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Abstract

Context is vital for deciding which of the possible senses of a word
is being used in a particular situation, a task known as disam biguation.
Motivated by a survey of disambiguation techniques in natur al language
processing, this paper presents a mathematical model descibing the rela-
tionship between words, meanings and contexts, giving examples of how
context-groups can be used to distinguish di erent senses of ambiguous
words. Many aspects of this model have interesting similarities with quan-
tum theory.

1 Introduction

Context plays a key role in determining the meaning of words | in some con-
texts the word suit will refer to an item of clothing, in others a legal action, and
so on. In the past decade, the challenge of incorporating caextual models into
the way information is described has become very immediatera practical, in
the wake of rapid technological advances. To compare and cdome information
which is readily available but varies across languages, doains of expertise and
media, it is important to have some way of expressing what tha information
actually means in a common and exible framework. Context can be very useful
here | if someone is trying to buy a new computer they will be mu ch more
interested in the term PC if it occurs in a magazine called’Computing Today'
than if it occurs in the “Political Activism Quarterly' . A word in one language
can often have several possible translations in another laguage depending on
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which meaning is appropriate (for example, Englishdrugs can translate both
to drogen="narcotics' and to medikamente="medicines' in German), and the
correct translation can only be determined using context.

However, it is much easier to give examples of what context isised for and
why it is important than it is to give a proper account what con text is and how
it is used to determine meaning. This paper attempts to bring some light on
these issues, by describing techniques for resolving amhity in natural language
processing within a particular mathematical framework. This investigation leads
to a concrete de nition of context, and to promising similar ities with traditional
branches of mathematics and physics which are much more preely understood
than our current knowledge of the way context is used to detemine meaning.

This paper proceeds as follows. Section 2 introduces the dlof Word-Sense
Disambiguation (WSD), the branch of natural language processing which is
concerned with nding the correct meaning for a word used in aparticular sit-
uation. Section 3 presents a mathematical model which can based to de ne
and describe WSD and other linguistic phenomena within a unied framework
based upon the three space®V (‘words"), L (a lexicon of ‘meanings'),C (‘con-
texts') and mappings between them, in particular “sense-mppings' which map
a word w in a context ¢ to a particular lexical meaning |I. Section 4 examines the
spaceC in the light of these mappings, which suggests an approach toe ning
context itself. More exactly, we de ne groups of contexts, wo linguistic situa-
tions being in the same “context group' with respect to a partcular word if that
word gets mapped to the same meaning in both contexts. Examjgls are given
of how homonyms (unrelated senses of ambiguous words) givése to disjoint
context groups, and systematically related senses give msto overlapping con-
text groups. Finally, Section 5 describes some notable if gprising similarities
between our model for disambiguation and the process of makg an observation
in quantum theory. It is hoped that these analogies will be ofinterest to many
researchers, scientists and even interested layfolk.

Context is of importance in linguistics, philosophy, socidogy and many other
disciplines, as well as to natural language processing. Thapproach taken in
this paper is to cast the NLP problem in a mathematical setting, and through
this to enable the use of ideas from this very traditional digipline. Many other
more established areas of scholarship, way outside this abbr's expertise, could
almost certainly contribute fruitful ideas to NLP if resear chers become more
aware of the problems and possibilities therein. While thispaper attempts to
present a precise model of meaning and context, the main goas to stimulate
inquiry and exchange of ideas between disciplines.

2 Word-sense disambiguation

There are several situations in information technology, am particularly in natu-
ral language processing, where it is necessary or at leastryedesirable to know
what a particular word or expression is being used to mean. TIs begins in
very simple ways in situations with which most of us will be familiar. If you're



booking an airline ticket online and say you want to travel to London, you will
probably get a response such as:

More than one airport matches “london'. Please type a new
airport name or code, or select an airport from the followiligt:

London, England LGW - Gatwick
London, England LHR - Heathrow
London, England LON - all airports
London, England STN - Stansted

London, OA, Canada YXU - London

The system which your browser is sending information to has dist of possible
airports all over the world, each of which has a 3 letter code Wwich means that
airport and no other. A passenger requesting a ight to London could wish
to travel to any of these airports. E ectively, each of these 3 letter code is
a possible “sense' of the word.ondon, and to interact e ectively the system
must know which of these meanings are acceptable to the useithese meanings
are not all created equal | LHR, LGW and STN are collectively referred to
by LON ! and this broader classi cation might be specic enough for ©me
situations, so long as we know thatYXU is completely di erent and must be
distinguished. The user can see these options and choose thppropriate one for
their travel needs | and if the system had more information ab out these travel
needs it should be able to make the correct decision for itsél The word London
is thus ambiguous (more particularly polysemous meaning \many senses") and
the process of deciding which meaning is appropriate is knowas “ambiguity
resolution' or “disambiguation’.

Most word-meanings in natural language have a much more comex struc-
ture than airport codes. There is a nite number of distinct airports and the
system can rely on the user to say unequivocally which one ishe correct choice.
When a new airport is built, there is a recognised process fogiving it its own
unique code, the codes are universally recognised, and pdeglo not start using
a new and di erent code to refer to an airport which already exsts. In natural
language, people break all of these rules, and a careful anais reveals all sorts
of persistent di culties in deciding what counts as a word-sense and which sense
is being referred to in a particular instance [2].

Research on word-sense disambiguation (WSD) in natural laguage process-
ing goes back several decades, and a historical survey of nfuof this work can
be found in [3]. The central theme is that we should be able to wrk out which
sense of a word is being used by examining the context in which word is writ-
ten (almost all work in WSD has been on text rather than speech. Initial work
focussed on laboriously building “expert' classi ers whith would enumerate the
di erent contexts in which a word might appear, with enough i nformation to
work out which sense was being used. Later on, as machine realole dictionaries
(MRD's) became available, they were used automatically to povide informa-
tion for disambiguation. An early and quite representative approach was that

1in a hierarchy of concepts, we might say that LON is a “hypernym' [1, p 25] or “parent
node' of LHR, LGW and STN.



of Lesk [4], who used the words found in de nitions from a MRD & clues that
might indicate that one sense was being used rather than anditer. For example,
one sense of the wordcishis de ned as

1) any of a genus (Fraxinus) of trees of the olive family with gnnate
leaves, thin furrowed bark, and gray branchlets (Webster 197)

In a sentence, one might very well encounter the wordsree or leavesnear the
word ash and use that as evidence that this sense ofshis being used. The
problem here is that the information provided is very sparse and often very
di erent in register from the words one encounters in more nomal text. For
example, the de nition of the other major sense ofashincludes the wordsresidue
and combustibleand makes no reference to the wordsigarette or dust, which
might be much better contextual clues. Lesk's solution to this mismatch was to
use not only words occurring in the de nition of ash but words whose de nitions
share words with that of ash For example, dust is related to the ‘residue from
combustion' sense ofash and both de nitions include the word particles.

A method of relating \de nitions" which more clearly re ect actual usage
is to use the \one-sense per collocation" assumption [5]. Tis works upon the
premise that idiomatic phrases can be used as “seed-examglef particular
senses with very high reliability. For example, Yarowsky dstinguishes between
the “living thing' and “factory' sense of the word plant by assuming that almost
every instance of the collocationplant life usesplant to mean a living thing,
and almost every instance ofmanufacturing plant uses plant to mean a factory.
These examples can then be used to nd other words which indiate one sense
or the other, and so gradually extend coverage [6].

Such a method involves taking a few labelled instances of ongense or an-
other, examining their surrounding contexts, and extrapolating to achieve a
similar labelling in other similar contexts. To get a more representative sample
of instances of di erent senses, the initial labelling phag can be carried out (at
some cost) by human annotators. This gives rise to the procesof supervised
word-sense disambiguation, where statistical tendenciesbserved in labelled ex-
amples are used to classify new unseen examples §2.4.2]. The most standard
model used is naive-Bayes, where \indicative words" are extacted from the
training examples and used as evidence of the sense they oced with in train-
ing if they appear within a distance of n words from the target word.

By the late 1990's, WSD had become a recognised eld within naural lan-
guage processing, with its own internally de ned standardsand SENSEVAL
evaluation contests [7]. These contests provide manually rotated training
data and held-out evaluation data to compare the performane of di erent sys-
tems. This framework encourages supervised methods, whicherform under-
standably better in such situations, though it is unlikely t hat enough hand-
labelled data will ever be available to use such disambiguadn techniques in
real situations with many thousands of di erent words.

Even after much progress in the last ten years or so, one of thelearest
results is that the “success' of a disambiguation system demds critically on
whether it is evaluated on easy or di cult ambiguities. Comp aring decisions



made by dierent human judges shows that people often disagee with one
another in labelling a particular usage with a particular sense [3,x3.3], and these
discrepancies cast doubt on the signi cance of results obtaed by comparing a
word-sense disambiguation system against “gold-standartiuman judgments.

A major question is granularity: what distinctions in meani ngs are regarded
as important enough to be considered di erent senses. Somighes two senses
are clearly di erent, such as the ‘commercial-bank' and “rnver-bank’ senses of the
word bank This is an example of “homonymy' or “accidental polysemy'where
two unrelated meanings share the same surface word-form alost accidentally.
But many cases are more subtle | bank in the commercial sense is used to
mean a nancial institution and a building where that instit ution does business.
Sometimes this distinction is not important | in the sentenc e

The bank closed at 5pm.

it probably means that the institution stopped doing business and the doors to
the building itself were shut, so both senses are in use simaineously. However,
if one heard that

The bank collapsed at 5pm.

one would need to know whether it was the institution or the building which
collapsed to determine whether to call in liquidators or regue-workers. This sort
of ambiguity is called “regular polysemy' or “systematic ptysemy' | two senses
are logically related, or one sense has di erent aspects wblh might be called
upon in di erent situations. It is increasingly apparent th at word-senses are not
discrete, distinct units but adaptable and generative [8]. Rather than viewing
ambiguity as a problem, one approach to creating lexicons iso use ambiguity
as a guiding principle in de ning systematically polysemouws categories [9]. It
is possible that the very choice of the term “disambiguatiohto describe the
process of mapping word-usages to word-senses has led to ammdlivisive view
of word-senses than is healthy.

Whether or not it is important to distinguish between sensesdepends very
much on the task at hand. For translation, it is only importan t insofar as it
determines the correct translation of a given word | if a sing le word in English
with two possible senses is translated to the same word in Frech irrespective of
which sense is being used, then the distinction does not madtr for determining
the correct translation. In information retrieval (IR), on the other hand, the
distinction between two senses is important if and only if krowing the distinction
could a ect whether a particular document is relevant to a user. One solution
to this problem in IR is to let the document collection itself determine which
sense-distinctions are important. This entirely unsupenised approach to WSD
was taken by Schatze [10, 11], nding di erent “senses' of @rticular words by
identifying distinct clusters of “context-vectors'. For example, the word suit
often occurs with the words court, judge and attorney, or with the words jacket,
tie and dress and words from each of these groups occur far more often witbhne
another than with words from the other group. These two groups fall into very



distinct “clusters', and once this has been noted the wordsithe di erent clusters
can be used as clues that one sense or another is being used.iS s one of the
few methods for WSD that was shown to provide a reliable enhacement for
information retrieval [12], possibly because it re ects the way words and senses
are used in a particular document collection rather than howa dictionary says
they should be used in general.

All of these methods for WSD share that feature that in some wg, instances
of words are being mapped to possible senses based upon imf@tion in a sur-
rounding context. Unfortunately, the way “context' is de n ed and used is often
unstructured and in exible. There are many kinds of context which might be
relevant to determining meaning (for example, [3,x3.1] discussesnicrocontext,
topical context and domain contex®), but much of this information is often ne-
glected.

The practical challenge of combining information from di erent knowledge
sources into a single system for disambiguation has been adessed with con-
siderable success [13, 14], and in combining di erent knowldge sources these
methods implicitly combine the di erent contextual inform ation that the di er-
ent knowledge sources rely upon. A theoretical challenge, kich is of possible
interest to a broad group of people, is to give an account for wrds and their
meaning in context which can recognise and explain the wide ariations we
encounter in language.

3 A mathematical model for words, meaning
and context

The techniques for word sense disambiguation described irhe previous section
have several factors in common. These similarities encouge the development
of a more structured mathematical model which we now present beginning
by introducing three important sets which we need in order to phrase these
questions mathematically. These are the spaces of words, ofieanings, and of
contexts.

W  Words Primitive units of expression
Single words
Parts of compound words (eg.houseboa}
Independent multiword expressions

L Lexicon The available meanings to which signs refer
Traditional Dictionaries
Ontologies, Taxonomies
Meanings collected from training examples

C Contexts Pieces of linguistic data in which signs are obseed
Sentences
Immediate collocations (eg. bloodvesse)
Whole domains have conventions (eg. acronyms




The main goal of this paper is to explore the structure ofC, the set of possible
contexts, and we will do this in the following section. Befor this, we devote a
few remarks to the setswW and L, and to some important mappings between
these spaces.

In discussing a space of words or expressions, we are assugihat a sen-
tence is somehow decomposable into basic units. These wilbhnecessarily be
handy strings of letters with spaces in between them | some words can be
identi ed as compounds of more primitive units (such as with the word shbone
= sh + bong, and some multiword expressions or “collocations' have a ore
or less independent meaning of their own (such a&/nited States of America).
Sometimes it is not clear whether something is really a multivord expression or
two primitive units or both (such as Catholic Church. While it is possible (and
depressingly easy) to use such objections to claim that “wais' don't really exist
at all, even very simple computational and statistical techniques can analyse a
corpus of English and identify words and collocations whichmost of us would
agree are a reasonable choice of “primitive units' [15, Ch 5]

The structure of the lexicon L is much more subtle and has been the subject
of considerable research [16]. The lexicon describes therses used in the domain
in question, for example a traditional dictionary or thesaurus, an ontology or a
taxonomy. If the domain is computer manufacturing, the lexicon L might be
an ontology describing parts of computers, and informationabout where they
go, what their purpose is, how they relate to other parts, etc More generally,
lexical resources such as WordNet [1] (which is domain-gena) try to locate
concepts by introducing broad, general categories such asventor artifact and
giving relations between the entries such ads_a, part _of , etc. A standard
objection is that all these ‘lexicons' are nite and discrete, but it is impossible
to enumerate all the nuances of meaning a word can have in adw@e because
new words are always being coined and old words being used Wihew meanings
which are intuitively related to their old ones (examples include words which
have acquired a technological meaning such aseband mousé. An alternative
to the enumerative approach is provided by the theory of gengative lexicons in
which a core meaning can be systematically extended to newtsiations [8].

Another way to build a “lexicon' is to take labelled training data. Instead of a
de nition being a statement about what a word means or what other words it is
related to, concepts are de ned by a list of contexts in whichthey are represented
by a given word. This way of de ning a lexicon has some drawbaks in common
with those above. It is costly and static: once the labelled nstances have been
used, you can't then ask the lexicon for more information, orinformation about
a di erent domain, hence the di culty in applying WSD method s that require
training data to any domain other than that for which the trai ning data was
designed.

2Note that authors sometimes use the term “lexicon' to refer n ot only to the meanings and
the way they are organised, but also to the words and the vario us possible mappings from
word-forms to lexical entries, e ectively amalgamating th e spacesL and W. The main reason
here for using a notation where these spaces are kept separate it to be able to describe the
process of assigning word-senses to word-usages as a mappirg from W into L.



Mappings between L , W and C

Many important linguistic phenomena can be de ned as mappirgs between these
spaces or products thereof.

Traditional WSD

The traditional WSD problem is as follows. Take a prede ned wllection of
meaningsL and a collection of pairs of words and contexts\;c) 2 W C . Pro-
duce a mapping :(w;c)!L and compare the results with a "gold-standard'
of human judgments. We will refer to such mappings as “sense-mappings'.
The possible images of this map for a given wordv,

Sw)=f (w;c)foranyc2Cg L ;

can be referred to collectively as the senses of.

The WSD problem can be posed using any one of the lexicon typegescribed
above. One signi cant di erence between hand-coded dictimary or thesaurus
de nitions and de nitions extracted from training data is t hat for the latter
we do have a collection of examples of the form (w;c) = I. (In fact, this is
all we have.) The traditional WSD problem is to extrapolate to other pairs
of symbols and contexts. In practice, WSD algorithms are ony evaluated on
how well they generalise to other contexts: to extrapolate fom known instances

(w; c1) to unknown instances (w;c). This goes some way to explaining to
the new reader how narrow much work in WSD has been, which mussurely
suggest partial answers to questions such as \why has WSD ngproven very
useful for information retrieval?".

Synonymy

The words wy;wp; 2 W are said to be synonymousin the context of ¢ 2 C
if (wp;c) = (wgz;c). Synonymy is the name given to the phenomenon that
mapping from W into L will not in real life be injective. Synonymy in one
particular context could accurately be called “partial synonymy'. Two symbols
are said to betotally synonymousif they have the same meaning inall contexts,
so that (wp;c) = (wg;c) 8 c2 C. Itis known that total synonymy is very
rare | there is nearly always some context in which two di ere nt words will
have (at least slightly) di erent meanings.

WSD with learning or “eavesdropping'

Introducing some learning operation is likely to help WSD. Along with the
dictionary and the local context, the system is encouraged ¢ look at a range
of unlabelled data that has been collected along the way to seif it gives any
further clues for accurate sense-mapping. E ectively, oursystem can eavesdrop
on lots of conversations to see if it gets any further clues atut what the symbols
are used to mean.



Thus our sense-mapping is a function not just using one conté¢ c 2 C,
but using any subset of contexts inC. If we let G, denote those contexts
that are potentially relevant to the word w, our sense-mapping takes the form

(w;cGy) 'L

This method uses our initial de nitions L as ‘seeds of meaning' and allows
those seeds to sprout, gathering more information, before @& expect the seeds
to accurately catch the correct meaning of all the symbols wich refer to them.
One way of doing this is to use a corpus to extract semantic sitarity scores
between pairs of words and to use these similarities for smaloing (assigning a
non-zero probability to events that were not observed in thetraining corpus but
are possible nonetheless) to improve disambiguation [17].

4 Context Groups

In this, the most important section of this paper, we use the nmappings from
the previous section to de ne the notion of context groups. This essentially
topological notion can be used to address the question of homuch context is
appropriate in a particular situation for accurately deter mining meaning.

The structure of the set Cis of particular interest and exibility. A context,
on the global level, might be any subset of the total "univerg of discourse’, and
on the local level is some piece of language containing the wb w which we
want to map into the lexicon. The elements of C might take many di erent
(and nested) forms from a single word to a whole domain. How mch context
we need to distinguish meanings is an important question fordetermining a
suitable “granularity' for C, and as we have stressed in this paper, the answer to
this question will vary considerably from case to case.

Many approaches to disambiguation (such as naive-Bayes anfichstze's vec-
tor models [11]) have assumed a model where a “context is simply a list

These disambiguation systems therefore provide a mappingdm W ::: W =
W" I C . However, it is clear that the spaceC also contains broader "meta’
information which, though it can be described in words, is esentially not word-
like. We would agree with the statement \in the context of medicine, operation
usually means a surgical process (rather than a mathematidaor a military op-
eration”. But this contextual information is certainly di  erent from the usage of
the single word medicine | we have an understanding of contexts as something
that are often broader in scope than the individual words we e to name them.
One clear observation is that the relationship between granlarity of con-
texts and granularity of senses is monotonic. That is to say hat if two senses
are to be clearly distinguished, then the contexts that incude them must also
be clearly distinguished and if the distinction between seses is relaxed, then
the distinction between contexts can be relaxed. It followsthat any measure of
similarity or distance between senses will be mirrored in ap corresponding mea-
sure of similarity or distance between contexts. This obseration points to a way
of de ning the way context and meaning relate to one another wthout saying



exhaustively what eachindividual context can consist of. This is accomplished
by de ning “context groups' 3.

The context group of a word w with meaning | consists of precisely those
linguistic situations under which that particular word wil | have that particular
meaning. Phrases like "in the legal contextsuit means the same thing adaw-
suit' are then given the following interpretation. Suppose the kxicon gives two
meanings for the wordsuit, the legal meaning and the clothing meaning. Then
as far as we are concerned, the “legal contexGegal is precisely those situations
in which suit has the same sense dawsuit,

Gegal = fCc2 Cj (suit;c) = Ig;

wherel is the “lawsuit' meaning of suit.

This de nition of context as an inverse image of the sense-mpping is es-
sentially topological. Words appear in a "neighbourhood' & surrounding infor-
mation, and it is these neighbourhoods which are used to redee any ambiguity
4. Other contextual information may well be available but often unnecessary
| if we know for sure from the topic of one article, or from a sin gle sentence,
that suit is being used to mean lawsuit, then all other observations in(say)
the context of that publication can safely be treated as facbrs under which the
meaning of suit remains constant.

In this localised version of events, the context group can beeduced to a local
vector space of contextual symmetries [20, Ch 8]. Placing a@rd in a particular
context is then conceptually similar to placing a ball on a sbping surface. It
is the local structure of the surface, in particular the plane tangential to the
surface at that point, which determines the direction in which the ball will roll.
These “local surfaces' will be orthogonal (or at least trangerse) for semantically
unrelated homonyms, and will have some intersection or ovédap for senses which
are more closely related through systematic polysemy.

Figures 1 and 2 give 2-dimensional projections of this infanation, derived
automatically by analysing local collocations such as \arns and legs" in the
British National Corpus. (Details of the corpus processingused to obtain these
graphs are given in [21].) Two disjoint senses have been fodrfor arms (“part
of the body' and “weapons'), whereas several systematicalirelated senses have
been found forwing, including the wing of an aeroplane, the wing of a bird, the
wing of a building and a wing of an organisation such as a polital party. These
examples show clearly how di erent senses have made themsek apparent by
appearing with di erent context groups.

This theoretical analysis suggests a simple order in whichantextual infor-
mation for disambiguation should be sought. Extremely locad information such

3This terminology is not intended to imply a group structure i n the algebraic sense [18, Ch
10], since we have not yet de ned a binary operation upon cont exts, though this is an open
and promising question. Any reasonable combination of cont exts from the context group of
a particular word-to-sense mapping would be expected to pre serve that mapping, so closure
would certainly be satis ed.

4This analysis suggests some similarity between the idea of ¢ ontexts which are in the same
context group and possible worlds which are accessible from one another in intensional logic
[19, Vol 1].
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Figure 2: Words related to di erent senses ofwing
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as collocational usage should be prior, followed by local syactic information,
broader coccurrence information and nally broad discour®e and domain infor-
mation. The error made by statistical techniques [10, p 103kuch as naive-Bayes
for the sentence

Sharpton said, \| have been on the attorney general's case,ral | will
be on his assistants like a suit jacket throughout the arraigmqment and
the trial." (New York Times)

would be avoided by such a theory. Considering a context grop as a topological
neighbourhood around a particular word gives the simplest pssible answer to
the question \How much contextual information should be usel to choose the
correct sense?" | \Whatever is necessary".

5 The parallel with quantum theory

Consider an electrone orbiting the nucleus of a hydrogen atom. As is well-
known, the electron may be in several di erent “states'. Its spin may be “up'
or ‘down' and it may be in a variety of dierent energy states [22], and the
possible energy states are predicted by the localised actioof a particular group
of symmetries [20, Ch 11]. Without further observations, it is impossible to say
for sure which of these energy or spin states the electron isi| all we know is
the prior probabilities of the di erent states. To determin e the “actual' energy
or spin state of the electron, a measurement of some sort mudie made by a
conscious observer.

Of course, there are many particles other than electrons, athmany situations
other than this simplest case of the single electron orbitiig a hydrogen nucleus.
With many electrons orbiting bigger nuclei, knowing the states of some electrons
gives a lot of information about the rest. Many forces work in di erent ways
on di erent particles | the protons and neutrons together in  the nucleus are
bound together by the strong nuclear force which is very powdul over a small
locality, the electrons are chiey a ected by electromagnetic forces which are
broader ranging, weak nuclear forces can cause radioactivdecay, and all the
particles in uence one another by the force of gravity whichhas a weaker global
e ect.

This situation is curiously reminiscent of the relationship between words,
senses and contexts described in this paper. A word 2 W may have several
possible senset 2 L, some of which are more common than others. Once the
word is observed in some actual situation, it is possible to sk which sense is
being used. The answer will depend on a number of forces | colbcational, syn-
tactic, broad cooccurrence and domain | with di erent stren gths and ranges
of in uence. The best way to understand the possible states ba particle is to
understand the group of symmetries which preserves each ¢ just as we have
suggested that context groups give more insight on word-seses than individual
contexts. Assigning meaning is an interactive, not an isoléed process | know-
ing the senses of some words can greatly assist us in deterrinig the senses of

12



others, and this process is often mutual. There are many coman character-
istics | the ambitious hope is that in years to come, scienti ¢ progress will
provide theories which enable us to describe meaning with aaccuracy similar
to the accuracy with which quantum theory describes electrams.

A remaining di culty is that the structure of word-senses is much more
subtle and di cult to predict than the structure of energy-l evels | at least
for our current theories. However, this does not imply that meaning can only
be written down exhaustively, guessed by statistical methals (both of which
have already made great contributions) or left a mystery. The proposal in this
paper is that careful scienti ¢ thought, together with empi rical investigation,
can provide models in which context and meaning are descrilieclearly, exibly,
and accurately.
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