AbstractWe describe an incremental learning algorithm, called theory-driven learning, that createsrules to predict the effect of actions. Theory-driven learning exploits knowledge ofregularities among rules to constrain learning. We demonstrate that this knowledge enablesthe learning system to rapidly converge on accurate predictive rules and to tolerate morecomplex training data. An algorithm for incrementally learning these regularities is describedand we provide evidence that the resulting regularities are sufficiently general to facilitatelearning in new domains. The results demonstrate transfer from one domain to another canbe achieved by deliberately overgeneralizing rules in one domain and biasing the learningalgorithm to create new rules that specialize these overgeneralizations in other domains.Running Head: Learning Causal Patterns1Learning Causal Patterns:Making a transition from data-driven to theory-driven learningMichael PazzaniDepartment of Information and Computer ScienceUniversity of CaliforniaIrvine, CA 92717pazzani@ics.uci.eduMachine Learning, 11, 173-194.

1.0 Introduction In order to understand the environment, people must learn to predict the effects of theirown actions and the actions of others. This prediction process requires the learner to associatestate changes with actions. Many researchers have shown that, even in very young children,this learning process is constrained by general knowledge of the actions that are likely to beresponsible for state changes. Bullock, Gelman, and Baillargeon (1982) and Shultz andKestenbaum (1985) provide excellent overviews of the types of general constraints that areexploited during the learning of specific causal rules. In Pazzani (1991), we propose a computational learning model that is intended to explainwhy learning some predictive relationships is more difficult than others for human learners.Here, we report on experiments that show that this learning model provides an advantage overa purely data-driven learner under a variety of circumstances. The learning model relies on anexplicit representation of general knowledge of causality. Here, we also propose an algorithmfor learning this general knowledge of causality. We computationally explore the hypothesisthat much of the general knowledge of causality (and some simple specific causal rules) can belearned by simple correlational processes. Once this general knowledge of causality isacquired, the later acquisition of more complex specific causal rules is constrained andfacilitated by the general knowledge of causality that has been acquired. As generalknowledge of causality is acquired, the learner shifts learning strategies from a data-drivenstrategy that attempts to find regularities in a set of examples to a theory-driven strategy thatlooks for instantiations of its general knowledge. In particular, a learner will be described that starts with only temporal knowledge ofcausality (i.e., temporal contiguity and temporal priority). This knowledge is sufficient toinduce simple causal rules. We hypothesize that more general causal knowledge is acquired byfinding common patterns in the simple causal rules. This more general knowledge representsadditional spatial and configural patterns that are present in causal rules.To make the problem more concrete, consider the sequence of events in Table 1. This isthe output of Talespin (Meehan, 1981), a program designed to generate short stories describingactors attempting to achieve goals. We will use Talespin to simulate a world in which thelearner must observe actions, and predict their results. 2

The output is divided into a number of discrete time intervals. In each time interval, someactions may be observed and the state of the world may change. Although this simulated inputis necessarily a simplification of the complex world in which a child learns causal rules, wehave added a number of complexities to Talespin to make it more realistic while still allowingsystematic experimentation by varying parameters such as the amount of noise in the data. Forexample, two actions may occur in the same time interval (e.g., Time 4). Therefore, the agentmust be able to determine which effect is associated with which action. This problem iscomplicated by the fact that some actions may have more than one effect (e.g., Time 9) andsome actions may have no effect. In addition, the same action may have different effects (e.g., dropping an object in Times 4 and 7). Finally, some state changes may be observed, althoughthe action that caused the state change may not be observed (e.g., the phone ringing duringTime 10).This learning problem can be summarized as follows:Given:A sequence of time interval where each time interval consists of a setof actions and a set of state changes.Create:A set of rules that predict when a state change will occur.In this paper, we first discuss the representation of examples, causal rules, and generalknowledge of causality. Next, we review a learning method called theory-driven learning(TDL) that makes use of general knowledge of causality to constrain the search for causalrules. Finally, we discuss an extension to theory-driven learning that allows the generalknowledge of causality to be learned from initial observations and demonstrate that the inducedknowledge facilitates learning in new domains.3Table 1. An example of the output produced by Talespin, divided into 14 time intervals.(0) Karen was thirsty. (1) She pushed the door away from the cupboard. The cupboard was open.(2) She took a small red plastic cup from the cupboard. Mike pushed the light switch. She had thecup. The cup was not in the cupboard. The light was on. (3) She pushed the door to the cupboard.The cupboard wasn’t open. (4) The auburn cat pushed a large clear glass vase to the tile floor. Karenpushed the handle away from the cold faucet. The cold water was flowing. The vase was broken.(5) She moved the cup to the faucet. The cup was filled with the water. (6) She pushed the handle tothe faucet. The cold water wasn’t flowing. (7) Karen dropped the cup to the tile floor. The cupwasn’t filled with the water. (8) She pushed the door away from the cupboard. The cupboard wasopen. (9) She took a small clear glass cup from the cupboard. She had the cup. The cup was not inthe cupboard. (10) Karen pushed the handle away from the cold faucet. The cold water was flowing.The phone was ringing. (11) She moved the cup to the faucet. Lynn picked up the phone receiver.The cup was filled with the water. The phone wasn�t ringing. (12) Karen pushed the handle to thefaucet. The cold water wasn’t flowing. (13) She drank the water. The cup wasn’t filled with thewater. Karen wasn�t thirsty.

1.1 Representation of examplesTo avoid problems of natural language understanding, we will assume that the trainingexamples are in some internal representation. Our learning model will make use of ConceptualDependency (CD) (Schank & Abelson, 1977), the internal representation used by the Talespinprogram. A role-filler notation is used to represent CD structures. CD structures have a headand a set of roles and fillers. The filler for a role is a CD structure that must have a head andmay have zero or more roles. Common heads are ACT (for actions), STATE (for unarypredicates), RELATION (for binary predicates), and PP (for physical objects). For ACTs, theroles used are type, actor, object, from, and to. STATEs have type, actor, and moderoles. RELATIONs have type, actor, val, and mode roles.1 PPs have a wide variety of roles,such as type, subtype, size, color, etc. Every individual PP has a special role, unique-id, used to indicate the referent in Talespin�s world.In Talespin, each change of the world is indicated by the assertion of a new STATE orRELATION (indicated by a mode of POS) or the retraction of a STATE or RELATION (indicatedby a mode of NEG). STATEs and RELATIONs are assumed to hold for all future time intervalsuntil explicitly retracted (cf. Elkan, 1990). 1.2 Representation of causal rulesThe task required by the learner is to predict the state changes that will occur when anaction is observed. In order to achieve this task, a set of causal rules is learned. Each rulecontains a general description of a class of actions, and a description of a state change. Table 2illustrates the representation of a simple rule that indicates that a phone stops ringing after thephone receiver is picked up.2 A question mark before a symbol (e.g., ?X) indicates that thesymbol is a variable. In this rule, the variable is needed to indicate that the phone whosereceiver is lifted is the phone that stops ringing. The CD structure after a variable in the1.The actor role of STATEs and actor and val roles of RELATIONs may be misnomers. This is terminology used byTalespin. A better name for these roles might be argument1 and argument2. 2.Note that this rule is true in Talespin�s world. In the real world, the situation is more complex.4Table 2. A rule indicating that picking up a phone receiver results in the phone notringing.IFACT type GRASPobject PP type RECEIVER component-of ?X (PP type PHONE)THEN STATE type RING actor ?X antecedent (i.e., PP type PHONE) indicates that the object bound to the variable is constrainedto also match that structure.A variety of tasks could be achieved using rules such as that in Table 2. The rule can beused for planning (specifying an action to perform to achieve the goal of stopping thetelephone from ringing) or for abductive inference (infer what action may have occurred toaccount for a phone that stopped ringing). Here, we will consider only a prediction task.When an action is observed, all state changes that are the consequent of rules whoseantecedents match that action will be predicted. There are two types of prediction errors thatcan be made. Errors of omission occur when a state change is observed but not predicted.Errors of commission occur when a state change is predicted but is not observed.The learner needs to monitor the accuracy of the causal rules that are acquired. This isimplemented by associating a confidence that is the ratio of two counters with each rule. Onecounter is incremented each time the rule makes a prediction, the other is incrementedwhenever the rule makes an incorrect prediction. In addition, any exceptions to a rule (i.e.,actions on which the rule made an incorrect prediction) are stored in memory indexed by therule.3 The exceptions are used only for learning, and not used during prediction.In order to generate a story, Talespin contains a simulator that determines the effects ofactions. This simulator is essentially a large Lisp conditional expression that asserts statechanges when an action occurs. The causal rules learned can be viewed as a declarativerepresentation of Talespin�s simulator.1.3 A data-driven learning process for acquiring causal rulesA variety of data-driven (i.e., associative) learning theories have been proposed that canaddress the problem. For example, DIDO (Scott & Markovitch, 1989), performs a similar task(i.e., determining the effects of its own operators rather than observed actions). With a suitablechange of representation, neural network systems (e.g., Sutton, 1988) could also be applied tothis problem. Here, we briefly describe a data-driven learning method based upon UNIMEM(Lebowitz, 1987). In our learning model, data-driven learning will be used to form initialcausal rules. More general principles of causality will be derived from these rules (asdescribed in Section 3) and used by the theory-driven learning process (described in Section 2).3.There is a maximum number of exceptions that can be indexed by each rule. In this paper, each rule maintains the fivemost recent exceptions.5

Each time interval is represented by a set of actions and a set of state changes. The learnermust acquire rules to indicate which actions are predictive of each state change. Anunsupervised learning task is performed at each time interval. First, the observed actions arecompared to existing causal rules and a set of state changes are predicted. Next, the predictedstate changes are compared to the observed state changes. The confidence and exceptions areupdated for those state changes that were correctly predicted and for those state changes thatwere predicted but not observed. If there are any unpredicted state changes, the learner is runon all pairings of observed actions with unpredicted state changes.The learner processes each time interval as it is observed. Since this is an unsupervisedlearning task, the learner must perform two subtasks (Fisher, 1987). First, due to the variety oftraining examples, the examples must be aggregated into clusters of similar examples. In thiswork, we rely on a UNIMEM like approach to clustering and concentrate on the secondsubtask: creating a general description of the aggregated examples. This general description isthe rule used to make predictions about new examples. The first example in a new cluster becomes the initial rule. The rule is constructed byusing the action as the antecedent, and the state as the consequent. If the same object (asindicated by its unique-id) fills more than one role in the action or the state, a variable isintroduced. Variables represent equality constraints. For example, the variable ?X in Table 2indicates the phone that stops ringing must be identical to the phone whose receiver is pickedup. Whenever a new example is added to a cluster, the rule is generalized by dropping anyroles that differ between the rule and the example. In addition, if the example does notconform to an equality constraint, the equality constraint is dropped. 2.0 BackgroundTheory-driven learning brings additional knowledge to the learning process. Data-drivenlearners exploit inter-example relationships (i.e., regularities among several training examples).Theory-driven learning has knowledge of intra-example relationships (i.e., constraints betweenthe role fillers of an action and state change). We call these constraints causal patterns. Thecausal patterns warrant the theory-driven learning program to ignore certain regularitiesbetween examples. As a consequence, TDL searches a smaller hypothesis space and would beexpected to learn accurate rules from fewer examples (provided that the smaller hypothesisspace contains an accurate hypothesis).6

At least two learning systems have been developed that make use of general causalknowledge to constrain learning. LUCK (Shultz, 1987) makes use of a general theory ofcausality to identify the cause responsible for an effect. TDL (Pazzani, 1987) learns causalrules that are consistent with a general theory of causality. Pazzani (1991) discusses howcausal patterns can be used to encode human�s general knowledge of causal relationships. Inparticular, the causal patterns represent spatial and temporal conditions under which humanobservers report that an action appears to result in a state change. 2.1 Representation of causal patternsThe theory-driven learning procedure can only learn causal rules that conform to one of thecausal patterns. Here, we discuss two types of causal patterns:Exceptionless: An exceptionless causal pattern applies when all of the examples ina cluster are followed by the same state change (or when there is only oneexample).Dispositional: A dispositional causal pattern applies when some examples in acluster are followed by a state change, while others are not. It postulates thata difference in a particular role filler is responsible for the different results.Table 3 displays one exceptionless causal pattern: an action performed on a component ofan object may result in a state change to that object. The causal rule in Table 2 (picking up aphone results in the phone not ringing) conforms to this pattern. For each exceptionless pattern, there may be a dispositional pattern. A dispositional patternlimits the search for differences between positive and negative examples to one or more rolesof the action. Table 4 displays a dispositional causal pattern. In this pattern, there is a singledispositional role: object. This pattern indicates that when similar actions performed on anobject have different results, and they are performed on different objects, the differing roles ofthe object are responsible for the different result. This pattern would be useful in creating arule that describes the difference between the result of a cat knocking over a large clear glassvase during Time 4 in Table 1 and Karen dropping a small red plastic cup in Time 7. Such arule would indicate that glass objects break when they fall while plastic objects do not. Note7Table 3. An exceptionless causal pattern:An action performed on a component of anobject may result in a state change to thatobject.CAUSEACT object PP component-of ?OEFFECT STATE actor ?0Table 4. A dispositional causal patternCAUSEACT object ?OEFFECT STATE actor ?ODISPOSITION object that correlation between examples is needed to determine that the composition rather than thecolor of the object is important. However, this correlation is constrained to the object role.Therefore, TDL will not entertain a hypothesis that indicates that objects break when droppedby cats, but not humans.2.2 The process of theory driven learningPazzani (1990) describes the theory-driven learning process in detail. Here we onlyprovide an overview that is needed to understand how TDL uses new causal patterns acquiredthrough the process described in Section 3. Both the data-driven and theory-driven learningstrategies use the same clustering process. Theory-driven learning occurs whenever a newexample is added to a cluster, and the current rule did not make a correct prediction. If a causalpattern matches the situation, TDL will form a causal rule that is consistent with both the dataand the causal pattern. 2.3 Experiments with TDLIn this section, experiments with TDL in OCCAM are reported. OCCAM is a multi-strategy learning system that includes an explanation-based, a theory-driven and a data-driven learning component. We compare TDL to the data-driven learning algorithm inOCCAM. For consistency with previous descriptions of OCCAM, we will call this data-driven learning algorithm SBL for �similarity-based learning.� We test the followinghypotheses:1.TDL will tolerate more complex training data than SBL. In this experiment, multipleactions (and state changes) will occur at the same time. 2.The TDL and SBL algorithms will degrade gracefully with noisy training data. Here, weconsider one type of noise that was created by making the operators in Talespin’s worldnondeterministic. With a certain probability, an action may have no effect. Forexample, glass objects may break only 75% of the time they are knocked off a counteronto the floor.3.A combination of TDL and SBL will tolerate incomplete and incorrect sets of causalpatterns. Here we will compare the performance of TDL and SBL combined to theperformance of SBL alone. In this combination SBL is run only if TDL fails to find arule (i.e., no causal pattern matches the experiences).8

We will use Talespin to generate test and training examples for these learning algorithms.In this world, actors may have one of three goals (thirsty, hungry or bored) and perform actionsto achieve these goals. The thirsty goal is satisfied by drinking a glass of milk or water fromthe refrigerator, or water from the faucet. Table 1 shows a typical thirsty story. The hungrygoal is satisfied by eating a piece of fruit from either the counter or the refrigerator. The boredgoal is satisfied by playing catch with either a ball or a balloon. Random actions may occurduring any story (cats knocking objects over, phones or door bells ringing, etc.) and actors mayhave accidents (dropping objects, throwing balls into windows, throwing a balloon into a rosebush). A total of approximately 60 rules are needed to predict the state changes in all of thesedomains. The fact that 10 causal patterns can facilitate learning indicates that there is astructure in Talespin’s world that can be exploited to constrain the learning process.2.3.1 Simultaneous actionsIn most realistic situations, more than one action is occurring at the same time. In order torun this experiment, we modified Talespin so that with a certain probability, P, two contiguoustime intervals are merged into one. This merging is done recursively so that, for example,there is a P2 probability that three contiguous time intervals are merged. Ten runs were madeof SBL and TDL on the same randomly generated sequences of Talespin output of 500 timeintervals (corresponding to roughly 25 stories). The errors of omission and commission ofeach algorithm are measured by testing on 600 action-state change pairs after every 20 timeintervals for the first 100 examples and every 50 time intervals for the remaining 400 trainingtime intervals. SBL takes a conservative approach and learns one rule for each action that occurs in thesame time interval as a state change. When an error of commission later occurs, the�confidence� in each rule is lowered (by incrementing an exception counter), but the rule is notdeleted. Such rules are not deleted, since some actions do not always have the same effect(e.g., sometimes a glass cup does not break when it is dropped). In this experiment, to bemore fair to SBL, we will measure errors of commission in two manners. With the firstmeasure, errors of commission will be reported as the percent of total predicted state changesthat were not observed. A second measure takes the confidence in the prediction into accountby multiplying the total number of predictions and the total number of unsubstantiatedpredictions by the confidence of the rule that made the prediction.9

TDL will not learn a rule if a training example does not conform to a known causal pattern.As a consequence, TDL is predicted to be less sensitive to a complex learning environment inwhich multiple actions occur simultaneously. Figure 1 shows the mean percentage of errorsfor SBL and TDL as a function of the number of training examples when P=0.35. The graph inFigure 1 demonstrates that TDL converges on an accurate set of rules more rapidly than SBL.Insert Figure 1 about hereWith this complex training data, TDL has fewer errors of omission and commission thanSBL. Taking the confidence of the prediction into account (the line labeled SBL .35 Com’ inthe figure), lessens the difference between the SBL and TDL. This indicates that thepredictions of SBL made with greater confidence are more likely to be correct. To simplifythe graph, TDL errors of commission weighted by the confidence is not displayed. TDLtypically has higher confidence values, so the two measures of errors of commission are veryclose in value. The results of this experiment confirm the prediction that TDL will be lesssensitive than SBL when multiple actions occur at the same time.2.3.2 Learning from noisy dataIn learning causal rules, we consider one type of noise. With a certain probability, anaction will not have any effect. In Talespin’s world, this is a natural type of noise. Forexample, glass objects do not always break when struck and balloons don’t always pop whenthey fall onto a grass lawn. The TDL and SBL algorithms were designed to tolerate trainingdata with this type of noise. In particular, SBL only finds commonalities between examplesin which there is a state change. When there is noise in the training data, there are fewerpositive examples, so more errors of omission would be expected as the amount of noiseincreases. Exceptionless causal patterns in TDL operate similarly. However, dispositionalpatterns attempt to find a role filler (or conjunction of role fillers) that differentiate theactions accompanied by state changes from those that are not. In this case, noise in thetraining data may cause TDL to blame an incorrect role filler. Since the algorithm attemptsto find a role filler that appears in the fewest stored negative examples (rather than a rolefiller that appears in no negative examples), it is expected to tolerate some amount of noise.Nonetheless, one would predict a greater percentage of errors of commission with increasednoise.Insert Figure 2 about here10

In order to test these predictions, an experiment was run in which 20% and 40% of thestate changes were deleted randomly from the training data. We measured the accuracy (onnoise-free test data) in the same manner as the first experiment. Figure 2 displays the resultsof these experiments. To avoid clutter, SBL and TDL with 20% noise are not shown forerrors of omission. The values typically fell between the algorithm with no noise, and thealgorithm with 40% noise.The graphs show that, as expected, the algorithms degrade gracefully with this type ofnoise. The algorithms were not intended to deal with other forms of noise (e.g., noise in therole fillers, or state changes sometimes occurring without a cause). We expect that thealgorithms would require modification before tolerating other types of noise. However, thisnoise does not arise naturally in this domain.2.3.3 Incorrect causal patternsTDL is one of the learning components of OCCAM (Pazzani, 1990). When a new timeinterval is observed, if the state change was already expected (i.e., the observed outcome couldbe predicted by an existing rule), then no learning is necessary. Otherwise, OCCAM first triesEBL, then TDL, and finally SBL. The rationale here is that EBL is expected to produceaccurate rules from fewer training examples than TDL, and TDL produces more accurate rulesthan SBL. Thus, this particular combination of learning methods is intended to maximize thelearning rate. In addition, the learning system is intended to be widely applicable, since it canfall back on a data-driven learning algorithm in novel domains. Furthermore, the data-drivenand theory-driven learning methods create rules that can be used by the explanation-basedmethods. Therefore, as OCCAM learns, it can switch from a knowledge-free to a knowledge-intensive learner. In Section 3, we describe how the empirical learning algorithm can learncausal patterns to be used by TDL. Here, we describe an experiment that demonstrates that acombination of TDL and SBL can be used when the causal patterns are incomplete andincorrect. This is particularly important because newly created causal patterns are likely to beincorrect and the system will initially have an incomplete collection of causal patterns.There are 10 causal patterns used by OCCAM. Six of these patterns were replaced byincorrect versions. Incorrect versions of three patterns were formed by replacing thedispositional roles with other (i.e., irrelevant) roles. Such a change might cause TDL to searchfor differences between actors while a correct rule has a difference in the object role. If no such11 difference exists, then SBL will be used. Three other patterns were modified by changing thelocation of a variable. For example, a pattern requiring the object of an action to be the actor ofa state was changed so that the actor of the action was required to be the actor of a state. Such achange would make the pattern match situations that are not causally related and not matchsequences that are causally related. In the latter case, SBL will be tried immediately. In theformer case, TDL will initially create a rule that makes inaccurate predictions. When furtherexamples are seen, the pattern will no longer be matched (e.g., the equality constraints thatwere coincidentally true in the initial few examples do not hold in later examples) and SBLwill be used to form a new rule.We ran 10 trials of TDL with these incorrect causal patterns combined with SBL andmeasured the percentage errors. All time intervals always had exactly one action, and there wasno noise in the training data. Runs were made of SBL and TDL on 10 randomly generatedsequences of Talespin output of 500 time intervals (corresponding to roughly 25 stories). Theerrors of omission and commission of each algorithm are measured by testing on 600 action-state change pairs after every 20 examples for the first 100 examples and every 50 examplesfor the remaining 400 training examples. Figure 3 shows the mean percentage of errors forSBL alone, TDL alone (with correct causal patterns), and TDL with incorrect and incompletepatterns combined with SBL (labeled Bad TDL in the legend) as a function of the number oftraining examples. In the combined system, approximately 45% of the final rules were learnedwith TDL and the remainder were learned with SBL. The fact that the combined method hasfewer errors of omission than SBL indicates TDL is able to determine when it is not applicableand allows SBL to learn accurate rules. However, the fact that the percentage of errors ofcommission of the combined methods is higher than that of TDL (with a correct theory)indicates that it takes TDL several examples to determine that an accurate rule cannot beformed that conforms to a causal pattern. This also indicates that the changes made to createthe incorrect patterns were not so random that the patterns did not match any trainingexamples.Whether TDL should always be preferred to SBL in a simple noise-free learningenvironment depends upon the relative cost of errors of omission and errors of commission.However, in more complex learning environments, TDL exhibits both fewer errors of omissionand commission. Furthermore, using the methods in combination, but preferring TDL, yieldsfaster learning rates than just SBL. This combination can be applied even when the causalpatterns are incomplete and incorrect.12

3.0 Learning causal patternsThe previous section has shown how causal patterns can be represented and used toconstrain the hypothesis space. Here, we discuss how causal patterns can be learned fromexamples. The motivation for this work is to enable TDL to be more easily adapted to newdomains. An initial subset of the data is used to acquire general information to apply to theacquisition of specific knowledge in the remainder of the data.SBL implicitly makes use of a single causal pattern, �if a state change occurs in the sametime interval as an action, then the action caused the state change.� This simple causal patterndoesn’t contain any constraints between causes and effects. This allows the system to createrules without any more specific causal patterns. By noticing common patterns in establishedrules, new causal patterns can be created. In the future, hypotheses that conform to one ofthese patterns are preferred.3.1 An algorithm for creating causal patternsWe have explored a variety of algorithms for inducing new causal patterns. A number ofapproaches based upon aggregating rules into clusters of similar rules and forminggeneralizing among the rules failed. The weak link here was the aggregation algorithm.Although UNIMEM’s clustering algorithm produces reasonable clusters of events togeneralize to form rules, it did not seem to produce reasonable clusters of rules to generalizeto form causal patterns. The rules in such clusters were typically so dissimilar that there wasnot a generalization in the hypothesis language (conjunctions of role fillers with equalityconstraints). We also experimented with adapting other clustering algorithms (e.g.,COBWEB (Fisher, 1987)) to this task without success (since COBWEB cannot representequality constraints, and since COBWEB deals with data represented as attribute-valuepairs).The goal of creating causal patterns is to form a general pattern that can be instantiated (bythe TDL algorithm) to form a new rule. Here, we describe an �eager� approach to creatingnew causal patterns. In effect, whenever a rule is created with SBL, the approach determinesthe most specific causal pattern that could be instantiated to create the same rule with TDL.If the rule learned by SBL is revised, then the pattern is revised.After forming a rule, an exceptionless causal pattern can be formed by retaining only theequality constraints of the rule (and the heads of the CD structures to make a syntactically13 correct causal pattern).4 In addition, a dispositional pattern can be created by addingdispositional roles for every role filler in the rule. Roles explicitly encoding a type hierarchyare not used as dispositional roles, because these hierarchical roles are treated specially bythe TDL algorithm. Causal patterns formed in this manner are a deliberateovergeneralization of the training data. Future causal rules that have the same equalityconstraints as a causal pattern are preferred to those that do not.An incremental algorithm was implemented to create new causal patterns whenever a ruleis created by SBL. If a pattern with the same equality constraints already exists, a newpattern is formed by finding the union of the dispositional roles. A dependency is recordedbetween each causal pattern and the rule (or rules) that resulted in the formation of thepattern. Whenever a rule is revised, the causal pattern that was formed from the rule is alsorevised. For example, if a role is dropped from a rule (and no other rule with the samecausal pattern uses that role), then a dispositional role is removed from the causal pattern. Ifan equality constraint is dropped from a rule, and the rule is the only support of a causalpattern, the causal pattern is deleted, and a new causal pattern is formed from the rule (ormerged into an existing pattern with the same equality constraints).4.If there are no equality constraints between the action and a state change, no causal pattern is created. Ineffect, this algorithm assumes that some object must be involved somehow in both an action and a statechange. The algorithm learns additional constraints in terms of which roles of the action can be associatedwith roles of the state change. TDL takes advantage of these constraints to search a reduced hypothesis space.14Table 5. The initial rule and causal pattern formed from a single example. Thoseparts that are underlined are deleted when the second example is seen. Rule PatternIFACT type ATRANS actor ?A: PP type PERSON age 6 gender FEMALE hair BLOND object ?B: PP type FRUIT subtype BANANA color YELLOW to ?A: PP type PERSON age 6 gender FEMALE hair BLOND from PP type COUNTER color WHITE composition TILETHEN RELATION type POSSES actor ?B val ?ACAUSEACT actor ?a object ?b to ?aEFFECT RELATION actor ?b val ?aDISPOSITION:actor ageactor genderactor hairobject colorto ageto genderto hairfrom colorfrom composition

An example of creating and revising a causal pattern will help to illustrate the algorithm.Assume the first example seen is �Lynn (age 6, blond hair) took a banana from the counter.Lynn has the banana.� The rule and causal pattern in Table 5 is created. The equalityconstraints of the rule are preserved in the causal pattern. Every role that has a filler in therule becomes a dispositional role. For example, the actor’s age is present in the rule.Therefore, a disposition role is created to indicate that the age of the actor may be used todistinguish actions that result in a state change from those that do not.A second similar example, �Mom (brown hair, age 29) gave Karen (age 4, blond hair) aballoon. Karen has the balloon.� causes the rule and pattern to be revised. In the rule, theconstraint that the actor of the act, be the same as the to of the act and the val of therelation is dropped. This occurs because in the first example, Lynn is both the actor andthe destination, while in the second example, the actor and destination of the action differ. Inaddition, a number of role-filler constraints are dropped such as the hair color of the actor(but not the to) and the age of the actor. The revisions to the rule also force revisions to thecausal pattern. For example, the variable in the actor role of the cause is removed. Inaddition, dispositional roles corresponding to constants in the original rule (e.g., the actor’sage) are dropped.The goal of the above algorithm is to create causal patterns by data-driven means from aninitial subset of the training data so that theory-driven learning may be used on later parts ofthe training data. Due to the combination of TDL and SBL, the combined system graduallyshifts from using SBL to using TDL to learn new rules. As a result, when the system istrained on one domain, it learns a new domain more quickly, provided that the rules in thenew domain conform to the same general patterns as the rules in the old domain.15

3.2 Experimental resultsWe ran an experiment to test whether causal patterns applied in one domain can facilitatelearning in a new domain. We ran 10 trials of training the system of 15 randomly generatedstories of actor’s satisfying the bored goal, followed by 15 randomly generated stories aboutthe hungry goal. Appendix I contains a typical hungry and a typical bored story. Thecombined system was using TDL, SBL, and creating new causal patterns. Next, all of therules (but not the causal patterns) were deleted. We then measured the percentage error on400 training examples of TDL using the induced causal patterns, TDL using the hand-codedcausal patterns, and SBL from stories about achieving thirsty goals. This particular trainingsequence was selected because the thirsty stories are the most complex and varied. Theerror was measured by testing on 200 randomly generated examples taken from thirstystories.Figure 4 shows the percentage error of the three learning systems. TDL with learnedrules is called LTDL in this graph. LTDL does not perform as well as TDL. Anexamination of the patterns learned indicates that some patterns were more specific thanhand-coded patterns. In particular, some learned patterns included more equality constraintsthan the hand-coded ones. If these spurious equality constraints were deleted, severalspecific rules could be merged into a more general pattern identical to the hand-coded ones.As a consequence, fewer situations will match these specific patterns, resulting in moreerrors of omission for LTDL. In addition, the examination of the learned causal patternsindicates that they contain more dispositions than the hand-coded rules. As a result, theLTDL relies more on correlation and less on the knowledge encoded in the causal pattern tofind differences between positive and negative examples.The graph does indicate that LTDL has fewer errors of omission than SBL. Thisdemonstrates that the induced rules, like the hand-coded rules, capture regularities betweenrules that can be used to constrain future learning. Learning causal patterns in one domainaccelerates learning in a new domain by enabling OCCAM to use TDL rather than SBL inthe new domain.Insert Figure 4 about here16

3.3 The role of Conceptual Dependency in TDLTheory-driven learning is intended to be independent of the representation of causalpatterns and training data. For example, the causal pattern �If an action on an object isaccompanied by a state change for the object, then the action results in the state change�might be represented as follows:However, it is well known that the representation of the training data can have a majorimpact on the speed and accuracy of learning programs. OCCAM makes use of ConceptualDependency to represent its training examples. Conceptual Dependency was designedprimarily to facilitate inference for natural language understanding. The Talespin programwas implemented without any thought that a learning program would attempt to learn rulesthat describe the effects of actions in its world. Therefore, in this research, we have notengineered the representation to suit the needs of the learning program. Nonetheless, thereare several important properties of CD that simplify the learning task. Here, we identifysome of these properties.First, CD attempts to be explicit and canonical. For example, the representation of�punch� would be to apply a force, and the object applying the force is the hand of the actor. The representation of kick is to apply a force with the foot. Therefore, if one sees anexample in which someone punches something and breaks his hand, and an example wheresomeone kicks something, and breaks his foot, a regularity can be detected easily. However,if instead the training examples were not explicit (e.g., kick did not refer to foot), andcanonical (kick and punch were not represented in terms of applying a force), then detectingthis regularity is greatly complicated. For example, a poor choice of representation forlearning might be:1.kick(john1,wall) & twisted(foot4) & foot_of(john1,foot4,left)2.punch(bob7,wall) & sprained(hand3) & hand(hand3) & right(hand3)part_of(bob7,hand3) Note that the learning task is not impossible. With suitable axioms, sprained and twistedcould be related, and the relationship between the actors and the body parts could be17"a,s,ta,ts,la,ls (Act(a)&State(s)&Time(a,ta)&Time(s,ts)&(ts-e <ta <ts)&Loc(a,la)&Loc(s,ls)&Near(la,ls))�Result (a,s) identified. However, these tasks will require inference. Furthermore, the clustering processwould be complicated greatly. By attempting to be explicit and canonical, CD allows theseregularities to be detected and generalized by a straightforward matching process. Learningwith such a representation succeeds only when the designer of the representation hasforeseen which items need to be explicitly represented so that meaningful generalizations canbe made by deleting role fillers and introducing equality constraints.A second useful property of CD is that a syntactic regularity between two representationsimplies that there is a semantic relationship between the objects being represented. Theroles in CD are intended to have a constrained meaning. In representations without explicitrole names, the same effect might be achieved by having a systematic interpretation of theposition of arguments to predicates. Without such a system interpretation, there is no reasonto believe that there would be regularities between rules, and TDL would have one patternfor each rule. For example, a poor choice of representation for learning would be:1.kick(johnl,wall,foot4) &injured(foot4)2.punch(wall,hand3,bill1) &injured(hand3)3.butt(head6,goat3,wall) &injured(head6)Note that, once again, additional knowledge could be supplied to relate these actions via aninference process (e.g., instrument(head6), instrument(hand3), etc.). However, CDallows regularities between rules to be discovered by a simple matching process that findsequality constraints between roles.3.4 LimitationsTheory-driven learning is intended to be applicable to learning causal rules betweensimple, overt, physical actions and their immediate effects. In these case, there areconstraints on the possible sorts of predictive relationships between actions and statechanges. Indeed, we deal with only a limited form of causality in which the effect of anaction is immediately apparent (cf. Shoham, 1990). In this class of relationships, theconceptual dependency link, result (Schank & Abelson, 1977) is appropriate. Morecomplex causal relationships, involving feedback or many intermediate states (e.g., the18 relationships between the tax rate and the rate of unemployment) are beyond the scope ofTDL. In such a domain, a suitable system of representation for monetary actions has notbeen worked out, so that it is not possible to express constraints on the relationships betweenpossible monetary actions and their effect. Furthermore, TDL does not capture the sense of�cause� that means �make more likely to occur� as in snow causes automobile accidents.The algorithm that we have implemented for learning causal patterns has someadditional limitations. In particular, it only creates exceptionless and dispositional causalpatterns. OCCAM also contains �historical� patterns5 in which a sequence of events isnecessary to achieve a state change (e.g., shaking a can of soda, followed by opening the canresults in the soda squirting out). The reason for this limitation is that the data-drivenlearning algorithm that creates causal rules does not attempt correlations between pairs ofactions in different time interval and state changes. A more general instance of this sameproblem is that TDL is not capable of making predictions about objects with unobservableinternal states6. In such a case, there may be an arbitrary time interval between an actionthat changes the internal state of an object and a subsequent action whose effect is dependenton the internal state. Unfortunately, this implies that TDL is limited in its ability to reasonabout the goals and plans of agents. 4.0 Related workTheory-driven learning is in some ways similar to a variety of previous work. Inparticular, the exceptionless causal patterns of TDL are similar to determinations (Davies &Russell, 1987) and rule models (Davis, 1978). The theory-driven learning procedure issimilar to SPARC (Dietterich, 1980) in that both procedures create rules by instantiation ofskeletal rules (called causal patterns in TDL). Finally, TDL is related to other systems thatlearn with background knowledge such as META-DENDRAL (Buchanan & Feigenbaum,1978) and explanation-based learning (EBL) (DeJong & Mooney, 1986; Mitchell, Keller, &Kedar-Cabelli, 1986) with overly general domain theories (e.g., Cohen, 1990; Mooney &Ourston, 1989).5.This is not a problem in our experiments, because historical patterns are not needed to make predictions inTalespin.6.Pearl and Verma (1991) discuss an approach to discovering hidden variables. However, it only takesadvantage of temporal constraints on causal relationships.19

4.1 DeterminationsDetermination rules have been proposed as a form of knowledge that supports analogicalreasoning and justifies why one generalization may be given a great deal of credence andanother generalization may be viewed suspiciously although both generalizations may havethe same number of positive examples and negative examples. For example, onedetermination rule states that nationality determines language. This determination allows thegeneralization that all Americans speak English to be created after encountering a singleexample of an American speaking English. The generalization that all Americans smokecigarettes would not be created after encountering a single example of an American smokinga cigarette because there is no determination rule that states that nationality determinessmoking behavior. For creating new rules from a single training example, the following formof a determination rule is most useful (Russell & Grosof, 1989):For example, the determination rule that nationality determines language would berepresented as:Causal patterns, like determination rules, are a weaker form of background knowledgethan the domain theory of EBL. In particular, the rules learned by EBL follow deductivelyfrom the domain theory. With causal patterns and determinations, the rules learned followfrom the background knowledge and the training examples. However, unlike learning fromdeterminations, TDL does not require that the new rule deductively follow from the causalpatterns and the examples. Rather, the causal patterns are heuristics that suggest rules subjectto empirical validation and refinement. Furthermore, a rule learned by TDL may tolerateexceptions, provided that no refinement of the rule has fewer exceptions.A procedure for inducing determination rules for binary predicates from training data isdescribed in Russell (1989). In effect, it operates by instantiating P and Q to binarypredicates, finding pairs from the joint domain of P and Q and calculating how often thedetermination rule holds. A determination factor, from 0 to 1 is computed, rather than20"yz.{$x.Nationality(x,y)�Language(x,y)} � {"w.Nationality(w,y) � Language(w,z)} "yz.{$x.P(x,y)�Q(x,y)} � {"w.P(w,y) � Q(w,z)} requiring that the determination rule be universally true. This algorithm has been used todemonstrate that interesting and potentially useful determinations exist. However, becausethe learning algorithm is not incremental, it has not been demonstrated that the acquisition ofsuch determinations from an initial subset of the data facilitate acquiring accurate rules in theremaining data.4.2 TIERESIASTIERESIAS (Davis, 1978) is a system designed to help an expert formulate rules for arule based expert system. One way it assists an expert is by having rule models. A rulemodel encodes the type of preconditions typically associated with a rule that makes aparticular type of conclusion. For example, rules that identify the category of an organismtypically have preconditions describing the site of a culture, an infection, and a portal ofentry of an organism. When a new rule is entered, TIERESIAS suggests that it mentionspreconditions typically associated with the rule’s conclusion. The rule models inTIERESIAS can be created by finding commonalities among rules with similar conclusions.Although it has not been demonstrated, these rule models should be able to provideconstraints that facilitate automated learning of new rules.4.3 SPARCIn some respects, TDL is similar to SPARC (Dietterich, 1980; Dietterich & Michalski,1986), a system that learns rules that describe patterns in sequential data. SPARCapproaches this problem by having abstract, parametrized skeletal rules that can beinstantiated to form specific rules. For example, one skeletal rule represents periodicsequences of length N. This schema can be instantiated if commonalities are found betweenexamples that are N items apart in a sequence. Once a rule is created, it is tested to determinehow well it fits the data. TDL also can be viewed as creating new rules by instantiatingskeletal rules (i.e., causal patterns). In addition, like SPARC, TDL instantiates a templatewith values obtained by constrained correlation among training instances. A primarydifference between TDL and SPARC is that TDL is accompanied by an algorithm thatinduces rule templates from training data.4.4 META-DENDRALMETA-DENDRAL (Buchanan & Feigenbaum, 1978; Buchanan & Mitchell, 1978) is aprogram that learns cleavage rules to predict which bonds in a molecule will be broken in amass spectrometer. It starts with a half-order theory that is overly general (i.e., it predictsmore bonds will break than actually occur). A program called RULEGEN uses the half-order21 theory to propose rules that are then tested to see if they are true in many positive examples.Next, a program called RULEMOD refines and revises the rules to insure that few negativeexamples are covered by a rule. In addition, RULEMOD removes redundant rules.In TDL, like SPARC, the prior knowledge is abstract knowledge that can be instantiatedto form specific rules. In contrast, RULEGEN uses its knowledge in a generate-and-testfashion. It would be possible to use the causal patterns of TDL in a generate-and-test manner.The patterns could generate rules for all combinations of action and state types. These ruleswould then be tested against the data and incorrect rules deleted. However, by making use ofat least one example, the number of rules generated and then tested is considerably reduced.4.5 EBL with overly general theoriesThe causal patterns may be viewed as an overly general domain theory. In fact, thealgorithm for creating causal patterns deliberately overgeneralizes the data by only includingequality constraints. It might be possible to use the overly general domain theory to explainwhy a particular action resulted in a state change. Then some explanation-based algorithmdesigned to deal with overly general domain theories could be used to create rules. Here, wediscuss how IOU (Mooney & Ourston, 1989) and A-EBL (Cohen, 1990) might approach thisproblem. IOU (Mooney & Ourston, 1989) operates by first forming a definition via m-EBG(Flann & Dietterich, 1989) for the positive examples. Next, IOU removes any negativeexamples from the training set that are correctly classified by the results of m-EBG. Finally,IOU deletes those features from the remaining negative and all positive examples, and runsan induction algorithm on the features. The final concept is formed by conjoining the resultof induction over the unexplained features with the result of m-EBG. The explanationsproduced by causal patterns would be overly general explanations. Therefore, the result ofm-EBG would typically result in errors of commission.. This result is specialized by aninduction process that would eliminate (most of) the errors of commission The primarydifference between IOU and TDL is that TDL uses dispositional causal patterns to focus thesearch for a difference between the positive and negative examples. Since TDL searches amore restricted hypothesis space, one would expect that it would converge on an accuraterule from fewer examples than IOU.The A-EBL system (Cohen, 1990) is also designed to handle overly general domaintheories. It operates by finding all proofs of all positive examples, and uses a greedy setcovering algorithm to find a set of operational definitions that cover all positive examplesand no negative examples. Unlike IOU, A-EBL will not specialize an operationalized proof22 to avoid covering any negative examples. A-EBL would not be able to address the problemof learning accurate rules from causal patterns. A-EBL is best suited to those theories thatare overly general because the theory has superfluous, incorrect disjunctions. In contrast,causal patterns are overly general because they contain too few preconditions. As a result, nodisjunction of the operationalized proofs will exclude the negative examples. Instead, theoperationalized proofs need to be specialized by some induction process.4.6 Multi-strategy learningThere are a variety of approaches to combining multiple learning strategies in anintegrated learning system. For example, in Gemini (Danyluk, 1991), an empirical and ananalytical learning method have predefined, specific tasks. The result is an integratedstrategy in which each learning method has a separate and distinct role. Other systems,such as Meta-AQUA (Cox & Ram, 1991) treat the selection of learning strategies as anadditional problem to be solved by the learner. That is, the system reasons about whatlearning strategy is appropriate for each learning problem. In OCCAM, there are three learning strategies and each learning strategy can performthe same task (acquiring a predictive relationship). The strategies differ according to theamount of knowledge that they acquire. EBL requires the most detailed, specific knowledge(i.e., a set of causal rules capable of explaining how an action produces a state change). TDLrequires more general knowledge of causality and finds causal rules that are instantiations ofthis more general knowledge. SBL places no such restrictions on the causal rules that arelearned. The control strategy of OCCAM is quite simple. It uses the most knowledge-intensive learning strategy that is capable of finding a causal rule to account for anunexpected state change. However, when the less knowledge-intensive strategies aresuccessful, they acquire knowledge that can be used in the future by the more knowledge-intensive strategies. As a consequence, as OCCAM learns, it shifts from data-drivenlearning methods to knowledge-intensive methods.In more recent work (Pazzani & Kibler, in press), a tighter integration of learningmethods is proposed in which an explanation-based and a data-driven learning algorithmboth attempt to produce rules. An information-based evaluation function (Quinlan, 1990),uniformly applied to the hypotheses produced by each method determines which hypothesisto accept. Furthermore, the hypothesis produced by one method may be further refined byeither method.23

5.0 ConclusionsWe have shown how intra-example constraints may be represented and used to constrainthe problem of learning a collection of predictive rules. The resulting system converges onaccurate concepts more rapidly than a similar system that does not make use of theseconstraints. Finally, we have shown how these constraints may be discovered in an initialsubset of the data, and used to facilitate later learning.Early work on children’s understanding of causality (Piaget, 1930) pointed out differencesin causal explanations among various age groups. In spite of more recent evidence (Leslie &Keeble, 1987) that very young infants are able to perceive causal relationships, there is noquestion that older children are better at attributing causality than younger children. Acurrent research topic in developmental psychology addresses the question of how much ofthis causal knowledge is innate and how much is learned empirically (Bullock, Gelman, &Baillargeon, 1982; Carey, 1984; Shultz, Fisher, Pratt, & Rulf, 1986; Siegler, 1975). Theamount of initial knowledge required to induce causal patterns provides additional evidencein support of the view that much of the general knowledge of causality is learned empirically.In particular, in addition to representational biases, the only initial knowledge of causalityrequired by this computational model is temporal contiguity. From this knowledge, it ispossible to learn simple predictive rules. The additional knowledge of causality (e.g., spatialcontiguity) is derived from common patterns in the predictive rules. Once learnedempirically, this knowledge is available to constrain future learning.AcknowledgementsThis research is supported by a National Science Foundation Grant IRI-8908260 and bythe University of California, Irvine through an allocation of computer time. Comments byKamal Ali and Caroline Ehrlich on an earlier draft of this paper were helpful in improvingthe presentation.24

Appendix I. Typical stories involving hunger and boredom.Karen was hungry. She asked Mom, �Would you give me the yellow long banana?�Mom picked up it. She had it. The phone was ringing. Dad picked up the receiver. Thephone wasn�t ringing. He had the receiver. He pushed the light switch. The light was on.The black cat pushed a large red plastic vase to the tile floor. Mom gave Karen the banana.Karen had it. Mom didn�t have it. Karen peeled it. She ate it. She wasn�t hungry. Karenthrew the peel to the basket. She didn�t have the peel. Mom pushed the light switch. Thelight wasn�t on.Lynn was bored. Lynn asked Karen, �Would you throw me the balloon?� She askedMom, �Would you give me the balloon?� Mom pushed the door away from the cupboard.The cupboard was open. The auburn cat pushed a large clear glass vase to the tile floor. Thevase was broken. She took the balloon from the cupboard. She had the balloon. Thecupboard didn�t have the balloon. She pushed the door to the cupboard. The cupboardwasn�t open. She exhaled into the balloon. It was inflated. Mom picked up the balloon.She had it. She exhaled into it. It was inflated. She let go of it. She didn�t have it. It wasflying. It wasn�t inflated. She picked up it. She had it. She exhaled into the balloon. It wasinflated. She tied it. It was sealed. She gave Lynn the balloon. Lynn had it. Mom didn�thave it. Lynn went to the outside. Karen went to the outside. Lynn threw Karen the balloon.Karen had it. Lynn didn�t have it. Karen threw Lynn the balloon. Lynn had it. Karen didn�thave it. Lynn threw Karen the balloon. Karen had it. Lynn didn�t have it. Karen droppedthe balloon to the green pointed grass. The balloon burst. She didn�t have it.25

ReferencesBuchanan B., & Feigenbaum, E. (1978). Dendral and Meta-Dendral: Their applicationsdimension. Artificial Intelligence, 11, 5-25.Buchanan. B., & Mitchell, T. (1978). Model-directed learning of production rules. In D.Waterman & F. Hayes-Roth (Eds.), Pattern-directed inference systems. New York:Academic Press.Bullock, M., Gelman, R., & Baillargeon, R. (1982). The development of causal reasoning. InW. Friedman (Ed.), The developmental psychology of time. New York: Academic Press.Carey, S. (1984). Conceptual change in childhood. MIT Press.Cohen, W. (1990). Learning from textbook knowledge: A case study. Proceedings of theEighth National Conference on Artificial Intelligence (pp. 743-748). Boston, MA: MorganKaufmann.Cox, M., & Ram, A. (1991). Using introspective reasoning to select learning strategies.Multi-strategy Learning Workshop (pp. 217-230). Harpers Ferry, VA.Danyluk, A. (1991). Gemini: An integration of analytical and empirical learning. Multi-strategy Learning Workshop (pp. 191-206). Harpers Ferry, VA.Davies, T., & Russell, S. (1987). A logical approach to reasoning by analogy. Proceedingsof the Tenth International Joint Conference on Artificial Intelligence (pp. 264-270). Milan,Italy: Morgan Kaufmann.Davis, R. (1978). Knowledge acquisition in rule-based systems: Knowledge aboutrepresentation as a basis for system construction and maintenance. In D. Waterman & F.Hayes-Roth (Eds.), Pattern-directed inference systems. New York: Academic Press.DeJong, G., & Mooney, R. (1986). Explanation-based learning: An alternate view. MachineLearning, 1, 47-80.26

Dietterich, T. (1980). Applying general induction methods to the card game Eleusis.Proceedings of the First National Conference on Artificial Intelligence (pp. 218-220).Stanford, CA: Morgan Kaufmann.Dietterich, T., London, B., Clarkson, K., & Dromey, G. (1982). Learning and inductiveinference. In P. Cohen & E. Fiegenbaum (Eds.), The handbook of artificial intelligence (Vol.3). San Mateo, CA: Morgan Kaufmann.Dietterich, T., & Michalski, R. (1986). Learning to predict sequences. In R. S. Michalski, J.G. Carbonell, & T. M. Mitchell (Eds.), Machine Learning: An artificial intelligenceapproach (Vol. 2). San Mateo, CA: Morgan Kaufmann. Elkan, C. (1990). Incremental, approximate planning. Proceedings of the Eighth NationalConference on Artificial Intelligence (pp. 145-150). Boston, MA: Morgan Kaufmann.Fisher, D. (1987). Knowledge acquisition via incremental conceptual clustering. MachineLearning, 2, 139-172.Flann, N., & Dietterich, T. (1989). A study of inductive methods for explanation-basedlearning. Machine Learning, 4, 187-226.Lebowitz, M. (1987). Experiments with incremental concept formation: UNIMEM. MachineLearning, 2, 103-138.Leslie, A., & Keeble, S. (1987). Do six-month-old infants perceive causality? Cognition, 25,265-288.Meehan. J. (1981). Talespin. In R. Schank & C. Riesbeck (Eds.), Inside computerunderstanding: Five programs plus miniatures. Hillsdale, NJ: Lawrence Erlbaum Associates.Mitchell, T., Keller, R., & Kedar-Cabelli, S. (1986). Explanation-based learning: A unifyingview. Machine Learning, 1, 47-80.Mooney, R., & Ourston, D. (1989). Induction over the unexplained: Integrated learning ofconcepts with both explainable and conventional aspects. Proceedings of the SixthInternational Workshop on Machine Learning (pp. 5-7). Ithaca, NY: Morgan Kaufmann.27

Pazzani, M. (1990). Creating a memory of causal relationships: An integration of empiricaland explanation-based learning methods. Hillsdale, NJ: Lawrence Erlbaum Associates.Pazzani, M. (1991). A computational theory of learning causal relationships. CognitiveScience, 15, 401-424.Pazzani, M., & Kibler, D. (in press). The role of prior knowledge in inductive learning.Machine Learning.Pearl, J., & Verma, T. (1991) A theory of inferred causation. In Proceedings of the SecondInternational Conference on Principles of Knowledge Representation and Reasoning, (pp.441-452). San Mateo, CA: Morgan Kaufmann�77774370�77774370�77774370�77774370�77774370�77774370�77774370�77774370�77774370�77774370�77774370�77774370Piaget, J. (1930). The child’s conception of physical causality. London: Kegan Paul.Quinlan, R. (1990). Learning logical definitions from relations. Machine Learning, 5,239—266.Russell, S. (1989). Analogical and inductive reasoning. London: Pitman Press.Russell, S., & Grosof, B. (1989). Declarative bias: An overview. In P. Benjamin (Ed.),Change of representation and inductive bias. Norwell, MA: Kluwer Academic Press.Schank, R., & Abelson, R. (1977). Scripts, plans, goals, and understanding. Hillsdale, NJ:Lawrence Erlbaum Associates.Scott, P., & Markovitch, S. (1989). Learning novel domains through curiosity andconjecture. Proceedings of the Eleventh International Joint Conference on ArtificialIntelligence (pp. 669-674). Detroit, MI: Morgan Kaufmann.Shoham, Y. (1990). Nonmonotonic reasoning and causality. Cognitive Science, 4, 213-252.Shultz, T., Fisher, G., Pratt, C., & Rulf, S. (1986). Selection of causal rules. ChildDevelopment, 57, 143-152.28

Shultz, T. (1987). Learning and using causal knowledge. Paper presentation at the Meetingfor Research in Child Development. Baltimore, MD.Siegler, R. S. (1975). Defining the locus of developmental differences in children’s causalreasoning. Journal of Experimental Child Psychology, 20, 512-525.Sutton, R. (1988). Learning to predict by the methods of temporal differences. MachineLearning 3, 9-44.29

30Figure 1. A comparison of TDL and SBL when there is a 0.35 probability that time twoactions occur simultaneously. Errors of omission and commission are plotted as a functionof the number of training examples. Com’ indicates that the errors of commissioncalculation takes account of the confidence of the prediction.0100200300400500020406080100SBL .35 OmSBL .35 ComSBL .35 Com’TDL .35 OmTDL .35 ComExamples

Percent Errors

31Figure 2. Errors of omission and commission when learning from noisy data as a function ofthe number of training examples. SBL does not make errors of commission on this data.0100200300400500020406080100TDL Om .4TDL OmSBL Om .4SBL OmExamples

Percent Errors010020030040050005101520TDL ComTDL Com .2TDL Com .4Examples

Percent Errors

32Figure 3. Errors of TDL with incorrect causal patterns (Bad TDL), TDL and SBL as afunction of the number of training examples. 3002001000020406080100

TDL Om

Bad TDL Om

TDL Com Bad TDL Com

SBL OmExamples

Percent Error

33Figure 4: A comparison of SBL, TDL and LTDL (TDL with learned causal patterns).30020010000102030405060708090

LTDL Om

LTDL Com

TDL Om TDL Com

SBL OmExamples

Percent Error