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1 IntroductionA recognition problem is one of inferring the presence of some entity from someinput, typically from observing the presence of other entities and the relationsbetween them. We will make the common assumption that high-level recognitionis accomplished by selecting an appropriate schema from a schema library. Aschema is a generalized internal description of a class of entities in terms of theirparts, their properties, and the relations between them. In the schema selectionparadigm, to recognize a \foo" in the input is to create a schema instance foo1of type foo and assign a high degree of belief in the proposition that foo1 exists.(Henceforth we will assign the degree of belief in the existence of a schema instanceto the proposition that the instance is of the appropriate type, e.g., that foo1 is oftype foo.) In plan recognition, the generalized plans are schemas. While the systemwhich we will discuss has been applied to plan recognition in the context of storyunderstanding, we will continue to talk of schema, since we wish to emphasize thatour system is applicable to high-level recognition in general.A crucial problem faced by schema selection is that of searching the schemalibrary for the right schema; typically a single piece of local evidence is multiplyambiguous as to the schema which it could indicate. For example, an act of gettinga rope might �t into many schemas.One of the few concrete proposals to solve this problem has been marker pass-ing (Alterman [1985]; Charniak [1983]; Charniak [1986a]; Collins & Quillian [1969];Hendler [1988]; Norvig [1987b]). Marker-passing uses a breadth-�rst search to �ndpaths between concepts in an associative network made up of concepts and theirpart-subpart relations. In our case, the concepts will be schemas, i.e. plans and/oractions. The idea is that a path between two schemas suggests which schema(s) toconsider for recognition. For example, a knob instance and a hinge instance mightsuggest a door (instance); since there are links between the schemas door and knoband between door and hinge in the associative network (they are part-subpart re-lations), there is therefore a path from knob through door to hinge. Unfortunately,most marker-passer systems have found many more bad paths, suggesting incorrectschemas, than good ones (Charniak [1986a]; Norvig [1987a]). We will show in thispaper that the good/bad path ratio can be raised quite high by exploiting probabil-ity information; we realize this bene�t by (cheaply) controlling the marker-passer'ssearch, extending it in promising directions and terminating it in unpromising ones.In this paper we will give a probabilistic account of marker passing. This accountwill have two goals | �rst, as described above, it should show how to improve theperformance of marker-passing algorithms by increasing the likelihood that thepaths generated will, in fact, suggest the correct schema, and second it should shedfurther light on when marker-passing is an appropriate technique. In section 2we will discuss previous work in this area. In section 3 we will consider schemaevaluation within a probabilistic framework. That is, given we have a potentialschema, how do we evaluate the probability that it is the correct explanation of theinput. In particular, we adopt a Bayesian network (or belief network) formulation ofthe problem, so the probability distributions correspond to DAGs with probabilities1



associated with each node. Section 4 will then be concerned with schema selection,i.e., how our marker passing system works, and how the schema suggestions (paths)from the marker-passer map to Bayesian networks. In Section 5 we will show howto use probability information from the knowledge base to intelligently limit themarker-passing search. Speci�cally, we will describe how to calculate on the 
y ameasure which is an upper bound on the joint probability of the schemas which acandidate path suggests. Thanks to properties of the marker-passer paths and ourprobabilistic model, we can avoid constructing and evaluating a Bayesian networkto evaluate each path, an NP-hard problem (Cooper [1987]), so our evaluationneed not be expensive. This section has the bulk of the new work in the paper. Wesummarize and explain results in section 6.The opening sections of this paper alternate somewhat irregularly between themarker-passer and the Bayesian network; while it might appear to be simpler tofully describe �rst one and then the other, this would leave much of what we haveto say either unmotivated or obscure or both. Once we reach section 4, we treatthe two systems together, showing how paths map to Bayesian networks, and howpath calculations yield an upper bound on the joint probability of the nodes in theBayesian network.2 Previous WorkAllen proposed a scheme (Allen [1979]) to do plan recognition in the context ofcooperative dialogue. The search for candidate plans was essentially carried outusing a forward-chaining search up the plan hierarchy, unifying proposed plan al-ternatives with the system's expectations and current plan information. He used aheuristic scheme of non-probabilistic rating numbers to prune the search and con-trol the order in which plan alternatives were investigated. For example, unifying aplan alternative with an expectation increased the rating of the alternative; propos-ing several alternative plans to explain the current one would result in the currentplan's rating being divided among each of the explanations. Allen's system couldnot correctly deal with a case in which a single piece of evidence �t a great manyschemas. For example, the act of going somewhere presumably �ts into a greatmany schemas: one goes to work, one goes grocery shopping, one goes to concertsfor entertainment, one goes home for dinner, etc, etc. In Allen's system, the prob-ability of each of these explanations would share an equal piece of the probabilityof the act of going, and none of them would end up high enough to drive furtherprocessing.Calistri developed a system for recognizing plan-based misconceptions in (Cal-istri [1989]) which required a modi�ed form of plan recognition. He used a modi�edform of the A* graph search algorithm to search for (possibly 
awed) plan expla-nations, again in the context of a cooperative dialogue. Calistri assumed that ahigh-level plan would be made available to his system. While this may be plau-sible for a system searching for plan errors in a cooperative dialogue setting, it ispatently untrue that explanations are generally made explicit in stories. Indeed,if the explanations were given in the text, we could skip searching for explanatory2



schemas entirely.3 Probabilistic Schema EvaluationWe adopt a standard �rst-order theory of schemas in which a schema is a set andasserting that an entity is an instance of that schema is asserting that it is anelement of the set. We use the predicate inst for this purpose.(inst instance schema).Schemas are related in the usual isa-hierarchy (subset) as in(isa speci�c-schema general-schema).In this paper we assume that isa relations form a tree, not a lattice, and thus allthe immediate isa subsets of a given parent are disjoint.Slots or roles in schemas are represented using functions from a schema instanceto the slot-�ller schema instance. Equality is used to assert that a particular entity�lls that role. For example, to assert that a particular store store-25 �lls the store-ofrole in supermarket-shopping-3 we assert(== (store-of supermarket-shopping-3) store-25)Facts about the relations between the parts of a schema are then universally quanti-�ed facts about the corresponding functions. For example, to say that every store-ofa supermarket-shopping must be �lled with an instance of a supermarket (anotherschema) we would say(inst ?x supermarket-shopping) ! (inst (store-of ?x) supermarket)To abbreviate this we will write: (role supermarket-shopping store-of supermarket).More generally, (role schema1 slot schema2)states that anything which �lls slot in schema1 must be an instance of schema2.Note that role is not a predicate of our plan recognition language, but is rather anabbreviation for formulas of the above form.In our probabilistic version we will determine the probability of a plan by em-bedding inst and == statements in a Bayesian network. We will not attempt tosummarize Bayesian networks but rather will assume the reader has a workingknowledge of them. (See (Pearl [1988]) for a good introduction.) Equality (==)statements will become random variables with possible values 1 and 0 (true andfalse). inst statements become random variables which can take any maximallyspeci�c schema type as their value1. Thus the probability of the statement (instsms1 supermarket-shopping) would become the probability that the instance sms1takes on the value supermarket-shopping. However, often we will talk as if the state-ment (inst sms1 supermarket-shopping) appears in the network (with values 1 and0). Most of the time the two representations are interchangeable.We intend our prior and conditional probabilities to come from a sample space ofexplanations for some large corpus of stories. For example, the prior probability ofa supermarket-shopping plan would be the number of supermarket-shopping plans1Thus, the sum over all possible values is 1.0, which would not be true if they could take onnon-maximally speci�c types. 3



that appear in our set of explanatory plans, divided by the total number of ex-planatory plans. See (Goldman [1991]) for a detailed description of the probabilitymodel.4 Probabilistic Schema Selection4.1 Marker-PassingMarker-passing searches for paths between schemas in a graph whose nodes areschemas and whose arcs are isa and role statements. Marker-passing works asfollows: the marker-passer is given some schema, derived from a new inst statement,e.g., (inst supermarket1 supermarket). It places a mark on that schema, and thenproceeds in breadth-�rst order to place marks on all the neighbors in the graph,their neighbors' neighbors, and so on. For example, our supermarket schema hastwo neighbors, supermarket-shopping, which is connected by the statement (rolesupermarket-shopping store-of supermarket) and store-, which is connected by thestatement (isa supermarket store-). Both of these would be marked after supermarket,and then their neighbors would be marked, and so on. Each mark has a numericvalue, which generally diminishes according to its distance from the starting point(c.f., \zorch" in (Charniak [1986a])). This value is used to cut o� marker-passing,since otherwise we would continue until the entire graph was covered. For ourvalue, we use an upper bound on the schemas and relations suggested by the path;we will be precise in section 4. After marking a node, the marker-passer checks formarks from some other origin on the same node. If such a mark is found, both itand the new mark are back-traced to their respective origins, and the resulting listsof statements are glued together to form a path. For example, suppose we founda mark on supermarket-shopping which had originated at go. We would have as apath: (inst supermarket2 supermarket)(role supermarket-shopping store-of supermarket)(isa shopping supermarket-shopping)(role shopping go-step go)(inst go1 go)We include the original inst statements, even though the marker-passer does not,strictly speaking, pass marks over these links. It will be convenient for us to referto them as part of the path, and they serve to disambiguate this path from otherpaths which may have the same links but di�erent origins.The marker-passer returns a list of all the paths which it found once the markinghas terminated. For more detail on how marker-passing works, see (Hendler [1988]).4.2 Valid Paths and InterpretationsIntuitively, we wish to interpret a path as a claim about how its ends are related toeach other. In order to do this, we need to translate the path through the semanticnetwork (a list of inst, isa, and role statements) into a set of Bayesian network nodes4



(inst and equality statements) and arcs. Before we describe this mapping, we mustelaborate our marker-passing system somewhat. We employ a DFA at each node inour network to control the marker-passing, allowing us to restrict the form of pathswhich we generate and report. This allows us to skip paths which are malformed inthe sense that either they cannot be translated into a consistent set of statementsin our schema theory, or they embody demonstrably bad schema suggestions. Avalid path is one which is not malformed in the above sense.Notation. By isa- we mean isa with the order of arguments reversed. So,(isa speci�c-frame general-frame) i� (isa- general-frame speci�c-frame)Similarly for role and role-:(role �ller-frame �lled-frame slot) i� (role- �lled-frame �ller-frame slot)In future discussions we will often fail to distinguish between the predicates andtheir \-" versions.Definition 4.1. A valid path from i1 to i2 has the form(inst i1 s1) (pred1 s1 s2) . . . (predn sn sn+1) (inst i2 sn+1)where� predi may be one of isa, isa-, role and role-,� at least one role appears among the predi.� no sequence (isa ...)(isa- ...) appears among the predi� if predi is a role-, then no predk where k > i can be a roleOur last two restrictions prohibit isa-plateaus, where an isa is followed by anisa-, and slot-�ller valleys, where a role- is followed by a role, possibly with isa'sbetween them. We have calculated, o�-line, the joint probability of the statementsassociated with paths which violate the above restrictions; in all cases the jointprobability falls below our threshold for being worth computing2.We will now de�ne the set of statements associated with a path P , writtenS(P ).Notation. By P [n] we mean the nth statement of a path P .Definition 4.2. The relevant instance at P [n] (written I(P [n])) is de�ned to be:1. If P [n] = (inst i s), then I(P [n]) = i.2. If P [n] = (isa s1 s2) and I(P [n � 1]) = i, then I(P [n]) = i. Similarly forisa-.3. If P [n] = (role s1 slot s2) then I(P [n]) = i0, where i0 is a new constant term.Definition 4.3. S(P ) is de�ned to be:1. If (inst i s) = P [n], then (inst i s) 2 S(P ).2. If (isa s1 s2) = P [n], then (inst i s2) 2 S(P ), where i = I(P [n�1]). Similarlyfor isa-.3. If (role s1 slot s2) = P [n], then f(inst in s2) (==(slot in) in�1))g � S(P ),where in = I(P [n]) and in�1 = I(P [n� 1]). Similarly for role-.2To summarize: for isa-plateaus, the left and right side of the Bayesian net in which we embedthe statements are independent, so they cannot support one another. For the slot-�ller valleys,there is no evidence to support the object which must appear in two schemas. See (Charniak &Carroll [1991]) for details. 5



(inst supermarket2 supermarket)(role supermarket-shopping store-of supermarket)(isa- shopping supermarket-shopping)(role go shopping go-step) \nopagebreak(inst go1 go) Fig. 4.1. An Example Marker-passer Path.(inst supermarket2 supermarket)(== (store-of shopping3) supermarket2)(inst shopping3 supermarket-shopping)(inst shopping3 shopping)(== (go-step shopping3) go1)(inst go1 go) Fig. 4.2. S(P ) For Example Path.Intuitively we wish to interpret a path P as a claim about how its ends arerelated to each other. \Every s 2 S(P ) is true" is intended to be the formalizationof this claim. For example, the path in Figure 4.1 would have as its S(P ) thestatements shown in Figure 4.2. We actually need only a subset of S(P ), namelythe relevant statements associated with P , (written RS(P )) which we will de�nebelow. First we give two more de�nitions necessary for de�ning RS(P ).Definition 4.4. 8t; t0(isa* t t0) i� ((isa t t0) or 9t00[(isa t t00) and (isa* t00 t0)]).We de�ne the relevant type of an inst (written RT (i)) to be the most speci�cschema type of the node.Definition 4.5. RT (i) = t such that (inst i t) 2 S(P ) and 8t0((inst i t0) 2 S(P )!(isa* t t0) or t = t0).Definition 4.6. The set of relevant statements associated with P , written RS(P )is de�ned as1. If (inst i t) 2 S(P ) and RT (i) = t then (inst i t) 2 RS(P ).2. If (== (slot i) j) 2 S(P ), then (== (slot i) j) 2 RS(P ).In e�ect, we remove super
uous instance statements from S(P ), whose state-ments are still implied by those retained in RS(P ).Our formalmeasure of a path P is de�ned by embedding the members of RS(P )in a Bayesian network, and then evaluating the probability that each node is true,given the evidence. In general there may be several paths for the same entities,indicating alternative possible plans. In what follows we will be looking at Bayesiannetworks in which there is only one RS(P ). The idea is that we are interested ingetting a preliminary guess as to how likely a particular interpretation{an RS(P ){is, and we can do this without detailed comparisons with its competitors.6



4.3 Vertebrate Bayesian NetworksWith each path P we will associate a Bayesian network with a particular structurewhich will prove important to our calculations. We call such networks vertebrateBayesian networks, because they have spines.Definition 4.7. A Bayesian network is a \vertebrate" Bayesian network i� it con-sists of two parts, to be de�ned below, called the spine, and the interior.Intuitively, a spine is the geometrical backbone of its Bayesian network.
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e1Fig. 4.3. The basic spine.Notation. We use ij to name inst nodes.Recall that equality nodes represent slot-�ller relationships for us.Notation. We use =j to name equality nodes, indicating in this case that theparent node ij is the slot �ller.There are other types of nodes which act as evidence for our equality and instnodes. For example, the appearance of a word in text provides evidence for theexistence of a particular inst. Although these nodes come in several 
avors, wecan treat them generically for our purposes, so we will name all of them simply\evidence" nodes.Notation. We use ej to name evidence nodes.Our de�nition describes a structure topologically; thus, we imply that a nodesubscripted by j is not equal to any node subscripted by k, where k 6= j.Legal spines are recursively de�ned as follows:Definition 4.8.Base step: Any Bayesian network whose node set is fi1; i2; =1; e1; e2g andwhose edge set is fi1 ! e1; i2 ! e2; i1 ! =1; i2 ! =1g is a spine. SeeFigure 4.3.Recursion: If S is a spine with the nodes i1 and e1 and the edge i1 ! e1, thenS0 is a spine, where N (S0) = N (S) [ fi0;=i0g (1)and E(S0) = fE(S) � fi1 ! e1gg [fi1 ! i0; i0 ! e1;i1 ! =i0 ; i0 ! =i0g (2)7



See Figure 4.4.
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EIFig. 4.4. Before and after nodes are added to a spine.As for the \interior" of a vertebrate Bayesian network, intuitively it is theevidence supporting the equality nodes of the vertebrate Bayesian network. Wemay assume, without loss of generality that there is only once such evidence nodeEI . More formally:Definition 4.9. If V is a vertebrate Bayesian network with spine S, and S hasthe non-evidence nodes N and the evidence nodes E, then the interior of V is anevidence node EI disjoint from E and a set of edges D from every equality node inN to EI .The assumption that there will be supporting evidence, some EI node, is thecrucial one for marker-passing. When there is no evidence, the posterior probabili-ties of the abductive hypotheses generated from our paths turn out to be abysmallylow; plainly put, they are bad guesses. In general, we believe thatClaim 4.1. A domain is suitable for search by means of marker-passing only if therewill usually be supporting evidence for paths returned by the marker-passer.We will support our claim by showing that, in our domain, which meets theevidence condition, we can increase the ratio of good to bad paths returned from themarker-passer to better than 90%. Our claim should not be interpreted as sayingthat the marker-passer has no responsibility for the quality of paths it returns;quite the opposite is true. Most of the remainder of this paper will focus on thecalculations which allow us to determine whether or not a path is worthwhile,assuming that there is evidence for it. If we could not make these calculations,then doubtless many of the paths which would be returned would in fact fail tohave associated evidence. We can safely throw them out because they are badpaths regardless of whether they have evidence.4.4 Relating Paths to NetworksWe will now show that each path corresponds to a unique vertebrate Bayesiannetwork, and that the joint probability of S(P ) in the network can be calculatedfrom each step of the path. 8



Theorem 4.1. If P is a valid path, then there exists a unique vertebrate Bayesiannetwork V such that the statements in RS(P ) have formulas in one-to-one corre-spondence with the non-evidence nodes of V .Proof. The proof is by induction on the length of the path.The basis follows from the de�nition of the simplest spine, and RS(P ) for theshortest valid path. The spine and RS(P ) have one == node (statement, re-spectively) and two inst nodes (statements, respectively). For the induction step,suppose we have proved there is a unique network for P . Let P 0 have the samestructure as P , with an extra isa statement inserted in some location which doesnot violate our constraints for path validity. We �rst note that isa statements donot add statements to RS(P ), they only change the schemas named in statementsalready there. Hence, if we have a vertebrate Bayesian network for P , we can usethe same structure (with di�erent relevant types for some nodes) for P 0.If P 0 is P with an extra role statement (again, inserted in some location whichrespects path validity), this corresponds to applying clause 2, the recursion step,of the de�nition of a spine. The role statement adds an == statement and aninst statement to RS(P ), and applying clause 2 adds the corresponding nodesto the network. Since each step determines a unique transformation and eachtransformation results in a unique vertebrate Bayesian network, P corresponds toa unique vertebrate Bayesian network, which we call V (P ), or, where unambiguous,simply V .From the above, it should be obvious that we can construct a vertebrate Bayesiannetwork by sequentially processing a path from left to right, adding new nodes andarcs for each role statement we come across, and changing the relevant type of ourlast added node when we encounter an isa-. We do not need any global informationabout the path to construct the corresponding vertebrate Bayesian network. Wewill use this fact, together with some distribution properties of vertebrate Bayesiannetworks to calculate our measure of path utility without actually constructing andevaluating the vertebrate Bayesian network corresponding to the path.4.5 Some Partial Distributions for Vertebrate Bayesian Net-worksWe need some partial distribution information to carry out our calculations basedon paths. These will not be complete distributions, only enough to allow us tocompute our measure.We give our distribution information on a node-type-by-node-type basis:Inst nodes.These nodes may or may not have a parent in the network. If not, we de�ne thevalue of interest to be p(RT (i1)), 3 the prior of the relevant type of the node.3Note that, for the marker-passer, the links it traverses connect nodes which are schemas;for the Bayesian network, the links connect nodes which are instances. Thus, in our short-handnotation we write p(i1), meaning p(i1 = s1), when it is clear that there is only one schema underconsideration. When we have no instance to refer to, or it is otherwise convenient, we may writesimply p(s1). 9



shopping3
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e3e2e1

=1 =2Fig. 4.5. A typical vertebrate Bayesian network.If the node does have a parent, it will be connected with an existential arc, suchas the arc between shopping3 and go1 in �gure 4.5. The existential arc indicatesthat we create the parent shopping3 in order to explain go1; hence, the probabilityof go1 given shopping3 is 1.0. (Recall that the existential arc corresponds to a rolestatement in a path.) More formally, if an existential arc connects i1 and i2, thenit speci�es schemas, s1 and s2 where s1 is the schema for the slot-�ller, and s2 isthe schema for the plan in which the slot is �lled, andp(i1 = s1ji2 = s2) = 1:0 (3)We also assume thatp(i1 = s3ji1 = s1; i2 = s2) = p(i1 = s3ji1 = s1) (4)where i1 and i2 are connected exactly as above, and s3 is some schema type morespeci�c than s1. In e�ect, we are assuming that the existential link in
uencesp(i1 = s1), but has no in
uence beyond that. Finally, we assume thatp(i1 = s1ji2 = s4) = p(i1 = s1ji2 = s2) (5)Where s4 is some schema more speci�c than the schema which the existentialarc indicates for the parent node. Since the speci�c schema implies the generalschema, it is not unreasonable to assume the same distribution for both. We willmake virtually identical assumptions for equality and evidence nodes; that is, wewill assume that the distribution for a node with a more speci�c schema is the sameas that for the more general. For more detailed discussion of the existential arc,see (Charniak & Goldman [1989]).Equality nodes.The distribution of these nodes depends on whether or not an existential bridgesthe parent nodes; for example, the =2 node in �gure 4.5 has no existential, while=1 does. In the former case, we want to know the probability that the �ller ofthe store-of slot of shopping3 is equal to supermarket2, given that both the slot-�ller and supermarket2 are supermarkets. This is just the probability that any twosupermarkets are the same, which is 1=number of supermarkets in our universe;10



the prior of supermarket is the number of supermarkets in the universe divided bythe total number of objects in the universe, so we can divide out and get p(=2jshopping3; supermarket2) = p(=)=p(supermarket), where p(=) is the probabilitythat any two things in the universe are equal. In general, such an equality statementindicates a schema s1 (derived from the role-inst statement it represents), and itsdistribution is p(=1 ji1; i2) = p(=)=p(s1) (6)If there is an existential arc bridging the parents of an equality node, then itsdistribution is p(=1 ji1; i2) = 1:0 (7)since we are creating i2 to explain i1 and we therefore believe that i1 must �ll thisslot, given i2.In both existential and non-existential cases, it is possible that the node for theparent plan, e.g. shopping3 in (== (store-of shopping3) supermarket2), has a schematype more speci�c than that indicated by the existential arc. We assume that thishas no e�ect, that is, p(=1 ji1; i2 = s3) = p(=1 ji1; i2 = s2) (8)where s3 is more speci�c than s2.Evidence nodes.For evidence nodes underneath inst nodes, namely e1 and e3, we make only theassumption that, given schema s1 is less speci�c than s2,p(eji1 = s1) = p(eji1 = s2) (9)as we did for inst nodes and equality nodes.For e2 we make the assumption above, and also assume thatp(e2je1; e3) � p(=) (10)and p(e2j =1;=2; :::) = 1:0 (11)In e�ect, we are assuming that e2 has a very low prior probability, that it is inde-pendent of e1 and e3, and that it is true given our path interpretation, RS(P ). 4We will come back to the implications of this later.4Strictly speaking, we should writep(e2ji1;=1; i2;=2; :::) = 1:0 (12)to indicate that our evidence node is, in principle, conditional upon the inst nodes as well. For thenetworks our system currently generates, e2 is independent of the inst nodes, given the equalitynodes, so we omit connections to the former. 11
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=1

e1 EIFig. 5.1. The basic vertebrate Bayesian network.5 Path Calculations5.1 The Spinal ContributionOur calculations will not compute the exact joint probability of the network whichwe construct. Instead we will compute an upper bound on the joint probability,under assumptions to be detailed below, which we call the spinal contribution. Wewill de�ne the spinal contribution momentarily, in terms of the joint probabilityof the network. To begin with, the exact joint probability of the simplest verte-brate Bayesian network (the basic spine with an added interior evidence node, EI ,pictured in Figure 5.1) isp(e1ji1)p(EI j =1)p(e2ji2)p(i1)p(i2)p(=1 ji1; i2)p(e1; EI; e2) (13)We use conditional probability and independence to transform the denominatorinto p(e1)p(e2)p(EI je1; e2) (14)For the numerator, we note thatp(e1ji1) = p(i1je1)p(e1)=p(i1) (15)and similarly for p(e2ji2).The slot-�ller term, p(=1 ji1; i2), requires some discussion. Recall that rolestatements specify a particular type for each slot that a schema has. The probabilitythat i1 �lls this particular slot in i2 is the probability that any two things of thespeci�ed type are equal. This, in turn, is equal to the prior probability of any twothings being equal, divided by the prior probability of a thing being the speci�edtype.Notation. We write p(==) for the prior probability of any two things being equal.This allows us to rewrite the last term in our formula as follows:p(=1 ji1; i2) = p(==)=p(i1) (16)12



Applying the substitutions in equations 14, 15, and 16 to 13, and then cancellingand regrouping yields�p(i1je1)p(i2je2)p(i1) ��p(==)p(EI j =1)p(EI je1; e2) � (17)The right-hand group of terms will appear in the exact calculations for every ver-tebrate Bayesian network, with the di�erence that EI may be conditioned on morenodes, if they are present. By our earlier assumptions about the distributions forEI , this group has an upper bound of 1.0.The left-hand group of terms we call the spinal contribution of our joint prob-ability; more generally, any terms not included in the bounded group, will be partof the spinal contribution, and calculating it will be the focus of the rest of thissection. Since those terms not in the spinal contribution have an upper boundof 1.0, the spinal contribution is an upper bound on the joint probability of thenetwork.5.2 CalculationsTheorem 5.1. As a path P is traversed, our measure of the spinal contribution ofthe corresponding vertebrate Bayesian network fragment, SC(V ), can be computedrecursively in the following manner:1. The initial value, corresponding to the (inst i1 s1) node/statement 5 is p(i1je1),our current belief in the node.2. As each subsequent statement is traversed, we compute the new value by mul-tiplying the current value by the number given in table 5.1.Table 5.1. Spinal Contribution MultipliersLink Multiplier(role s1 slot s2) p(s1)=p(s2)(role- s1 slot s2) 1.0(isa s1 s2 ) 1.0(isa- s1 s2 ) p(s2)=p(s1)(inst i1 s1 ) p(i1je1)=p(s1)Proof. The proof is by induction on the length of the path.Base case:For the statement (inst i1 s1), our initial value for SC(V ) is which is p(i1je1), andthe corresponding network fragment is as shown in �gure 5.2. The joint probabilityof this network fragment is p(e1ji1)p(i1) (18)5This is a node in the Bayesian network, and a statement in the path. Since we will bediscussing probabilities from now on, we will generally call them nodes.13



i1

e1Fig. 5.2. The starting vertebrate Bayesian network.Applying Bayes' law and cancelling yields:p(i1je1)p(e1) (19)Recall that in the computation of SC(V ) for the entire network, we divide by1=p(e1; e2; e3), which, under our independence assumptions, resolves into1=p(e1)p(e3)p(e2je1; e3). The term p(e1) above cancels with a term from this group,so that our spinal contribution is p(i1je1) (20)which is what we claimed for our initial value.Induction Step:For the induction step, we assume that we have computed SC(V ) correctly forall the links we have seen so far. We proceed by enumerating the various possiblelink types we can encounter, and showing that for each type we correctly computeSC(V 0) for the extended network fragment. Our procedure for role statements,which add nodes, will be to simply multiply the current value by the conditionalprobabilities of the nodes added to the network; for isa statements, which onlychange the relevant types, we will simply correct for our new understanding ofwhat the relevant type of the current inst node is. As a general rule, we will usei1 for the last inst node added to the network fragment, and i2 for the added instnode.Role statements:There are two cases for role statements, depending on whether or not an existentialis added to the network, as shown in �gure 5.3. 6 For the non-existential case,SC(V 0) = SC(V )p(=1 ji1; i2)p(i2) (21)Note that e2 does not appear in the spinal contribution, so it does not appearin our calculations.6Note that we assume that i2 is not directly connected to some other evidence, as would bethe case if it turned out that the next statement was (inst i2 s2). If that is the case, it will betaken care of when we cross the inst link. 14
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non−existential case existential caseFig. 5.3. Network additions for the statement (role i2 slot i1) .From our earlier discussion, we know thatp(=1 ji1; i2) = p(=)=p(i1) (22)The term p(=) is part of our bounded group of terms in 17, so we ignore it. Equa-tions 21 and 22 give us a multiplier of p(i2)=p(i1), which is exactly what we claimed.In the above, we have ignored the relevant type of nodes i1 and i2, becausethey don't change the calculations. The relevant type of node i2 after crossingthe role statement is the type named by the role. For example, if we crossed (rolesupermarket-shopping store-of supermarket), the relevant type of the new node, sayshopping3 would be shopping.The relevant type of node i1, say s1, may be more speci�c than the slot-�llertype named by the role, say s2. However, we have assumed that the distributionfor the speci�c type is the same as that for the general type, sop(=1 ji1 = s2) = p(=1 ji1 = s1) (23)In general, since we have made the assumption that the distribution for the speci�ctype is always the same as for the general type, anything conditioned on a nodehaving a general type will have the same conditional probability if it is conditionedon the speci�c type.The existential case is more complicated. Again, the node i2 must have therelevant type named by the role statement, since this is the only information wehave on it so far. Again, i1 may have a type more speci�c than the slot-�llertype named by the role statement, but this time it changes the calculations. Webegin with the case where the relevant type is the same as that named by the rolestatement. In our shorthand notation, we haveSC(V 0) = SC(V )p(=1 ji1; i2)p(i2)p(i1ji2)=p(i1) (24)The term p(i1) appears because we previously assumed that i1 had no parents, andwe now know that to be wrong. The semantics of our existential arc tell us that the�rst and last term are 1.0; hence, our multiplier is p(i2)=p(i1), exactly as before.15



If, however, the relevant type of i1, say ss, is more speci�c than the schematype named by the role statement, say sg , then the term p(i1ji2) above is not 1.0.Letting X1 stand for the proposition i1 = ss and X2 stand for i1 = sg, and usingour expanded notation, we rewrite the term p(i1ji2) asp(i1 = ssji2) = p(X1ji2) (25)p(X1ji2) = p(X1ji2; X2)p(X2ji2) + p(X1ji2; X2)p(X2ji2) (26)The term p(X1ji2; X2) is 0.0, since the speci�c i1 cannot be a member of the speci�cschema and not the general one. That leaves usp(X1ji2; X2)p(X2ji2) (27)The last term here is 1.0, by the semantics of our existential arc. This leaves usp(X1ji2; X2) (28)which, by our assumption about distributions under existential arcs equalsp(X1jX2) = p(X1)=p(X2) = p(i1 = ss)=p(i1 = sg) (29)since the membership in the general schema makes membership in the speci�cschema more likely, in exactly this ratio.For the equality term, p(=1 jX1; i2), we note that, just as above, the speci�ctype implies the general type, and the semantics of our existential arc still apply,so p(=1 jX1; i2) = p(=1; X1; i2) = 1:0 (30)This leaves us with p(i2)p(i1 = ss)=p(i1 = sg) (31)all of which should be divided by p(i1) from 24, as before. In expanded notation,we should divide by p(i1 = ss), which cancels with the same term in the numerator,leaving us with p(i2)=p(i1 = sg). This looks slightly di�erently than it did before,because we have had to use the expanded notation to be precise. It is, however,the same multiplicative factor.Role- statements:When we cross a statement (role- s1 slot s2), the added network fragment lookslike that illustrated in �gure 5.4. As for the role case, only the nodes =1 and i2are new, and there are two cases, depending on whether or not an existential arcis added. For the non-existential case,SC(V 0) = SC(V )p(=1 ji1; i2)p(i2) (32)The relevant type of i2 must be that named by the role statement. The relevanttype of i1 may be more speci�c, but this doesn't change the probability of equalitystatement, which is still p(=)=p(i2), leaving us withp(=) (33)16
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e2Fig. 5.4. Network additions for the statement (role- s2 slot s1).As before, this term is not in our spinal contribution, so our multiplier is 1.0.In the existential case, we multiply byp(=1 ji1; i2)p(i2ji1) (34)The equality statement has probability 1.0, regardless of the relevant type of i1.Similarly for p(i2ji1).Isa statements:Unlike role and role- statements, traversing the statement (isa s1 s2) adds nothingto the network. Isa statements change the values in which we are interested, namelythe relevant types of inst nodes, but when we traverse them from speci�c types togeneral types, even those don't change. Hence, our multiplier is 1.0.Isa- statements:When we traverse an isa- statement, (isa- s1 s2), we change the relevant type ofthe node we are at. If this node has no parents, we need only multiply by the priorof the new type, and divide by the prior of the previous type. We are cancellingour previous assumption about the relevant type, and making a new one. Sincethe speci�c type implies the general type, no node which is conditional upon thisone is a�ected by revising the relevant type. Therefore, we need make no othercalculations.If we are not at a peak, then there must be an existential connecting this nodeto a parent. Let the parent be i1, the new node be i2, the previous relevant types1 and the new relevant type s2. See �gure5.4. We are interested inp(i2 = s2ji1) (35)Earlier we calculated for the case of a role statement following an isa statementand creating an existential link; this is the converse case, an isa- following a role-.Letting sg be the (more general) slot-�ller type named by the role statement, andss be the relevant (more speci�c) type of the child inst node, we earlier showed thatp(i1 = ssji2) = p(ss)=p(sg) (36)17



Now, before we crossed this isa- link, we had calculatedp(s1)=p(i2) (37)We now believe the correct calculation should bep(s2)=p(i2) (38)So we multiply by p(s2) and divide by p(s1), exactly as we do in the non-peak case.Inst statements:
i1

e1Fig. 5.5. Network additions for the statement (inst i1 s1).An inst statement terminates the path, and indicates the last evidence nodeshould be added to complete the spine, as shown in �gure 5.5. The network addi-tions add the multiplier termp(e1ji1) = p(i1je1)p(e1)=p(i1) (39)The term p(e1) is included in our bounded term, so we drop it, leaving the multiplierp(i1je1)=p(i1) (40)5.3 Internal CalculationsMarker-passing produces whole paths as output; internally, however, it builds thesefrom two half-paths which resulted from passing marks from two di�ering origins(at di�erent times). We have proved that we can calculate our path metric givenan entire path; what like to do is compute our measure of spinal contribution tocut o� the depth of marker-passing, which requires that we compute it as the half-path is built, before the two halves are put together. We now show that this ispossible, and that the calculations for an entire path, above, comprise the bulk ofthe work for computing half-paths. Our lemma concerns the spine, not the entirevertebrate Bayesian network, since the interior evidence node is not part of ourspinal contribution.Definition 5.1. By cleaving a vertebrate Bayesian network graph at some inst noden, we mean that 18
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EIFig. 5.6. Cleaving a vertebrate Bayesian network.� the cleaved node n appears in both halves� the left half includes the evidence node e1, all inst nodes i1 through in and allarcs between them, and similarly for the right half� equality nodes with both parents among inst nodes i1 through in and all arcsincident to them are in the left half, and similarly for the rightSee Figure 5.6.Lemma 5.2. A spine can be cleaved into two halves H1 and H2 at any inst node,such that the spinal contribution of the whole graph is given bySC(V ) = SC(H1) � SC(H2)=p(n) (41)where n is the node at which the graph is cleaved.Proof.If there were no isa statements, the proof would be straightforward, since thereare no arcs between nodes in the left and right sides of the cleaved network. Weare concerned solely with the spinal contribution, we can ignore the terms p(e2j =1;=2; :::) on both sides. The cleaved node appears to be a peak exactly one moretime than it really is. If it really is a peak in the entire network, then it appearsto be one twice, once on each side. See, for example, shopping3 in �gure 5.6. Ifthe cleaved node is not a global peak, then it appears to be so on one half of thecleaved network. If we cleaved at go1 instead, it would be a peak on the left sidein our example. In order to avoid over-counting this node we always divide by itsprior.Isa statements mean that one side of the cleaved graph may misjudge the cleavednode's relevant type. There are two possible cases, depending on whether the nodeis a global peak or not. In the former case, our SC(V ) formula will have no termsof the form p(i1j:::) (42)19
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In the �nal case, the left-hand (peak) side knows the relevant type of the cleavednode. Using the same variables, what we will have calculated on the peak side willbe p(i1 = s1) (46)On the non-peak side we will have p(i1 = s2ji2) (47)It is possible that s2 is more speci�c than the type speci�ed by the existential arc,say s3. It is easiest to imagine this as cleaving a path in the middle of a chain ofisa statements between role statements. If this is the case, then this reduces top(s2)=p(s3) (48)as we showed for our calculations for crossing role statements, in the case in whichan existential arc is added. If s2 is not more speci�c than s3, i.e. p(s2) = p(s3),then our multiplier is simply 1.0.Our �nal calculation should bep(i1 = s1ji2) = p(s1)=p(s3) (49)which will be produced if we multiply the two together and divide by p(s1), asdirected. Q.E.D.Lemma 5.2 means that we can track the spinal contribution incrementally aswe extend a half-path. When the measure drops below a threshold, T , we cancut safely cut o� marker-passing; that is, we will miss no complete paths whosemeasure would be above T 2. Currently we have T set at 30. We have arrivedat this value through experimentation with a set of paths generated from a set ofstories which we use for debugging and tuning our system. Generally, there is alarge gap (approximately a factor of 10) between the spinal contribution of thosepaths which have the right explanations and those which do not. While our systemdoes rely on the prior probabilities for our schema, this gap suggests that we canget by with priors that are only approximately correct.6 ResultsWe have employed our marker-passer in the Wimp3 story understanding system(Goldman [1991]) to �nd explanatory plans. The results quoted in table 6.1 arethose obtained both on Wimp3's debugging corpus of 25 1-to-4 line \stories" and onits evaluation corpus7 of 25 stories. We counted paths at four points in the 
ow ofcontrol. First, we counted paths which left the marker passer. As described above,we integrated the probability valuation of paths into the marker-passing mecha-nism itself, using it to control the spread of marks. This makes it impossible to7The debugging corpus is used for testing and tuning of parameters. The evaluation corpus isfor evaluation only, and is therefore a cleaner test, in some sense.21



Table 6.1. Results Summarypaths paths paths pathscorpus reported asserted evaluated approveddebug 985 115 83 78test 747 109 68 64estimate how many paths were eliminated due to low probability values. Likewise,we cannot say how many paths were eliminated by employing DFA's to prohibitgeneration of invalid paths. We can only give the total number of paths returned,with the invalid and low probability paths already weeded out. Second, we countedpaths which were \asserted", i.e., used for forward-chaining and Bayesian networkconstruction. These are paths which passed various secondary �lters reported in(Carroll & Charniak [1989]). Third, we counted paths whose resulting statementswere actually evaluated using our Bayesian network evaluation mechanism. Somepaths could be eliminated without evaluation, as we will describe shortly. Finally,we counted those paths which we approved after evaluation; for a path to be ap-proved the posterior probability of the suggested plans given the evidence had tobe 1,000 times higher than the prior probability for the plans. The ratio of ap-proved paths to asserted paths was 68% for the debugging corpus, and 59% for thetest corpus, a signi�cant improvement on the 10% good to bad path ratio reportedearlier, (Charniak [1986b]; Norvig [1987a]) and strong support for our claim thatthe key to the viability of marker-passing is the supporting evidence, our EI .Our analysis suggested one more improvementwhich could be made. As we com-mented earlier, the marker passer's probability calculations are an upper bound,based on the assumption that there is evidence in favor of the path (other than thenodes at either end). That is, after the marker passer produces an acceptable pathP , Wimp3 constructs a Bayesian network which includes RS(P ). Among the pathswhich were not approved, we found that there was often no evidence supportingsome of the statements in RS(P ). While we cannot determine whether evidenceis missing before network construction, we can do so before network evaluation.While the former takes time linear in the size of the network (making reason-able assumptions about the process), the latter, in general, takes exponential time(and is NP-hard). Indeed, network evaluation accounts for approximately 90% ofWimp3's running time, and thus the only really bad paths are those which cannotbe removed before network evaluation and are not approved afterwards. Weedingout paths with no evidence accounts for the di�erence between paths which wereasserted{used for network construction{and paths which were evaluated. A com-bined total of 151 paths had to be evaluated by Wimp3, and, of these, all but 9were good, for a percentage of about 94%. This leads us to extend our claim to saythat: A domain is suitable for search by means of marker-passing only if there willusually be supporting evidence for paths returned by the marker-passer, or pathswithout evidence can be cheaply identi�ed.22
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