TEST-SCORE SEMANTICS AS A BASIS FOR A COMPUTATIONAL APPROACH TO THE REPRESENTATION OF MEANING

By L.A.Zadeh

Cognitive Science Program Institute of Cognitive Studies University of California at Berkeley February 1984

The production of the Berkeley Cognitive Science Report Series is supported by a grant in cognitive science to the University of California at Berkeley from the Alfred P. Sloan Foundation.

- 2 -

Test-Score Semantics as a Basis for a Computational Approach to the Representation of Meaning

L.A.Zadeh * Abstract

A basic idea which underlies test-score semantics is that a proposition in a natural language may be interpreted as a system of elastic constraints which is analogous to a nonlinear program. Viewed in this perspective, meaning representation may be regarded as a process which (a) identifies the variables which are constrained, and (b) characterizes the constraints to which they are subjected. In test-score semantics, this is accomplished through the construction of a test procedure which tests, scores and aggregates the elastic constraints which are implicit in the proposition, yielding an overall test score which serves as a measure of compatibility between the proposition, on the one hand, and what is referred to as an explanatory database, on the other.

Test-score semantics provides a framework for the representation of the meaning of dispositions, that is, propositions which are preponderantly, but not necessarily always, true. Another important concept which is a part of test-score semantics is that of a canonical form, which may be viewed as a possibilistic analog of an assignment statement. The concepts of a disposition and canonical form play particularly important roles in the representation of -- and reasoning with -- commonsense knowledge.

1. Introduction

During the past decade, the emergence of natural language processing as one of the major areas of research in artificial intelligence has provided a strong stimulus for the development of computationallyoriented theories of meaning, knowledge representation and approximate reasoning.

hhhhhhhhhhhhhhhh * Computer Science Division, University of California, Berkeley, CA 94720. Research supported in part by NESC Contract N0039-83-C-0243 and NASA Grant NCC 2-275.

To Professor Abe Mamdani

- 3 -

The traditional approaches to the theory of meaning -- among which the best known are truthconditional semantics, possible-world semantics, Montague semantics, procedural semantics and, in a broader sense, model-theoretic semantics -- are based on two-valued logic and the concomitant assumption that the extension of a predicate is a crisply defined set in a universe of discourse. It may be argued, however, that, in the case of natural languages, the extension of a predicate is, in general, a fuzzy set in which the transition from membership to nonmembership is gradual rather than abrupt. This is true, for example, of such commonly used predicates as tall man, loud music, attractive woman; quantifiers^1 such as most, several, few; temporal quantifiers such as frequently, once in a while, almost always; and qualifiers such as very likely,quite true, almost impossible, etc. Indeed, it is evident that almost all concepts in or about natural languages are fuzzy in nature. Viewed in this perspective, it is hard to rationalize the almost exclusive use of two-valued logic in the traditional approaches to the semantics of natural languages.

In a departure from this tradition, we have described in a series of papers starting in 1971, an approach to the semantics of natural languages based on the theory of fuzzy sets and, more particularly, on possibility theory. During the past several years, this approach has evolved into a meaningrepresentation system termed test-score semantics (Zadeh, 1978b, 1981), which is computational in nature and which is based on the premise that almost everything that relates to natural languages is a matter of degree. Like almost all theories of meaning, test-score semantics is referential in nature in the sense that it deals with the correspondence between expressions in a language and their denotations in a universe, or family of universes, of discourse. However, unlike the traditional approaches to the theory of meaning, test-score semantics does not make use of the machinery of first-order or intensional logic, and is based, instead, on fuzzylogic -- the logic of approximate or fuzzy reasoning. In what follows, we shall present an informal exposition of some of the basic ideas underlying test-score semantics and illustrate its application to the representation of the meaning of various types of semantic entities, among them propositions, predicates, dispositions and commands.

2. Composition of Meaning

The point of departure in test-score semantics is the assumption that the problem of meaning representation is that of composing the meaning of a given semantic entity, s, from a collection of fuzzy relations -- termed the composants of s -- whose meaning is assumed to be known by the addressee of the representation process.

As an illustration, assume that the semantic entity in question is the proposition p =D Over the past fewyears Stan made a lot of money. Furthermore, assume that the relations whose meaning is assumed to be known are: (a) INCOME [Name; Amount; Year] ,

- 4 -

which is a collection of tuples, e.g., (Ted, 150,000, 1982), whose first element is the name of an individual; whose second element is the income of that individual; and whose third element is the year in which the income was made; (b) FEW [Number; m] , which serves to calibrate the meaning of the fuzzy number fewby associating with each real value of the variable Number, the degree, m, to which that number fits the intended meaning of few; and (c) LOT.OF.MONEY[Amount; m] , which calibrates the meaning of lot of moneyby associating with each value of Amount, the degree, m, to which the value of Amountfits the intended meaning of lot of money.

We shall show at a later point how the meaning of p may be composed from the meaning of its composants. What is important to note at this juncture is that the choice of the relations in question reflects our assumption concerning the knowledge profile of the addressee of the representation process. In this sense, then, the representation of the meaning of p is strongly dependent on the choice of relations from which the meaning of p is composed.

In its strict interpretation -- which is the interpretation underlying Montague semantics -- Frege’s principle of compositionality (Hintikka, 1982) (Janssen, 1978) requires that the meaning of a proposition be composed from the meanings of its constituents. In test-score semantics, the composants of s are, in general, implicit rather than explicit in s. Furthermore, their number is, in general, much smaller than the number of constituents in s. As will be seen later, by allowing the meaning of s to be composed from its composants rather than constituents, test-score semantics achieves a higher expressive power than is possible under a strict interpretation of Frege’s principle of compositionality (Zadeh, 1983c).

Since the composants of s serve to explain the meaning of s, they constitute, collectively, a collection of fuzzy relations which is referred to as an explanatory database, or ED, for short. In general, the procedure which describes the composition of the meaning of s involves only the frames of the relations in ED, that is, their names, their attributes and the domains of their attributes. In test-score semantics, the collection of frames in ED is referred to as the explanatory database frame, or, more simply, as EDF. In effect, the role played by EDF in test-score semantics is analogous to that of a collection of possible worlds in possible-world, or, more generally, model-theoretic semantics (McCawley, 1981).

3. Testing and Scoring of Elastic Constraints

A basic idea which underlies test-score semantics -- and motivates its name -- is that any semantic entity -- and, especially, a proposition -- may be viewed as a system of implicitly defined elastic or, equivalently, fuzzy constraints whose domain is the collection of fuzzy relations in the explanatory database. Viewed in this perspective, the meaning of a semantic entity, s, may be represented as a procedure

- 5 -

which tests, scores and aggregates the elastic constraints which are induced by s. In more concrete terms, assume, for simplicity, that s is a proposition, p. Representation of the meaning of p through the use of test-score semantics involves, in general, the following steps.

1. Selection of an appropriate explanatory database, that is, a set of fuzzy relations which collectively constitute the composants of p.

2. Explicitation of the elastic constraints C_1, . . . ,C_m which are induced by p. For example, in the case of the proposition p =DSusan is young, the implicit constrained variable is the age of Susan and the associated elastic constraint is characterized by the fuzzy predicate young. Less obviously, in the case of the proposition p =DMost students are young, the implicit constrained variable is the proportion of young students among students, and the associated elastic constraint is characterized by the fuzzy quantifier most.

3. Characterization of each constraint C_i, i = 1, . . . ,m, by a test which yields the test score, t_i, representing the degree to which the constraint is satisfied. Usually, the test score is represented as a number in the interval [0,1]. More generally, however, a test score may be a fuzzy number or a probability/possibility distribution over the unit interval. The test scores in test-score semantics play a role which is somewhat analogous to that of truth values in truthconditional semantics.

4. Aggregation of the partial test scores t_1, . . . ,t_m into a smaller number of test scores t h 1, . . . ,t h k, represented as an overall vector test score t,

t = (t h 1, . . . ,t h k) . (3.1) In most cases k = 1, so that the overall test score is a scalar. The overall test score serves as a measure of the compatibility of p with the explanatory database, ED. Equivalently, t may be interpreted as the truth of p given ED or, equivalently, as the possibility of ED given p. What is important to note is that the meaning of p is represented not by the overall test score t, but by the test procedure which computes t for any given ED.

As a simple illustration of the concept of a test procedure, consider the proposition p =D Joan is youngand attractive. The EDF in this case will be assumed to consist of the following relations: EDF =DPOPULATION[Name; Age; mAttractive] + YOUNG[Age; m] , (3.2) in which + should be read as "and."

The relation labeled POPULATION consists of a collection of triples whose first element is the name of an individual; whose second element is the age of that individual; and whose third element is the degree to which the individual in question is attractive. The relation YOUNGis a collection of pairs whose first element is a value of the variable Ageand whose second element is the degree to which that value of Age satisfies the elastic constraint characterized by the fuzzy predicate young. In effect, this

- 6 -

relation serves to calibrate the meaning of the fuzzy predicate young in a particular context by representing its denotation as a fuzzy subset, YOUNG, of the interval [0,100].

With this EDF, the test procedure which computes the overall test score may be described as follows:

1. Determine the age of Joan by reading the value of Age in POPULATION, with the variable Namebound to Joan. In symbols, this may be expressed as Age (Joan) =_{Age} POPULATION[Name = Joan] . (3.3) In this expression, we use the notation_YR[X = a] to signify that Xis bound to a in R and the resulting relation is projected on Y, yielding the values of Y in the tuples in which X = a (Zadeh, 1978b).

2. Test the elastic constraint induced by the fuzzy predicate young: t_1 =_m YOUNG[Age = Age(Joan)] . (3.4) 3. Determine the degree to which Joan is attractive: t_2 =_{mAttractive} POPULATION[Name = Joan] . (3.5) 4. Compute the overall test score by aggregating the partial test scores t_1 and t_2. For this purpose, we shall use the min operator andsign as the aggregation operator, yielding t = t_1 andsign t_1 , (3.6) which signifies that the overall test score is taken to be the smaller of the operands of andsign. The overall test score, as expressed by (3.6), represents the compatibility of p =D Joan is young and attractive with the data resident in the explanatory database.

Remark. In the example under consideration, Joan has two attributes -- Youthand Attractiveness -- of which Youthis measurable in objective terms via Agewhile Attractiveness is subjective in nature. For this reason, the degree of attractiveness in the relation POPULATION is tabulated directly rather than through a measurable attribute. In so doing, we are implicitly taking advantage of the human ability to assign a (possibly fuzzy) grade of membership in a class without a conscious employment of quantitative criteria to arrive at its value.

As an additional illustration which relates to a semantic entity other than a proposition, assume that s is a second-order fuzzy predicate, namely, s =Dmany large balls . (3.7) In this case, we shall employ the following EDF:

EDF =DPOPULATION[Identifier; Size] + (3.8)

- 7 -

LARGE[Size; m] + MANY[Number; m] .

In this EDF, POPULATIONis a collection of pairs in which the first element is a label which identifies a ball, i.e., an identifier, while the second element is the size of that ball; LARGEis a relation which calibrates the meaning of the fuzzy predicate large; and MANYis a relation which calibrates the fuzzy number many by associating with each numerical value of the variable Number the degree to which that value fits the intended meaning of many.

1. Assume that POPULATIONconsists of a collection of n balls, b_1, . . . ,b_n, of various sizes.

Determine the size of each ball:

Size(b_i) =_{Size} POPULATION[Identifier = b_i] , i = 1, . . . ,n . (3.9)

2. For each ball, test the constraint induced by large: t_i =_m LARGE[Size = Size(b_i)] , i = 1, . . . ,n . (3.10)

3. Count the number of large balls by adding the t_i:^2 SCount (LARGE.BALL) = S_it_i . (3.11)

4. Test the constraint induced by many: t =_mMANY[Number = SCount (LARGE.BALL)] , (3.12) which represents the overall test score yielded by the test procedure.

The intent of these simple examples is to provide an idea of how the meaning of a semantic entity, s , may be represented by a test procedure which associates with each instance of an explanatory database, ED, the degree to which that ED is compatible with s . In the examples which we considered, the degree of compatibility is a single number. More generally, however, and particularly in the case of a proposition which is associated with presuppositions, the degree of compatibility may be vector-valued.

4. Aggregation and Composition

In test-score semantics, the manner in which the partial test scores are aggregated is left to the discretion of the constructor of the test procedure. It is helpful, however, to have a collection of standardized rules for dealing with the aggregation and combination of elastic constraints which are associated with conjunction, disjunction, implication, quantification and modification. These standardized rules should be regarded as default rules, that is, rules to be used when the context does not require specialpurpose rules which may provide a better fit to the intended mode of aggregation. The basic standardized rules^3 in test-score semantics may be summarized as follows.

- 8 -

Modification rules

If the test score for an elastic constraint C in a specified context is t, then in the same context: (a) the test score for not C is 1 - t (negation) (4.1) (b) the test score for very C is t^2 (intensification) (4.2) (c) the test score for more or less C is t^{1/2} . (diffusion) (4.3)

Composition rules

If the test scores for elastic constraints C_1 and C_2 in a specified context are t_1 and t_2, respectively, then in the same context: (a) the test score for C_1 and C_2 is t_1 andsign t_2 (conjunction) (4.4) (b) the test score for C_1 or C_2 is t_1 orsign t_2 (disjunction) (4.5) (c) the test score for if C_1 then C_2 is 1 andsign (1- t_1 +t_2) , (implication) (4.6) where andsign =Dmin and orsign =Dmax.

Quantification rules

These rules apply to semantic entities which contain fuzzy quantifiers, e.g., several tall men, a few successes, it rained often, many more cats than dogs, most Frenchmen are not very tall, etc. In such semantic entities, a fuzzy quantifier serves to provide a fuzzy characterization of an absolute or relative count of elements in one or more fuzzy sets.

Since membership in a fuzzy set is a matter of degree, it is not obvious how the count of elements in a fuzzy set may be defined. Among the various ways in which this can be done, the simplest is to employ the concept of the power (DeLuca and Termini, 1970) or, equivalently, the sigma-count of a fuzzy set (Zadeh 1975, 1983), which is defined as the arithmetic sum of the grades of membership.^4 More specifically, assume that F is a fuzzy subset of a finite universe of discourse U = {u_1, . . . ,u_n} which comprises the objects u_1, . . . ,u_n. For convenience, F may be represented symbolically as the linear form F = m_1 /u_1 + m_2 /u_2 +...+m_n /u_n , (4.7) in which the term m_i /u_i ,i = 1, . . . ,n, signifies that m_i, 0£ m_i £ 1, is the grade of membership of u_i in F, and the plus sign should be read as "and."

The sigma-count of F, denoted as SCount(F), is defined as the arithmetic sum SCount(F) =DS_im_i , i = 1, . . . ,n , (4.8) with the understanding that the sum may be rounded if necessary to the nearest integer. Furthermore, one

- 9 -

may stipulate that terms with grades of membership below a specified threshold be excluded from the summation in order to keep a large number of terms with low grades of membership from becoming count-equivalent to a small number of terms with high grades of membership.

In the case of a pair of fuzzy sets, (F, G), the relative sigma-count, denoted by SCount(F /G), may be interpreted as the proportion of elements of F which are in G. More explicitly, SCount(F /G) = SCount(G)

SCount(F ˙ G) hhhhhhhhhhhhhh , (4.9)

where F ˙ G, the intersection of F and G, is defined by m_F˙_G(u) = m_F(u) andsign m_G(u) , u member U . (4.10) Thus, in terms of the membership functions of F and G, the relative sigma-count of F and G may be expressed as SCount(F /G) = S_im_G(u_i)

S_im_F(u_i) andsign m_G(u_i) hhhhhhhhhhhhhhhhhhhhh . (4.11)

The concept of a relative sigma-count provides a basis for computing the test score for the elastic constraint induced by the proposition p =DQ A¢s are B¢s , (4.12) where A and B are fuzzy sets -- or, equivalently, fuzzy predicates -- and Q is a fuzzy quantifier such as most,many,almost all, few, etc. More specifically, if m_Q is the membership function of Q, then p t = m_Q (SCount(B/A)) , (4.13) where t is the compatibility of p with an explanatory database whose constituents are the fuzzy relations A, Band Q, and the arrow should be read as "induces" or "translates into."

As an illustration of the rules discussed above, consider the proposition p =DMost Frenchmen are neither very tall nor very fat. (4.14) The EDF in this case will be assumed to have the following relations as constituents:

EDF =DPOPULATION.FRENCHMEN[Name; Weight; Height] + FAT[Weight; Height; m] + TALL[Height; m] + MOST[Proportion ; m] .

In this EDF, the first relation is a listing of a representative group of Frenchmen, with Weightand Height being the attributes of Name; the second relation serves to calibrate the fuzzy predicate fat as a function

- 10 -

of Weightand Height; the third relation calibrates the fuzzy predicate tall; and the last relation calibrates the fuzzy quantifier most as a function of Proportion. Correspondingly, the test procedure with computes the overall test score and thus represents the meaning of p assumes the following form:

1. Let Name_i be the name of ith Frenchman in POPULATION. For each Name_i , i = 1, . . . ,m, find the weight and height of Name_i: Weight(Name_i) =_{Weight} POPULATION[Name = Name_i] . (4.15) Height (Name_i) =_{Height} POPULATION[Name = Name_i] . (4.16) 2. For each Name_i, compute the test scores for the constraints induced by fat and tall:

a_i =_mFAT[Weight = Weight(Name_i) ; (4.17) Height = Height(Name_i)] b_i =_mTALL[Height = Height(Name_i)] . (4.18) 3. Intensify the constraints induced by fat and tall to account for the modifier very. Using (4.2), the corresponding test scores may be expressed as:

a_i^* = a_i^2 , i = 1, . . . ,m (4.19) b_i^* = b_i^2 , (4.20) 4. Modify the constraints induced by veryfat and verytall to account for the negation not:

a_i¢= 1- a_i^* = 1- a_i^2 (4.21) b_i¢= 1- b_i^* = 1- b_i^2 . (4.22) 5. For each Name_i, aggregate conjunctively the test scores for the constraints induced by not very fat and not verytall: t_i = (1- a_i^2) andsign (1- b_i^2) , i = 1, . . . ,m . (4.23) The resulting test score represents the degree to which Name_i is not veryfat and not verytall.

6. By using the relative sigma-count, compute the proportion of Frenchmen who are not very fat and not verytall: r = m 1hhS_it_i (4.24)

= m 1hhS_i(1- a_{i2}) andsign (1- b_{i2}) .

7. Compute the test score for the constraint induced by most:

- 11 -

t =_mMOST[Proportion = r ] . (4.25) This test score is the desired overall test score for the proposition under consideration, and the test procedure which computes t represents the meaning of p.

5. Vector test scores

In the examples considered so far, the overall test score is a scalar. In the case of the following example (Zadeh, 1981): p =DBy far the richest man in France is bald ,^5 (5.1) the overall test score assumes the form of an ordered pair, t =D(t_0 , t_p) , in which t_0 is the test score associated with the fuzzy presupposition p^* =DThere existsby far the richest man in France , (5.2) and t_p is the degree to which the by far the richest man in France is bald. The presupposition expressed by (5.2) is fuzzy by virtue of the fuzziness of the predicate by far the richest man in France. What this implies is that the existence of byfar the richest man in France is a matter of degree.

To represent the meaning of p (5.1), we choose the following EDF:

EDF =DPOPULATION[Name; Wealth;mBald] + (5.3) BY.FAR.RICHEST[Wealth1; Wealth2;m] .

In the first relation in (5.3), Wealth is interpreted as the net worth of Name and mBald is the degree to which Name is bald. In the second relation, Wealth1 is the wealth of the richest man, Wealth2 is the wealth of the second richest man, and mis the degree to which Wealth1 and Wealth2 qualify the richest man in France (who is assumed to be unique) to be regarded as by far the richest man in France.

To compute the compatibility of p with the explanatory database, perform the following test. 1. Sort POPULATION in descending order of Wealth. Denote the result by POPULATION fl and let Name_i be the ith name in POPULATION fl.

2. Determine the degree to which the richest man in France is bald: t_p =_{mBald}POPULATIONfl[Name = Name_1] . (5.4) 3. Determine the wealth of the richest and second richest men in France:

w_1 =_{Wealth}POPULATIONfl[Name = Name_1] w_2 =_{Wealth}POPULATIONfl[Name = Name_2] .

- 12 -

4. Determine the degree to which the richest man in France is by far the richest man in France: t_o =_mBY.FAR.RICHEST[Wealth1 = w_{1;} Wealth2 = w_2] . (5.5) 5. The overall test score is taken to be the ordered pair t = (t_o , t_p) . (5.6) Thus, instead of aggregating t_1 and t_2 into a single test score, we maintain their separate identities in the overall test score. We do this because the aggregated test score t = t_o andsign t_p would be creating a misleading impression when t_o is small, that is, when the test score for the constraint on the existence of byfar the richest man in France is low.

More generally, the need for a vector test score arises when the degree of summarization which is implicit in a scalar test score may be excessive in relation to the purpose of meaning-representation in a particular context. As an illustration, consider the proposition p =DBerkeley has a temperate climate , (5.7) and suppose that the intended meaning of p is represented by the following three propositions: p_1 =DThe average temperature in Berkeley is around 70�. p_2 =DThe fraction of hot days is small . p_3 =DThe fraction of cold days is small .

The EDF for p will be assumed to be the union of the EDF’s for p_1, p_2 and p_3, which are:

EDF_1 =DAROUND[T_1 ; T_2 ; m] . EDF_2 =DHOT[T; m] + SMALL[Proportion ; m] . EDF_3 =DCOLD[T; m] + SMALL[Proportion ; m] .

In AROUND, mis the degree to which a temperature, T_1, is around T_2; in HOT, mis the degree to which T is hot; in COLD, mis the degree to which T is cold; and in SMALL, mis the degree to which Proportion is small. Note that all of these relations serve to calibrate the meanings of the predicates which they represent.

Now suppose that the overall test scores for p_1, p_2 and p_3 are t_1, t_2 and t_3, respectively. We can compute the overall test score by aggregating these test scores, yielding t = t_1 andsign t_2 andsign t_3 . (5.8) On the other hand, for some purposes, the single test score represented by (5.8) might be insufficiently

- 13 -

informative. Then, a vector test score represented by the triple t = (t_1 , t_2 , t_3) (5.9) might be more appropriate.

6. Representation of the Meaning of Dispositions

A concept which plays an important role in natural languages is that of a disposition. Informally, a disposition is a proposition which is preponderantly, but not necessarily always, true. For example, snow is white is a disposition, as are the propositions trees are green, small cars are unsafe, John is always drunk, overeating causes obesity, etc. Technically, a disposition may be defined as a proposition with implicit fuzzy quantifiers (Zadeh, 1983bc). This definition is a dispositional definition in the sense that it, too, is a disposition. It should be noted that what is usually called commonsense knowledge may be viewed as a collection of dispositions (Zadeh, 1983d).

Usually, a disposition may be derived from a dispositional proposition by a suppression of one or more fuzzy quantifiers. For example, by suppressing the fuzzy temporal quantifier usually in the dispositional proposition dp =DUsually snow is white , (6.1) we obtain the disposition d =DSnow is white . (6.2) Similarly, by suppressing the fuzzy quantifier mostof in the dispositional proposition dp =DMost of those who overeat are obese , (6.3) we arrive at the disposition d =DThose who overeat are obese , (6.4) which, in an associational sense of causality (Suppes, 1970) may be expressed as d =DOvereating causes obesity . (6.5) As a further illustration, by suppressing the fuzzy quantifiers most and mostlyin the dispositional proposition dp =DMost young men like mostly young women , (6.6) we obtain the disposition d =DYoungmen like young women . (6.7)

- 14 -

Frequently, a proposition with nonfuzzy quantifiers is intended to be understood as a dispositional proposition. For example, p =DJohn is always drunk , (6.8) would usually be understood as dp =DJohn is frequently drunk , (6.9) in which the fuzzy temporal quantifier frequently conveys the intended meaning of always. (Note, however, that the fuzzy quantifier frequently in (6.9) cannot be suppressed without distorting the intended meaning of p.) The replacement of a nonfuzzy quantifier with a fuzzy quantifier is an instance of fuzzification.

More generally, the transformation of a proposition with implicit fuzzy quantifiers into one in which the fuzzy quantifiers are explicit may be viewed as an instance of explicitation. The process of explicitation constitutes the first step in representing the meaning of a disposition.

In general, explicitation is an interpretation-dependent process in the sense that the restoration of suppressed fuzzy quantifiers and/or the fuzzification of nonfuzzy quantifiers depends on the intended meaning of the disposition. As an illustration, consider the disposition d =DOvereating causes obesity . (6.10) The intended meaning of this disposition may be conveyed by the restored dispositional proposition dp =DMost of those who overeat are obese . (6.11) On the other hand, the intended meaning of the disposition d =DHeavy smoking causes lung cancer , (6.12) which is similiar in form to (6.10), may be conveyed by the dispositional proposition dp =DThe proportion of cases of lung cancer among

heavy smokers is much higher than among nonsmokers. Similarly, d =DYoungmen like young women (6.13) has a number of different inerpretations, among them: (a) dp =D Most young men like most young women , (6.14) and, what appears to be much more reasonable: (b) dp =D Most young men like mostly young women . (6.15)

- 15 -

At a later point in this section, we shall use (6.15) to illustrate the representation of the meaning of a disposition through the use of test-score semantics.

The concept of a dispositional proposition opens the door to the construction of a number of other concepts with a dispositional flavor, e.g., dispositional predicate, dispositional containment (in the sense of set inclusion), dispositional command, dispositional preference relation, etc. For example, smokesin Virginia smokescigarettes; like in Youngmen like young women; like in Frenchmen are like Spaniards; loves in Ann loves men are dispositional predicates. Keep under refrigeration, Avoid overeating, Stay away from bald men are dispositional commands; and Gentlemen prefer blondes, Mikeis a better tennis player than Claudine, Tokyois much safer than New York, are examples of dispositional preference or ordering relations.

As an illustration of how the meaning of a dispositional predicate may be defined, consider the proposition d =DVirginia smokes cigarettes , (6.16) which is a disposition by virtue of containing the dispositional predicate smokes.

Asume that the intended meaning of d is conveyed by the proposition p =DOn the average Virginia smokes at least a few cigarettes a day , (6.17) in which smokes is used in its literal (nondispositional) sense. At this point, we can employ test-score semantics to represent the meaning of p. Specifically, let the following relations be the constituents of EDF: EDF =D RECORD[Day; Number] + (6.18) FEW[Number; m] , in which RECORDis a daily record of the number of cigarettes smoked by Virginia during a representative period, say a month; and FEW is a fuzzy relation which calibrates the meaning of the fuzzy number few.

The steps in the test procedure which represents the meaning of p may be described as follows: 1. Let Day_i denote the ith day in RECORD, i = 1, . . . ,30. Determine the number of cigarettes smoked by Virginia on Day_i: Number(Day_i) =_{Number}RECORD[Day = Day_i] . (6.19)

2. Compute the average number of cigarettes smoked by Virginia during the period under consideration: r = 30 1hhhS_iNumber(Day_i) . (6.20)

- 16 -

3. Test the constraint induced by the fuzzy quantifier at least a few: t =_m‡ FEW[Number = r ] , (6.21) in which ‡ FEWrepresents the relation at least a few, and t is the overall test score. The ability to represent the meaning of a dispositional predicate is of use in representing the meaning of complex dispositions. This aspect of the representation of the meaning of dispositions is illustrated by the following example (Zadeh, 1983b): d =DYoungmen like young women , (6.22) which will be interpreted as the proposition p =DMost young men like mostly young women . (6.23) Now, in d the predicate D =Dlikes young women may be viewed as a dispositional predicate, so that (6.23) may be rewritten as p =DMost young men are D . (6.24) In this way, representation of the meaning of d (6.22) may be accomplished in two steps: first, we construct a test procedure to represent the meaning of D, and second, a test procedure is constructed to represent the meaning of p (6.24).

We shall assume that the EDF for p consists of the following relations: EDF =DPOPULATION[Name; Age; Sex] + (6.25) LIKE[Name1; Name2; m] + YOUNG[Age; m] + MUCH.HIGHER[Proportion 1; Proportion 2; m] + MOST[Proportion ; m] .

In LIKE, m is the degree to which Name1 likes Name2; and in MUCH.HIGHER, m is the degree to which Proportion1 is much higher than Proportion2.

The meaning of D may be represented by the following test procedure: 1. Divide POPULATIONinto the population of males, M.POPULATION, and population of females, F.POPULATION:

M.POPULATION=_{Name, Age}POPULATION[Sex = Male] (6.26) F.POPULATION =_{Name, Age}POPULATION[Sex = Female ] ,

- 17 -

where_{Name, Age} POPULATIONdenotes the projection of POPULATIONon the attributes Nameand Age.

2. For each Name_j ,j = 1, . . . ,K, in F.POPULATION, find the age of Name_j: A_j =_{Age} F.POPULATION[Name = Name_j] . (6.27) 3. For each Name_j , find the degree to which Name_j is young: a_i =_m YOUNG[Age = A_j] , (6.28) where a_i may be interpreted as the grade of membership of Name_j in the fuzzy set, YW, of young women.

4. For each Name_i ,i = 1, . . . ,L, in M.POPULATION, find the age of Name_i: B_i =_{Age} M.POPULATION[Name = Name_i] . (6.29) 5. For each Name_i, find the degree to which Name_i is young: d_i =_m YOUNG[Age = B_i] , (6.30) where d_i may be interpreted as the grade of membership of Name_i in the fuzzy set, YM, of young men.

6. For each Name_j, find the degree to which Name_i likes Name_j : b_{ij} =_m LIKE[Name1= Name_i ;Name2= Name_j] , (6.31) with the understanding that b_{ij} may be interpreted as the grade of membership of Name_j in the fuzzy set, WL_i, of women whom Name_i likes.

7. For each Name_j, find the degree to which Name_i likes Name_j and Name_j is young: g_{ij} = a_j andsign b_{ij} . (6.32) Note: As in previous examples, we employ the aggregation operator min (andsign) to represent the meaning of conjunction. In effect, g_{ij} is the grade of membership of Name_j in the intersection of the fuzzy sets WL_i and YW.

8. Compute the relative sigma-count of young women among the women whom Name_i likes:

r_i = SCount(YW/WL_i) (6.33) = SCount(WL_i)

SCount(YW˙ WL_i) hhhhhhhhhhhhhhhhhh

= S_j b_{ij}

S_j g_{ij} hhhhh

- 18 -

= S_j b_{ij}

S_j a_j andsign b_{ij} hhhhhhhhhhhhhhh .

9. Compute the relative sigma-count of (not young) women among the women whom Name_i likes:

g_i = S_j b_{ij}

S_j (1- a_j) andsign b_{ij} hhhhhhhhhhhhhhhhhhh . (6.34)

10. Compute the degree to which r_i and g_i satisfy the constraint induced by MUCH.HIGHER:

t_i =_m MUCH.HIGHER[Proportion1 = r_i ;Proportion2 = g_i] . (6.35) This test score represents the overall test score for the proposition "Name_i is D," and may be interpreted as the grade of membership of Name_i in the fuzzy set, D, of men who have property D.

We are now in a position to compute the overall test score for p. Thus, on continuing the test, we have

11. Compute the relative sigma-count of men who have property D among young men:

r = SCount(D/YM) (6.36) = SCount(YM)

SCount(D ˙ YM) hhhhhhhhhhhhhhhh

= S_i d_i

S_i t_i andsign d_i hhhhhhhhhhhhhh .

12. Test the constraint induced by MOST: t =_m MOST[Proportion = r ] . (6.37) The test score expressed by (6.37) represents the overall test score for the disposition d =DYoungmen like young women.

As the final example in this Section, we shall consider the dispositional command: c =DStay away frombald men . (6.38)

In general, to represent the meaning of a command, c, it is necessary to associate with c its compliance criterion, cc, which may then be viewed as the definition of c. In the case of c (6.28), the compliance criterion will be assumed to be represented by the proposition cc =DStaying away frommost bald men . (6.39)

- 19 -

To represent the meaning of cc (6.29), we shall employ the following EDF: EDF =DRECORD[Name; mBald; Action] + (6.40) MOST[Proportion ; m] .

In this EDF, the relation RECORDis the record of successive actions which constitute the execution of c over a representative period of time; mBald is the degree to which Name is bald; and Actionis a variable which takes the value 1 if Nameis stayed away from and 0 otherwise.

The steps in the test procedure are the following: 1. For each Name_i in RECORD, i = 1, . . . ,n, find (a) the degree to which Name_i is bald, and (b) the action taken:

(a) mBald (Name_i) =_mRECORD[Name = Name_i] (6.41) (b) Action(Name_i) =_{Action}RECORD[Name = Name_i] .

2. Using the relative sigma-count, find the proportion of cases in which the command is complied with: r = S_i mBald(Name_i)

S_i Action(Name_i)mBald(Name_i) hhhhhhhhhhhhhhhhhhhhhhhhhhh . (6.42)

3. Test the constraint induced by the fuzzy quantifier most: t =_mMOST[Proportion = r ] . (6.43) The computed value of t represents the degree of compliance over the period under consideration; and the test procedure which yields t represents the meaning of the dispositional command (6.38).

7. The Concept of a Canonical Form and its Application to the Representation of Meaning When the meaning of a proposition, p, is represented as a test procedure, it may be hard to discern in the description of the procedure the underlying structure of the process through which the meaning of p is constructed from the meanings of the composants of p.

A concept which makes it easier to perceive the logical structure of p and thus to develop a better understanding of the meaning representation process, is that of a canonical form of p, abbreviated as cf (p) (Zadeh, 1981).

The concept of a canonical form relates to the basic idea which underlies test-score semantics, namely, that any semantic entity -- and, in particular, a proposition -- may be viewed as a system of elastic constraints whose domain is a collection of relations in the explanatory database. Equivalently, let X_1, . . . ,X_n be a collection of variables which are constrained by p. Then, the

- 20 -

canonical form of p may be expressed as cf (p) =DX is F , (7.1) where X = (X_1, . . . ,X_n) is the constrained variable which is usually implicit in p, and F is a fuzzy relation, likewise implicit in p, which plays the role of an elastic (or fuzzy) constraint on X. The relation between p and its canonical form will be expressed as p X is F , (7.2) signifying that the canonical form may be viewed as a representation of the meaning of p.

In general, the constrained variable Xin cf(p) is not uniquely determined by p, and is dependent on the focus of attention in the meaning-representation process. To place this in evidence, we shall refer to Xas the focal variable.

As a simple illustration, consider the proposition p =DJanet has blue eyes . (7.3) In this case, the focal variable may be expressed as X =DColor (Eyes(Janet)) , and the elastic constraint is represented by the fuzzy relation BLUE. Thus, we can write p Color (Eyes(Janet)) is BLUE . (7.4) As an additional illustration, consider the proposition p =DDick is much taller than Nina. (7.5) Here, the focal variable has two components, X = (X_1, X_2), where

X_1 = Height (Dick) X_2 = Height (Nina) ;

and the elastic constraint is characterized by the fuzzy relation MUCH.TALLER [Height1; Height2; m], in which mis the degree to which Height1 is much taller than Height2. In this case, we have p (Height (Dick), Height (Nina)) is MUCH.TALLER. (7.6) To make the meaning of a canonical form more precise, it is necessary to introduce the concept of a possibility distribution (Zadeh, 1978a). Specifically, let X be an n-ary variable (X_1, . . . ,X_n) in which X_i, i = 1, . . . ,n, takes values in a universe of discourse U_i, implying that X takes values in U = U_1 · U_2 · . . . · U_n. Informally, the possibility distribution of X, expressed as P_X, is the fuzzy set of possible values of X, with the understanding that the possibility that X may

- 21 -

take a value u member U, written as Poss{X= u}, is a number in the interval [0,1].

In terms of the possibility distribution of X, the canonical form of p may be interpreted as the assignment of F to P_X. Thus, we may write p X is F P_X = F , (7.7) in which the equation P_X = F (7.8) is termed the possibility assignment equation (Zadeh 1978b). In effect, this equation signifies that the canonical form cf (p) =DX is F implies that Poss{X= u}= m_F(u) , u member U , (7.9) where m_F is the membership function of F. It is in this sense that F, acting as an elastic constraint on X, restricts the possible values which Xcan take in U. An important implication of this observation is that a proposition, p, may be interpreted as an implict assignment statement which characterizes the possibility distribution of the focal variable in p.

As an illustration, consider the disposition d =DOvereating causes obesity , (7.10) which upon restoration becomes p =DMost of those who overeat are obese . (7.11) If the focal variable in this case is chosen to be the relative sigma-count of those who are obese among those who overeat, the canonical form of p (7.11) becomes SCount (OBESE/OVEREAT) is MOST , (7.12) which in virtue of (7.9) implies that Poss{SCount (OBESE/OVEREAT) = u}= m_{MOST}(u) , (7.13) where m_{MOST} is the membership function of MOST. What is important to note is that (7.13) is equivalent to the assertion that the overall test score for p is expressed by t = m_{MOST}(SCount(OBESE/OVEREAT)) , (7.14) in which OBESE, OVEREATand MOSTplay the roles of composants of p.

It is of interest to observe that the notion of a semantic network may be viewed as a special case of the concept of a canonical form. As a simple illustration, consider the proposition p =DRon gave Shelley a red pin . (7.15) As a semantic network, this proposition may be represented in the standard form:

- 22 -

Agent(GIVE) = Ron (7.16) Recipient (GIVE) = Shelley Time(GIVE) = Past Object (GIVE) = Pin Color (Pin) = Red .

Now, if we identify X_1 with Agent(GIVE), X_2 with Recipient (GIVE), etc., the semantic network representation (7.16) may be regarded as a canonical form in which X = (X_1, . . . ,X_{5)}, and X_1 = Ron (7.17) X_2 = Shelley X_3 = Past X_4 = Pin X_5 = Red .

More generally, since any semantic network may be expressed as a collection of triples of the form (Object, Attribute, Attribute Value), it can be transformed at once into a canonical form. However, since a canonical form has a much greater expressive power than a semantic netowrk, it may be difficult to transform a canonical form into a semantic network. A simple example of a proposition for which this is true is

p =DOver the past several years the combined income of (7.18) Patricia ¢s close friends was about half a million dollars.

Concluding Remark

We have described some of the basic ideas underlying test-score semantics and illustrated its application to the representation of the meaning of propositions, predicates, dispositions and commands. These ideas are simple in nature and, with a little practice, it is easy to learn how to use test-score semantics to represent the meaning of almost any semantic entity through the construction of an explanatory database and a test procedure. What is much more difficult, however, is to write a program which could construct an explanatory database and a test procedure without human assistance. This is a longer range problem whose complete solution must await the development of a substantially better understanding of natural languages and knowledge representation than we have at this juncture.

- 23 -

Notes

1. It should be noted that a quantifier may be viewed as a second order predicate. 2. As will be seen presently, this mode of counting yields the so-called sigma-count of large balls. An alternative way of counting the number of large balls is described in Zadeh (1981).

3. Standardized rules for aggregation and combination may be likened to ready-made clothing. 4. A more detailed discussion of various types of counts may be found in Zadeh (1981, 1983a) and Dubois (1982). Note that the power or the sigma-count of a fuzzy set may be viewed as a special case of its measure (Zadeh, 1968).

5. This proposition is a fuzzy version of the familiar example "The King of France is bald," which is associated with the presupposition "There existsthe King of France."

- 24 -

REFERENCES AND RELEVANT PUBLICATIONS

1. Atlas, J.D., How linguistics matters to philosophy, presupposition, truth and meaning, in: Syntax and Semantics 11 Oh, C.K. and Dinneen,D. (eds.). New York: Academic Press, 1979, 265-281.

2. Ballmer, T.T., and Pinkal, M. (eds.), Approaching Vagueness. Amsterdam: North-Holland, 1983.

3. Bartsch, R. and Vennemann, T., SemanticStructures. Frankfurt: Attenaum Verlag, 1972. 4. Barwise, J. and Cooper, R., Generalized quantifiers and natural language, Linguistics and Philosophy4 (1981) 159-219.

5. Barwise, J., and Perry, J., Situations and Attitudes. Cambridge: MIT Press, 1983. 6. Bergmann, M., Presupposition and two-dimensional logic, J. of Philos. Logic 10 (1981) 27- 53. 7. Black, M., Reasoning with loose concepts, Dialogue 2 (1963) 1-12. 8. Bosch, P., Vagueness, ambiguity and all the rest, in: Sprachstruktur, Individuum und Gesselschaft, Van de Velde, M., and Vandeweghe, W. (eds.). Tubingen: Niemeyer, 1978.

9. Bosch, P., The role of propositions in natural langauge semantics, in: Proceedings of the 6th Intern. Wiggenstein Symposiumon Ontology and Language, Leinfellner, W. et al (eds.), Kirchberg, 1982.

10. Carnap, R., Meaning and Necessity. Chicago: University of Chicago Press, 1952. 11. Chomsky, N., Rulesand Representations. New York: Columbia University Press, 1980. 12. Cooper, W.S., Logical Linguistics. Dordrecht: Reidel, 1978. 13. Cresswell, M.J., Logic and Languages. London: Methuen, 1973. 14. Cushing, S., Quantifier Meanings - A Study in the Dimensions of Semantic Competence.

Amsterdam: North-Holland, 1982. 15. Davidson, D., and Gilbert, N., Semanticsof Natural Language. Dordrecht: Reidel, 1972. 16. DeLuca, A., and Termini, S., A definition of non-probabilistic entropy in the setting of fuzzy sets theory, Information and Control 20 (1972) 301-312.

17. Dubois, D., and Prade, H., Fuzzy Sets and Systems: Theory and Applications. New York:

Academic Press, 1980. 18. Dubois, D., Proprietes de la cardinalite floue d’un ensemble flou fini, BUSEFAL8 (1981) 11- 12.

- 25 -

19. Etchemendy, J., Tarski, Model Theory and Logical Truth. Ph.D. Dissertation, Stanford University, Stanford, CA, 1982.

20. Fine, K., Vagueness, truth and logic, Synthese30 (1975) 265-300. 21. Gallin, D., Intensional and Higher-Order Modal Logic. Amsterdam: North-Holland, 1975. 22. Gazdar, G., Pragmatics: Implicature, Presupposition, and Logical Form. New York:

Academic Press, 1979. 23. Goguen, J.A., The logic of inexact concepts, Synthese19 (1969) 325-373 . 24. Groenendijk, J., Janssen, T. and Stokhoff, M. (eds.), Formal Methods in the Study of Language. Mathematical Centre: Amsterdam, 1981.

25. Grosz, B.J., Focusing and description in natural language dialogues. Tech. Note, AI Center, SRI International, Menlo Park, CA, 1979.

26. Haack, S., Philosophy of Logics. Cambridge: Cambridge University Press, 1978. 27. Halvorson, P.K., An interpretation procedure for functional structures. Cognitive Science Center, MIT, Cambridge, MA, 1981.

28. Hausser, R.R., A constructive approach to intensional contexts, Langauge Research 18 (1982) 337-372.

29. Herzberger, H.G., Dimensions of truth, J. of Philos. Logic 2 (1973) 535-556. 30. Hintikka, J.K., Logic, Language-Games, and Information: Kantian Themesin the Philosophy of Logic. Oxford: Oxford University Press, 1973.

31. Hintikka, J., Game-theoretical semantics: insights and prospects, Notre Dame Journal of Formal Logic 23 (1982) 219-241.

32. Hobbs, J.R., Making computational sense of Montague’s intensional logic, Artifical Intellgience 9 (1978) 287-306.

33. Janssen, T., Compositionality and the form of rules in Montague grammar, in: Proceedings of the Second AmsterdamSymposiumon Montague Grammar and Related Topics, Groenendijk, J., and Stokhoff, M. (eds.), 1978.

34. Janssen, T., Relative Clause Constructions in Montague Grammar and Compositional Semantics, in: Formal Methods in the Studyof Language Groenendijk, J., Janssen, T., and Stokhoff, M. (eds.), Mathematical Centre, Amsterdam, 1981.

35. Johnson-Laird, P.N., Procedural Semantics, Cognition 5 (1977) 189-214. 36. Kamp, H., A theory of truth and semantic representation, in: Formal Methods in the Study of Language, Groenendijk, J.A. et al, (eds.), Mathematical Centre, Amsterdam, Tract 135, 1981.

- 26 -

37. Keenan, E., (ed.), Formal Semantics of Natural Language. Cambridge: Cambridge University Press, 1975.

38. Keenan, E., and Fultz, L., Logical types for natural languages, UCLAOccasional Papers in Linguistics 3, 1978.

39. Khatchadourian, H., Vagueness, meaning and absurdity, Amer. Phil. Quarterly 2 (1965) 119- 129.

40. Kindt, W., Vagueness as a topological problem, Ballmer, T., and Pinkal, M., (eds.), Approaching Vagueness. Amsterdam: North-Holland, 1982.

41. Klement, E.P., An axiomatic theory of operations on fuzzy sets, Institut fur Mathematik, Johannes Kepler Universitat Linz, Institutsbericht 159, 1981.

42. Lakoff, G., Hedges: A study in meaning criteria and the logic of fuzzy concepts, J. Phil.

Logic 2 (1973) 458-508. Also in: Contemporary Research in Philosophical Logic and Linguistic Semantics, Jockney, D., Harper, W., and Freed, B., (eds.). Dordrecht: Reidel, 221- 271, 1973.

43. Lambert, K., and van Fraassen, B.C., Meaning relations, possible objects and possible worlds, Philosophical Problems in Logic (1970) 1-19.

44. Landman, F., and Meerdijk, I., Compositionality and the analysis of anaphora, Lingusitics and Philosphy 6 (1983) 89-114.

45. Lewis, D., General semantics, Synthese22 (1970) 18-67. 46. Main, M.G., and Benson, D.B., Denotational semantics for "natural" langauge questionanswering programs, Amer.Journ. of Computational Linguistics 9 (1983) 11-21.

47. Mamdani, E.H. and Gaines, B.R., (eds.), Fuzzy Reasoning and its Applications. London:

Academic Press, 1981. 48. McCarthy, J., Circumscription: A non-monotonic inference rule, Artificial Intelligence 13 (1980) 27-40.

49. McCawley, J.D., Everything that Linguists have AlwaysWanted to Know about Logic. Chicago: University of Chicago Press, 1981.

50. Miller, G.A. and Johnson-Laird, P.N., Language and Perception. Cambridge: Harvard University Press, 1976.

51. Montague, R., Formal Philosophy, in: Selected Papers Thomason, R., (ed.). New Haven:

Yale University Press, 1974. 52. Moore, R.C., The role of logic in knowledge representation and commonsense reasoning, Proceedings of the National Conference on Artificial Intelligence 428-433, 1982.

- 27 -

53. Morgenstern, C.F., The measure quantifier, Journal of SymbolicLogic 44 (1979) 103-108. 54. Osherson, D.N., and Smith, E.E., Gradedness and conceptual combination, Cognition 12 (1982) 299-318.

55. Partee, B., Montague Grammar. New York: Academic Press, 1976. 56. Peterson, P., On the logic of few, many and most, Notre Dame J. of Formal Logic 20 (1979) 155-179.

57. Peterson, P.L., Philosophy of Language, Social Research 47 (1980) 749-774. 58. Rescher, N., P lausible Reasoning. Amsterdam: Van Gorcum, 1976. 59. Sag, I., Deletion and Logical Form, Ph.D. Dissertation, MIT, Cambridge, 1976. 60. Sager, N., Natural Langauge Information Processing, Reading: Addison-Wesley, 1981. 61. Sandewall, E.J., Representing natural language information in predicate calculus, in: Machine Intelligence 6, Meltzer, B., and Michie, D., (eds.). New York: American Elsevier, 255-277, 1971.

62. Schank, R.C., Conceptual Information Processing. Amsterdam: North-Holland, 1975. 63. Scheffler, I., A Philosophical Inquiry into Ambiguity,Vagueness and Metaphor in Language.

London: Routledge & Kegan Paul, 1981. 64. Schubert, L.K., Goebel, R.G., and Cercone, N., The structure and organization of a semantic net for comprehension and inference, in: Associative Networks, Findler, N.V., (ed.). New York: Academic Press, 122-178, 1979.

65. Schubert, L.K., and Pelletier, F.J., >From English to logic: context-free computation of "conventional" logical translations, Amer.Jour. of Computational Lingusitics 8 (1982) 26-44.

66. Searle, J. (ed.), ThePhilosophy of Language. Oxford: Oxford University Press, 1971. 67. Simmons, R.F., Computatons fromthe English. Englewood Cliffs: Prentice-Hall, 1983. 68. Staal, J.F., Formal logic and natural langauges, Foundations of Language 5 (1969) 256-284. 69. Stitch, S.P., Logical form and natural language, Phil. Studies 28 (1975) 397-418. 70. Suppes, P., AProbabilistic Theoryof Causality. Amsterdam: North-Holland, 1970. 71. Tarski, A., Logic, Semantics,Metamathematics. Oxford: Clarendon Press, 1956. 72. van Fraassen, B.C., Formal Semanticsand Logic. New York: Macmillan, 1971. 73. Wahlster, W., Hahn, W.V., Hoeppner, W., and Jameson, A., The anatomy of the natural language dialog system HAM-RPM, in: Natural Langauge Computer Systems, Bolc, L., (ed.). Munchen: Hanser/Macmillan, 1980.

- 28 -

74. Wilks, Y., Philosphy of language, in: Computational Linguistics, Charniak, E., and Wilks, Y., (eds.). Amsterdam: North Holland, 205-233, 1976.

75. Winograd, T., Towards a procedural understanding of semantics, SAILMemoAIM-292. Stanford University, Stanford, CA, 1976.

76. Woods, W.A., Procedural Semantics for a Question-Answering Machine, Proceedings of AFIP, Washington, 457-471, 1968.

77. Yager, R.R., Quantified propositions in a linguistic logic, in: P roceedings of the 2nd International Seminar on Fuzzy Set Theory, Klement, E.P., (ed.). Johannes Kepler University, Linz, Austria, 1980.

78. Yager, R.R., Some procedures for selecting fuzzy-set-theoretic operators, Inter. Jour. of General Systems8 (1982) 115-124.

79. Zadeh, L.A., Probability measures of fuzzy events, Jour. Math. Anal. and Applications 23 (1968) 421-427.

80. Zadeh, L.A., Quantitative fuzzy semantics, Inf.Sci.3 (1971) 159-176. 81. Zadeh, L.A., A fuzzy-set-theoretic interpretation of linguistic hedges, Jour. of Cybernetics 2 (1972) 4-34.

82. Zadeh, L.A., Fuzzy languages and their relation to human and machine intelligence, Proc. of Intl. Conf. on Man and Computer, Bordeau, France, S. Karger, Basel, 130-165, 1972.

83. Zadeh, L.A., The concept of a linguistic variable and its application to approximate reasoning, Information Sciences8 and 9 (1975), 199-249, 301-357, 43-80.

84. Zadeh, L.A., Fuzzy sets as a basis for a theory of possibility, Fuzzy Sets and Systems 1 (1978a), 3-28.

85. Zadeh, L.A., PRUF -- a meaning representation language for natural languages, Int. J. Man- Machine Studies 10 (1978b) 395-460.

86. Zadeh, L.A., Test-score semantics for natural languages and meaning-representation via PRUF, Tech.Note247, AICenter, SRIInternational, Menlo Park, CA, 1981. Also in: Empirical Semantics, Rieger, B.B., (ed.). Bochum: Brockmeyer, 281-349, 1981.

87. Zadeh, L.A., Precisiation of meaning via tranlation into PRUF, in: Cognitive Constraints on Communication, Representations and Processes, Vaina, L., and Hinikka, J., (eds.). Dordrecht: Reidel, 1984.

88. Zadeh, L.A., Possibility theory as a basis for meaning representation, in: Proc. of the Sixth WittgensteinSymposium, Leinfellner, W., et al, (eds.), Kirchberg, 253-261, 1982.

- 29 -

89. Zadeh, L.A., A Computational Approach to Fuzzy Quantifiers in Natural Languages, Computers and Mathematics 9 (1983a) 149-184.

90. Zadeh, L.A., Linguistic variables, approximate reasoning and dispositions, Medical Informatics 8 (1983b) 173-186.

91. Zadeh, L.A., A fuzzy-set-theoretic approach to the compositionality of meaning: propositions, dispositions and canonical forms, ERL Memorandum No. M83/24, 1983c. To appear in the Journal of Semantics, 1983.

92. Zadeh, L.A., A theory of commonsense knowledge, ERL Memorandum No. M83/26, 1983d.

To appear in Issues of Vagueness, Skala, H.J., (ed.). Reidel: Dordrecht, 1984. 93. Zimmer, A., Some experiments concerning the fuzzy meaning of logical quantifiers, in: General Surveysof SystemsMethodology, Troncoli, L, (ed.). Louisville: Society for General Systems Research, 435-441, 1982.

94. Zimmermann, H.-J. and Zysno, P., Latent connectives in human decision making, Fuzzy Sets and Systems4 (1980) 37-52.