, J.W., andDietterich, T.G. (Eds.), Readings in Machine Learning. MorganKaufmann Publishers, Inc., 1990, 57-69.[Remy 88]Remy, C. Quand l’Ordinateur Apprend, Micro-Systemes, 88(Jul-Aug. 1988), 106-118. In French.[Rosenblatt 58]Rosenblatt, E. The Perceptron: A Probabilistic Model forInformation Storage and Organization in the Brain.Psychological Review, 65, 1958, 386-408. Reprinted inShavlik, J.W., and Dietterich, T.G. (Eds.), Readings inMachine Learning. Morgan Kaufmann Publishers, Inc., 1990,138-149.[Rosenblatt 62]Rosenblatt, E. Principles of Neurodynamics. New York:Spartan, 1962.

40[Rumelhart and Zipser 85]Rumelhart, D.E., and Zipser, D. Feature Discovery byCompetitive Learning. Cognitive Science, 9:1, 1985, 75-112.Reprinted in Shavlik, J.W., and Dietterich, T.G. (Eds.),Readings in Machine Learning. Morgan Kaufmann Publishers,Inc., 1990, 307-325.[Rumelhart et al. 86]Rumelhart, D.E., Hinton, G.E., and Williams, R.J.Learning Internal Representations by Error Propagation. InRumelhart, D.E., and McClelland, J.L. (Eds.), ParallelDistributed Processing (Vol. I). Cambridge, MA: MIT Press,1986, Chapter 6. Reprinted in Shavlik, J.W., and Dietterich,T.G. (Eds.), Readings in Machine Learning. Morgan KaufmannPublishers, Inc., 1990, 115-137.[Rychener 83]Rychener, M.D. The Instructible Production System: ARetrospective Analysis. In Michalski, R.S., Carbonell, J.G.,and Mitchell, T.M. (Eds.), Machine Learning: An ArtificialIntelligence Approach. Morgan Kaufmann Publishers, Inc., Vol.I, 1983, Chapter 14.[Sejnowski and Rosenberg 87]Sejnowski, T.J., and Rosenberg, C.R. Parallel Networksthat Learn to Pronounce English Text. Complex Systems, 1,1987, 145-168.[Shavlik and Dietterich 90]Shavlik, J.W., and Dietterich, T.G. (Eds.). Readings inMachine Learning. Morgan Kaufmann Publishers, Inc., PaloAlto, CA, 1990.[Shavlik and Towell 89]Shavlik, J.W., and Towell, G.G. An Approach to CombiningExplanation-Based and Neural Learning Algorithms. ConnectionScience, 1, 1989, 233-255. Reprinted in Shavlik, J.W., andDietterich, T.G. (Eds.), Readings in Machine Learning. MorganKaufmann Publishers, Inc., 1990, 828-839.

A Precept-Driven Learning AlgorithmChristophe G. Giraud-CarrierDepartment of Computer ScienceM.S. Degree, April 1993ABSTRACTMachine learning is an attempt at devising mechanismsthat machines can use to learn, rather than being explicitlyprogrammed for, real-world applications. The goal oflearning systems is to generalize. Generalization is basedon the set of critical features the system has available.Training set learners typically extract critical featuresfrom a random set of examples drawn from experimentation.This approach can beneficially be extended by endowing thesystem with some a priori knowledge, in the form of precepts.Advantages of the augmented system include speed-up, improvedgeneralization and greater parsimony.This thesis presents a precept-driven learning algorithm.The main characteristics of the algorithm include: 1)neurally inspired architecture, 2) bounded learning andexecution times, and 3) ability to handle both correct andincorrect precepts. Results of simulations on real-worlddata demonstrate promise.COMMITTEE APPROVAL:___________________________________Tony Martinez, Committee Chair___________________________________David Embley, Committee Member___________________________________David Embley, Graduate Coordinator