Mixing Semantic Networks and Conceptual Vectors: the Case of Hyperonymy

Violaine Prince Mathieu Lafourcade
LIRMM-CNRS and University Montpellier 2  LIRMM-CNRS and University Montpellier 2
161 Ada Street, 34392 Montpellier cedex5 161 Ada Street, 34392 Montpellier cedex 5

France France
prince@lirmm.fr lafourca@lirmm.fr
Abstract ered as the conceptual relation often embedded in hyper-

onymy) but is silent, or almost so, about several other in-
In this paper, we focus on lexical semantics, a key issueteresting lexical functions such as antonymy and thematic

in Natural Language Processing (NLP) that tends to con- association. Synonymy has been tackled [19], [13], but
verge with conceptual Knowledge Representation (KR) anddiscrimination between synonymy and hyperonymy has of-
ontologies. When ontological representation is needed, hy-ten led researchers to look for a more flexible notion such
peronymy, the closest approximation to therelation, is as semantic similarity [14]. The vector approach is com-
at stake. In this paper we describe the principles of our vec- pletely at the at the opposite. Offering very easily thematic
tor model (CVM: Conceptual Vector Model), and show how association, it allows many fine-grained synonymy [7] and
to account for hyperonymy within the vector-based frame antonymy [20] functions to be defined and implemented,
for semantics. We show how hyperonymy divergesigsean  but is unable to differentiate or to valid the existence of hy-
and what measures are more accurate for hyperonymy rep-peronymous relations.
resentation. Our demonstration results in initiating a 'coop- In this paper we show how to account for hyperonymy
eration’ process between semantic networks and conceptualvithin the vector-based frame for semantics, relying on
vectors. Text automatic rewriting or enhancing, ontology a cooperation between semantic networks and conceptual
mapping with natural language expressions, are examplesvectors, and how this can be applied to new functions such
of applications that can be derived from the functions we as word substitution, and semantic approximation, that be-
define in this paperKeywords knowledge representation, long to the field of semantic similarity. We use a semantic
cognitive linguistics, natural language processing. network to enhance vector learning, and symmetrically we

build customized semantic networks out of hyperonymous

relations between vectors.

1 Introduction
2 Hyperonymy andis-arelations

Lexical semantics are a key issue in Natural Language
Processing (NLP) since they represent the point of conver-2.1  Defining Hyperonymy
gence with conceptual Knowledge Representation (KR) and
ontologies. They also browse the area of lexical resources Hyperonymy is a lexical function that, given a term
processing, so that many works in both NLP and Al have associates té one or many other terms that are more gen-
been devoted to lexical semantic functions, as a way toeral, such as those used to deftrie genusanddifferentiae
tackle the problem of word sense representation and dis-(aristotelian definition). Its symmetrical function is called
crimination. Among the well established trends in lexical hyponymy.
semantics representations, two trends seem to be conflict- Hyperonymy, in almost all KR papers, is assimilated to
ual: the WordNet approach [11], [4], born from semantic the general argument of tlie-arelationship (fundamentals
networks, and KR-oriented, and the Vector approach, origi- are given in [1]). Let us remind that this-a relationship
nated from the Saltonian representation in Information Re- is such as ifX is a class of objects, and’ a subclass of
trieval [17], which has found a set of applications in NLP. X, thenis — a(X’, X) is true. The rightmost argument
The first is based on logic and the second on vector-spaceX is called thegeneralargument whereaX’ is said to be
algebra. the specificargument. The problem is that linguistic hyper-

The first is very efficient fois-a relationships (consid- onymy is not a "pure’is-arelation. When the worthorse



is defined, we find: “a herbivorous animal, with four legs, them to lexical items. The hypothesis that considers a set

etc...”. A good hyperonym for this definition dforseis of concepts as a generator to language has been long de-
herbivorous mammalAnimalis another hyperonym, since scribed in [16] (thesaurus hypothesis) and has been used by
"herbivorous mammal is-a mammahd mammalis-a ani-  researchers in NLP (e.g. [21]). Polysemous words combine

mal is true. However, thematically, laorseis very close to different vectors corresponding to different meanings. This
aherbivore whereaherbivoresdo not constitute a class but  vector approach is based on well known mathematical prop-
a set of individuals that may belong to different lines of the erties: it is thus possible to undertake formal manipulations
taxonomy (birds and insects and reptiles could be herbiv-attached to reasonable linguistic interpretations. Concepts
orous, but also metaphorically, many other things). Thus, are defined from a thesaurus (in our prototype applied to
even if, in language, one wants to write tteahorse is a  French, we have chosen [8] where 873 concepts are identi-

herbivoreeventhoughhorse is-a herbivorgs false. fied to compare with the thousand defined in [16]). To be
consistent with the thesaurus hypothesis, we consider that
2.2 WordNet and Hyperonymy this set constitutes a generator space for words and their

meanings. This space is probably not free (no proper vecto-

WordNet is a built taxonomy of words, and as such, only rial base) and as such, any word would project its meaning
capturess-arelations. A hyperonym is a linguistic superor- on this space according to the following principle.
dinate, generally used in definitions that also captures par-
ticular properties that cannot act as classes by themselves3.1 Principle
Polysemous words have many definitions, and thus many
hyperonyms: énorseis also avehicle that is, a mean of Let beC a finite set ofn concepts, a conceptual vector
transportation.This implies marig-a relations, which €x- 1/ is 3 linear combinaison of elementsof C. For a mean-
plains vyhy WordNet is a network and not a tree. The only ing A, a vectorV/(A) is the description (in extension) of
constraintin language is that a hyperonym needs to be more, (i ations of all concepts @f. For example, the different
general (and thuberbivorecould act as a hyperonym for  0anings ofdoor could be projected on the following con-

horsg whereas in a semantic network, every step of the o iq (the set of pairsdonceriintensity]) are ordered by
chain of classes and subclasses must verify the order relal'ncreasing values): Voor) = (orenind0.3], BARRIERO.31]

tion. LmiT[0.32], ProxiMITY0.33], ExTERIORFO. 35], INTERIOH0.37],
2.3 Hyperonymy and Word Deffinition In practice, the largest is, the finer the meaning de-
scriptions are. In return, the computer manipulation is less
As shown before, hyperonyms could be extracted, whengasy As most vectors are dense (very few null coordinates),
they are not known, from most dictionary like definitions. he enumeration of activated concepts is long and difficult

Only general concepts, which tend to play the role of hy- {5 evaluate. We generally prefer to select the thematically
peronyms (ands-a) superclasses of many others, are not ¢josest terms, i.e., theeighbourhood For instance, the

defined through aristotelian definition, but are explained by ¢|osest terms ordered by increasing distancedodr are:
their hyponyms. This is why, in our CVM (Conceptual Vec- V(:door)=

tor Model) model presented in next section, we consider the
existence of a "hyperonymy horizon” beyond which defi-

<portal, <portiere, <opening, <gate, <barrier>,. ..
To handle semantics within this vector frame, we use the
common operations on vectors. An interesting measure is

nitions become inversed: hyperonyms are more difficult t0 o angular distance that accounts for a similarity measure.
find and less explicative than hyponyms. The wactonis  ag an example, we present, hereafter, the vector sum , the

almost at the top of the WordNet taxonomy and dictionary ¢.gjar product and the angular distance equations.
definitions tend to explain it with more specific words.

3 The Conceptual Vector Model (CVM) 3.1.1 Vectors Sum

Let A and B be two vectors, we define V as their normed

Vectors have been used in Information Retrieval for long sum:

[18] and for meaning representation by the LSI model [3] 3 v=Xxey | wm=Eitw/lVi @
from latent semantic analysis (LSA) studies in psycholin- Intuitively, the vector sum ofi and B corresponds to the
guistics. In NLP, [2] proposes a formalism for the projec- Union of semantic properties of and B. This operator is
tion of the linguistic notion of semantic field in a vectorial 'démpotent as we havé © A = A. The null vector0 is

Space, from which our model is |r_13p|red. L. . 1L exical items are words or expressions which constitute lexical en-
From a set of elementary notiongnceptsit is possi- tries. For instancecar or <white ant are lexical items. In the following

ble to build vectors (conceptual vectors) and to associatewe will sometimes usword or termto speak about Exical item




a neutral element of the vector sum and, by definition, we contextualisation It consists in emphasizing common fea-

have0 @& 0 = 0. tures of every meaning. LeX andY be two vectors, we
definey(X,Y) as the contextualisation df by Y as:
3.1.2 Vectors Product 1XY) =X (X®Y) (%)
The vector product is equivalent tonermed term to term ~ These functions are not symmetrical. The operatas
product.Let X andY be two vectors, we defing astheir idempotent{(X, X) = X) and the null vector is the neu-
normed term to term product tral element. ¢(X,0) = X & 0 = X). We will no-
V=XQY | v=+Zu ) tice, without demonstration, that we have thus the following

i o . properties otlosenesand offarness
This operator is idempotent aidds absorbent.
V=X®X=X ad V=X®0=0 ) Da(v(X,Y),7(Y, X))
SH{DAX (Y, X)), Da(v(X,Y),Y)} (6)
< Da(X,Y)
Intuitively, the vector product oA and B corresponds
to the intersection of semantic propertiesfnd B. This The functiony(X,Y") brings the vectorX closer toY’
is a crucial feature for hyperonymy since a hyperonym and proportionally to their intersection. The contextualization is
its hyponym could be seen as one containing the propertiesa low-cost meaning of amplifying properties that are salient
of the other. But it is also important in synonymy and may in a given context. For a polysemous word vector, if the
give hints about polysemous properties of some conceptuakontext vector is relevant, one of the possible meanings is
vectors (intersections with many different vectors). A better activatedthrough contextualization. For examplgnkby
function for emphasizing intersection is given in the para- itself is ambiguous and its vector is pointing somewhere be-

graph about contextualisation. tween those ofiver bankandmoney institutionlf the vec-
tor of bankis contextualized byiver, then concepts related
3.1.3 Angular Distance to finance would considerably dim.

Let us defineSim(A, B) as one of thesimilarity measures ; e
between two vectord et B, often used in Information Re- 3.2 Implemented Lexical Functions: Synonymy

trieval. We can express this function as: and Antonymy

A-B

Sim(A, B) = COS(X,\B) = m

3.2.1 Synonymy
with “-” as the scalar product. We suppose here that vector WO lexical items are in a synonymy relation if there is a
components are positive or null. Then, we defineagular  Semantic equivalence between them , bl
distanceD 4 between two vectors and B as follows: Synonymy is a pivot relation in NLP, but remains problem-
' atic, since semantic equivalence is not translatable into an
D 4(A, B) = arccos(Sim(A, B)) equivalence relationship. It does not necessarily verify tran-
A.B @) sitivity [10] and it could be, at least partially, confused with
—_— hyperonymy, when equivalence is reduced to semantic sim-
LAl < 1Bl ilarity [14]. A possible solution in a vector framework is to
Intuitively, this function constitutes an evaluation thie- gggpeedatl)C%ntﬁ)gg?alrsy%ogr%/tr?gl a(?g,r? prr?gﬂstﬁgr:ns[%]z)cr)?tgrﬁe
; i . y u ion, whi u
matic proximityand is the measure of the angle between roperties of an equivalence relationship. The suggested so-
the two vectors. We would generally consider that, for a |ution is called relative synonymy [7]. The functional repre-
distanceDa (A, B) < 7, (i.e. less than 45 degrees), sentation is the following: We define tinglative synonymy

and B are thematically close and share many concepts. Forf‘fnci'onﬁ]y”&l betfwee_n t?ree_ vector$, B andC, the later
Da(A, B) > 7, the thematic proximity between A and B playing the role of a pivot, as.

would be considered as loose. Aroufdthey have no re- Syngr(A, B,C) = Da(v(A,C),~(B,C))
lation. D 4 is a real distance function. It verifies the prop- =Ds(A®(A®C),B®(B®C))

erties of reflexivity, symmetry and triangular inequality. I The interpretation corresponds to testing the thematic close-

the following, we will speak ofiistanceonly when these [ 1es5 of two meaningsd(and B), each one enhanced with
last properties will be verified, otherwise we will speak of \yhat it has in common with a third). The advantage of

with Sim(A, B) = cos(A,/\B) =

™

measure such a solution is that it circumvents the effects of polysemy
in cutting transitivity and symmetry. However, it does not
3.1.4 Contextualisation provide a real distinction between a hyperonym of a given

When two terms are in presence of each other, some of th eaning of a _wor_d, and a _true synonym of SUCh. a word.
meanin S Of each Of them are thus Se|ected by the presenc his problem is discussed in next SeCt|0n, when introduc-
of the other, acting as@ntext This phenomenon is called ing more flexible notions such agord substitution.



3.2.2  Antonymy V'(N;) = V(N;) ®~v(N;, N). This is done iteratively until
Two lexical items are in antonymy relation if there is a sym- reachmg a leaf. This analysis 'm.e'thod shapes, from exist-
metry between their semantic components relatively to aning conceptual vectors and definitions, new vectors. It re-

axis quires a bootstrap with a kernel composed of pre-computed

Three types of symmetry have been defined, inspired fromyectors, manually indexed for the most frequent or diffi-
linguistic research [12]. As an example, we expose only

the ‘complementary’ antonymy proposed by [20]: The cult terms and already defined in [8] . One way to build
same method is used for the other typ@€omplementary  an coherent learning system is to take care of the seman-
antonymsare couples lik@vent/unevent, presence/absence tic relations beetween items, and among them, synonymy,

Complementary antonymy presents two kinds of symmetry, onionymy and the most important, hyperonymy. A relevant
(i) avalue symmetry in a boolean system, as in the examples L . : . .
above, and (i) a symmetry about the application of a prop- conceptual vector basis is obtained after some iterations in

erty (blackis the absence of color, so it is “opposed” to all the learning process. At the moment of writing this article,
other colors or color combinaisons). The functional repre- our system counts more than 71000 items for French and

fﬁgrt_]aglgg ézttgﬁt?rl]t/)r\;wvgngzil Lhﬁlgugggggtégﬁﬁg dr%g;rir;ls more than 288000 vectors. 2000 vectors are concerned with

reference taR. The partial functionAntiLexz has been  antonymy, aimostall of them are concerned with synonymy
defined to take care of the fact that, in most cases, contexiand hyperonymy. The computed functions have allowed to

is enough to determine a symmetry axiatiLexp is de-  enhance the representation of almost all vectors.
fined to yield a symmetry axis rather than a context. In prac-

tice, we havedntiLexp = AntiLexr. The last function is .
the absolute antonymy functioheir associated equations 3-4 Importance of Hyperonymy in CVM
are given hereafter.

A,C, R,n — AntiLexs(A,C, R,n) ®) A framework for hyperonymy is very useful for enhanc-
ing vector construction, since most vectors are built by pars-
ing hyperonymous definitions provided by on-line sources
on the Web. In fact, all lexical functions appear to be a great
help for such as task. Symmetrically, relations between vec-
tors are crucial for a data driven approach : trying to extract
semantic relations in corpora ([21]) and thus building a do-
main ontology, or trying to organize information in corpora
by relying uponis-a hierarchies ([9], [15]).

A,C,n — AntiLexr(A,C,n) = AntiLexg(A,C,C,n) (9)
A,R,n — AntiLexp(A, R,n) = AntiLexs(A, R, R,n) (10)
A,n — AntiLex o(A,n) = AntiLexg(A, A, A,n) (11)

An implementation of these functions in the CVM is de-
tailed and commented in [20].

3.3 Conceptual Vectors Construction
Building conceptual vectors is achieved throug process-4 Computing Hyperonymy
ing definitions from different sources (dictionaries, syn-

onym lists, manual indexations, etc). Definitions are parsed ) . .
we first try to define the impact of hyperonymy by mea-

with an NLP parser called SYGMART and the correspond- "~ . . ’ .
suring distances in corpora. These distances help to define

ing conceptual vector is computed according to a procedure e . L .
defined as follows. word substitution and semantic approximation (with a taxo-

After filtering according to various morphosyntactic at- nomical aspect). The theoretical model, both within seman-

tributes, we attach to the leaf (terminal node of the con- tic networks and vector Space, 1S t!’IE|USIOn modet a

ceptual tree) a conceptual vector that is computed from the_SUb c_Iass m_cludes the pro_perfues of its §uperc|ass. We show

vectors of itsk definitions. The most straighforward way in this sectlor! how inclusion is dealt with and what results

(not the best) to do so, is to compute the average vector: V& have obtained.

V(w) =V(wl)@--- & V(w.k). If the word is unknown

(i.e. it is not in the dictionary), the null vector is taken in-

stead. )
The vectors are then propagated upward. Consider a tree We define t.WO mefelsures between a teonand anhy-

node N with p dependantsV,(1 < ip). The newly com- peronym candidate :

puted vector ofV is the weighted sum of all vectors of;:

V(N) = ;N1 @ --- @ a,N,. The weightse depend of 17, (. 1) — HOW o4 Me(w, h) = HOW: (19

the syntactic functions of the node. For instance, a gover- w H

nor would be given a higher weightt(= 2) than a reg- W (resp. H) represents the number of documents in a

ular node & = 1).The vectors computed fa boat sail given corpus that contains the term(resp. k). The value

and fora sail boatwould not be identical. Once the vec- H N W represents the number of documents that contains

tor of the tree root is computed a downward propagation is both termsh andw. My is reminiscent of theecall and

performed. A node vector is contextualized by its parent: Mg of the precisionin Information Retrieval.

As our approach is both data driven and hierarchy-based,

4.1 Co-occurrence Model




4.1.1 Hyperonymy, Word Substitution, Semantic Ap- its closest already existing counterpart. In the above exam-

proximation: Building a local possible is-a Hier- ple, we have:
archy . .
e horse/ transportation meanis closer to
If we add the hypothesis thatis possible hyperonynthen horse/mammathan to horse/power unit This
the measuré/g evaluates to which extend can be sub- relation can be checked on their respective vec-
stitued byh and is thus avord substitution measuresim- tor, and (sometimes) by pattern matching on some
ilarily, My is a taxonomy evaluation, and corresponds to part of (encyclopedic) definition.

a semantic approximatignthe way one can approximate
horseby mammal

We have made the experiment by accessing Google
(www.google.comand the number of hits returned for each 4 5
request. For example, we have the following result for the
termairplane

e horse/meais closer tohorse/mammathan to
horse/power unit

Inclusion Model

If A is an hyperonym of B, then the properties of A are
included in B. This can be mesured through vector intersec-

aircraft M1 = 0.2659 Mg = 0.025 tion and distance:

plane My = 0.1237 Mg = 0.1741
flying plane M7 = 0.5317 Mg = 0.0007

aircraft heavier than aitM; = 0.5238 Mg = H(A,B) =
0.00004 DA(V(A),7(V(A) V(B))) (13)
< DA(V(B)7 7(V<A)a V(B)))

The most substituable candidatepigine (highestMg),

but it is the worst on the taxonomy evaluatidlying plane For example, we have the following measure between
is the most precise term (highétr) but reasonably cannot  ,5rse/mammagandmammal

be used instead @irplane. For a larger example dmorse D 4(V(horsg, y(V (hors§ V(mamma))) = 0.41
refer to annex. D 4(V (mamma), v(V (horsg V (mamma))) = 0.25
From this result, we deduce thaiammalproperties are

artefact transportation included inhorseMorover, if we know thahorseandmam-

: mal are in a hyperonymic relation, thenammalis the hy-
peronym. Of course to know the existence of this relation,
the co-occurence model is the answer.

[vshicle/transportation} { vehicle/vector |

4.3 Limits of the Model

horse/transportation

The model operates very well for vectors that has been

computed from hyperonymic definitions. But for very gen-
F—— eral terms, where definitions tends to be hyponymic (a col-
lection of examples), the vector inclusion is reversed. More
precisely, this is called thhorizon limit The horizon is
constituted by leaves concepts of the taxonomy on which
_ S _ _ the vector space is defined.

Figure 1. Hyperonym insertion in the built semantic network. When the definition leads to a new vector, vectors of the
Adding found hyperonyms can lead to the identification either (1) in this definiti ixed. Th h

of new salient properties in already existing meanings or (2) of new terms present in this de 'mt'on. are mixed. . us, the vec-
meanings altogether. Thematic distance is used as a meaning selec-  tor is flat compared to the main concept(s) involved. We
tor. have a formal measure félatnesswhich is thecoefficient

of variationC'y:

Horse/mammal | Horse/power unit |

ouix) = S
In this case, we do create the new meaningsrge/ v(X) = 1(X)
transportation meamandhorse/megtand link them to their S — (X)) (14)

hyperonyms. The problem is that starting from vectorized with s2(X) =
definitions, there is no way to catch these new meanings as

they are not (yet) identified. Thus, to overcome this prob- The Cy is the standard deviation of the component of
lem, we link each of these new meanings as hyperonym tothe vector divided by the meagm. This a unitless value.



By definition, Cy, is only defined for non nul vectors. If
Cy (A) = 0 then the vectod is flat, at its maximum value

(around29 whenn = 873), we have a boolean vector (only
one component is activated with 1 all others are zeros).

Conceptual Horizon for the Larousse
Thesaurus (n = 873)

Cv(v)
‘ Leaf concepts zone
29:  horizon
o cd:existence
g/‘ci;mammals
o c4:medecine ¥ animal
; ‘ ?> vehicl"e“mnl\
e .‘ ‘ g
/ % living being Z
! © mare LT ]
& colt oaction N — Q
concrete object 23
R
0 Strong hyponyms Strong hyperonyms
— —_— >

Figure 2. Graphical representation of the conceptual horizon.
The horizon stands at the highest level of the variation coefficient
which is the lowest level of the thesaurus hierarchy. On the left
side, we have terms that are strictly specialization (by mixing) of
concepts. On the right side, we have generalization of concepts,
which similarly by vector mixing tend to lower the variation coef-
ficient of vectors.

Over the horizon, we do have:

H(A,B) =
Da(V(A),~(V(A) V(B)))
> Da(V(B),7(V(A),V(B)))

(15)

How can we assess on which side of ttencept hilla
given vector stands. By itself, the variation coefficient just

evaluates the general shape of the vector and its conceptual
ity relatively to the concept set. We have two ways to solve

this problem:

1. focusing on a lexical approach mixing lexical func-

4.4 Discussion

We have given some numerical results in annex. The ex-
periments we have conducted on a collection of nouns (and
compound nouns), revealed the problem of the conceptual
horizon. This horizon stands at the lowest level of the con-
cepts hierarchy (we used [8] for French language). Because
of the nature of vector composition, the inclusion model
should be inverted when terms stand beyond this horizon.

The detection of crossing of the conceptual horizon is
done through lexical models. More precisely, it can be done
through the co-occurence model but also by the identifica-
tion of hyponyms. The detailed presentation of hyponyms
identification is beyond the scope of this paper, but enough
is to say that more abstract terms (corresponding to large
taxonomic classes) contain a large humber of hyponyms.
According to our model, hyperonymy and hyponymy func-
tions are not strictly symmetrical (both in their usage and
behavior in corpora) and can be used together to strengthen
the built network.

An application of our model, still under development, is
a paraphrase tool. From a given text, the system produces
a new text where terms are substituted by hyperonyms (or
guasi synonyms). Initial results shows that the most natu-
ral paraphrases are those which maximize substitution value
and not taxomomic precision. Such a tool could be used for
to globally assess the practical validity of our approach but
also as a partial preprocess to Machine Translation.

5 Conclusion

In this paper we have tried to show how to account for
hyperonymy within the vector-based frame for semantics,
relying on a cooperation between semantic networks and
conceptual vectors. After having assessed the importance of
lexical functions such as synonymy and antonymy for lex-
ical choice and conceptual vectors construction and usage,
we have focused on hyperonymy, more difficult to discrim-
i'_nate in a numeric approach such as ours. As our approach
Is both data driven and hierarchy-based, we first tried to de-
fine the impact of hyperonymy by measuring distances in
corpora. These distances help to define word substitution
and semantic approximation (with a taxonomical aspect).
The theoretical model, both within semantic networks and

tions and information to vectors. The co-occurence yector space, being thieclusion model we showed how
model is a possible answer and more generaly semanincjusion has been dealt with and what results we have ob-

tic graphs as well.

tained. Although being satisfactory, these result stend to
reflect the multifaceted properties of hyperonymy: by being

2. another approach is to include, as dimension of the more Comp|ex than ais-a relation, hyperonymy needs to
vector space, every concepts of the hierachy and notpe constrained by the task to perform. If text correction or
only the leaves. This solution is only partial, because explanation are at stake, then word substitution is a good

it cannot tackle the added problem of polysemy if we
work on the lexical item and not on the acception level.

usage of hyperonymic properties. If taxonomy building is
the goal, then semantic approximation is a better candidate.
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For a larger example, we have the following results for
Conceptual Vectors NLPRSQ127-134, 2001.

the termhorse

[8] Larousse, Thesaurus Larousse - desées aux mots - mammal /My = 0.81 Mg = 0.0005 (a)

des mots aux &es. Larousse, 1992. animal /My = 0.0986 Mg = 0.1523 (a)

[9] Lee,J.H, M.H Kim and Y.J. Lee. Information Retrieval domestic animal Mr = 0.133  Ms = 0.0035

based on conceptual distance in IS-A hierarchiesir- (?)
nal of Documentatioy49(2), 188—207,1993. kind of mammal /My = 00481 Ms =
0.00002 (a)

[10] Lewis, C. I.The modes of meaninn Linsky ed, "Se- specie /My = 0.1376 Mg = 0.0857 (b)
mantics and the philosophy of language”. Urbana. NY, horses My = 0.4673 Mg = 0.2954 (b)
1952. equitation /M1 = 0.3498 Mg = 0.0991 (c)

representation My = 0.0399 Mg = 0.0505

[11] G.A Miller and C. Fellbaum. Semantic Networks in (d)

English. in Beth Levin and Steven Pinker (edsekical toy / M = 0.1363 Mg = 0.0184 (e)
and Conceptual Semanticd97-229. Elsevier, Ams- child toy / My = 0.2387 Mg = 0.0004 (e)

terdam, 1991. wooden horse Mt = 0.2025 Mg = 0.0012



(e)

woman /My = 0.0363 Mg = 0.4012 (f)
manlike woman /My = 0.5692 Mg =
0.00003 (f) unit / My = 0.033 Mg = 0.0647
(9)

arbitrary unit /My = 0.067 Mg = 0.00004 (g)
power unit /M7 = 0.1042 Mg = 0.0003 (Q)

We here have several meanings farses (a) the ani-
mal, (b) the class of horses or specie, (c) horse riding, (d)
the representation of a horse, (e) the wooden horse, (f) the
manlike women, (g) the power unithammalis the most
precise for the taxonomy banimalis a better susbsitution
term. specieis too vague compared tworses child toyis
more precise thatoy but is not as good as a substitute.

Generally short terms are better substitutes (partly be-
cause of the economy principle in linguistics) but most of
the time they are, on a taxonomic point of view, quite vague
or ambiguous.

Another example of the French teqrinture

art/ My =0.133 Mg = 0.6913 (a)

art de peindre M1 = 0.649 Mg = 0.0016(a)
ouvrage /Mt = 0.2248 Mg = 0.0955 (b)
ouvrage d'un artiste My = 1.0 Mg =
0.00001(b)

matiere /My = 0.2543 Mg = 0.1644 (c)
produit /M = 0.2301 Mg = 0.1755 (c)
produita base de pigmentsM = 1.0 Mg =
0.00004 (c)

produita base de pigments en suspensiofi/ =
1.0 Mg = 0.00004 (c)

produita base de pigments en suspension dans un
liquide / M7 = 1.0 Mg = 0.00004 (c) couche
[ My =0.1443 Mg = 0.0876 (d)

couche de couleur Mr = 0.4939 Mg =
0.0004 (d)

description /M7 = 0.2049 Mg = 0.1216 (e)

The termpeinture could be: (a) theart, (b) painting
(c) the coloring matter (d) thecolor layer, and (e) ade-
scription We can see that very precise term are not good
substitutes (see different cases for (c)). And inversely best
substitutes are often more general and possibly polysemous
terms.

Generally short terms are better substitutes (partly be-
cause of the economy principle in linguistics) but most of
the time they are, on a taxonomic point of view, quite vague
or ambiguous.



