UNIVERSITÄT DES SAARLANDES FACHBEREICH INFORMATIK D-66041 SAARBRÜCKEN GERMANY

WWW: http://js-sfbsun.cs.uni-sb.de/pub/www/

Analogical Reasoning with a Hybrid Knowledge Base

Manfred Kerber Erica Melis Jörg H. Siekmann

Published as: In Erica Melis, ed., Proceedings of the IJCAI- Workshop on Principles of Hybrid Reasoning and Representation, Chambéry, France, p.85–95, 1993.

Analogical Reasoning with a Hybrid Knowledge Base

Manfred Kerber^∗ Erica Melis^† Jörg H. Siekmann^‡ Universität des Saarlandes Im Stadtwald 66041 Saarbrücken Germany

1 Introduction

The traditional paradigm of knowledge representation and processing in artificial intelligence (AI), dating back at least to McCarthy’s Advice Taker [17], is to represent knowledge by a collection of sentences in a formal language. The advantage of such a logic-based approach is the formal logical framework with its precise semantics. On the other hand, there are problems with this traditional approach: For instance, the logically formalized knowledge is not always available and to infer information is sometimes inefficient. Moreover, a purely logical approach is in sharp contrast to many forms of human reasoning which rely on cases, diagrams or typical examples which are not necessarily propositionally represented.

The discussion about the potential advantages of a non-propositional representation has a long tradition in AI [24, 25] and has spawned analogical representations [7, 9, 10] and the development of hybrid knowledge representation systems which combine propositional with a diagrammatical representation. Such hybrid approaches have been suggested among others by Myers and Konolige [22] and by Latecki and Pribbenow [16]. In a similar spirit some authors suggest more semantic oriented forms of reasoning such as model checking [13]. Of course, the very idea of propositionally and non-propositionally represented knowledge in reasoning has a much longer tradition dating back to Plato’s rule-based theory of reasoning and education and to Aristotle’s [28] reasoning by “exposition”.

Just as well-known is for example the switch from proof theoretic arguments to model theoretic ones in formal logic: a theory can be given by a set of first order

∗Fachbereich Informatik, e-mail: kerber@cs.uni-sb.de †Fachbereich Informatik, e-mail: melis@cs.uni-sb.de ‡DFKI, German Research Center for Artificial Intelligence, e-mail: siekmann@dfki.uni-sb.de

formulae and inference rules, or semantically by a class of intended models [4]. By the completeness theorem it is possible to choose between syntactic inferences and model-checking methods depending on which information is available and which of these ways is more efficient^1.

In this paper, we address the questions of the availability of certain forms of knowledge and of the efficiency of inferences by suggesting an approach to justified analogical reasoning. Starting from a logically oriented view of standard analogical reasoning, we review some empirical results on human concept representation in order to show how to use hybridly represented knowledge for mechanical analogical reasoning as well.

The essence of our approach is to augment the propositional knowledge representation system by a non-propositional part consisting of concept structures which may have directly represented instances as elements. The necessary information for analogical reasoning is then extracted from either part of the knowledge representation system. In other words, the general idea is to incorporate the particular non-propositional part of a hybrid knowledge representation system into a traditional reasoning system such that it can be extended by inference rules using information extracted from both knowledge representation subsystems. Thus the general framework and foundational importance of logic will remain unquestioned.

Justified Analogical Reasoning

An important concept in analogical reasoning is the so-called aspect, which we define as follows:

An aspect is a mapping from the individuals (instances c of a concept C) to formulae with at most one free variable. That is, the value A(c), of the aspect A for an individual c, is a formula with the free variable x the c-instance of which describes the aspect A for c. In particular, A(c)[x/c] is true.^2.

For example: The value of the aspect safety of an instance c of the concept car might be airbag(x) ∧ antiblock(x) ∧ max speed(x) < 100 where airbag(c) ∧ antiblock(c) ∧ max speed(c) < 100 is true. For an instance b of the concept bicycle the value of this aspect might be frame diameter(x, 3) ∧ age(x) < 10.

The transfer of the value of an aspect A_2 from a source case s to a target case t based on the similarity of s and t with respect to another aspect A_1 is the standard form of reasoning by analogy. We agree with Davies and Russell [6] that justifications are necessary for such analogical inferences. They are given by connections between the aspects A_1 and A_2. These justifications of analogical inferences have usually been represented propositionally e.g., as determinations [6], schemata [12], connections

1For example, the standard procedure for showing the consistency of a set of formulae semantically is to find a model rather than to show that no contradiction is inferable. On the other hand, the standard procedure for proving inconsistency of a set of formulae is to try to infer a syntactic contradiction from this set rather than to show that there is no model for the formula set.

2A(c)[x/c] denotes the formula A(c) in which x is substituted by c.

[19], or similarity transforms [5].

Examples of such connections are “if two cars are built in the same year and have the same make, then their price will probably be the same”, and “if two cities have the same number of inhabitants, then probably the same number of cars is registered in the cities”. A corresponding analogical inference that yields the value of the aspect number of cars for the target Rome, e.g., presumes the similarity of Rome and another city, say Madrid, with respect to the number of inhabitants and the stated connection as inputs. It infers the correspondence of Rome and Madrid with respect to the aspect number of cars. Using the additional information of the actual value of this aspect for Madrid the value of number of cars(Rome) can then be inferred. We shall come back to this example later on.

But, what happens, if such explicit connections are not available? And, what about the complexity of reasoning that is required to get the similarity information out of a set of propositions?^3 Our approach allows for justified analogical reasoning that is not necessarily based on propositionally represented connections.

2 Psychological Findings

The approach of this paper is to some extend supported by psychological findings about human concept representation and reasoning by instances, the main results are summarized in the following.

Explicit Rules vs. Instances

Do people reason by applying explicit rules to sententially represented knowledge or do they reason by referring to instances? This problem has been widely investigated by cognitive psychologists, and it seems that psychological experiments have provided evidence that support both modes of reasoning.

On the one hand, some psychological findings point toward an explicit rule application of facts (see [26] for an overview). For example, Braine, Reiser, and Rumain [2] have shown that the more rules are required in order to determine the validity of an argument, the longer the reaction time and the lower the accuracy of the final response to questions.

On the other hand, Cherniak [3] and Medin and Ross [18] found support for their thesis that people reason by using information directly extracted from instances. Their experiments clearly exhibited the retrieval of instances and they were subsequently used for analogical reasoning.

3Although the field of analogical reasoning is concerned with reasoning based on examples, surprisingly the importance of reasoning by typical instances, as for example, investigated by Rosch [21] and Lakoff [15], has not been elaborated. Only an attempt of Winston [29] was influenced by statistic prototypicality.

However, even for analogical reasoning, where one might expect that it is based on information from instances only, Gick and Holyoak [12] found schemata as a kind of explicit rules. Contrary, empirical evidence was found by Smith, Lopez, and Osherson [27] that there are no explicit rules underlying analogical reasoning.

These conflicting results point to the existence of different modes of analogical reasoning [19]. Whatever the the final outcome may be, one mode of analogical reasoning based on typical instances can be distinguished.

Structured Concepts

The typicality of instances of concepts is a well investigated phenomenon in empirical psychology [15, 20, 23], where the existence of a reproducible typicality rating that distinguishes typical instances is one of the main results.

Some of the important experimental methods [15] for the extraction of this typicality rating are the direct rating of representativity, the examination of the reaction time to decide whether an instance belongs to a category, the test of the reproduction of instances, and the use of instances in generalizations and in analogical reasoning.

All these investigations suggest that concepts are structured by typicality relations in a human mind. These relations (which we denote by ⊂c) encode the typicality degrees of instances of a concept C: If a ⊂c b, then degree of typicality(a) < degree of typicality(b)^4. In addition the typicality relations encode some similarity of the instances.^5.

The psychological findings are a motivation and a legitimation for our representation of concepts. We consider concepts C to be represented by models which are partially ordered by the relation ⊂c. The elements of these concept structures represent concept instances. In the following we assume the models to be given^6. A concept structure is displayed as a directed acyclic graph in the next section.

3 The Hybrid Framework

The framework consists of three parts: a hybrid knowledge base (KB), a reasoner, and procedures which connect the KB with the reasoner. The KB itself is partitioned into two part, a collection of propositional representations of knowledge and some non-propositional representations of concepts. The reasoner consists of inference methods combined with their control that operate on the propositional part of the KB and of methods that use information contained in the conceptual part of the KB. In addition, there are procedures which supply information extracted from the conceptual subsystem of the KB to the reasoner.

4For example, a hammer is commonly considered a more typical tool than a compass saw 5If the typicality relations encode degrees of typicality only the analogical inference rule AT given below has to be changed slightly 6Such concept representations are used in some learning systems such as PROTOS and COB- WEB [1, 8].

3.1 The Hybrid Knowledge Base

The Propositional Subsystem

The propositional subsystem consists as usual of a set of (sorted first order) formulae Γ. Aspects, as explained above, can be defined in this subsystem. The propositionally represented connections of aspects – as far as they are available – belong to this subsystem as well.

The Conceptual Subsystem

We extend the KB by a conceptual part consisting of concept structures which are non-propositional representations of (human) concepts. A concept structure is a model consisting of a set of instances and the typicality relation ⊆C. Note that the structure may vary between individuals. The information about the similarity of instances is explicitly given in the concept structure.

The maximal elements, w.r.t. the typicality relation, that are not isolated are called typical instances^7.

We assume the instances are for example represented by neural nets, analogous repesentations such as diagrams or some other means including symbolic representations. The particular way of these non-propositional representations is of no concern for the rest of the paper, however, in the following example that demonstrates our main idea, we view the representation of city-instances as maps (see figure 1).

7For example, a hammer is commonly considered a typical tool and a violin a typical musical instrument.

Figure 1: Concept structure of CITY

A partial interpretation I of formulae is attached to the instance representation, which potentially assigns to each pair (instance, formula with one variable) one of the values true,false,unknown and can be thought of as the result of an inspection of the instances.

The concept structure together with the instance interpretations I form a Kripkelike model with a 3-valued assignment. It connects two levels of representation, the instance level and the concept level. In this respect the model agrees with the models of Halpern and Vardi [13]. As we shall see later a suggestion of these authors concerning the complexity of model checking is fulfilled by our particular models.

3.2 Procedures on the Conceptual Subsystem

We wish to have access to the information in the concept structures and in the instance representation on an as needed basis. Therefore several inspection procedures work on the conceptual subsystem and they provide the information that is needed by the rules of the reasoner:

• A TYP-procedure provides access to the structural content of the concept structures in that it finds for an instance t of a concept C a typical instance s with t ⊆C s (s and t are names of instances). For example, TYP yields for the instance Rome the typical instance Berlin by looking up the concept city.

• An interpreting INT-procedure computes the values of aspects A for the typical instances c out of the representation of the instances. The values are required to be formulae A(c) with I (A(c)) = true. INT can also be used to transfer certain information from the conceptual part to the propositional part of the KB. INT yields, for example, for the aspect public transportation of the typical instance Berlin: underground(x) ∧ bus(x) ∧ taxi(x) by looking up the map of Berlin.

• A RELV-procedure provides true/false-information about the relevancy of aspects for the typical instances that are encoded in the concept representation. An aspect A is relevant for an instance c iff A(c) is true for c under I and for all instances i, rated under c, A(i) is true or undefined. This notion of relevancy corresponds to a kind of modal operator, if a 3-valued assignment is presumed.

3.3 Analogical Inference Rules of the Reasoner

A reasoner that works on the hybrid knowledge representation system has at least two rules, namely AR for rule-based analogical reasoning and AT for analogical reasoning with typical instances. These rules use information extracted from the hybrid knowledge representation system by the above processes. AR and AT draw analogical inferences in a justified manner that are supposed to be similar to those observed in human reasoning [19].

The rule AR takes as input

• the similarity of a source case s and the target case t expressed via equality of an aspect A_1. For example, let the source s be Madrid and let the target t be Rome. Now suppose we want to infer the number of registered cars in Rome . Assume that A_1(Madrid) = A_1(Rome), e.g., both have the value number of inhabitants(x, 3million). This information can be obtained from the propositional part of the KB.

• a rule that expresses the connection between the aspect A_1 and the aspect A_2, both of which belong to the propositional part of the KB. For example, if the number of inhabitants of two cities agree, then probably the number of cars registered in these cities agrees too.

AR yields the equality A_2(Madrid) =A_2(Rome). Using the additional information of the actual value of A_2(Madrid) which is explicitly given by the propositional subsystem as number of cars(x, 1million) we can deductively infer the value of A_2(Rome).

At a glance: Let the following information be given

connection between A_1 and A_2

A_1(Madrid) = A_1(Rome) =

number of inhabitants(x, 3million ) number of inhabitants (x, 3million)

A_2(Madrid) = A_2(Rome)=

number of cars(x, 1million) ?

AR infers by analogy A_2(Madrid) = A_2(Rome).

Hence it is possible to infer A_2(Rome) = number of cars(x, 1million )

Besides this standard form of analogical reasoning we have investigated analogical reasoning with typical examples that is carried out by AT. The AT rule of the reasoner takes as inputs:

• a typical instance s with t ⊆ s computed by the TYP-procedure,

• the relevancy of A_2 for s which is either extracted by a RELV-procedure or else it is explicitly represented in the propositional part of the KB as, e.g., suggested by Gentner [11].

The AT rule then infers A_2(t) = A_2(s) from relevant(A_2, s). The value of A_2(s) is computed by INT and transferred to the target case t.

Let us look at the example where the individual concept structure of the concept city is given. We want to compute A_2(t) = public transportation(Rome) by analogy, but now based on the concept of a typical city. As long as there is no explicit connection for public transportation AR cannot be used. So we proceed as follows:

• The TYP-procedure computes the typical instance Berlin as a typical city is rated over Rome, since it is in the concept structure of city.

• RELV tests whether public transportation is a relevant aspect for Berlin.

Provided that the result is true, AT yields A_2(Berlin) = A_2(Rome).

• With the additional information A_2(Berlin) = (underground(x) ∧ bus(x) ∧ taxi(x)), which is provided by the INT-procedure or else is explicitly given in the propositional subsystem, we infer A_2(Rome) = (underground(x) ∧ bus(x) ∧ taxi(x)) by analogy. At a glance: let the following information be given

relevant(A_2,Berlin)

typex(Berlin) and Rome⊆Berlin.

A_2(Berlin) = A_2(Rome) =

(underground(x)∧ bus(x)∧ taxi(x)) ?

AT infers by analogy A_2(Berlin) = A_2(Rome).

Hence it is possible to infer A_2(Rome)=(underground(x)∧ bus(x)∧ taxi(x)).

The AT rule models common human analogical reasoning with typical instances and, as shown in [14], AT is justified provided AR is justified in the sense of Russell [6]. The derivation in [14] is based on reformulating conditions of analogical inferences and supported by empirical results. It concludes that if AR is justified then AT is (less) justified depending on the concept structure. Therefore the rule AT is heuristically sound. Anyway, one cannot expect a rule for analogical reasoning to be sound in the logical sense, as this kind of reasoning is tentative in principle and produces hypotheses only.

4 Conclusion

We have shown how the rule AR for standard analogical reasoning and the rule AT for analogical reasoning with typical instances work on a hybrid knowledge base.

AR implies that all instances of the concept have to be checked for similarity to the target instance and the INT-procedure is called for all sufficiently similar instances. By restricting the choice of the base instance to typical instances and consequently the calls of the INT-procedure to typical instances, AT leads to a kind of default reasoning and is substantially less complex than AR. The focusing of AT on particular instances can be considered as one of the ways to do model checking efficiently as mentioned by Halpern and Vardi [13].

Our framework is a bit of both, hybrid knowledge representation as in [22] and model checking as in [13]. [22] deals with diagrams combined with inspection procedures on a non-propositional representation. As diagrams, concept structures are to some extend easier to change than propositional representations: new instances can be built in the concept structure and do not cause problems like the frame problem. In [13] Kripke-like models are constructed to decouple the description of a model from the description of the properties to be proven about the model. The efficiency and usage of the different representations depend on the available information and the aim of the reasoning just as in logic.

References

[1] E.R. Bareiss, B.W. Porter, and C.C. Wier. Protos: An exemplar-based learning apprentice. International Journal of Man-Machine Studies, 29:549–561, 1988.

[2] M.D. Braine, B.J. Reiser, and B. Rumain. Some empirical justification for a theory of natural porpositional logic. Psychological Learning Motivation, 18:313–371, 1984.

[3] C.Cherniak. Prototypicality and deductive reasoning. Journal of Verbal Learning and Verbal Behavior, 23:625–642, 1984.

[4] C.C. Chang and H.J. Keisler. Model Theory. North Holland, Amsterdam, London, 1973.

[5] A.M. Collins and R. Michalski. The logic of plausible reasoning: A core theory.

Cognitive Science, 13(1):1–50, 1989.

[6] T.R. Davis and S.J. Russell. A logical approach to reasoning by analogy. In Proceedings of the Tenth Internaitonal Joint Conference on Artificial Intelligence, pages 264–270, Milan Italy, 1987. Morgan Kaufmann.

[7] C.M. Eastman. Automated space planning. Artificial Intelligence, 4:41–64, 1973.

[8] D.H. Fisher. Conceptual clustering, learning from examples, and inference. In Proceedings of the 4th International Machine Learning Workshop, pages 38–49, 1987.

[9] B.V. Funt. Whisper: A problem solving system utilizing diagrams and aparallel processing retina. pages 155–170, 1983.

[10] H. Gelernter. Realization of a geometry theorem-proving machine. In Proceedings of the International Conference on Information Processing, UNESCO, 1959.

[11] D. Gentner. The mechanisms of analogical learning. In S. Vosniadou and A. Ortony, editors, Similarity and Analogical Reasoning, pages 199–241. Cambridge University Press, 1989.

[12] M.L. Gick and K.J. Holyoak. Schema induction and analogical transfer. Cognitive Psychology, 15(1):1–38, 1983.

[13] J.Y. Halpern and M.Y. Vardi. Model checking vs. theorem proving. In Proceedings of the Second International Conference on Knowledge Representation KR’91, pages 325–334, Cambridge MA, 1991.

[14] M. Kerber, E. Melis, and J. Siekmann. Analogical reasoning with typical examples.

SEKI-Report SR-92-13, University Saarbrücken, Saarbrücken, 1992.

[15] G. Lakoff. Women, Fire and Dangerous Things. The University of Chicago Press, London, 1987.

[16] L. Latecki and S. Pribbenow. On hybrid reasoning for spatial expressions. In B. Neumann, editor, Proceedings of the 10th European Conference on Artificial Intelligence, pages 289–393. John Wiley, 1992.

[17] J. McCarthy. Programs with common sense. In M. Minsky, editor, Semantic Information Processing, pages 403–418. MIT Press, Cambridge MA, 1968.

[18] D.L. Medin and B.H. Ross. The specific character of abstract thought: Categorization, problem solving, and induction. In R.J. Sternberg, editor, Advances in the Psychology of human intelligence, volume 5. Erlbaum, 1989.

[19] E. Melis. Study of modes of analogical reasoning. TASSO-report 5, Gesellschaft fur Mathematik und Datenverarbeitung, Birlinghoven, Germany, 1990.

[20] C. Mervis and E. Rosch. Categorization of Natural Objects. Annual Review of Psychology, 32:89–115, 1981.

[21] C.B. Mervis and E. Rosch. Family resemblance: Studies in the internal structure of categories. Cognitive Psychology, 7:573–605, 1975.

[22] K.L. Myers and K. Konolige. Reasoning with analogical representations. In Proceedings of KR’92, pages 189–200, 1992.

[23] L. Rips. Inductive judgements about natural categories. Journal of Verbal Learning and Verbal Behavior, 14:665–681, 1975.

[24] A. Sloman. Interactions between philosophy and ai. Artificial Intelligence, 2, 1971.

[25] A. Sloman. Afterthoughts on analogical representation. In Proceedings of Theoretical Issues in Natural Language Processing, 1975.

[26] E.E. Smith, C. Langston, and R.E. Nisbett. The case for rules in reasoning. Cognitive Science, 16(1):1–40, 1992.

[27] E.E. Smith, A. Lopez, and D.N. Osherson. Category membership, similarity, and native induction. In A. Healy, R. Shiffrin, and S.M. Kosslyn, editors, Essays in honor of W.K. Estes. Erlbaum, Hillsdale N.J., 1992.

[28] M. Wallies, editor. Alexandri in Aristotelis Analyticorum Priorum Librum I Commentarium. 1883.

[29] P. Winston. Learning by creating and justifying transfer frames. Artificial Intelligence, 10(2):147–172, 1978.