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Abstract

In this paper we try to combine experiences gained in the Machine Trandation
project FAsT with research concerning the default extension of the terminolog-
ical representation system BACK. We analyze various types of ambiguities that
are problematic for trandation and show that disambiguation is possible on the
basis of default assumptions. Some of these defaultsform preferencerule systems,
while others are merely an el egant way of modeling exceptions. We show how the
ideas underlying the #4<=7 implementation can be reformulated in a declarative
framework by using terminological logics.

We present an approach towards disambiguation whichwecall interpretation as
exception minimization. The basic ideaisto compare the possible interpretations
with respect to the defaults (preference rules) they violate. Given a relevance
ordering between multisets of defaults, we chose the interpretation yielding the
minimal number of exceptions with respect to this ordering as the preferred one.
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2 1 INTRODUCTION

1 Introduction

Ambiguity isan essential feature of natural language (NL) utterances. though each
utterance is normally quite unambiguous in its utterance situation, abstraction
from this situation makes the utterance and its constituents highly ambiguous. In
natural language processing (NLP) only alimited amount of the utterance situation
is explicitly available, and on the basis of this limited information adequate dis-
ambiguation is beyond the scope of most existing systems. Consequently, some
systems are restricted to more or |ess unambiguous input whereas others “avoid”
disambiguation by constructing multiple structures or structures that are them-
selves ambiguous. In a sense it might thus be concluded that the existing NLP
systems are unabl e to process natural language.

One important source for this shortcoming is the restriction to strict informa-
tion in the underlying formalisms. In unification based formalisms like HPSG,
information is modeled by constraints which are interpreted as strict rules, i.e.
ruleswithout exceptions. But only a small amount of linguistic knowledge can be
expressed by necessary and sufficient conditions. 1n most cases not even necessary
conditions can be specified, but only defaults, i.e. rules that allow for exceptions.

In this paper we will therefore explore how disambiguation in the context
of Machine Trandation (MT) can be supported by a default formalism. We will
proceed intwo steps. webegin by listing typical cases of ambiguity and thecriteria
which we see as crucial for disambiguation. This presentation is based on results
achieved in the 47 project, an MT project focusing on the interpretation of
anaphora [Schmitz et a. 91]. We will then investigate how the default extension
proposed for terminological logics in [Quantz, Royer 92] can be used to support
the disambiguation tasks.

When presenting our criteriafor disambiguation and their relationship to de-
faults, we will explicitly treat the following questions:

1. What exactly isadefault in the chosen application?
2. Which inferences are expected to be drawn by the default system?

3. Why can’t these inferences be obtained by using classical logic—or if they
can, what is the advantage of using defaultsinstead of classical logics?

We think that these questiones should be considered by any paper dealing with
the application of default theories. Up to now, application oriented papers using
defaults merely denounce classical logics as unsuitable tools for formalization.
Instead of detailed arguments for the advantages of defaults in the particalur
applicationthereisoften only ageneral claimfor the necessity of default reasoning.

Papers on nonmonotonic reasoning, on the other hand, usually contain a gen-
eral motivation for the need of nonmonotonic inference systems and then focus



on technical problems arising in the design of such systems. They proceed by
discussing examples, more often than not involving Tweety, and appeal to the
reader’s intuition when discarding or favorizing inferences. Though this proce-
dureisanecessary step in the development of reasoning systems, we feel the need
for testing nonmonotonic theoriesin realistic applications. In this sense our paper
aims at achieving atighter coupling between an application-oriented investigation
and atheoretical framework for default reasoning.

2 Casesof Ambiguity

In MT a distinction is often made between disambiguation within the source
language and disambiguation with respect to thetarget language. Correspondingly
thetrandation processissubdivided into analysisand transfer (and synthesiswhere
disambiguation processes probably occur aswell but shall not be considered here).
An example for such atransfer model is givenin Figure 1.1

Thereisno natural cut between disambiguation within the source language and
disambiguation with respect to thetarget language; it ismoreapragmatic boundary
resulting from the division of labor between analysis and transfer. This can be
derived from the fact that it is not a priori clear what counts as ambiguous within
the source language.? Several possibilitiesto trand ate alexeme do not necessarily
prove a corresponding ambiguity of this lexeme within the source language. The
problem here is that the same state of affairs can be expressed quite differently
in different languages. In particular, the information that has to be expressed
explicitly differsfrom language to language. For trandating the German sentence

(1) Er schwimmtim Pool.
into English
(2) Héelltisfloating/swimmingin the pool.

we haveto decide whether thefiller of the agent roleisswimming (actively moving
his arms) or just floating. In German there is no need to express this difference.?
Although ‘ schwimmen’ hastwo possible trand ationsinto English, it isusually not
claimed to be an ambiguous lexeme within the German language.

1For a more profound description of the figure cf. [Schmitz et a. 91]; GPSG is the abbrevi-
ation of Generalized Phrase Sructure Grammar [Preuss 87]; the Functor-Argument-Sructure,
a formalism especialy tailored for the needs of MT, is described in [Hauenschild, Umbach 88],
[Busemann, Hauenschild 89]; the evaluation of hypotheses and disambiguation of anaphoric rela
tionswill be partly presented in the section about referential ambiguity.

°There are several tests proposed for distinguishing between vagueness and ambiguity (cf.
[Hacken 90]) yielding different results, however.

3The difference can be expressed in German (* treiben/schwimmen’), if itisregarded asrelevant.
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ANALYSIS TRANSFER SYNTHESIS

GPSG GPSG
Structures of Structures of
SL Sentences TL Sentences

Evaluation of Hypotheses
and Disambiguation of Functor-Argument— Furg:tor—Argur;nent—
i i Structure of tructure o
Anaphoric Relations SL Sentences TL Sentences
TBox for
Conceptual éE%;g{
Knowledge

Figurel: The MT Model of the Berlin Project FAsT

These arguments support the idea of a variable depth of analysis. It seemsto
be the best trand ation strategy to disambiguate an expression only in cases where
the information is needed for transfer. Preserving the ambiguity is probably the
most efficient way of trandating if the target language expresses the information
in the same ambiguous manner, asin e.g.

(3) He saw the man with the telescope.
(4) Er sah den Mann mit dem Fernglas.
More crucial isthe fact that disambiguation occurs at all stages of processing:

at the syntactic as well as at the semantic and the conceptual level. Traditionally
at least the following kinds of ambiguities are distinguished:

e structural ambiguity. Well known examples are sentence (3) above and:

(5) They’'re cooking apples.

(6) Every man loves awoman.

o referential ambiguity, likee.g.:
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(7) Initsanalysis of the shortcomings of Europe’s research potential, the
Commission identified large gaps in the research continuum between
universities on the one hand regarding work as too applied and in-
dustry on the other hand regarding it as too basic. (Taken from the
corpus“ Proposal for a Council Decision Adopting the First European
Strategic Programme for Research and Development in Information
Technology” that 47 dealswith, referred to as ESPRIT-Corpus).

In this sentence all singular noun phrases (except ‘analysis’) are possible
antecedents® for ‘its’ and ‘it’.
e lexical ambiguity, asin

(8) Hishouseison the left bank.
(9) Peter has money in the bank.

A subtype of lexical ambiguity is categorial ambiguity likein ‘fish’ (noun
or verb).

But all these different kinds of ambiguity reduce to the same scenario: Thereis
more than one representation of an input phrase. On what basis can we select the
preferred one? To get a better idea of this, let us have a closer look at several
examples for each kind of ambiguity.

2.1 Structural Ambiguity

Due to the (semi-)free word order of German, there are two possible syntactic
structures for sentence (10): either ‘die Hersteller’ is subject and * Schaltkreise’ is
object or vice versa. To decide which representation is adequate, the system needs
further information.

(10) Die Hersteller produzieren Schaltkreise. (trandation of the preferred read-
ing into English: The manufacturers produce integrated circuits.)

The preferred reading is determined by making two assumptions:

1. If noother informationis available, assume that the sentence isin unmarked
word order. The subject of an unmarked sentence is topicalized.

2. Thefiller of the agent role usually is more “animate” than the filler of the
affected role. For most active verbs the filler of the agent role is the subject.

4Antecedent and anaphor are used here to describe anaphorical aswell as cataphorical way's of
referring.
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These assumptions can be seen as rules with exceptions (an exception to the first
rule is given by example (11), exceptions to the second rule are the German
sentence “Diktaturen produzieren Konformisten.” or the English sentence “This
sort of environment produces criminal types.”). In sentence (10) both assumptions
are in favor of the reading ‘die Hersteller’ = subject and ‘ Schaltkreise’ = object.
But consider the following German sentence:

(11) Schaltkreise produzieren die Hersteller. (Here the object is topicalized
in the preferred reading. This can be expressed in English by means of
passivization: Circuits are produced by the manufacturers.)

In this case the assumptions are in conflict, since the first assumption favors
‘Schaltkreise’ to be subject, whereas the second advocates ‘die Hersteller’ as a
subject. In order to get the adequate reading, we must make sure that assumption
two has more influence than assumption one.

2.2 Lexical Ambiguity

Lexical disambiguation generally involves categorization as a subproblem. Ac-
cording to its semantic type alinguistic expression can be categorized (usually on
the basis of atype hierarchy). Categorization is a special field of application for
defaults. Semantic types are used to encode selectional restrictions. Selectional
restrictions are a means to express semantic agreement between a functor and
its arguments. They should ensure that not all words and phrases in the lexicon
are combinable into more complex phrases. So, e.g. ‘die’ can only be applied to
something that was once alive, i.e. the subject of ‘die’ should be ‘animate’. But
even in technical reports there is a kind of metaphorical use of language. The
following examples are discussed in [Kay et a. 91]:

(12) The program died before it reached this routine.
(13) The bill will probably die in the senate.
(14) The movement died in the late thirties.

There are two general possibilities to formulate the selectional restrictions for
‘die’:

1. The agent of ‘die’ has to be an object that can undergo a change of state.
This rule is applicable to a wide range of cases (including (12), (13), and
(14)) and therefore its disambiguation effect is weak.

2. The agent of ‘die’ has to be an animate object. There are additional rules
necessary to express the metonymical extension.
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Another example is given by the large set of prepositions that can be used both
temporally and locally (‘in the seventies’, ‘in the pocket’). For these prepositions
the analysis has to decide which reading is expressed in the input phrase. The
semantictypeof the core noun of the prepositional phrase can providethenecessary
information in many cases. But obvioudy the semantic type cannot be seen as
strict information. It is always possible to shift atype if forced by the context as
in sentence (15).

(15) After Jaltathe world looked different.

As we dready stated, these kinds of type shifting do not only occur in poetic
language. We rather see semantic type shifting (like ambiguity in general) as a
universal means to ensure the efficiency of language. In the literature different
cases of semantic type shifting® are mentioned.

Firstly there are cases like

(16) John’s dissertation, which weighs five pounds, has aready been refuted.
(example due to [Nunberg 78]).

(17) Plato, who is on the top shelf, was a great author. (taken from
[Fauconnier 89]).

In these cases the semantics of the lexemes ‘dissertation’ and ‘Plato’ includes
different aspects. The dissertation can be regarded both as aphysical object witha
weight and as its contents. ‘Plato’ can stand for the author or for hiswork. Since
these lexemes can be interpreted without assuming special contexts we suggest
that the different aspects and their relations should be covered by introducing one
semantic type that includes all theses aspects. With respect to such modeling no
type shifting isinvolved.

Another case described as a kind of type shifting is demonstrated by the
example:

(18) The mushroom omelet left without paying. (From [Fauconnier 85]).

Compared to the former examples, the context is much more important here. In
a special context nearly any expression can be used to refer to any referent. The
underlying principlesare investigated by Fauconnier [Fauconnier 85]. Hiswork is
based on Nunberg’'snotion of pragmatic function (cf. [Nunberg 78]). A pragmatic
function connects two domains (or mental spaces) in such away that adescription
of an element of thefirst domain can be used to identify an element of the second
domain. We haveto examinewhich kind of information—either from the co-text or
from background knowledge — contributes to finding the preferred interpretation.
In example (18) therule*‘food’ can be used to refer to acustomer in the restaurant

5These cases cannot be distinguished by sharp boundaries.
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domain” must be derived from the background knowledge. The verbal phrase ‘left
without paying’ usually needsan human agent; thisshould |ead to an interpretation
of “mushroom omelet’ as a human agent. The system has to search for a suitable
human object in a restricted domain.

Another quite promising approach to solve the problem of semantic type
shiftingisPustejovsky’ s proposal of type coercion (cf. [Pustgjovsky 92], andfor his
general approach [Pustejovsky 91]). Theideaisto regard lexemes as polymorphic
functions. Pustgjovsky imagines an expression being assigned a default typing
and introduces the concept of type coercion as “a semantic operation that converts
an argument to the type which is expected by afunction, whereit would otherwise
result in atype error.” In addition to this, he states a qualia structure for nouns
denoting objects consisting of four basic roles (cf. [Pustgjovsky 91]). These roles
comprise information about:

¢ therelation between an object and its parts/constituents,
¢ What distinguishes the object within alarger domain,

¢ the purpose and function of the object, and

¢ thefactorsinvolved in the origin of the object.

By means of type coercion together with the qualia structure Pustejovsky can
explain why the sentence

(19) Mary enjoyed the book.
isusually interpreted as
(20) Mary enjoyed reading the book.

Lexical transfer usually involves disambiguation, as most lexemes give rise to
more than one trand ation.

(21) Helivedin abig apartment.
(22) Helivedin the fifteenth century.

Both occurrences of ‘helived' can be translated into German* er lebte’, but in the
first case (21) the trandation ‘er wohnte' is much more natural. The trandation
‘“er wohnte' is not possiblein the second case (22).

We suggest the following trand ation rules on the basis of the semantic type of
the core nominal phrase in the prepositional phrase:®
‘live’ + prepositional phrase expressing a local extension — ‘wohnen’ (a strict

6Note what we aready said about the semantic type as non-strict information.
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Uber den See fahren to cross the lake
mit dem Auto fahren to drive

to go by car

mit dem Fahrrad fahren | to cycle

to go by bike

mit dem Aufzug fahren | to takethelift

to ride the elevator
per Anhalter fahren to hitchhike

Figure 2: Possibilities of trandating ‘fahren’ into English.

rule),
otherwise: ‘live ~» ‘leben’ (adefault).’

Another example is given by the possibilities of trandating the German verb
‘fahren’ into English. Some are examplified in Figure 2.2.2

It is necessary to have a default trandation rule because in many cases the
information that is needed for the correct choice, e.g. whether the agent of ‘ fahren’
is the driver or just a passenger, or what kind of vehicle is used, is not explicitly
contained in the clause itself, but possibly derivable from co-text or background
knowledge. Inthese cases it is nevertheless necessary to get a preliminary trans-
lation on the basis of the most plausible hypothesis that might be revised if this
hypothesis turns out to be wrong.

2.3 Referential Ambiguity

Onetask of analysisis to resolve inter- and intrasentential anaphoric references?
This can only be done on the basis of a whole variety of different kinds of
information. The following factors are relevant (Cf. [Hauenschild, Pause 83] and
[Pause 86]):

e morphological factors (agreement in person, number and gender),

e syntactic factors (position and syntactic function of expressions in a sen-
tence),

‘It is quite obvious that this description is not fine-grained enough, since as sentence like
‘He lives in Munich’ is trandated in ‘Er lebt in Minchen’ although ‘in Munich’ expresses a
local extension. This demonstrates the difficulty of finding adequate factorsthat guide trand ation.
Empirical linguisticwork on large corporaisnecessary to get solid knowledge about the conditions
of trandation.

8Cf. also [Hauenschild 86].

9Asfar asthey are relevant for translation.



10 2 CASESOFAMBIGUITY

semantic factors (which thematic roleisfilled by areferent),

thematic factors (what isthematic (topic, focus) in the sentence, in the text),

factors concerning contents (what was already said about the referent),

lexical factors (selectional restrictions, sense relations) and

encyclopedic factors (which statements are compatible with each other on
the basis of background knowledge).

In its current phase the Berlin MT Project 47 has been developing a
method for the resolution of anaphoric personal and possessive pronouns (cf.
[Schmitz et al. 91] and [Preusset al. 92]).1° The following preference rules (with
different weight) were implemented:

¢ An antecedent candidate which does not agree with the anaphor with respect
to person, number and gender isregarded as very poor (negative preference).

¢ Antecedent candidates that do not fulfill the binding principlesas defined in
[Preusset al. 92] are regarded as poor (negative preference).

Structurally close antecedent candidates are preferred.

The subject is preferred.

The topic of the sentence is preferred.

Free adjuncts are regarded as poor candidates (negative preference).
e Candidates that fill the same semantic role as the anaphor are preferred.

e The antecedent has to be compatible with the selectional restrictions that
derive from the predications on the anaphor.

Inorder to get the best preferred antecedent from alist of candidates, thecriteriaare
used to score each candidate. The scores are positive numbers for preference and
negative numbersfor negative preference of acandidate (depending ontypeof text,
domain, and language). The scores are added up for each antecedent candidate
and the candidate with the highest total score is taken to be the antecedent. The
scores are set up according to theinsight that criteriaeither reinforce each other or
areinconflict. Conflicting criteriawith the same weight lead to an ambiguity if no
additional information is considered. Their scores are equal. So for for example
subject preference plus topic preference is in conflict with role identity in (23),
and therefore they give the same score.

10Gimilar approaches are described in [Asher, Wada 88] and [Carbonell, Brown 88].
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(23) Industry regards the necessary work as basic research and the universities
consider it as too applied.

In example (23), both ‘industry’ and ‘necessary work’ are structurally salient
antecedent candidates for ‘it’ because ‘industry’ is both the subject and the topic
of the preceding sentence whereas ‘ necessary work’ has the same semantic role
as ‘it’. The preference for ‘necessary work’ is based on complex conceptual
knowledge (that we cannot represent yet).

2.4 Intertwining of Different Kinds of Ambiguity

Since an ambiguous expression usually does not occur in a completely unam-
biguous co-text, methods and criteria are required to resolve the combination of
different kinds of ambiguity. In the following example lexical, referential and
structural ambiguity isintertwined in the expression ‘its achievement’ :1*

(24) Mounting a“technology push” across the Community capable of achieving
technical parity with, if not superiority over, our main competitors within
the next ten years represents an ambitious objective that will require for its
achievement a joint effort. (Again fromthe ESPRIT-corpus.)

referential ambiguity: The possessive pronoun ‘its can refer anaphorically to
all singular noun phrases (except ‘ achievement’ that is excluded by binding
principles).

lexical ambiguity: ‘achievement’ has at least the following two readings:
e in the sense of “action of achieving”, in German ‘Erreichen’; ‘Erzie-
len’; ‘Erringen’; ‘ Erlangen’.
e in the sense of “a thing done successfully”, in German ‘Leistung’;
‘Errungenschaft’.

structural ambiguity: In the expression ‘its achievement’ the pronoun can fill
different roles:

¢ the agent role and
o the affected role.

How can these intertwined ambiguities be resolved? There is a clear structural
preference for the subject of the clause in which the possessive pronoun occurs.
In our case this is the relative pronoun ‘that’. ‘That’ refers back to ‘ objective’.

This exampleis also discussed in [Hauenschild 91].
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The next step isto test whether ‘ objective’ can fill therole of ‘its’ in the complex
nominal phrase ‘its achievement’.

The lexical and the structural ambiguity of ‘its achievement’ are interdepen-
dent: in the first reading in the sense of “action of achieving” the possessive
pronoun can only express the affected role, whereas in the second reading in the
sense of “athing done successfully” ‘its hasto fill the agent role. The conceptual
knowledge should exclude ‘ objective’ as afiller of the agent-role. But ‘ objective’
isareasonablefiller of the affected rol e since the phrase * achieving an objective’ is
awide-spread collocation. Based on this, the system should derive the following
results:

e ‘Objective’ isthe best antecedent candidate for the possessive pronoun ‘its,
o thefirst reading of ‘achievement’ isthe desired one,

e the possessive pronoun fills the affected role.

3 Typesof DefaultsinMT

The cases of ambiguity described above demonstrate that there are different fields
of application of defaults. Based on these different fields we try to distinguish
several types of defaults relevant for more satisfactory resultsin MT.

The first type is used in what we call (according to Jackendoff) preference
rule systems. Aswe showed in Section 2 disambiguation relies on rather complex
information in most cases. This complexity follows from the fact that a decision
can only be made on the basis of a great number of competing and interacting
factors. In order to demonstrate how these systemsrule our decisionsin daily life,
Jackendoff gives the following examples:

Shall | buy the one | like, or the one that’s cheapest? Shall | answer
the phone, or finish what I’m doing? Should I make more profit, or
better preserve natural resources? In each case, two incommensurate
preferences arein conflict, and one must determine a course of action
that balances them. Of course, if the two preferences reinforce each
other — the one | like best happens to be cheapest, answering the
phone helps me finish what I’'m doing, or the most profit can be
made by maximally preserving natural resources, thereis no difficulty
in making a judgement. Thus these conscious preferences have the
reinforcement-conflict patterns of preference rules. [Jackendoff 83,
p.156]

Jackendoff sees the advantage of preference rule systemsin their ability to derive
“a quasi-determinate result from unreliable data’. A typical example of such a
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system is given by the method and criteriafor anaphoraresolution as described in
Section 2.

As preference rules are neither necessary nor sufficient conditions for an in-
terpretation hypothesis, i.e. they are not strict rules, we propose to model them as
defaults. Considering the explanatory power of preference rule systems the idea
of stating the whole knowledge of the MT system in the form of preference rules
suggestsitself. Doing so would mean, however, to give up all advantages of strict
knowledge (valid inferences, computability of subsumption etc. ). Thisiswhy we
aim at implementing a hybrid system with as much strict knowledge as possible
and some additional default knowledge.

Intuitively an example like ‘fahren’ and its multiple trandation possibilities
is atype of default different from the type described so far (i.e. preference rule
systems). This difference can be perceived by looking at the system from a
procedural point of view: during run time these types of defaultsare applied quite
differently. In case of apreferencerule system alist of possible solutionsisgiven.
Each member of thislist instantiates the premise of each preferencerule. In order
to get the best candidate, an evaluation procedure is needed. This procedure has
to test for each candidate whether the conclusions of each preferencerulearetrue.
The element that violates the qualitative minimal set of conclusionsis considered
to be the best one (see the next section for amore formal presentation).'?

In cases like the ‘fahren’ -example a conclusion is to be drawn on the basis of
incomplete knowledge. This is done by a genera rule. The derived conclusion
might be overwritten by application of amore specific rule. Whereas the premises
in a preference rule system usually are all of the same specificity, here thereis a
hierarchical ordering of the premises. The different degrees of specificity make a
resolution of conflicting defaults feasible since amore specific default should win
over agenera one.

The type of default represented here by the * fahren’ -examplewill be identified
in the following as defeasible inference rule. From a procedural perspective
the defeasible inference rules divide into two subtypes (with no sharp boundary
between them). In the ‘fahren’-example the application of a general inference
rule leads to the best solution with respect to a temporary state of the system.
If this state changes, i.e. new information is added, the former “best solution”
might be realized as poor. Therefore a kind of revision is required. Besides
there are cases of defeasible inference rules that can be regarded as an elegant
and efficient device to represent exceptions. E.g., the lexeme ‘high’ is usually
trandated into German * hoch’, ‘ technology’ into German ‘ Technologi€’, but * high
technology’ is trandated as ‘ Spitzentechnologie'. This can be modeled by the

12This process is quite similar to abductive reasoning. In abduction, from p(X) — ¢(X) and
q(a) itis concluded that p(a). The additional device in a preference rule system has to find the
best p(a).
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following trandation rules:

high ~» hoch (default rule)
technology ~» Technologie (default rule)
hightechnology — Spitzentechnologie (strict rule)

An application of defaults in the same fashion is discussed in detail in
[Krieger, Nerbonne 91]. Krieger and Nerbonne propose a feature-based approach
to represent the structure of words. In their approach defaults allow for the de-
scription of subregularities (i.e. “ classes of items whose properties are largely but
not perfectly regular”.) The authors state a paradigm for German modal verbs and
propose to treat a suppletion like the German ‘sein’ viadefault overwriting.

These examplesdiffer fromthe‘ fahren’ -examplewith respect to the nonmono-
tonicity during run time, since they do not cause any revision. At any rate, either
the specific information is available or no exception is at issue, and the general
ruleis applied.

4 Disambiguation with Defaults

In this section we will turn our attention towards a formalization of the ideas
presented in the preceding sections. We sketch a purely declarative framework for
text representation and indicate why the need for defaults arises. We hasten to add,
however, that this reformulation within alogical formalism isnot carried out on a
detailed level yet (see [Quantz 93] for a more detailed presentation). Instead we
aim at establishing ageneral connection between Machine Translation and Default
Reasoning.

4.1 Formal Text Representation

The basic idea of formal text representation isto explicitly represent the informa-
tion which is (implicitly) contained in atext. Consider, for example, sentence 10

again:
(10) DieHersteller produzieren Schaltkreise.

In describing this sentence, or more precisely its preferred reading, we said that
‘Die Hersteller’ is its subject, is topicalized, is the filler of the agent role of
‘produzieren’ etc. Thus a formal representation of the preferred reading has to
contain this information explicitly. Usually, this is realized by having a formal
language with an entailment relation |=, such that aformal representation  entails
all thisinformation ¢, i.e. » = ¢. Given the task of Machine Trandation we are
interested in aformal representation for a text containing at least the information
necessary for determining itstrandation in the target language.
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In the last decade unification-based feature formalisms such as GPSG
[Gazdar et al. 85], LFG [Kaplan, Bresnan 82], or HPSG [Pollard, Sag 87] have be-
come more and more popular as formalisms for text representation. Their basic
idea is to use feature structures to formally represent the information contained
in NL expressions. A feature structure is basically a set of feature-value pairsor,
more formally, a partial function from features into values.

On a syntactic level, examples for features and appropriate values are
case:{nom,gen,dat,acc} or number:{sing,plu} etc. Notethat thevaluefor afeature
isnot necessarily an atomic value but can be acomplex feature structureitself, e.g.
the value for a feature such as ‘ subject’. Though most of the existing formalisms
concentrate on the syntactic and, to alesser degree, on the semantic level, it isin
principle possibleto encode arbitrary information, e.g, conceptual or encyclopedic
information within this format.

Thus the genera idea within the paradigm of unification-based feature for-
malisms is to use feature structures for formally representing information con-
tained in NL texts. The obvious question from a computational point of view is
then: how can feature structures be algorithmically constructed from NL texts.

In order to address this question we will formalize the task of interpretation
within the framework of terminological logics (TL). Terminological logics are
very similar to the feature logics underlying the unification-based formalisms
from computational linguistics (see[Nebel, Smolka 87], [Backofen et al. 90], and
[Carpenter 92]). They evolved from Semantic Networks and Frames, two rep-
resentation formats widely used in Knowledge Representation, and are charac-
terized by their logical foundation. A number of TL systems, such as BACK
[Hoppeet a. 93], cLAsSIC [Brachman et al. 91], or Loom [MacGregor 91] have
been devel oped during the80sand arealready used inNLPsystems(e.g. LOOM inthe
Penman project [ Bateman 92] andBACK intheproject #4=7 [Schmitz et al. 91]).

4.2 Terminological Logics

In TL onetypically distinguishes between terms and objects as basi ¢ |anguage en-
tities from which three kinds of formulae can be formed: definitions, descriptions,
and rules (see the sample modeling below). A definition has the form¢, = ¢ and
expresses the fact that the name ¢,, is used as an abbreviation for the term ¢. A
list of such definitionsis often called terminology, hence the name Terminological
Logics. All TLs provide two types of terms, namely concepts (unary predicates)
and roles (binary predicates), but they differ with respect to the term-forming
operators they contain. Common concept-forming operators are: conjunction (c;
M ¢p), digunction (¢; L ¢3), and negation (— ¢), as well as quantified restrictions
[Quantz 92] such as value restrictions (V r:c), which stipulate that al fillersfor a
role r must be of type ¢, or number restricitions (> n r:c or < nr:c, sipulating
that there are at least or at most » role-fillers of type ¢ for r. Role-forming opera-
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tors are, besides conjunction, digunction, and negation, role composition (ry.r»),
transitive closure (r+), inverseroles (r~1) and domain or range restrictions (¢|r or
r|e). Inadescription, an object is described as being an instance of aconcept (o ::
c), or as being related to another object by arole (o1 :: 7:02). Rules have the form
c1 — ¢ and stipulate that each instance of the concept c; is also an instance of the
concept ;. A formal syntax and semantics for the TL implemented in BACK V5 is
given in the appendix (Section A).

There are several waysin which TL systems have been employed in NLP. For
one thing, they are used to store the contents of NL texts. Thus, the discourse
referents associated with the referring expressions are modeled as TL-objects and
the semantic contents of the expresssions are used to describe these objects. To
make such descriptions possible, the semantic contents of words have thus to be
modeled as TL-concepts. Since most NL systems are restricted to texts about a
specific domain, this kind of modeling is often called domain modeling.

Consider the highly simplified domain modeling below whose net representa-
tionisshownin Figure 3. Oneroleand five concepts are defined, out of which four
areprimitive (only necessary, but no sufficient conditionsare given). Furthermore,
the modeling contains one rule and four object descriptions.

product < T

chemical product < product

biological product :< product M — chemical product
company :< > 1 produces.product
produces < domain(company)

chemical company company MV produces.chemical product
3 produces.chemical product — high risk company

toxipharm . chemical product

biograin .. biological product

chemoplant . chemical company

toxiplant :» < 1produces 1 produces:toxipharm

In TLSs, such a modeling is regarded as a set of formulae I'.  Given the formal
semantics of aTL, such aset of formulaewill entail other formulae, i.e., thereisan
entailment relation I |= v. Now the service provided by TL systemsis basically
to answer queries whether some formula ~ is entailed by a modeling I'. The
following list contains examples for the types of queries that can be answered by
aTL system like BACK:

e TEH1C 1
Isaterm ¢; more specific than aterm ¢,, i.e., is¢; subsumed by ¢,? In the
sample modeling, the concept ‘chemical company’ is subsumed by ‘high
risk company’, i.e., every chemical company is a high risk company.
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1.in
g product
produces

company

high risk -
plant

chemical
product

chemical
company

biological
product

chemoplant toxiplant toxipharm biograin
1.1

produces

Figure 3. The net representation of the sample domain. ‘conc_1’ is the concept
3 produces.chemical product.

o [ |: t1Mi, L
Aretwo terms¢; and ¢, incompatible or digoint? In the sample modeling,
the concepts ‘ chemical product’ and ‘biological product’ are digoint, i.e.,
no object can be both achemical and a biological product.

eEoic
Isan object o an instance of concept ¢ (object classification)? In the sample
modeling, ‘toxiplant’ is recognized as a‘chemical company’.

o [ Eoiirio
Are two objects 01,0, related by aroler, i.e., is o, arolefiller for r at 0,?
In the sample modeling, ‘toxipharm'’ is a role-filler for the role ‘ produces
at ‘toxiplant’.

e =X:uc¢
Which objects are instances of a concept ¢ (retrieval)? In the sample mod-
eling, ‘chemoplant’ and ‘toxiplant’ are retrieved as instances of the concept
‘highrisk plant’.

e U {a}EL
Is a description o inconsistent with the modeling (consistency check)?
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With respect to the sample modeling, the description chemoplant :: pro-
duces.biograin is inconsistent, i.e., ‘biograin’ cannot be produced by
‘chemoplant’.

4.3 Text Representation with Terminological L ogics

It is straightforward to encode feature structures in terms of terminological logics.
afeature structure can be encoded by aTL concept, wherethe features are encoded
as TL roles. One important difference between the feature formalisms and TL
concerns the distinction between objects and concepts. In TL, a description o ::
¢ congists of an object o, which corresponds to an FOL constant, and a concept
¢, which corresponds to a unary FOL predicate. The objectsin TL are related by
roles, which correspond to binary FoL predicates (thus oy :: r:0, corresponds to
R(01,02)). Wethus have a strict distinction between objects and typesin TL.

The feature formalisms, on the other hand, do not make this distinction: in a
sense, they lack the level of objects and only comprise types. Thus, the fillers of
features are not objects, but feature structures, i.e. types. Instead of distinguishing
between objects and types they distinguish between atomic and complex types:
atomic types are values like ‘sing’ or ‘acc’, whereas complex types have an
internal structure like ‘per:3' etc. Note that there is no strict correspondance
between atomic values and TL objects. Though each atomic value can be encoded
asaTL object, the converseisnot true: TL objects are structured because they can
be described by structured concepts.

As a consequence of this difference between TL and feature formalisms, we
need to introduce additional TL objectsto encode complex feature structures. Thus
the feature structure in 25 will be encoded by the TL formulaein 26.

(25) [f 1 [f 2 V]

(26) o1 :: f1i02
021 faiv

Thus we explicitly introduce names for the objects which are described by the
feature structures (and by the internally nested feature structures).
Let usillustrate this encoding with a TL-representation of sentence 10:

(27) e :: phrasen phon:“Die Hersteller produzieren Schaltkreise” M
4 atom M atom: (wq M wy M w3 M wy)
ws :: word M pos:1 M phon:“Die’
wy :: word M pos:2M phon:“Hersteller”
wsz :: word M pos:31M phon:“produzieren”
wy :: word M pos:4 M phon:“ Schaltkreise”
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We see 27 as representing the information explicitly given by sentence 10. Since
it contains mainly phonological information we use I, to denote this set of TL-
formulae.

After this excursion we can readdress the problem of interpretation: how can
we compute the information implicitly given by 27? Given the above formal
framework, this can be formalized as computing an interpretation:, such that

Frull, E ey

i.e., given our grammatical knowledge I' plus the phonological information 1.,
what additional information about ¢ is entailed? Since:, is deduced from I' and
. this can be called the deductive approach to interpretation.

In the following we will not go into any details about the formul ae contained
inl", i.e., wewill not deal with the exact formalization of grammatical information
in TL (see[Quantz 93] for more details). We will rather concentrate on the general
place of defaults within our framework. Given that I contains the appropriate
formulae concerning German grammar, we expect the following entailment

rul., | e:subject: piUps

wherep, isthe phrase‘ DieHersteller’ and p3 isthe phrase’ Schaltkreise’. Thusthe
strictinformationin I isnot sufficient to deducewhether p; or p3isthesubject. The
ideaof having additional default informationisto achievethefollowing entailment

M UM, [Ea e:subject: pp

where [=, is a nonmonotonic entailment relation taking into account the defaults
inA.

4.4 Defaultsin Terminological Logics

We will now present briefly the integration of defaults into terminological logics
as proposed by Quantz and Royer in [Quantz, Royer 92]. Note that all types of
information supported in traditional TL, i.e. definitions, rules, and descriptions are
interpreted as strict. Defaultsareintegrated into thisframework as rulesthat allow
for exceptions. A default ¢ isthus represented as ¢; ~ ¢, Where ¢; is called the
premiseof 4 (6,) and ¢, theconclusion of ¢ (é.) A default § can then be paraphrased
as “each instance of ¢, isa ¢, unless it is an exception”. The obvious strategy
for reasoning with defaults is to minimize exceptions. This is reflected in the
preference semantics for defaults, as specified in [Quantz, Royer 92].* Roughly
speaking, amodel M, ispreferred over amodel M, iff it containsfewer exceptions
than M2.14

BBWe include a summary of the formal definitionsin the appendix (Section B).
1 For the idea of preference semantics see [Shoham 88].
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One of the problems arising in default theories is the treatment of conflicting
information. Whereasin classical logicsconflictinginformation|eadsto contradic-
tions, conflictsin default logics arise from the possibility of exceptionsand should
therefore not entail contradictions. Several strategies for dealing with conflicting
defaults have been proposed in the literature (cf., for example, [Brewka 91]).

In [Quantz, Royer 92] conflicting defaults result in partial skepticism, more
precisely in digunctive conclusions: suppose object o isan instance of both ¢; and
¢, and therearetwo defaultsc; ~+ c3 and e ~ ¢4; if these defaultsconflict, i.e., if
c3M ey C L, thenitisonly inferred that o isan instance of c3 or ¢4, but not of both.
Furthermore, some conflicts between defaults can be resolved via a precedence
ordering on defaults. Roughly speaking, if two defaults 6; and é, conflict where
61 precedes é,, then 4, is cancelled. The precedence ordering is induced by the
subsumption hierarchy of the terminology: adefault 6, precedes a default 6, if 61
ismore specific, i.e., if 61, T 62,. (The user can refine this ordering by specifying
additional precedencesé; < 62.)

Before we investigate, how this default extension can support disambiguation
in Machine Trandation, we would like to point out some characteristics of de-
faults, especially with respect to nonmonotonicity. Nonmonotonicity in the above
framework means that it is possible that I’ [£p o and ' =4 o even though I' C
. Roughly speaking, additional information can invalidate derived information.
There are three aspects in which this nonmonotonicity is relevant for TL:

e In TL concepts form a subsumption hierarchy. This hierarchy can be seen
as a graph (see Figure 3) and from this point of view it is often said that
information is inherited from a node to its descendants. Whereas al strict
informationisinheritedin thisway, defaultinformation can be“ overwritten”
at subsumed nodes. If no multiple inheritance of defaultsis involved, this
aspect of nonmonotonicity is comparatively harmless. (Compare the use of
defaults as an elegant way to model exceptions asindicated in Section 3.)

e To determine whether an object o is an instance of a concept ¢, the ex-
plicit descriptions of o are completed, i.e., implicit consequences of these
descriptions are computed. This can be seen as deriving acanonical normal
form, the most specific description for o. Without defaults, this description
can be constructed incrementally simply by adding information. Dueto the
nonmonotonic character of defaults, however, it can become necessary to
revise this description in the course of its construction.

e A similar revision problem occurswhen descriptionsareadded to aset of TL-
formulae. The additional information can invalidate descriptions previousy
derived at objects.
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4.5 Disambiguation as Exception Minimization

We will now show how the default extension of TL can be used to formalize the
disambiguation task. In Section 2 we have presented a number of examples for
various types of ambiguity and have argued that the preferred interpretation is
determined by preference rules. In addition to the encoding of strict grammatical
information as TL-formulae we encode the preference rules as TL-defaults. Now
experiences with anaphora resoltuion in the #4s7 project have shown that
in genera each interpretation will satisfy some of these preference rules while
violating others. This suggests that we need a priority ordering relating multisets
of defaults. Multisets, since an interpretation can contain several exceptionsto the
same default (e.g., two occurrences of ‘he’ which both are exceptions to the same
default on anaphora).

Given such an ordering, we say that an interpretation 7, is preferred over
ir iff B1 T FE,, where I; denotes the multiset of defaults to which z; is an
exception. The easiest way to obtain such an ordering is to assign to each default
6 anatural number p; representing the price of violating it: the moreimportant the
default, the higher the price. We then define 1 C F; iff Z(F1) > Z(F>), where
2(E;) o >{ps : 6 € F;}. Notethat this ordering can be partial only, which would
explain truely ambiguous expressions in which neither £, — £, nor £, T Fj.

Since disambiguation yields the interpretation with the qualitatively minimal
exceptions (according to the partial order), we call this approach interpretation as
exception minimization.

To integrate thisinto the Quantz/Royer extension of TL, we need to expand the
precedence relation on the set of defaultsto a precedence relation on the powerset
of defaults. Given such a precedence relation we can change the definition of
exception preference[Quantz, Royer 92, Def. 5] (see Definition 4 in the appendix)
accordingly, i.e, MiCr M, iff B2 C EL.

Note that this formalization is essentially a declarative reformulation of the
scoring device implemented in the 47 system.

4.6 Nonmonotonic Reasoning

Having sketched the formal framework of text representation and interpretation as
exception minimization, wewill now ook at itsimpact on nonmonotonic reasoning
(NMR). In the preceding sections we spoke of defaults as rules which allow for
exceptionsor aspreferencerules. Thisview isperfectly inlinewiththe underlying
motivation of NMR: “(m)uch of our experience of theworldisavailablein theform
of general rules which are not universally true; they may have exceptions but they
express what istrue under normal conditions’ [Brewka 91, p. 6].

In the literature on NMR a number of different proposals can be found to
integrate such defaults syntactically and semantically into formal logics. We will
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not review these proposals here (see [Brewka 91] for an excellent overview), but
rather indicatewhat inferential behavior we expect from defaultsin our application.

First, we need aformalism in which both strict and defeasible information can
beencoded. AsKilbury pointsoutin [Kilbury 93] somenonmonotonicinheritance
systems such asDATR [Evans, Gazdar 89] are deficient in the sense that they do not
support the representation of strict information. Though we are not claiming that
thereisaclearcut a priori distinction between essential and accidental properties,
wethink that for pragmatic reasonsit is advantageousto decide for agiven domain
which constraints are to be modeled as strict and which as defeasible.’®

Second, thedefeasible constraints have different weight. For onething, feature-
structures form a subsumption hierarchy and therefore more specific constraints
should “overwrite” more general constraints. In addition to this specificity prece-
dence, the user should be able to specify other precedences between defaults as
well. For most nhonmonotonic logics versions have been proposed which take
into account priorities between defaults, e.g. Konolige's hierarchic autoepistemic
logic, Brewka's cumulative default logic, or Lifschitz's prioritized circumscription
(see [Brewka 91] for details).

In al these approaches, however, priorities can only be expressed between
single defaults whereas in our application we need to specify priorities between
multisets of defaults. Whereas it is obvious how to extend Quantz/Royer’s notion
of exception preference to integrate such a priority ordering (see above), the
corresponding extension of the nonmonotonic logics mentioned above seems less
straightforward.

In a sense we could modify Reiter’s Default Logic by specifying a preference
ordering on the various extensions generated by a set of strict formulaeand a set of
defaults. We could define the notion of exceptions with respect to these extensions
and then define the ordering similar to the exception preference by Quantz/Royer.
One important difference between Reiter's Default Logic and Quantz/Royer’s
TL-extension, however, is that Reiter’s defaults are syntactic forward chaining
rules, whereas Quantz/Royer’s defaults behave like material implications, i.e.
contraposition and case-based inferences are valid under certain conditions (see
[Quantz, Royer 92] for details). Wethink that thisisappropriatein our application
though thisissue has to be evaluated more carefully.

Third, we are primarily interested in using defaults for deriving information
about individuals. Thus we need the default entailment of descriptions I =5
o I ¢, rather than of subsumptions =, ¢, C ¢;. There is a tendency in the
literatureto “ homogenize” the formulae of nonmonotoniclogics (see, for example,
[Brewka 93] and [Dix, Schmitt 93]). Though we think that thisisvery useful for
thetheoretical characterization of nonmonotoniclogics, we don't see astrong need

5For the problem of processing purely defeasible information see also Brachman's polemic
[Brachman 85].
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for doing so from an applicational point of view. Werather think it isadvantageous
to have a clear distinction between strict and defeasible information, and to use
the defeasible information for deriving additional information about individuals,
namely for determining the preferred interpretation of a given utterance.

5 Conclusion

We have discussed a number of examples demonstrating the ubiquity of ambigu-
ities in natural languages. We have shown that a special type of defaults, namely
preferencerules, providesasuitabletool for the disambiguation of these examples.
In contrast to the use of defaults as defeasible inference rules rules, which is aso
needed in Machine Trandation as an elegant way to model exceptions, preference
rules function allow selection between the multiple interpretations stemming from
ambiguity.

We have sketched a declarative framework for disambiguation using a default
extension of terminological logics. The basic ideais to choose the interpretation
that induces the fewest exceptions to the preference rules encoded as defaults.
This approach is therefore called interpretation as exception minimization.

A closer investigation of the interaction between defaults as defeasible infer-
ence rules and defaults as preference rules has to reveal whether an efficient and
cognitively adequate strategy for exception minimization can be specified. We see
the declarative framework presented here asaformal foundation for devel oping NL
systems. To obtain efficient performance, however, we think that heuristics have
to beintegrated to choose the preferred interpretation. Thusinstead of evaluating
all possibleinterpretationsby comparing the exceptions they induce, heuristicsare
needed to test asfew interpretations as possible.

Acknowledgements

We would liketo thank Bob Carpenter, ChristaHauenschild, Jim Kilbury, Susanne
Preul3, Carla Umbach, and Emil Weydert for detailed and valuable comments on
earlier drafts of this paper.



24 REFERENCES

References

[Asher, Wada 88] N. Asher, H. Wada, “A Computational Account of Syntactic,
Semantic and Discourse Principles for Anaphora Resolution”, in Journal of
Semantics 6,309-344,1988

[Backofenet a. 90] R. Backofen, H. Trost, H. Uszkoreit, Linking Typed Fea-
ture Formalisms and Terminological Knowledge Representation Languages
in Natural Language Front-Ends, DFK| Research-Report 91-28, 1991

[Bateman 92] J. Bateman, “The Use and Design of Linguistically Motivated
Ontologies for Controlling and Deployment of Linguistic Resources’, in
[Preuss, Schmitz 92], 50-99

[Batori, Weber 86] |. Batori, H.J. Weber (eds), Neue Ansatze in maschineller
Sorachilbersetzung: Wissensreprasentation und  Textbezug, Tubingen:
Niemeyr, 1986

[Blasiuset a. 87] K.H. Blasius, U. Hedtstiick, C.-R. Rollinger (eds), Sorts and
Typesin Artificial Intelligence, Berlin: Springer, 1987

[Brachman 85] R.J. Brachman, “I lied about the trees or Defaults and Definitions
in Knowledge Representation”, The Al Magazine 6, 80-93, 1985

[Brachman et al. 91] R. Brachman, D.L. McGuiness, PF. Patel-Schneider,
L. Alperin Resnick, A. Borgida, “Living with CLASSIC”, in [Sowa 91]

[Bresnan 82] J. Bresnan (Ed.), The Mental Representation of Grammatical Rela-
tions, Cambridge (Mass): MIT Press, 1982

[Brewka 91] G.Brewka, Nonmonotonic Reasoning: Logical Foundationsof Com-
monsense Cambridge: Cambridge University Press, 1991

[Brewka 93] G. Brewka, A Framework for Cumulative Default Logics. Prelimi-
nary Report, submitted for publication

[Busemann, Hauenschild 89] S. Busemann, C. Hauenschild. “From FAS Repre-
sentation to GPSG Structures’, in S.Busemann, C.Hauenschild, C.Umbach
(eds), Views of the Syntax/Semantics Interface, KIT-Report 74, 1989

[Carbonell, Brown 88] J.G. Carbonell, R.D. Brown, “Anaphora Resolution: a
Multi-Strategy Approach”, in Proc. of COLING 1988, Vol. 1, Budapest, 96—
1101

[Carpenter 92] B. Carpenter, The Logic of Typed Feature Sructures, Cambridge:
Cambridge University Press, 1992



REFERENCES 25

[Dix, Schmitt 93] J. Dix, PH. Schmitt, Preferential and Rational Closure: A
Comparative Sudy, submitted for publication

[Evans, Gazdar 89] R. Evans, G. Gazdar, “Inference in DATR”, ACL’ 89, 6671,
1989

[Fauconnier 85] G. Fauconnier, Mental Spaces. Aspects of Meaning Construction
in Natural Language, Cambridge, Ma.:Bradford, 1985.

[Gazdar et al. 85] G.Gazdar, E.Klein, G.K. Pullum, |.A. Sag, Generalized Phrase
Sructure Grammar, Cambridge: Blackwell, 1985

[Hacken 90] Pius ten Hacken, Reading Distinctions in Machine Trandation,
Working Papersin Natural Language Processing 6, Leuven/Utrecht, 1990

[Hauenschild 86] C.Hauenschild, “KIT/Nasev oder die Problematik desTransfers
bei der Maschinellen Ubersetzung”, in: [Batori, Weber 86], 167—-195

[Hauenschild 91] Ch. Hauenschild, “Anapherninterpretation in der Maschinellen
Ubersetzung” in Zeitschrift fur Literaturwissenschaft und Linguistik, LiLi 84,
50 — 66.

[Hauenschild, Pause 83] Ch. Hauenschild, PE. Pause “Faktoren-Analyse zur
Modellierung des Textverstehens’ in Linguistische Berichte 88, 101-121,1983

[Hauenschild, Umbach 88] Ch. Hauenschild, C. Umbach. “Funktor-Argument-
Struktur. Die satzsemanti sche Reprasentations- und Transferebene im Projekt
KIT-AsT 7, inJ.Schiitz (ed), Workshop Semantik und Transfer, EUROTRA-
D Working Papers 6, Saarbriicken, 16-35, 1988

[Hobbs, Kameyama 90] J.R. Hobbs, M. Kameyama, “ Trand ation by Abduction”,
in COLING' 90, 155161

[Hoppeet a. 93] T. Hoppe, C. Kindermann, J.J. Quantz, A. Schmiedel, M. Fis-
cher, BACK v5 Tutorial & Manual, KIT Report 100, Technische Universitéat
Berlin, 1993

[Jackendoff 83] R. Jackendoff, Semanticsand Cognition, Cambridge: MIT Press,
1983

[Kaplan, Bresnan 82] R.J. Kaplan, J. Bresnan, “Lexica Function Grammar”, in
[Bresnan 82]

[Kay et a. 91] M. Kay, JM. Gawron, P. Norvig, Verbmobil: A Trandation System
for Face-to-Face Dialog, August 1991



26 REFERENCES

[Kilbury 93] J. Kilbury, Srict Inheritance and the Taxonomy of Lexical Typesin
DATR, submitted for publication,

[Krieger, Nerbonne 91] H.-U. Krieger, J. Nerbonne, Feature-Based Inheritance
Networks for Computational Lexicons, DFK| Research Report 91-31, 1991

[MacGregor 91] R. MacGregor, “Using a Description Classifier to Enhance De-
ductive Inference”, in Proceedings Seventh |EEE Conference on Al Applica-
tions, Miami, Florida, February, 1991, 141-147

[Nebel, Smolka87] B. Nebel, G. Smolka, “Representation and Reasoning with
Attributive Descriptions’, in [Blasius et a. 87], 112-139

[Nebel et al. 92] B. Nebel, C. Rich, W. Swartout, Principles of Knowledge Repre-
sentation and Reasoning: Proceedings of the Third International Conference
(KR 92), San Mateo: Morgan Kaufmann, 1992

[Nunberg 78] G. Nunberg, The Pragmatics of Reference, Bloomington, Indiana:
Indiana University Linguisstics Club, 1978.

[Pause 86] PE. Pause, “Zur Modellierung des Ubersetzungsprozesses’, in
[Batori, Weber 86]

[Pearce, Wagner 92] D. Pearce, G. Wagner (eds), Logics in Al, Proceedings of
JELIA 92, Berlin: Springer, 1992

[Pollard, Sag 87] C. Pollard, I.A. Sag, An Information Based Syntax and Seman-
tics, Vol. | Fundamentals, Stanford: CSLI Lecture Notes 13, 1987

[Preuss 87] Susanne Preul3, GPSG-Syntax fur ein Fragment des Deutschen KIT-
IAB 20, TU Berlin, 1987.

[Preuss, Schmitz 92] S. Preul3, B. Schmitz (eds) , Workshop on Text Representa-
tion and Domain Modelling, KIT-Report 97, Berlin, 1992

[Preusset d. 92] S. Preul3, B. Schmitz, C. Hauenschild, Anaphora Resolution
Based on Semantic and Conceptual Knowledgein [Preuss, Schmitz 92], 1-13

[Pustejovsky 91] J. Pustgjovsky, “The Generative Lexicon”, in Computational
Linguistics 17, 409441, 1991

[Pustgjovsky 92] J. Pustgjovsky, “Type Coercion and Lexical Selection” in
J. Pustgjovsky (Ed.), Semantics and the Lexicon, to appear

[Quantz 92] J.J. Quantz, “How to Fit Generalized Quantifiersinto Terminological
Logics’, ECAI-92, 543-547



REFERENCES 27

[Quantz 93] J.J. Quantz, Interpretation as Exception Minimization, submitted for
publication

[Quantz, Royer 92] J.J. Quantz, V. Royer, “A Preference Semantics for Defaults
in Terminological Logics’, in [Nebel et al. 92], 294-305

[Royer, Quantz 92] V. Royer, J.J. Quantz, “Deriving Inference Rules for Termi-
nological Logics’, in [Pearce, Wagner 92], 84-105

[Schmitz et al. 91] B. Schmitz, S. Preu3, C. Hauenschild, Textreprasentation und
Hintergrundwissen in KIT-FAST, KIT-Report 93, 1991

[Schmolze, Israel 83] J. Schmolze, D. Isragl, “KLONE: Semantics and Classifi-
cation”, in Research in Knowledge Representation and Natural Language
Understanding, BBN Annual Report 5421, 27-39 1983

[Shoham 88] Y. Shoham, Reasoning about Change: Time and Causation from
the Sandpoint of Artificial Intelligence, Cambridge: MIT Press, 1988

[Sowa91] J. Sowa (Ed.), Principles of Semantic Networks: Explorations in the
Representation of Knowledge, 1991



28 A SYNTAX AND SEMANTICS OF BACK V5

A Syntax and Semantics of BACK V5

Theterminological logic of BACK V5 (see[Hoppe et a. 93] for details) is specified
by the following syntax (¢, are primitiveterms, ¢,, term names):

¢c — T.,Ll,¢,,¢h,m¢p,callep,Vricr,>nr,<nr., ro
-1

r - J—7rp7rn7_‘rp7r1|_|r27rl 7r1-r27c|7“177“1|c

v — UCi,0illc

For this language a modeltheoretic semantics can be given where a model M of
aset of TL-formulael isapair (D, 7). Z maps concepts into subsets of D, roles
into subsets of D x D, and object-names injectively into D, in accordance with
the following equations (we use r(d) to denote {e : (d, ¢) € r}):

[T1F = D (1)
[L]F = 0 2
[[_'tp]]z = D\[[tp]]z (3)
[tim ] = [t N [t2]* (4)
[vr:c] = {deD: [[r]]I(d) C []*} 5)
[>nr]t = {deD: [T (d)] = n} (6)
[<nrl® = {deD:|[r](d)] <n} (7)
[r: 0]]I = {deD: [[0]]I € [[r]]I(d)} (8
[{o1....,0.}]F = {[oi]?, ..., [0,]*} 9
[ri1" = {{d,e) € Dx D:{ed)e[r]} (10)
[rira)? = [ra]” o [ra]” (11)
[elr]" = TrI7 0 ([e)* x D) (12)
[rle]® =[] (D x []) (13)

Satisfaction of formulaeis then defined as follows:

M Et, Tty iff [t]F C [t]* (14)
MEo:zc iff [o]f €[c]* (15)

A structure M is a model of a formula~ iff M = ~; it isamodel of a set of
formulael iff itisamodel of every formulainl. A formula~ isentailed by a set
of formulae ™ (written " |= ~) iff every structure which isamodel of I isalso a
model of .

Note that the following operators and formul ae can be defined in this language:

nr def > nrll < nr (16)
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e ¥ > 1r|e (17)
I ¥ > (18)
~Fric ¥ <ol (19)
-3 ¥ <o (20)
>nric o > nrle (21)
<nr:c o < nrle (22
nric % nr|e (23)
=t © 4 CtiCt, (24)
o B ale (25)

Clearly, this logic is a subset of First-Order Logic with Equality. We can make
this precise by specifying atrandation of TL-formulaeinto FoL-formulae(cf. also
[Royer, Quantz 92] and [Schmolze, Israel 83]). The set of concept-names and
primitive concept components (resp. role-names and primitive role components)
is bijectively mapped into a set of unary predicate symbols (resp. binary pred-
icate symbols); object-names are bijectively mapped into constants. Let ; be
the corresponding bijection. We define the trandation function 7 as follows. a
concept-name (or a primitive concept component) ¢ is trandated into AzC'(x),
where C' denotesthe unary predicate symbol representing ¢ (C' = j(¢)); similarily,
arole-name or primitive role component r is trandated into Az Ay R(x, y), where
R denotes the binary predicate symbol representing » (R = j(r)); object-names
are trandated into constants. We then define trandation of arbitrary terms and
TL-formulae:

T = Xa(True) (Trueisas specia propositional letter)  (26)

T Ax(False) (Falseisaspecial propositional letter)  (27)

& € Aa(=Cy(x)) (28)

attee € Xe(@(e) Acgle)) (29)

Ve € da(Vyr(e,y) — ely)) (30)

Sr ¥ Ax(Fyr. ..y y1) Ae(yr) ... T(a, y,) Ae(yn) A (31)

diff(ya,....yn))

< nr o Ax(Fyr. o YnpaT (@, y1) AC(ya) .. T (2, yny1) A (32
e(Ynt1) — €AY, - - -, Yn1))

7o € Aa(r(z,0)) (33)

{01, 0.] &€ Me(w=o1V..Ve=0,) (34)

=, = ArAy(—R,(z,y)) (35)
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i o Ae Ay (T1(x, y) A 72(x, y)) (36)
=T edy(F(y, @) (37)
e & dady(37a(e, 2) ATz, y) (39)
clr def Az Ay (F(x,y) — ¢(x)) (39
rle def Az Ay (T(x,y) — €(y)) (40)

aCe € Va(@(z) — &) (41)

nCr, ¥ VaVy(mi(x,y) — 72z, y)) (42)
oe ¥ Zo) (43)

The formula diff(yq,...,y,) States that the y, are mutualy distinct, the for-
mula eq(y1, ..., yn41) that y,11 is equal to one of y1,...,y,. Note that, by
beta-reduction, the lambda-abstractions are eliminated from the translation of TL-
formulae. Thus TL-formulae are trandated into pure FOL-formulae.
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B A Preference Semantics for Defaults in BACK V5

This is a smplified verson of the preference semantics developed in
[Quantz, Royer 92] (we dropped the notion of fulfillment-preference to keep the
presentation simpler).

Definition 1 A default 6 has the form ¢; ~ ¢, where ¢; and ¢, are arbitrary
concepts. We say that ¢; is the premise of ¢ (written ¢,) and that ¢, is the
conclusion of § (written 4..).

To resolve conflicts between defaults we define a precedence relation between
defaultsstemming from the hierarchical structureinduced by definitionsand rules:

Definition 2 Let I' be any set of TL-formulae and 61, 6, any defaults. e say that
61 precedes o Wrt I (written 6z < 61) Iff [ |= 61, & 62, AT}~ 62, T 61,

The basice idea of preference between models consists in minimization of excep-
tions. We therefore define exceptions and compare exceptions in models.

Definition 3 Let 6 be any default and M any structure.
The set of exceptionsto ¢ in M is defined as
Ev@®E{deD de[s]F nde 6]}
Let M, and M, be any models. The set of malus pairsof A, with respect to M,
is defined as

EFE{(6,d) 1 d € Eap(8)\ E(6)}.

Now amodel is preferred if every exception init is jutified in the sense that it is
an exception at a preceded default.

Definition 4 Let I be any set of TL-formulae, A, and M, any modelsof I, and A
any set of defaults. M, isA-preferred to My wrt I (written My T M) iff

1 B # I3
2. V(6,d1) € E23(&' dp) € B3 16 <r ¢
Finally, we define A-entailment as a preferential entailment in Shoham’s sense:

Definition 5 Amodel A, isA-preferred iff thereisno model A, such that My Ca
M. Asetof formulael preferentially entails~ (writtenl™ =5 ) iff all A-preferred
models of ' are models of ~.



