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revise their knowledge, acquire new words,
1 Introduction assign new meanings to already known words,

etc. Actually, word meanings exhibit a protean
Modelling the way word meanings dynamicallynature, a multifaceted behaviour closer to a
function and combine in communicative ajeidoscope of senses continuously changing
contexts, evolve through learning and argheir relations and nature depending on the
categorised through high-level semantic classegantage point from which they are observed. On
presents one of the most difficult challenges foihe more application-oriented side, endowing
cognitive science, and is a large stumbling blockystems with the capability of extending and
on the way to developing advanced artificialygapting their semantic knowledge is an
systems for full text understanding. Althoughessential precondition to robustness, scalability,
the cognitive and engineering views of the formang effectiveness in tackling real-word tasks. As
and acquisition of semantic knowledge need naje will see in more detail in what follows, the
be related, data from neuroscience angyo aspects of meaning form and acquisition are
psychology are indeed relevant when evaluatingyofoundly inter-related, and progress on both
different ways of representing information infronts can only be achieved, in our view of
artificial systems, and different models forthings, through a full appreciation of this deep
semantic acquisition. interdependency.

The problem of the form of semantic

knowledge typically presents itself as ap The battleground
representation issue: i.e. what is the aptest way
of representing the meaning of words and of thdwo classical theoretical stances have
complex expressions they enter into? Providingraditionally approached these questions from
satisfactory answers to these questions is afiametrically opposed perspectives. The central
essential requirement for explaining thetenet of thesymbolicor computationaparadigm
effective use of semantic knowledge in concretés that representingmeaning, andprocessing
cognitive abilities. This is extremely important meaning representations, essentially consist of
also in an engineering and computationabymbol manipulation according to explicit
perspective, as a key to a deeper understandihggical rules. Symbol manipulation is supposed
of the constructive principles underpinning theto be independent of the context/environment in
design of intelligent artifacts like robots andthe sense that once a “logical theorem prover” (a
other artificial intelligent agents. Similarly, the Turing Machine) has been given its input
issue of the acquisition of semantic knowledgeaepresentation in symbolic form, the processing
has a crucial role in modelling human cognitioncan be performetbcally (e.g. by replacing one
since cognitive agents constantly update andymbol with another) anithdependentlyf what



happens around it. At the opposite end of thextremely effective in directly organising
scale, Artificial Neural Networks (ANNs) have semantic knowledge into strongly compositional
become popular in the circles of associative andnd potentially recursive semantic structures,
cognitive psychology as models of associationistvhose internal constitution is intended to reflect
theories. Connectionist representations can hie organisation patterns of knowledge.

seen as a high-dimensional space of activities of On the less positive side, however, symbolic
neurons and connections between themgpresentations are timeless theoretical
sometimes calledstate space by analogy to primitives so that the study of their evolutionary
state spaces in physics. From this perspectivemergence is not really on the computational
the behavior of an ANN is mathematically research agenda. To put it bluntly, there are
defined by a set ddttractor points that is stable simply no conceptual categories available for
states where the ANN settles in after havingpecifying the temporal course of concept
been exposed to (and ultimately perturbed byformation, or describing the situation before
some input representations. A key assumption afymbols came into being. The symbolic
this approach is that a connectionist meaningaradigm just leaves time out of the picture,
representation dynamically unfolds throughreplacing it only with abstract sequences of
continuous interaction with other meaningsymbolic states, corresponding to sequences of
representations and the environment. A quicknferential steps. By the same token, while the
overview of the strengths and weaknesses of trsructural aspect of meaning is explicitly
two approaches is useful to illustrate the maimepresented and manipulated, very little is said
objectives of our workshop. about the dynamic forces acting on such

The symbolic paradigm provides anstructures, and determining their formation and
economic, context-free way of stating invariantevolution. As to the central question of how
concept descriptions, generally in the form of aemantic structures are acquired, a strong form
list of relevant defining properties, and of nativism seems to merely turn the problem of
characterises the relationship between two dhe ontogenesis of meaning representations (i.e.
more concepts/properties in terms of axioms anbdow they can be learned) into a basically
propositional consequences descending fromnsolved phylogenetic issue (i.e. how they have
them. From this perspective, induction has verpeen developed genetically).
little to do with concept formation, but basically A successful artificial intelligent system,
consists in distilling the rules which are satisfiedhowever, must be able to learn new properties
by all positive instances of a certain conceptfrom its interactions with the world and not only
and are not satisfied by any negative instance dfom new combinations of the given predicates.
the same concept. Symbolic representations akeven after an agent has learned a new concept,
extrinsic and explicit, in that they translate anythe meaning of the concept is bound to develop
conceptual relation, irrespective of its ownand deviate from its initial representation as a
intrinsic perceptual or psychological nature, intoresult of new experiences. Finally, meaning
a logical form, and are thus instrumental forextension, i.e. the possibility of applying
traditional parsers and classical Al-orientedconcepts developed within a certain cognitive
systems. As a result, symbolic representationdomain to other related domains through
are homogeneous and respond quite nicely to thmetaphoric concept creation, remains an oddity
language engineering demands for reusabl®r the symbolic approach, a fastidious accident
semantic resources in machine readable form. requiring ad-hoc axiom stipulation.

Last but not least, the symbolic approach to Actually, the need for turning symbolic
language and cognition tackles the crucial issuexplicit representations of semantic knowledge
of structure in semantics in the most direct wayinto more dynamic structures is receiving
Word meanings notoriously have a complex andéhcreasing attention as a major challenge for the
articulated internal  architecture,  which whole symbolic approach, as witnessed by the
determines the way they mutually compose imgrowing amount of work in the field of ontology
text and propagate into the interpretation ofearning (Staab et al. 2000Qntologiesare a
larger linguistic expressions (Jackendoff 1990powerful tool for knowledge representation, and
Pustejovsky 1995). Symbolic representations arare widely used to describe and categorise the



semantic content of natural languagesuggest the need for more complex and indirect
expressions. An ontology is intended to providdorms of compositionality, whereby it is possible
the explicit description of an architecture ofto derive the meaning of complex expressions as
concepts, organised according to different typea non monotonic and highly non linear (i.e. non
of relations, thereby forming the core of a full-isomorphic) function of the meanings of their
fledged language for knowledge representatiorconstituent words.

The power (and limit) of ontologies lies in their  Another crucial factor involved in meaning
ability to provide asnapshowf a given domain representations has to do with learning, and in
of knowledge. The basic challenge is therparticular with non-monotonic effects in concept
turning this snapshot into a dynamic andformation leading to the withdrawal of earlier
evolving structure, which might really be able toconclusions or expectations (as in the case of
tackle the complex processing of word meaningnon-flying birds like emus). Finally, when an
acquisition, change and extension. Issues sudiNN is exposed to partial input representations,
as the automatic enrichment and customisatioits attractor points can be seen as suggesting
of ontologies are high on knowledge engineersvhat further properties of the input
agendas, and interesting interactions with theepresentation are to be expected. Accordingly,
study of the cognitive dynamics of conceptvector completion can be seen as fulfilling the
formation and change can be envisaged. role of induction.

The sub-symbolic representations provided A fundamental problem with  ANNS,
by ANNSs are inherently both time- and context-however, is that even if a network has learned to
sensitive. A significant feature of thesecategorise the inputin the right way, we may not
representations is that the salience given tbe able to describe what the emerging network
various aspects of a concept may varyepresents. In this respect, this problem is
depending on the context. The meaning of a&imilar to the outcome of multidimensional
concept is not static and homogeneous, but iscaling analyses. The interpretation of principal
inherently contextual and thus changes with theomponents as the most relevant conceptual
context in which it is used. This seems to be imimensions, for example, is often difficult
keeping with cognitive and psychological because orthogonal directions of highest
findings on similarity judgements and theirvariance have little connections with the best
contextual grounding. If a child is eating anprojections for categorisation. That is, there are
apple, taste becomes more salient than if theo cognitive or psychological constraints on the
child is using the apple as a ball. By the samerincipal components.
token, metaphoric sense extension, far from As to the key notion of structure in
being a marginal accident of language use, liesemantics, although ANNs may be right in
at the very core of concept formation andrefusing to see cognition as reducible to a
language creativity. In most cases, it makesliscrete manipulation of symbolic structures, yet
comparatively little sense to distinguish betweerthe role and presence of structures in cognition
a literal and a metaphorical use of a word. Thetill represents a considerable challenge for this
notion of “leg” is probably learned with approach.
reference to human legs, but is then naturally
extended to dog legs, chair legs, furniture leg8 A way out
etc. This is particularly apparent if we look at )
the dynamic effects induced by so-calledin the recent past, an e\_/aluatlon of the pros gnd
“contrast classes” (Gardenfors, 2000) orfons of the symbolic and connectionist
common-or-garden adjectives such as “tall’jP€rspectives on meaning representation has
ssmall” or “red”. “Red wine” has litte in often been turned into &order dispute as
common with “red hair”, and the role played bytho_ugh they_were describing separable domains
the adjective in the two phrases seems to be th@f investigation, rather than two complementary
of marking a topologically similar contrast in alevels of analysis and representation of basically
paradigm-like grid of perceptual discretethe same range of phenomenahe most
oppositions, rather than that of referring to theextreme form of the symbolic paradigm places
same stimulus. Incidentally, this seems tdhe boundary so as to include any form of



sophisticated behaviour in the computationamore than a simple extension of off-the-shelf
domain. Likewise, according to the sub-machine learning technology.
symbolic paradigm the domain of the For example, until recently, ANNs have
computational paradigm is virtually empty, asmainly been used as mere pattern associators,
anything can ultimately be explained in terms othat is engineering devices for mapping static
patterns of activity values between nodes anthput representations into static output
connections. representations (as in Rosenberg and
In defining the focus of the present workshopSejnowski’'s NETtalk, 1987). Within this narrow
we intended to emphasise that both forms operspective, little insights were gained into the
reductionism are basically ill-founded. Theactual dynamic of concept formation and
symbolic and the sub-symbolic approachesategorization. But, as emphasised by Elman’s
represent two profoundly inter-dependent levelsvork on recurrent networks (1990, 1991), when
of analysis, targeting the same bunch of issues #ie behaviour of an ANN is regular enough, the
different degrees of granularity. We believe thatepresentational space staked out by its layer of
the notion of emergencein non-equilibrium hidden units is usually of a low dimension and is
complex systems is considerably instrumental imound to shed light on the dynamic of the
tackling the issue of interdependence. As Petitdystem’s categorization process and on the
(1995: 231) puts it, “we must first understandcognitive correlates of its classificatory
how discrete structures can emerge frondimensions.
continuous substrates in the cognitive realm as Kohonen’s self-organising maps (SOMs,
in the physical realm”. Orderly structures inKohonen 1995) are another good example of
language can emerge “for free” (Kauffmanwhat we seem to be in need of. They tackle the
1995) from computer models simulating the wayprime issue of lack of structure in distributed
non linguistic information is “negotiated” information in the most direct way, by providing
through linguistic signs by a group of non-a powerful mathematical way of transforming
coordinated agents (Batali 1998, Kirby 2000,and organizing the input into a mode that can
Batali, to appear). In these models, allpossibly be handled at the symbolic level. The
individuals are assumed to be endowed wittmethodology makes room for cascaded
general cognitive capacities remaining constarapplication of SOMs, thus attaining gradually
through time. The cultural evolution of complex more abstract levels of representation by using
signalling systems is a by-product of thethe output of a SOM as the input of another
assumed cognitive endowment, with virtually noSOM. This basically involves finding a more
recourse to specifically linguistic abilities. economic, i.e. low-dimensional representation:
The central hypothesis here is that languaggoing from the subsymbolic to the symbolic
acquisition and transmission are governed by always involves a reduction of the number of
complex system responsible for the mapping oflimensions representing input stimuli.
form and meaning. We can thus hope to describe Yet another interesting example of search for
higher levels of meaning representations amiddle-ground representations is given by the
emerging from systems working with recent upsurge of interest in contextual
subconceptual representations. What seems #&pproaches to word meaning for NLP
be needed to mediate between the two levels isapplications (Pereiraet al, 1993, Lin 1997,
medium-scale representation framework,1998, Allegriniet al. 2000). The central claim
capable of reducing the high dimensionality ofhere is that “substitutability without loss of
small-scale sub-symbolic representations tlausibility is an important factor underlying
more explanatory low-dimensional spaces. Audgements of semantic similarity” (Miller and
crucial requirement of this representationalCharles, 1991). This interest has both practical
middle-ground is that it should preserve theand theoretical reasons. For our present
topological and dynamic properties of meaningconcerns, suffice it to point out that the approach
representations while being able to generaliskas the potential of shedding light on issues of
over them through higher-level categorizationcontext-sensitive semantic similarity, while
processes. This is likely to require somethinggetting around the bottle-neck problem of sparse
data. From this perspective, meaning similarity
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Abstract

Existing techniques for vector-space se-
mantic representations have provided
useful tools for the automatic building

of semantic type systems. However,
these models tend to pay little attention

baayen@mpi.nl

tal lexicon, or are general semantic and syntac-
tic relations involved? To answer this question,
we need semantic representations that are inde-
pendent of the form properties of words and dy-
namically adjustable by context. To be useful for
our purposes, a representation should be scalable
both in size and in the effort required to build it.

to the position of each element in the se-
quence of words. This leads to the loss
of valuable information. We present
an unsupervised technique that extracts
rich representations encoding morpho-
logical, syntactic and semantic infor-
mation from large corpora. We present
results based both on a small artificial
corpus, and larger realistic samples of
text.

The aim of this work is to obtain high qual-
ity representations of meaning from real untagged
corpora. We extend an original idea from (Elman,
1990; Elman, 1993) of using the representations
developed during the acquisition of a next word
prediction task. We compare different implemen-
tations of this idea in terms of the quality of the
predictions and the representations that they ren-
der, and the cost of extending them to work effec-
tively with a large real corpus.

) There have been many attempts to capture the
1 Introduction semantic information that is present in the word

This study is motivated by the morphologi- CO-0ccurrence statistics of large corpora. These
cal family size effect, the finding that in lan- t€chniques generally collect matrices with the fre-

with which a word is recognized is co-determinedunit of a large corpus (Lund et al., 1995) to full

icon in which that word occurs as a con-'aw frequencies have been collected, some di-

stituent (Schreuder and Baayen, 1997). Interestnensional reduction technique is applied. This
ingly, which members of the morphological fam- results in a collection of high-dimensional vectors
ily contribute to the facilitating effect of the fam- and a distance structure between them.
ily size depends on the immediate morphological These systems treat texts as if they were plain
and syntactic context (De Jong et al., 2000), sugsets of words, disregarding the importance of the
gesting that the semantic percept of a word is cosequential order in which words appear. Some
determined by both context and by the morpho-methods, e.g. (Lund et al., 1995), take word po-
logically related words in the lexicon. sitions into account by weighting the contribution
Is the morphological family size effect driven of a co-occurrence frequency with the distance
by strictly morphological relations in the men- between the two words inside the window. How-



ever, as these weights are then added, this wilem together with their outcomes, without doing
only modify the final frequency value, that is, the any further abstraction. When a new example is
co-occurrence of two words that co-occur seldonmpresented, the system searches its instance base
at a close distance would be the same as that @nd looks for the most similar examples that it

words that co-occur often at a far distance. has already encountered. The target output is pre-
] ) o dicted to be the outcome of the most similar ex-
2 Simulations on the Artificial Corpus amples in the instance base. In general, there are

In this paper, we begin by describing a small arti-_tWO basic parameters that have to be considered

ficial corpus, then we test both the predictive andn this teéchnique: the number of nearest neigh-
representational abilities of two alternate modeld?0r'S used for the decisiort), and the similarity
on that corpus, and then we will apply the tech-metric used to determine the nearest neighbor set.

nique to larger real corpora of Dutch and English N our experiments we used a sliding window
text. technique: The models have to predict the next

word on the basis of the preceding words. We
2.1 Data built 9 models with window sizes ranging from

We obtained our initial corpus from (Elman, ! t0 9 words. The words were represented by

1993). This corpus consisted tif, 000 sentences Plain text labels. Examples were compared using
of different lengths generated from an artificial the Modified Value Difference Metric (MVDM;

grammar that mirrors a number of properties ofStanfill and Waltz 1986, Cost and Salzberg 1993)

natural language. The vocabulary consisted3f combined with Information Gain Ratio Feature
types of different grammatical categories. Weighting (IGR; Quinlan 1993), the features be-

Both the verbs and the common nouns have (Lp_g _the different positions that figure in the pre-
number of features that we want our techniquegliction.
to capture. As the grammar generating the corpus Our artificial corpus is composed of sentences
did not implement any additional semantic or dis-that were randomly generated using a simple
tributional information, we will use the features grammar.  We filled all slots of the text win-
Number and Grammatical Category to evaluatélow that exceeded the sentence domain with a
the quality of the representations generated by theV U LL] token. Another token was added to rep-
models. Words were represented in a completeljesent the end of the sentence. All the models
localistic fashion, without any information about described here use thé nearest neighbors.
their phonological forms.

We divided the original in two parts: &00
(10%) sentences testing set, and the remainingimple Recurrent Neural Networks (SRN; Jordan
9,000 (90%) sentences as training corpus. 1986, Elman 1990) are a class of multilayer back-

All models received localist representations ofpropagation artificial neural networks which in-
the preceding words and are trained to predict thelude a single recurrent loop in the “hidden” units.
next word in the sequence. Following (Elman, 1993), an additional context

We will now test the performance on this cor- layer is added to a traditional three-layered neu-
pus of two candidate techniques: a case-base@l network. The units of this layer are an exact
reasoning model, and a simple recurrent networkcopy of the activation of the “hidden” layer in the
We use traditional-gram language models to previous time-tick. Their outputs are connected

2.3 Simple Recurrent Network Model

benchmark them both. again to the “hidden” layer as if they were normal
input units. Networks of this type implicitly code
2.2 Case-Based Reasoning Models temporal information.

The case-based reasoning models were built us- In his original experiments, (Elman, 1993) sug-
ing the memory-based learning technique im-gested that for a simple recurrent neural network
plemented in TiIMBL (Daelemans et al., 2000). to succeed in the task of predicting the next word
Memory-based learning techniques rely on exdin a sequence, its training regime should be ma-
plicitely storing all previous instances of a prob- nipulated to limit the amount of memory at the



Both networks were trained fdi0 epochs us-
ing a modification of the momentum descent al-

10 Recode Units

gorithm proposed in (Rohde and Plaut, 1999).

We used a learning rate 6f04, a momentum of
B F"“‘“\\\ 0.9 and weights were randomly initialized in the
[—1, 1] range. The simulations were run using the

| /' Light Efficient Network SimulatgiRohde, 1999).

Seeao-oT We found that aftet0 epochs of training, the per-
formance in word prediction stalled. However, we

o P

noticed important improvements in the represen-
tation quality so we decided to continue training
Figure 1: General architecture of the simple re-up to 50 epochs. Above this level, performance
current networks that have been used in this workgdid not show any significative improvement, nei-
K is the size of the input/output representation ther in prediction nor in representation.

that is 24 for the localistic case and5 for the

ECOC cases. 2.4 Prediction Performance

The models were evaluated on their word predic-
dtion performance using per-word cross-entropy
S a measure of their quality. To have a refer-
ent against which to benchmark our models, we

initial stages of training. However, (Rohde an
Plaut, 1999) shows that this is not necessary, an

that a SRN can succeed in learning the task with-". o ;
built traditional n-gram language models using

out any initial memory limitation. the CMU-Cambridae Statistical Modeling Toolkit
Figure 1 shows the basic architecture of the € “-ambridge statistical odeting 100t

neural networks used in this study. We us#d V2 d(CIIarkiﬁn anld Rosenfeld% 1%93)'5 Vl\\lle tbu”t
hidden units and 80 context units. For the in-N'00€!S Withn values ranging front 1o 5. Note

put and output layer, we used two different ap_that a bigram model is ap_prommately_ equwglent
proaches. to our case-based reasoning model with a window

size of two. All models were trained on the same
1. The first approach made use of (E|man,training corpus. For testing, the test set was di-
1990: Elman, 1993: Rohde and Plaut, 1999)_\/ided in ten subsets, each containin@) of the
A localistic representation with one bit per original 1000 sentences. Cross-entropy was cal-
word was used. One additional bit was culated for each of these sub-corpora and then av-
added to represent the end of sentence, td2raged.

taling up to 24 bits for the input and output The TiIMBL system was tested by calculating
layers of the network. the per-word cross-entropy over the probability

distributions of the words predicted by the sys-
2. The second approach used Error Cortem. The cross-entropy was calculated across the
recting Output Codes (ECOC; Diet- 10 testing corpora and then averaged. To evaluate
terich and Bakiri 1995) to encode both the performance of the neural network using the
the input and the output of the network. 24-bit localistic representation, we took the acti-
ECOC codes, although formally distributed, vation of the bits representing each word (after
are equivalent to traditional localistic normalization) to be a measure of the probability
representations in that the dissimilaritieswith which that word was expected to appear.
between any two codes follow a proba- The calculation of the entropy for the neu-
bilistic distribution which does not include ral network using the 15-bit ECOC was not as
any information about word similarity, and straightforward. Due to the distributed aspect of
present the advantage of facilitating learn-the output, it is difficult to interpret it in terms
ing (Dietterich and Bakiri, 1995). We have of a probability distribution. Each bit in the out-
used a pre-designed ECOC representatioput represents the summed probabilities of sev-
consisting ofl5 bits to encode4 items. eral words that share that active bit. To solve this



problem, we estimated the cross-entropy.

We started by assuming that the activation of
each bit of the representation is independent from
the activation of all other bits. Although thisisan
obvious simplification, it provides us with a lower
bound to the actual probabilities. This first esti-
mate was then corrected by taking into accounL
the influence of the number of bits used and the}
number of words being encoded, so that our fi-
nal estimation is that shown in Equation 1 . In
the equationB stands for the number of bits in
the representationN stands for the number of
types codedy is the number of tokens in the cor-
pus, C is the previous context antj is the ac-
tivation value of thei-th bit of the output. Ac-
cording to a paired two-tailed t-test, for window
sizes greater than two, our estimation was not sta-
tistically distinguishable # = 1.4099 , df = Figure 2: Comparison of the average cross-
79 , p = 0.1625) from that obtained by the tra- entropies produced by case-base reasoning sys-

ditional method on the case-based reasoning sy4ems, n-gram models and a ECOC SRN. The
tem. solid line represents the performance of the

TIMBL systems, the dashed line represents the
n-gram models and the dotted line represents a

~ 1 SRN.
H(L :——ZZlogB b|C)—lOg2N

j=1li=1
1)

Figure 2 compares the average cross-entropy In the case of the neural networks, we fol-
of the n-gram models, the case-based reasonintpwed (EIman, 1990; EIman, 1993) and used the
models and the neural network. For greater winaverage activation of the hidden units of the net-
dow sizes, the case-based systems clearly ouork when a word was presented as the initial
perform then-gram models. The cross-entropiesfepresentation. We also applied Principal Compo-
in this graph were calculated in the traditional nent Analysis to these initial representations. We
way. The performance of both neural networksnow found4 principal components to account for
on word prediction is somewhere in between the39% of the variation.

prediction power of a bigram model and that of a  Hjerarchical clustering was performed on each
trigram model. of these four representations. The results are
shown in Figure 3. The general grammatical clas-
sification is almost perfect in all cases. How-
Following training, we extracted representationsever, the biggest TiMBL system, with a win-
from the models. In the case of the TiMBL sys-dow size of10, achieves a better classification
tems, the representations we used were based am terms of number. It is also remarkable that
the MVDM matrices. We averaged these matriceSiMBL systems seem to outperform the networks
across features using the IGR weights, and thewith respect to number classification of common
applied a Principal Component Analysis to thenouns. In general, we can say that the classifica-
columns of the resulting matrix. Four principal tion achieved by the cased-based system with a
components accounted for approximatg®yo of  window of 10 is perfect in most aspects, except
the variance. We used the loadings of the wordsnay be proper nouns and transitive verbs. On the
on these principal components as their vector repether hand, the network models also achieve ex-
resentations. cellent performance on the classification of gram-
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matical categories, especially with respect to theonsisted o200 units each for the Austen Cor-
upper branches of the tree which correctly grouppus, and300 in the case of the Dutch corpus, the
nouns and verbs. But the performance of the nethidden and context layers were kept the same size
works is less good for the more detailed Numberas for the small artificial corpus, and the number

classification. of recoding units was extended260.
) o Although in our initial experiments with the
3 Using More Realistic Corpora small corpus we found that the use of ECOC

The results of the previous section seemed to in(-:OOIeS drastically speeded the training of the net-

dicate that a Simple Recurrent Network could beworks, our experience V.V'th Fh.e. large corpus
adapted to represent the meanings of large sets 8powed that a seml-lo'callsfuc initial represe.nta-
words, taking them directly from their occurrencetlon converged quter_ |n_th|s case. We trgmed
patterns in large corpora. We extended our task tgeveral modelsz dlfferlng_ln the nature of their in-
the representation of a larger corpora. This timePUt representations and in the pattem of reset ap-

we used two more realistic examples: plied to the context units. Best performance was

achieved by the semi-localistic, paragraph driven

« A collection of texts consisting of48, 486~ Model that we describe here.
tokens divided in13,021 different types. A localistic representation with one-bit-per-
The corpus itself was a collection of Janeword codings would require at lea$8, 021 to
Austen’s novels extracted froffihe Project encode the vocabulary of the Austen Corpus. In-
Gutenberg Specifically, our corpus con- Stead we used 200 bit coding, having two ac-
sisted of the novelsEmma Mansfield Park  tive bits per word. In this way we are able to
Northanger AbbeyPride and Prejudiceand ~ represent a maximum df3?) = 19,900 differ-
Sense and Sensibility ent types and we still keep them very close to be-
ing orthogonal. To build this representation, each
e As a larger set, we used a collection oftype in our vocabulary was assigned two random
Dutch newspaper articles, containing aroundactive bits. This random selection of bits assures
4,500,000 tokens, divided into approxi- that the similarity introduced by having two, in-
mately 160, 000 types. stead of one, bits per word behaves as if it were
random noise, which actually improves the learn-
Only a very naive preprocessing was per-ing in neural networks. It also guarantees that,
formed on the original ASCII files: they were in the worst case, any given word can have up to
all changed to lower-case, digits were substi-396 others that are not completely orthogonal to it
tuted for a| DIGIT] token, spaces between com- (that is, they sharé common bit). This is equiv-
mon punctuation marks were inserted, an endalent to having a maximum of approximatel{,
of-paragraph token was added and all other nonrandom noise. In the Dutch corpus, we uSealit
alphabetical characters except common punctuaf 300 active bits, which allows us to represent a
tion marks were removed. The texts were thermaximum of (*2°) = 4,455,100 types.
divided into one-paragraph long ‘examples’ that The network was trained on word prediction for
were to be used in the training of the networks. 920 epochs by modified momentum descent (Ro-
The use of a case-based reasoning system f@jge and Plaut, 1999) on the Austen corpus. In
such large corpora, would require enormous comthe Dutch case, due to the larger size of the cor-
putational resources, and limit the size of our pospus, only3 epochs were sufficient to obtain our
sible windows. As we showed in the previous SeCrepresentations. We used a learning raté.of
tions, neural networks overcome these problemg momentum of).9 and a batch size of para-
while achieving comparable performance. graph. The order of presentation of the examples
was randomized. Context units were resed.®
at the end of every paragraph. In both cases, the
The networks employed were adaptations of thahetworks were trained for an extra epoch using a
shown in Figure 1 . The input and output layerslearning rate 0f).01 in order to fine-tune the rep-

3.1 Network Design and Training



resentations. very influenced by the fact that, especially in a
Jane Austen novel, a female name is likely to ap-
pear together with very specific kinds of verbs.
For each corpus, we selected all the types thah similar effect was found for place names in
appeared with a frequency equal or greater thathe Dutch newspapers, which again might have
10. The activation of the networks’ hidden and a lot to do with usual newspaper language. Nev-
recode units were recorded during test presentartheless, although heavily guided by syntax, the
tions of the full corpora after training. The vec- network is also capturing some co-occurrence se-
tors obtained for each token were averaged acrosfantics. This can be seen in the nearest neighbors
the types. In this way we obtained, for each corof “vrouw” (womar and “wet’(aw) in Dutch,
pus, two different vectorial representations of thewhich respectively include “kinderercXildrer),
most frequent words in it, one corresponding to‘vrouwen”(womer), and “rechter’judge, “ethis-
the hidden units and the other corresponding t@he”(ethical), “buitenland”@broad and “belang-
the recode units. stelling”(‘interest”).

We compared the results from both represen- another interesting observation concerns the
tations. The information contained turned out topytch adjectives “Duits” and “Duitse” which are
be slightly superior in the ‘recode’ units. For this poth forms of the adjectivéerman but in dif-
reason, we chose to use these as our final reprgsrent inflectional contexts. As it can be seen,
sentations. although the network hasn't achieved much suc-

To test the quality of the representations Ob-cess in clustering semantically related adjectives,
tained, we chose a list of words belonging to dif-jt tends to group forms with “-e” and unsuffixed
ferent grammatical categories, and searched fqprms together.
its nearest neighbors in the representation, that The performance of the model is excellent for

is, which other words were more similarly repre-y,,se words that contain a lot of grammatical in-
sented by the networks. Similarity was measureq, i ation. The nearest neighbors of the Dutch
usingCity-blockdistance metric. verb “moeten” (us) were other modal verbs
d(w,v) = |w; — vi (2) of similar meaning (“zouden’should “kunnen”-
i can “mogen’-may, “zullen”-will) and always
Equation 2 shows the formula used to calculatdn the same inflectional variant, that is singular
the distance withz and@ being the vectors of the forms in the case of “moet” and plural/infinitive
two words whose distance is estimated. We als#orms in the case of “moeten”. Similarly, neigh-
experimented using Euclidean and Cosine methors of the preposition “in”, were all prepositions,
rics, but results were found to be best when usingind the pronoun “ze"she/they selects other pro-
City-block Distance. nouns, preferably those that are alyd person
Tables 1 and 2 show some examples of the resingular nominative. In this case it is remarkable
sults obtained. The networks tend to group nounghat the nearest neighbor is “zij” which is an non-
and adjectives together. It does not seem to b&educed version of the same pronoun.
capturing much meaning in these categories. We It was also important to check whether the
believe that this indicates that the network is capnhetwork was using long distance relationships to
turing mostly syntax and, in those cases whereapture its representations, or whether it was just
semantics can be inferred easily from syntactidaking into account the very local contexts. To
patterns, some meaning as well. Interestinglydo this, a modification in the training regime was
for nouns or adjectives that show strong argu-ntroduced: evenf time ticks the context units
ment structures or very defined roles in the senwere reset td.5. In this way we restricted the
tence, as in family terms and proper nouns thenetworks’ memory to only th& previous time
performance is also very good in terms of semanticks. We found that networks trained in this way
tics. For example, it is impressive that all thefailed to capture as much information as those that
nearest neighbors of “Lucy” in the Austen cor- had an unrestricted memory extending to a full
pus are feminine proper names. This is probabl\paragraph. This is an indication that, in this task,

3.2 Evaluation of the Representations



Word Nearest Neighbors Average Distance
1st 2nd 3rd 4th 5th
must may should shall will might 0.606
was were are  dispersed grandmama is 0.676
said shows replied continued persuaded novels 1.676
say sold* imagine know directing succeed* 0.592
in beyond by of from within 0.453
she he who it this they 1.618
his your their her inconveniences  our 0.656
small public*  perfect*  tender unkindness comforts 0.243
lucy marianne  elinor julia edward harriet 0.337
mother| father harris goddard crawford weston 0.574
house case* night*  system* servant ball 0.207

Table 1: Nearest neighbors for several English words as obtained by the system from the Austen corpus.
Words that belong to other grammatical categories appear in italics. Words that, although correctly
related in syntactic terms, do not bear any special semantic relation with the target word are marked by
asterisks.

Word Nearest Neighbors Average Distance
1st 2nd 3rd 4th 5th
moet zou kan zouden zal wat 0.164
moeten| zouden kunnen mogen zullen zou 0.155
zei zegt vindt doe* meent terwijl 0.134
zeggen| vinden bestaat* zien gezegd weten 0.174
in tussen voor naar tijldens bij 0.188
ze Zij je daar nu we 0.120
duitse alle* belgische politieke oude* hogere* 0.131
duits dodelijke  durft waarschijnlijk* goed vermoedelijk¥ 0.171
vrouw | vrouwen kinderen cda namen* woorden* 0.099
wet rechter ethische buitenland belangstelling mens* 0.133
groep partij dag* kans* verleden* officiele 0.077

Table 2: Nearest neighbors for several Dutch words as obtained by the system from the Dutch corpus.
Words that belong to other grammatical categories appear in italics. Words that, although correctly
related in syntactic terms, do not bear any special semantic relation with the target word are marked by
asterisks.



small window approaches cannot capture all the The technique we propose in this paper
information required. provides a useful tool for extracting morpho-
Results for Dutch are much better than thosesyntactic features from large corpora, requiring
obtained for English. This is probably due to thevery little design and processing time. This is of
much bigger and varied corpus used for Dutch. great convenience for the semi-automatic devel-
) _ opment of lexical resources, where new text re-
4 Discussion sources for new domains or even languages need

Neural networks and case-based system providl¢ D€ added. Although the representations ob-
promising tools for word prediction comparable {&in€d by our systems focus on syntax, we have

in power to standardi-gram language models. shown that features that are traditionally consid-
Interestingly, Figure 2 shows thatgram mod- ered syntactic can have semantic implications.

els achieve their best prediction performance with' NS Was specially evident in the case of verb se-
n = 3, but that the TIMBL systems continue to mantics. We believe that a combination of the

improve theirs as the window-size is increased!echnique presented here, with some other tra-

without ever getting worse. This suggests thapitional co-occurrence based technique such as

TiMBL systems provide a promising alternative AL O LSA, can produce cheap, high qual-

to traditional interpolatedi-gram models, in that ity high-dimensional representations that encode

much better performance can be achieved at a colq! Syntactic and semantic information in a dis-
that is linearly proportional to that of a bigram tibuted way. This representations can also be
model. used to enhance traditional knowledge-based se-

Case-based reasoning systems, when given §2NtC type systems in a semi-automatic way.
sufficiently large window size, outperform neu- Another advantage of these kind of models is
ral networks with respect to the more fine-grainedhat they provide a natural way to represent con-
aspects of the representations they build, althougPfXt SPECIfic properties of certain tokens, both in
they have a slightly worse performance with re-Syntactic and semantic domains. An automatic

spect to the general structure of the classificatioffONt€Xt-dependent “representator”, can be of use

trees obtained, at least for the present data seff.)r disambiguation or information retrieval sys-
ms.

Neural network models of this kind, on the otherte

hand, are easier to scale up to real-life corpora Although at the moment we do not make any
than case-based reasoning system, because thRECIfiC claims with respect to the psycholinguis-
do not require to store the full example sets, whileliC implications of this model, we believe that it
still achieving a fairly good performance. Neu- shows that the syntactic and semantic information

ral Networks provide natural, compact and man-2"€ inter'relat'ed, and moreover can be acquired
ageable representations of arouzfl elements, from registering co-occurrence patterns from the
without the need to deal with huge matrices thaf @V corpora. _

then need to be reduced via Principal Component 1€ téchnique remains to be tested on larger
Analysis or Singular Value Decomposition. corpora, from which we expect to find a signifi-

There have been many previous works on th&ant improvement on the quality of the represen-

use of neural networks to capture different aspecti@tions obtained.
of syntax and semantics (Cotrell, 1989; Elman’AcknOWIedgements

1993; Jain, 1989; Miikkulainen, 1993; StJohn and
McClelland, 1990; Wiener et al., 1995; Schiitze, We wish to thank Walter Daelemans, Jeff Elman,

1995: Henderson and Lane, 1998; Morris et al. Thomas Dietterich, David Plaut, Rob Schreuder
in press). However, most of this works impose a@nd Nivja de Jong for helpful comments, dis-

great amount of structure in on the networks, recussion and criticism of the ideas contained in
flecting different assumptions on the structure ofthis paper. The authors were supported by the
a language. In our approach, we decided to folDutch National Research Council, NW®16-

low (Elman, 1993) in making as few assumptionsNIER grant to the second author).

as possible.
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Using Syntactic Contexts for Measuring Word Similarity

Caroline Gasperin® Pablo Gamallo” Alexandre Agustinit Gabriel Lopes' Vera de Lima*

1

The strategies for extracting semantic information
from corpora can be roughly divided into two cate-
gories, knowledge-rich and knowledge-poor method
according to the amount of knowledge they presup
pose (8). Knowledge-rich approaches require som
sort of previously encoded semantic information (9; 6
3): domain-dependent knowledge structures, semanti
tagged training copora, and/or semantic resources su
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Abstract

This paper explores different strategies
for extracting similarity relations between
words from parsed text corpora. The stra-
tegies we have analysed do not require su-
pervised training nor semantic informati-
on available from general lexical resources.
They differ in the amount and the quality
of the syntactic contexts used to compare
words. The paper presents in details the
notion of syntactic context and how syntac-
tic information could be used to extract se-
mantic regularities of word sequences. Fi-
nally, experimental tests with a Brazilian
Portuguese corpus demonstrate that simila-
rity measures based on fine-grained and ela-
borate syntactic contexts perform better than
those based on poorly defined contexts.

Introduction

S

fFaculdade de Ciéncias e Tecnologia
Universidade Nova de Lisboa
Departamento de Informéatica, Quinta da Torre
P-2825-114 Monte da Caparica, Portugal
{gamallo,aagustini,gpl}@di.fct.unl.pt

as follows: no domain- specific information is availa-
ble, no semantic tagging is used, and no static sources
as dictionaries or thesauri are required. They attempt
to extract the frequency of co-occurrences of words
within various contexts to compute semantic similarity
among words. More precisely, the similarity measure
takes into account the contexts that words share or do
not share, as well as the importance of these contexts
for each word. Words which share a great number of
contexts are considered as similar.

Since contexts can be defined in two different ways,
two specific knowledge-poor strategies can also be dis-
tinguished: windows-based and syntactic-based tech-
niques. Windows-based techniques consider an arbi-
trary number of words around a given word as for-
ming its window, i.e., its context. The linguistic in-
formation about part-of-speech categories and syntac-
tic groupings is not taken into account to characterise
word contexts (1; 10). The syntactic-based strategy,
on the contrary, requires specific linguistic informa-
tion to specify the word context. First, it requires a
part-of-speech tagger for assigning a morphosyntac-
tic category to each word of the corpus. Then, the
tagged corpus is segmented into a sequence of basic
phrasal groupings (or chunks). Finally, simple attach-
énent heuristics are used to specify the relations betwe-
.en and within the phrasal groupings. Once the syn-
‘tactic analysis of the corpus is reached, each word in
e corpus is associated to a set of syntactic contexts.
en, a statistical method compares the frequency of

as handcrafted thesauri: Roget’s thesaurus, WordNef,
and so on. Therefore, knowledge-rich approaches m
inherit the main shortcomings and limitations of man
made lexical resources: limited vocabulary size, sinc

e shared contexts to judge word similarity (7; 4; 2).
_In both strategies, window-based and syntactic-based
éechniques, words will be compared to each other in

they can include unnecessary general words, or do n(S ;TSS %ftg:;'cr ;(r)]r;tle;t:il (llitsrIl_tj)ut;or?q,u)éllaqt’\/vvzlc?ecr?gild:;f
include necessary domain-specific ones; unclear claé— yntac ty ¢ trl? d pan le wind gt
sification criteria, since their word classification is so-MOre precise contexts than does simple windows stra-

metimes too coarse and does not provide sufficient dist—egy' .AS .synta_ctlc contg_xts repre;ent Ilngmstlg depen-
encies involving specific semantic relationships, they

tinction between words, or is sometimes unnecessarilgh Id b dered . ined cl for id
detailed; and, obviously, considerable time and effort'01'd P€ considered as fine-grained clues for iden-
tifying semantically related words.

required by building thesauri by hand. By contrast,
knowledge-poor approaches use no presupposed se-Since syntactic contexts can be defined in different
mantic knowledge for automatically extracting seman-ways, syntactic-based approaches can also be signifi-
tic information. These techniques can be characterisedantly different. Different pieces of linguistic informa-



tion can be taken into account to characterise syntactiwhere R denotes the syntactic relation itself (e.g.,
contextd. For instance, the information used by Lin ADJ, NN, NNPREP, SUBJ, DOBJ, and I0BJ), and w1l
(4) to define the notion of syntactic context is not theand w2 represent two syntactically related words. Ta-
same than that used by Grefenstette (7). Nevertheledsle 1 shows some syntactic dependencies between the
the choice of a particular type of syntactic context fornoun “cause” and other related words.
measuring word similarity has not been properly justi- Then, for each word found in the text, the system se-
fied by those researchers. lects the words that are syntactically related to it. The
This way, the main objective of this paper is to syntactically related words are considered the attribu-
analyse the appropriateness or the inadequacy of diffédes of the given word, i.e., its syntactic contexts. For
rent types of syntactic contexts for computing word si-instance, a noun can be syntactically related to an ad-
milarity. More precisely, various syntactic-based strajective by means of the ADJ relation, to another noun
tegies will be compared on the basis of different defi-by means of the NN and NNPREP relations, or to a
nitions of the notion of syntactic context. verb by means of SUBJ, DOBJ, and I0BJ relations.
For this purpose, we apply these strategies on a Bralhese related words are taken to be the known attribu-

zilian Portuguese corpus from NILC (Interinstitutional tes of the noun.
Center of Computational Linguistics - USP/S&o Car- In order to select the attributes of “cause”, the sys-
los/Brazil), with news documents. Experiments con-tem takes as inputall the binary dependencies between
cerning different syntactic relations repported below‘cause” and other words. Then, it extracts all the spe-
illustrate and show significant differences among re<ific words syntactically related to “cause”, since they
sults. represent its particular attributes. For example, from
The article is organised as follows. In the next secti-the 4 dependencies illustrated in 1 between “cause”
on, various types of syntactic contexts will be analised@nd another word, it is possible to extract 4 attributes
Special attention will be paid for the notion of syntac- Of “cause” (see table 2).
tic context used by Grefenstette, as well as for the spe- N the Grefenstette’s notation, the attributes extrac-
cific notion that we have defined. Then, in section 3.1ted from noun modifiers (namely NN, ADJ, and NN-
we will use the same statistical similarity measure toPREP modifiers) do not keep the name of the particu-
compare the appropriateness of the syntactic contextdr syntactic relation. So jaundice>, <possible-, and
defined in the previous section. The best results arédeati> are attributes of “cause” even though the syn-
obtained when the syntactic-based strategy relies ofctic relations NNPREP, ADJ and NN are not explici-
our notion of syntactic context. Samples of the resultdly represented. When extracting verbal complements,

we have obtained are presented in the Appendix_ though, the SpeCifiC SyntaCtiC relation is still available:
<DOBJ determine is a verbal attribute constituted by

2 Types of Syntactic Contexts both the word related to “cause” (i.e. the verb “deter-
mine”) and the specific syntactic relation DOBJ.

In this section, we analyse the notion of syntactic con-, . .

text used by Grefenstgtte to compute s>i/milar WOdeZ'Z Underspecified Attributes

(7). Then, we extract further syntactic information The notion of attribute defined in the previous section

from the partially parsed text in order to make syn-doeS not inherit all the available syntactic information

tactic contexts more elaborate. As a consequence, wigom binary dependencies. Consider one of the Por-

obtain fine-grained contexts which contain more specituguese expressions found in our corpus: “autorizagao

fic information than the one provided by Grefenstette’sd empresa” germission to the compajy From this

approach. expression, &mpresa (company is extracted as the
attribute of “autorizacdo”germissiol. Yet, relevant
2.1 The Notion of Attribute by Grefenstette information implicitly contained in the dependency re-

Grefenstette calls “attributes” the syntactic contexts O]Jauon has been lost

a word. Attributes are extracted from binary syntactic e information about the specific preposition: the at-
dependencies between two words within a nounphrase  tribute <empresa does not convey information
or between the noun head and the verb head of two  about the particular preposition “a” relating the
related phrases. A binary syntactic dependency could  two words;

be noted: _ ) ) _
e information about the opposite attribute: the at-

< Rwl.w2> tribute <autorizagder modifying the word “em-
presa” is not considered.

The choice of a particular measure of similarity may . . .
be another parameter to compare various syntactic-based afifformation about prepositions should be taken into
proaches. account since they convey important syntactic and se-



mantic information. Let’s consider two prepositional In this binary syntactic dependency, the word indexed
expressions: “autorizacdo a empresaérfission to by “+” plays the role ofmodified whereas the word
the companyand “autorizacdo da empresaiutho- indexed by *” plays the role ofmodifier Therefore,
rization by the company According to the Grefens- w1l is modified by w2 as well as w2 modifies wl. This
tette’s notion of attribute, we should extract the samewvay, two complementary attributes may be extracted
attribute, namely empresa, from both expressions. from that syntactic dependency:
Nevertheless, preposition “atd) introduces a quite
different syntactic dependency than the one introduced < Irwl><trw2 >
by preposition “de” by). Whereas the preposition “a”
requires €mpresa to be the receiver within the acti- where < |r,wl > is the attribute of w2 and
on of giving authorazation, the preposition “de” requi- 1. ;9 ~ is the attribute of wl. An attribute is defi-
res empresa to be the agent of this action. Therefo- o a5 the pair constituted by both a specific syntactic
re, for the purpose of extracting semantic regularitiesg,nction and the word associated to this function. In
preposi_tions should be considered as internal facets ‘Harticular, | represents the syntactic functionrab-
syntactic contexts. _ _ dified andtr themodifierfunction. Consider Table 3.
>From the Grefenstette’s viewpoint, only one at-The |eft column contains expressions constituted by
tribute, empresa, could be extracted from the NN- 4y words syntactically related by a particular type of
PREP expression “autorizacdo a empresa”. Whereag ntactic dependency. The right column contains the
the modifier word (i.e., the noun after the prepositi-5itrihutes extracted from these expressions. For ins-
on) is considered as a potential attribute, the modifieqlance, from the expression “autorizagéo a empresa”, it
word (i.e., the noun before the preposition) cannot bey,as extracted both the attributée; empresa, where
come an attribute. The tests introduced in section 3-1empresa" plays the role of modifier word, and the at-
will show that the Grefenstette’s notion of attribute is tjpute <la, autorizagde, where “autorizacdo” is the
too restrictive for the purpose of measuring word simi- g gified word. Let’s note that even though “autori-
larity. Indeed, the less specific the attribute is, the 'es§a(;éo a empresa’ is not truly described as a syntac-
precise the word classification will be. In this respect,sjc constituent by the standard syntagmatic grammar,
we should use as specifjc attributes as possible in ordeyf should be considered as a very informative syntac-
to improve word clustering. tic context. Furthermore, information about the speci-
fic preposition connecting the words is also available.
Our notion of attribute is closely related to what Lin
calls “feature” (4).
In order to take into account the ImpIICIt information These elaborate attributes provide us with fine-
contained in the dependency relationships, we will in-grained syntactic contexts. In the following section,
troduce a more general and flexible definition of attri-we will compare these informative syntactic contexts
bute. The results of the computational tests presente@ the coarse-grained contexts used by Grefenstette.
in the next section will provide us with empirical evi- This will lead us to assume that the elaborate infor-
dence about the appropriateness of such a definition.mation conveyed by our notion of attribute is able to

Attributes are extracted from binary syntactic de-contribute more accurately to design a suitable stra-
pendencies. A syntactic dependency may be represegegy for clustering similar words.
ted as the following binary predication:

2.3 More Accurate Attributes for Word
Similarity Measurement

3 Comparing Syntactic-Based Strategies

r(wl¥, w2h)

Various semantic extraction techniques were applied
this binary predication is constituted by the following to the Brazilian Portuguese corpus from NILC (In-
entities: terinstitutional Center of Computational Linguistics -

USP/Sao Carlos/Brazil), which is constituted by mo-

o the binary predicate, which can be associated re than 1,400,000 word occurrences. The corpus is
to specific prepositions, subject relations, directanalysed by the parser presented in (5). Similarity was
object relations, etc. ; computed by measuring the syntactic information sha-

red by 12,359 different nouns on the basis of 32,293

e the roles of the predicate!™and “1”, which re- different attributes.

present thenodifiedandmodifierroles, respecti-

vely; 3.1 The Weighted Jaccard Similarity Measure

¢ the two words holding the binary relation: wl and To compare the syntactic contexts of two words, we
w2. used as similarity measure a weighted version of the



binary Jaccard measure (7Y.he binary Jaccard mea- 3.2 +prep—strategyversus—prep—strategy
sure, noted BJ, calculates the similarity value betwee
two words,m andn, by comparing the attributes they
share and do not share:

We tested first the contribution of the specific preposi-
tions to measure word similarity. The manual evaluati-
onis based on a list of 50 randomly chosen words. The
{wm atts Nw, atts}]| results obtained from both strategiegyrep—strategy
{w,, atts Uw, atts}]| and —prep—strategy, showed that there are no signifi-
) ) cative differences for the words sharing a great num-
The weighted Jaccard measure considers a globgly of attributes (namely, more than 100 attributes).
and a local weight for each attribute. The globaltnat s, the results are not significatively different for
weight gw takes into account how many different \yords frequently appearing in the corpus. Neverthe-
words are associated with a given attribute. It is COM1ess, when the words sharing less than 100 attributes

BJ(wp, wy) =

puted by the following formula: (in fact, the most abundant in the corpus) was com-
Ipi; log(pi)| pared, we observed that the lists obtained from the
gw(att;) =1-"Y " 1711 +prep—strategy are semanticcally more homogeneous

i nrees than the lists obtained from theprep—strategy. The

consideration of the prepositions in the attributes be-

where
) come these ones less common, incresing their weights.
pii = freqof att; withw; On the other side, when we don’t consider prepositi-
" total of atts for w; ons in the attributes, the number of attributes shared by

words increases, because different attributes (if consi-
dering prepositions) can be seen as the same attribute.
But, when the number of shared attributes is very high,
these modifications became unrelevant. Table 4 shows
some of the lists yielded by these strategies for less
frequently appearing words.

These results deserve special comments. Let’s ta-

The whole weight? of an attribute is the multipli- ke the lists obtained from the word “verdad#iith).
cation of both the global and the local weights. So, then the +prep—strategy, the attributetem, campe
weighted Jaccard similarity WJ between two wonds  (<tin, field>) is shared by “verdade” and “impressé&o”
andn is computed by: (impressioi. As its global weight is higher, this attri-

) bute make the two words more similar. On the con-

2 in(W (wi, atty), W(wy, att;)) trary, in the—prep—strategy, the no—prepositional at-
> max(W(wm, att;), W(wn,att;)) tribute <t, campe has a lower weight, which makes

i o the attribute less significant when computing the simi-
By computing the similarity measure of all word larity between “verdade” and “impressao”.

pairs in the corpus, we extracted the list of the most Let's consider another example: the lists obtained

similar words to each word in the corpus. This Pro-.om the word “ounicao”punishment In the-+prep—

cess was repeated considering different types of SYNgy, : ; .
) ategy, the attribute|de, efeito> (<|of, effect) is
tactic contexts. On the one hand, we tested the rele-, 9y e (<lof )

h h “punicdo” “ Ity).
vance of the use of the prepositional information forS ared by the words *punicdo” and “pengepalty

andnrels is the total number of relations extracted
from the corpus. The local weigh is based on the
frequency of the attribute with a given word, and it is
calculated by:

lw(w;, att;) = log(freqof att; withw;)

W I (W, w,) =

) R ) Given that its global weight is very high, it contribu-
the attributes def|n|_t|on. For this purpose, We Compasyag o make these words semantically close. On the
red the r:asults“obtamed from EWO strategiespfep— contrary, in the—prep—strategy, the no—prepositional
strategy” and *prep-strategy’. The former uses at- attribute <, efeito> has a lower weight and, conse-

tributes containing information about the specific pre'quently, it cannot be considered as a significant clue

positions, while the latter does not use that mformatl—When comparing the similarity between the words, so

?n. Oq the onther hand, we tested th'e. adequacy of th‘%ena” don’t appear in list of most similar words of
J—attributes” extracted from prepositional dependen- unicao”
cies between two noun phrases. For this purpose, wé) Lo . .
. ) N Therefore, it can be assumed that the information
also compared two different methodst|*strategy o - . .
. Y . about specific prepositions is relevant to characterise
and “t—strategy”. The former contains both types of . ; o .
. - . and identify the significant syntactic contexts used for
attributes, while the later uses orfhyattributes. AP
- = the measurement of word similarity.
2We implemented various statistical measures: coeffici-—
ent of Jaccard, a different version of the weighted Jaccard, We do not use a systematic evaluation methodology ba-
and the particular coefficient of Lin. They did not impro- sed on machine readable dictionaries or electronic thesaurus,

ve, though, the results obtained from the weighted Jaccartiecause this sort of lexical resources for Portuguese are not
measure described in this section. available yet.



3.3 fl-strategyversust—strategy be similar to words describing time such as “minu-

We also tested the contribution of theattributes (ex- (© (Minutg, “instante” @”Sta”D;‘ as We," as to words
tracted from noun phrases) to yield lists of similar 4€SCribing sequence such as “quartoufth). It sha-

words. The lists obtained fror|—strategy are sig- 'S with the former group attributes requiring a quan-

nificantly more accurate than those obtained from thd'y Of time (e.g., <de, atraso> (<tof, delay), <tde,
4—strategy, even for the frequently appearing wordsd€sconte (<fof, discount)), and shares with the la-

Table 5illustrates some of the lists extracted from botH€" 9roup attributes that could require ordinal modi-
strategies. fiers: <ladj, mundiab (<ladj, world competitior).

On the basis of the results illustrated above, it can/arious clustering proposals have been made so as to
be assumed that the use pfattributes to yield lists 9roup the similar words together along sense axes (2;
of similar words is extremely significant. Indeed, this 7)- However, the implementation of a efficient clus-
type of attributes somehow provides information con-{€"ng method used for the groupping of semantically
ceming the semantic word class. Consider the homogenous words remains to be future work.
attributes <de, equipe> (<lof, teamp), <|de, joga- Finally, attachment errors inherited from the parser
dor> (<lof, player>) and <de, partida> (<|of, mat- should be taken into account. The number of these
ch>), shared by the words “ténistenni and “volei”  €rTors increases when the language analysed is not as
(volleybal). As those attributes require nouns deno-Syntactically rigid as English. The rate of incorrect
ting the same class, namedgorts they can be concei- attachments is probably related to the non predicta-
ved as syntactic patterns imposing the same selectionB|€ constraints on the Portuguese syntactic order. To
restrictions to nouns. Consequently, the nouns appegﬁlliate the noisy information inherited from the par-
ring with those specifig—attributes should belong to S€r limitations for Portuguese, we are impelled to find
the class of sports. more robust word similarity strategies than those used

In the Appendix, we compare the lists extractegfor E_nglis_h texts. So, the fine—gre_tined strategies defi-
by using the fine-grained techniques (i.e., bofa- ned in this paper could be perceived as an attempt to
strategy and+prep—strategy) to the lists extracted partially palliate the poor results obtained by parsing
by using the coarse-grained methodsstrategy and Portuguese text corpora.

—prep—strategy. The words constituting the lists ob-
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Expressions

Binary Dependencies

possible causes

<ADJ, causepossibler

the cause of neonatal jaundice

<NNPRER causgjaundice>

no cause could be determined

<DOBJ, determinecause

death cause

<NN, causedeath>

Tabela 1: Exemples of syntactic dependencies

Binary Dependencies | Attributes ofcause
<ADJ, causepossible <possible
<NNPRER causgjaundice> <jaundice>
<DOBJ determingcause | <DOBJ determine
<NN, causedeath> <death>

Tabela 2: Attributes ofause

Binary Expressions

Attributes

autorizagdo a empresa
(permission to the compahy

<ta, empresz, <|a, autorizacae

nomeacdo do presidente
(appointment of the presidgnt

<ftde, presidente, <|de, nomeacdo

nomeou o presidente
(appointed the president

<tdobj, presidente, <|dobj nomear>

discutiu sobre a nomeacéo
(disscussed about the appointmjent

<tsobre, nomeacao, <|sobre, discutir>

Tabela 3: Elaborate attributes

Word

+prep—strategy

Cluster of similar words

—prep—Sstrategy

verdade
(truth)

desafio, impressao, noticia, dado, responsabilidade
(challenge impression news datum responsability

desafio, culpa, Bélgica, impresséo, noticia

(challenge guilt, Belgium impression newsg

velocidade
(speedl

ritmo, vantagem, nivel, forca, pressdo

(rhythm advantage level power, pression

vantagem, ritmo, nivel, for¢a, diferenca
(advantage rhythm level power, differencg

valor

(valug

preco, salario, proposta, indice, ritmo
(price, salary, proposal index rhythm)

saléario, proposta, preco, indice, coisa
(salary, proposal price, index thing)

turno
(turn)

set, rodada, fase, Copa do Mundo, returno
(set round, phase World Cup return)

Copa do Mundo, rodada, fase, set, Campeonato Brasile
(World Cup round, phase set Brazilian Championship

tragédia
(tragedy

zebra, polémica, milagre, terremoto, ferimento

(strange eventpolemics miracle, earthquakeinjury)

zebra, kart, desperdicio, superficie, ferimento
(strange eventkart, wastefulnesssurface injury)

tatica
(tacticy

(systemfoundations schemepression income

sistema, fundamento, esquema, pressao, rendimentp fundamento, trajeto, desentendimento, sistema, circunstjncia

(foundations way, misunderstandingsystemcircunstancg

talento
(taleng

potencial, facilidade, craque, criatividade, revelacéo
(potential facility, excellent playercreativity, revelatior)

reforgo, potencial, movimentagao, liberdade, facilidade|
(reinforcementpotential movementfreedom facility)

regido

(region)

centro, interior, litoral, oeste, cidade

(center countryside seasidewest city)

centro, cidade, mestre, estado, oeste

(center, city, master state wes)

punigao
(punishment

suspensdo, destaque, pena, atencéo, briga
(suspensionprominence penalty attention strife)

suspensao, destaque, obrigacdo, mudanca, movimentagao

(suspensionprominence obligation, change movement

plano
(plan)

esquema, programa, trabalho, sistema, objetivo

(schemeprogram work, systemobjectivg

esquema, amistoso, trabalho, dinheiro, programa

(schemegamicable gamgework, money program)

Tabela 4: Similarity lists of less frequently appearing words1(0 attributes) produced by contexts with and

without preposi

tional information



Word

Cluster of similar words

T|—strategy

T—strategy

zaga
(defence position

defesa, zagueiro, goleiro, ataque, meio-campo
(defencedefence playergoal-keeper attack middle-field

diretoria, meio-campo, fracasso, defesa, area

(managementmiddle-field failure, defence area)

violéncia

(violencg

briga, presséo, confuséo, festa, seguranca

(strife, pression confusion party, safety

briga, conselho, substituigdo, zagueiro, cobranga
(strife, counsel substitution defence playerexactior)

vencedor

(winnen

campedo, desafio, Japdo, equipe, Grécia
(champion challenge Japan team Greecé

Japdo, Cuba, campedo, desafio, Grécia
(Japan Cuba champion challenge Greece

TV
(™)

televisdo, imprensa, TVA, revista, jornal
(television press TVA magazine newspaper

imprensa, TVA, revista, jornal, mapa
(press TVA magazine newspapermap

ténis
(tennig

basquete, volei, surfe, liga, boxe
(basketball voleyball surf, league boxg

basquete, surfe, recordista, promessa, mapa
(basketball surf, record holder promise map

surpresa

(surprisg

novidade, preocupacéo, destaque, revelacao, atragag

(novelty preoccupationprominencerevelation attractior)

preocupacéo, destaque, novidade, responsabilidade, reveld

(preoccupation prominence novelty responsability revelatior)

surfe

(surf)

ténis, amador, WCT, vélei, bicampe&o

(tennis amateur WCT, volleyball champion

cinema, recordista, amador, ténis, bicampeonato

(cinema record holder amateur tennis championship

cdo

sesséo
(sessioh

reunido, fila, evento, divisdo, etapa
(meeting queue event division, degre¢

divisao, fila, turno, semana, evento

(division, queue turn, week evenj

regulamento
(regulation

regra, formula, lei, formagao, tabela

(rule, formula, law, formation table)

férmula, artilheiro, regra, formagao, lei

(formula artilleryman, rule, formation law)

questédo
(question

motivo, coisa, erro, destaque, diferenca
(reason thing, error, prominence differenceg

seguranca, destaque, motivo, erro, trabalho
(safety prominencereason error, work)

proposta
(proposa)

alternativa, intencao, oferta, convite, noticia

(alternative intention offer, invitation, newg

salério, alternativa, intengéo, contrato, valor

(salary, alternative intention contract value

Tabela 5: Similarity lists produced by contexts with and withptdttributes



Word

zaga

+prep —strategy and|—strategy

Cluster of similar words

velocidade

(defence position

defesa, zagueiro, goleiro, ataque, meio-campo
(defencedefence playergoal-keeper attack middle-field

—prep—strategy and—strategy

diretoria, meio-campo, fracasso, defesa, zagueiro

(speed

vantagem

ritmo, vantagem, nivel, forga, pressdo

(rhythm advantage level power, pression

(managementmiddle-field failure, defence defence playgr
nivel, vantagem, diferenga, forga, ritmo

(level advantage difference power, rhythm)

(advantagg

uniforme

diferenca, espaco, oportunidade, média, chance

(difference space oportunity, average chance

espaco, velocidade, ritmo, chance, média
(space speed rhythm chance average

(uniform)
TV

camiseta, camisa, ataque, calcéo, verdo
(T-shirt, shirt, attack ???, summey

animo, camiseta, despedida, rivalidade, camisa

(courage T-shirt, leave-taking rivalry, shirt)

(™)

tranquilidade

televiséo, imprensa, TVA, revista, jornal

(television press TVA magazine newspaper

imprensa, TVA, revista, jornal, Globosat

(press TVA magazine newspaperGlobosaj

(calm)

tiro

estrutura, virtude, confianga, facilidade, equilibrio

(structure virtue, confidencefacility, balancg

potencial, estrutura, sorte, personalidade, atencéo

(potential structure lucky, personality attentior)

(sho)

término

chute, forte, finalizacéo, pontapé, passe
(shot powerful finalization kick, pas3

pancada, aula, fama, forte, passe

(stroke class fame powerful pasg

(finish)

talento

abertura, adiamento, fim, rescisdo, comego
(opening postponementend rescission beginning

realizacado, resciséo, abertura, returno, fim

(realization rescission opening return, end

(talen

sessao

potencial, idolo, facilidade, craque, fama

(potential idol, facility, excellent playerfame

idolo, movimentacao, reforgo, protecéo, liberdade

(idol, movementreinforcementprotection freedom

(sessioh

regulamento

reunido, fila, evento, divisdo, etapa

(meeting queue event division, degre¢

semestre, divisao, fila, turno, encontro

(semesterdivision, queue turn, appointment

(regulation)

recuperagao

regra, férmula, lei, formacéo, tabela

(rule, formula, law, formation table)

férmula, artilheiro, regra, formacéo, lei

(formula, artilleryman, rule, formation law)

(recuperation

guestédo

preparacéao, preparo, rendimento, tratamento, reagad
(preparation preparing yield, treatment reaction)

rendimento, preparo, desgaste, tratamento, estrutura
(yield, preparing wear, treatment structure

(question

proposta

motivo, coisa, erro, destaque, diferenga

(reason thing, error, prominence differenceg

destaque, motivo, coisa, trabalho, seguran¢a

(prominencereason thing, work, safety

(proposa)

programa

alternativa, intencao, oferta, convite, noticia

(alternative intention offer, invitation, newg

contrato, salario, novidade, intencéo, valor

(contract salary, novelty intention value

(program
ponto

plano, corrida, evento, material, formagéo

(plan, race, event material formatior)

corrida, livro, plano, material, esquema

(race, book plan, material schemg

(point)
pai

gol, vitoria, titulo, chance, resultado
(goal, victory, title, chance resul)

vitoria, titulo, chance, gol, lugar

(victory, title, chance goal, place

(father)

luta

mae, familia, irmao, filho, crianca

(mother, family, brother, son child)

Senna, mée, crianga, familia, pessoa
(Senna mother child, family, person

(fight)

estratégia

confronto, classico, briga, corrida, competi¢éo

(confrontation classic strife, race, competition

corrida, classico, confronto, lance, conquista

(race classic confrontation throw, conquest

(strategy

esporte

mentalidade, virtude, ponto fraco, tatica, visédo

(mentality virtue, weak point tatics, vision)

virtude, destino, mentalidade, endereco, sistema

(virtue, desting mentality address system

(spor
clube

futebol, coisa, trabalho, vdlei, mudanga

(soccer thing, work, volleyball changeg

volei, passatempo, crianga, futebol, copa
(volleyball pastime child, soccer cup)

(club)

chance

equipe, técnico, selecéo, futebol, piloto

(team trainer, selection soccer pilot)

piloto, atacante, equipe, técnico, futebol
(pilot, attack player team trainer, socce)

oportunidade, possibilidade, condigdo, ponto, gol

(chance)

(oportunity, possibility, condition point, goal)

partida, ponto, gol, vitoria, lugar

(match point, goal, victory, place

Tabela 6: Similarity lists produced by two sorts of contexts: contexts wjitep andf|—attributes and contexts
with —prep andf—attributes (like Grefenstette’s strategy).
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Abstract

Vector-based semantic analysis is the
practice of representing word
meanings as semantic  vectors,
calculated from the co-occurrence
statistics of words in large text data.
This paper discusses the theoretical
presumptions behind this practice,
and a representational scheme based
on the Distributional Hypothesis is
identified as the rationale for vector-
based semantic analysis. A new
method for calculating semantic
word vectors is then described. The
method uses random labeling of
words in narrow context windows to
calculate semantic context vectors for
each word type in the text data. The
method is evaluated with a
standardized synonym test, and it is
shown that incorporating linguistic
information in the context vectors
can enhance the results.

1 Introduction: The Meaning of
Meaning

The wuse of vector-based models of
information for the purpose of automatic
acquisition and representation of semantic
knowledge is an area of research that has
gained considerable attention over the last
decade. A number of different techniques have
been suggested that demonstrate the viability
of representing word meanings as semantic

vectors, computed from the co-occurrence
statistics of words in large text data (e.g.
Deerwester et al, 1990; Schiitze, 1992; Lund
and Burgess, 1996).

Unfortunately, the philosophical rationale
for this practice has remained tacit, which is
remarkable since the various techniques
purport to uncover and represent word
meanings. What, one might ask, are those
meanings that the words of our language
apparently have? Are they perhaps some form
of mental concepts that exist in the minds of
language-users, or are they merely the objects
named by the words, and if so: how do we
represent something like that in a computer
system? It seems that we need to know what it
is we want to represent before we can start
thinking about how to represent it in a
computer system. Succinctly, it seems as if the
recourse to semantics demands an explanation
of the meaning of “meaning.”

Ludwig  Wittgenstein ~ suggests  in
Philosophical Investigations (1953) that we
should view meaning as something founded in
linguistic praxis, and that the meaning of a
word is determined by the rules of its use
within, as he puts it, a specific language-
game. This suggestion led to the famous
dictum “meaning is use,” which is sometimes
referred to as a Wittgensteinian theory of
meaning. The idea is that to understand the
meaning of a word, one has to consider its use
in the context of ordinary and concrete
language behavior. To know the meaning of a
word is simply to be able to use the word in
the correct way in a specific language-game or
linguistic praxis. This line of reasoning thus
allows us to define semantic knowledge as



that which we make use of when successfully
carrying out linguistic tasks. According to this
way of thinking, meaning is the vehicle by
which language travels.

Thus, it is language itself, and not the
concept of meaning, that is primary to
Wittgensteinian semantics. The question about
the meaning of “meaning” must be answered
“from within” a theory of language, since
words do not (and in a stronger sense; cannot)
have meaning outside language. That is, it
does not make any sense to ask what the
meaning of a word is in isolation from its use
in language, since it is only by virtue of this
use that the word has meaning. The lack of
rigid designations regarding the concept of
meaning facilitates our understanding of
language as a dynamic phenomenon. What we
need in order to understand the nature of
meaning is therefore not so much a rigid
definition of the concept of meaning, but
rather a profound understanding of the
inherent structures of natural language. In
short, what we need is a structuralistic account
of language.

1.1 TheDistributional Hypothesis

Viewed from a structuralistic perspective,
natural language may be characterized as a
sequence of semantically arbitrary symbols
(i.e. words). The symbols are semantically
arbitrary since it is not their physical
properties that determine their meaning.
Rather, it is the relations between the symbols
of the sequence that define them. This is to
say that the meanings of the symbols in the
sequence do not derive from any inherent
semantic properties of the symbols.

This can be seen if we consider a
polysemous word, for example “fly,” that has
a different meaning in the context of A, for
example in texts referring to aerial activities,
than in the context of B, for example in texts
about insects. The reason that the word has
different meanings in these different contexts
is not because it has a different inherent
semantic property in the context of A than in
the context of B, for that would mean that a
word could change its inherent semantic
properties at any time, making linguistic
communication, understanding, and hence
language itself virtually impossible. The

reason for the different meanings of the word
is rather that the context of A is different from
that of B.

This characterization of natural language
as a linear sequence of semantically arbitrary
elements allows us to formulate a theory about
the foundation of meaning known as “the
Distributional ~ Hypothesis.” The theory
originates from the work of Zellig Harris,
who, in his book Mathematical Sructures of
Language (1968), states that: ““...the meaning
of entities, and the meaning of grammatical
relations among them, is related to the
restriction on combinations of these entities
relative to other entities.”

These combinatorial restrictions can be
viewed as semantic constraints that govern the
distribution of entities in language. That is, if
two separate entities occur in combination
with the same set of other entities C, the
distribution of the two separate entities are
governed by the same semantic constraints,
and these semantic constraints are manifested
in the distributional pattern that consists in the
co-occurrence with C. It is by virtue of this
distributional similarity that the entities have
similar meaning. This is to say that similar
distributedness implies similar values of
semantic information.

The merit of this hypothesis in relation to
the Wittgensteinian account of meaning is that
the distributional patterns of words could be
thought of as manifesting language use. That
is, the use of a word is manifested by its
distribution in language, which in its turn is
defined by the contexts in which the word
occurs. This means that the context could be
utilized as a measure of distribution, by which
the use (and thus also the meaning) of a word
could be determined. Thus, if the meaning of a
word is determined by its use in natural
language, and its use is manifested by its
distribution, the distributional patterns as
defined by the contexts of a word can be seen
as viable tools for determining the meaning of
that word.

The idea is that words are semantically
similar to the extent that they share contexts.
If two words w; and W,, say “beer” and
“wine,” frequently occur in the same context
C, say after “drink,” the hypothesis states that
w; and W, are semantically related, or, stated



more strongly, that they are semantically
similar. The semantic similarity (or
relatedness) of “beer” and “wine” is thus due
to the similarity of usage of these words. This
means that the categorization of both words
as, for example, referring to alcoholic
beverages is only possible because we use
them in such a way; that is, for example after
the word “drink” and in the vicinity of the
word “drunk.” The categorization is not a
cause of usage, but a consequence.

In an attempt to formalize these ideas, we
could say that the meaning M of a word w is
determined by its distribution D in text T. D
over T can be defined as the union of the
contexts C in which w occurs. Thus, if D(w,T)
(the distribution of w in T) determines M(w)
(the meaning of w), and D(w,T) equals:

2 {Clw LC}

(the contexts in which w occurs), this can be
seen as a representation of M(w). This
representational scheme thus justifies the
claim that word meanings can be
automatically uncovered from text data and
represented in computer systems. It also
justifies the claim that this can be done
without us having to make any ontological
commitments about what these meanings are.
Rather, it is because we do not demand any
rigid definition of the concept of meaning that
this representational scheme becomes feasible.

2 Vector-Based Semantic Analysis

This representational scheme is the communal
rationale for vector-based semantic analysis.
The assumption that “words with similar
meanings will occur with similar neighbors if
enough text material is available” (Schiitze
and Pedersen, 1997) is central for all the
different approaches, but they implement this
idea in somewhat different ways. In Latent
Semantic Analysis (LSA, Landauer and
Dumais, 1997), the text data is represented as
a words-by-documents co-occurrence matrix
where each cell indicates the frequency of a
given word in a given text sample of
approximately 150 words. The frequencies are
normalized, and the normalized matrix is
transformed with Singular Value
Decomposition (SVD) into a smaller matrix

with reduced dimensionality. The purpose of
using SVD to reduce the dimensions of the
normalized frequency matrix is that this
operation appears to accomplish inductive
effects that capture latent semantic structures
in the text data. Words (or, more to the point,
concepts) are thus represented in the reduced
matrix by semantic vectors of n
dimensionality (300 proving to be optimal in
Landauer and Dumais’ (1997) experiments).

In Hyperspace Analogue to Language
(HAL, Lund and Burgess, 1996), the text data
is represented as a words-by-words co-
occurrence matrix where each cell indicates
the co-occurrence counts for a single word
pair (a word pair being an asymmetrical
relation so that “xy” and “yX” represent
different entries in the matrix). The co-
occurrence counts are calculated within a 10-
word sliding window. Each word is thus
represented in the matrix by both a row and a
column, and these row/column pairs may be
concatenated to produce a co-occurrence
vector for each word. Assuming an N X n co-
occurrence matrix, where n is the size of the
vocabulary, words are thus represented as
semantic vectors of 2n dimensionality.

A similar approach is taken by Schiitze and
Pedersen (1997), who also represent the text
data as a words-by-words co-occurrence
matrix where each cell records the number of
times a word pair has co-occurred in a
window spanning 40 words. However, such a
matrix with n*/2 distinct entries, where n is the
size of the vocabulary, will become
computationally  intractable  for large
vocabularies, so they first approximate the
matrix using class-based generalization in two
steps, and then transform it with SVD so that
words get represented in the final reduced
matrix as dense semantic vectors of n
dimensionality (n = 20 in Schiitze and
Pedersen, 1997). The motivation for using
SVD to reduce the dimensionality of the
approximated matrix is, as in LSA, that it
improves generalization and makes the
representations more compact.

2.1 Random Indexing

We have studied the use of distributed
representations for accumulating a words-by-
contexts co-occurrence matrix from which



high-dimensional semantic word vectors can
be extracted. The technique is called Random
Indexing, and it has the same underlying
mathematics as, for example, Random
Mapping (Kaski, 1998) and Random
Projections (Papadimitriou et al, 1998). In
Kanerva et al (2000), 1,800-dimensional
semantic word vectors were computed using
1,800-dimensional sparse random index
vectors  representing documents of
approximately 150 words each. The index
vectors were accumulated into a words-by-
contexts matrix by adding a document’s index
vector to the row for a given word every time
the word appeared in that document.

This method is comparable to LSA, except
that the resulting matrix is significantly
smaller than the words-by-documents matrix
of LSA, since the dimensionality of the index
vectors are smaller than the number of
documents. By comparison, assuming a
vocabulary of 60,000 words divided into
30,000 text samples, LSA would represent the
data in a 60,000 x 30,000 words-by-
documents matrix, whereas the matrix in
Random Indexing would be 60,000 x 1,800,
when 1,800-dimensional index vectors are
used. This seems to accomplish the same
inductive effects as those attained by applying
SVD to the matrix, but without the heavy
computational load that SVD requires.

In the present experiment, the high-
dimensional random vectors of Random
Indexing have been used to index words and
to calculate semantic word vectors by means
of narrow context windows consisting of only
a few adjacent words on each side of the focus
word. As an example, suppose that the number
of adjacent words in the context window is
two. This implies a window size of five space-
separated linguistic units, i.e. the focus word
and the two words preceding and succeeding
it Cwhdt we may call a “2 + 2 sized” context
window. Thus, the context for the word iS in
the sentence This parrot is no more would be
“This parrot” and “no more,” as denoted by:

[(This parrot) is (no more)]

Computing semantic word vectors using
random indexing of words in narrow context
windows is done by first assigning an n-
dimensional sparse random vector called a

random label to each word type in the text
data. These random labels have a small
number K of randomly distributed —1s and +1s,
with the rest set to 0. The present experiment
has utilized 1,800-dimensional labels with k =
8.7 (£2.9). Thus, a label might have, for
example, four —1s and six +1s.

Next, every time a given word [thelfocus
word f,, Coacdurs in the text data, the labels for
the words in its context window are added to
its context vector. For example, assuming a 2
+ 2 sized context window as represented by:

[(Wh-2 Wn-1) fr (Whi1 Whiz)]

the context vector of f, would be updated
with:

L(Wn—z) + L(Wn—l) + L(Wnﬂ) + L(Wn+2)

where L(X) is the label of X. This summation
has also been weighted to reflect the distance
of the words to the focus word. The weights
were distributed so that the words
immediately preceding and succeeding the
focus word would get more significance in the
computation of the context vectors. For the
four different window sizes used in these
experiments, the window slots were given
weights as follows:

1+ 1: [(1) 0 (1)]
2+2:[(0.5,1)0 (1, 0.5)]
3+3:[(0.25,0.5, 1) 0 (1, 0.5, 0.25)]
4+4:[(0.1,0.1,0.1, 1) 0 (1, 0.1, 0.1, 0.1)]

where the 0 in the middle represents the focus
word.

This method is comparable to HAL, except
that we use distributed representations that are
more “brainlike,” efficient and scalable. By
comparison, assuming a vocabulary of 60,000
words, the HAL vectors would be (2 X
60,000) 120,000-dimensional, whereas our
vectors are 1,800-dimensional, regardless of
the size of the vocabulary. Also, we use
somewhat smaller context windows to capture
the meaning of words. For example, in
Burgess and Lund (1998), a context window
spanning 10 words were used, whereas we
found in our experiments that the performance
of the method degrades significantly when the
window size exceeds an upper limit of 4 + 4
words.



3 AddingLinguistic Information

The only textual property that is being utilized
in the creation of the context vectors is the
distributional patterns of linguistic entities.
This comprises, however, only a small
fraction of the structural complexity of large
texts, and it seems reasonable to believe that
there are other inherent structural relations in
natural language that might be significant for
uncovering semantic  information. The
distributional hypothesis does tell a story
about the foundation of meaning, but it might
not tell the whole story. If the overall goal of
the research is to understand how meaning
resides in language, it seems unmotivated not
to take these more complex linguistic features
into account. Therefore, we evaluated the
method using different degrees of linguistic
preprocessing of the training data, such as
morphological analysis and part-of-speech
tagging, to see if the utilization of more
sophisticated linguistic information in some
way concretizes the semantic information
captured in the context vectors.

The text data used as learning material in
these experiments was a ten-million-word
balanced corpus of unmarked English with a
vocabulary of 94,000 words. The first stage of
preprocessing was to reduce the number of
unique word types in the text data by simply
determining a frequency range so that words
outside the accepted frequency range get O
weight when they appear in the context
window. The frequency range was set to 3—
14,000, leaving a vocabulary of 51,000 words.
Next, a rather crude method for morphological
analysis was implemented by simply
truncating the words. The idea was to
approximate word stems by chopping off
words at a certain predefined number of
letters. In the present experiment, truncation
lengths of 6, 8, 10 and 12 were investigated. A
more reliable and linguistically justified way
of extracting the word stems is to use a parser.
In the present experiments, the Conexor
Functional Dependency Grammar of English
(FDG parser) was used to analyze the text and
extract the base form of each word.

The Conexor FDG parser was also used to
supply the analyzed text (the text consisting of
proper word stems) with part-of-speech

information in an attempt to remedy the
perpetual problem of ambiguity in human
languages. This is the problem that the same
“word” can have several meanings, and a
considerable amount of these orthographically
identical but semantically dissimilar words are
words that belong to different parts of speech.
For example, the difference between roll and
roll depends on whether it is intended to be a
verb or a noun. Providing part-of-speech
information by simply adding the part-of-
speech tag to the beginning of each word
would enable the method to discriminate
between these words. For example, the verb
roll would be represented by vroll, whereas
the noun roll would be represented by nroll.

4 Evaluation

To repeat the fundamental presumption of this
investigation, the raison d’étre of the high-
dimensional context vectors is that they, by
effectively being the sum of a word’s local
contexts, represent the relative meaning of
words. This means that they can be used to
calculate semantic similarities between words,
which can be verified by subjecting the
method to a standardized vocabulary test,
TOEFL (Test Of English as a Foreign
Language). This is a standardized test
employed by, for example, American
universities to survey foreign applicants’
knowledge of the English language. In the
synonym finding part of the test, the test taker
is asked to find the synonyms to certain given
words. For each given word, a multiple-choice
answering suggestion of four alternatives is
provided, where one alternative is the intended
synonym, and is supposed to be indicated by
the test person. In the present experiment, 80
test items of this type have been used.

Technically, the test is executed by
calculating the distance (in our case, this
means the cosine of the angles between the
vectors) between the target word and the four
alternatives, and the highest-ranking word (i.e.
the one that is closest correlated with the
target word) is chosen as synonym.



Linguistic Context Window Average
Analysis 1+1 2+2 3+3 4+4 | (0.73)
None 64.5 67.0 65.3 65.5 65.6
Tr. 6 55.0 57.5 573 553 56.3
Tr. 8 61.5 64.3 62.0 63.3 62.8
Tr. 10 66.0 68.5 66.3 66.3 66.8
Tr. 12 64.8 65.3 63.8 64.8 64.6
WS 63.5 70.8 72.0 66.0 68.1
PoS+WS 66.0 64.5 65.0 65.5 65.3
Average (+0.56) 63.0 65.4 64.5 63.8

Table 1: Average results (£1.5) given in percent of correct answers to the TOEFL-test, where Tr.
means truncation length, WS means word stems and PoS+WS means part-of-speech tagged word

stems.

5 Results

The numbers in the cells of Table 1 are the
average results of five runs. The standard
deviation for these results is £1.5. All results
are given in percent of correct answers to the
TOEFL-test. By comparison, tests with LSA
on the same text data, using the LSIBIN
program from Telecordia Technologies,
produced top scores at 600 factors of 58.75%
using the unnormalized matrix, and 65% using
a normalized one. The average result reported
by Landauer and Dumais (1997) with LSA
(using normalization and different text data) is
64.4%, while foreign (non-English speaking)
applicants to U.S. colleges average 64.5%.
These results indicate that, by using high-
dimensional random distributed
representations to label words in narrow
context windows, it is possible to reach a
result on a standardized synonym test that is
equivalent with the performance of other
techniques such as, for example, LSA.
Without using linguistic information, the
system averages 65.6% over the four different
window sizes used in these experiments.
However, already when utilizing a rather
naive kind of morphological analysis in the
form of carefully applied truncation (using a
truncation length of 10 characters), the
system’s average result increases to 66.8%
correct answers, although it seems imperative
not to truncate too early, since this gravely
affects the results. Shortening the truncation
length to eight characters decreases the result
to 62.8%, and shortening it to six renders a
meager 56.3%. Extending the truncation

length to twelve characters also decreases the
result, with a 64.6% average.

The best result was produced when using
proper stemming of the words, with an
average of 68.1% correct answers to the
synonym part of TOEFL. This indicates that,
since the inclusion of morphology in the form
of proper word-stem analysis or carefully
applied truncation yields the best overall
results, taking advantage of other inherent
structural relations in text, in addition to the
distributional patterns of linguistic entities,
really might be significant for uncovering
semantic information from text data.
However, adding part-of-speech information
did not further improve the performance
reached when using optimal truncation or
proper word-stem analysis. The average result
when adding part-of-speech information to the
morphologically analyzed text drops to 65.3%.
This might be an effect of the increase in the
number of unique words in the vocabulary that
is the consequence of supplying part-of-
speech information for each word.

Turning now to the different window sizes,
Table 1 shows that a minimal context window
with just one word on each side of the focus
word yields the worst average result. This
might not be surprising, since it seems
reasonable a priori to assume that a minimal
context window will not provide enough
contextual information for making the
comparison of distributional  similarity
reliable. This assumption is not categorically
supported by the results however, since for the
part-of-speech tagged word stems, a 1 + 1
sized context window actually produces the



best average result. The optimal size of the
context window seems to be in the range of
two to three words on each side of the focus
word, with a 2 + 2 sized context window
producing the best average result of 65.4%,
but with a 3 + 3 sized context window
producing the best individual result of 72%
using the morphologically analyzed text. A 4
+ 4 sized context window renders only a
slightly better average result (63.8%) than the
minimal context window, and our experiments
indicated a tangible deterioration of the results
when the range of the context window
exceeded four words on each side of the focus
word.

6 Discussion

The reason for using narrow context windows
as opposed to large context regions spanning
hundreds of words [i.e lwhole documents as
employed by, for example, LSA L[is the
assumption that the semantically most
significant context is the immediate vicinity of
a word. That is, one would expect the words
closest to the focus word to be of greater
importance than the other words in the text for
determining the meaning of the focus word.
The intuition is that a local context is more
reliable for measuring semantic similarity
between words.

This intuition is expressed by, for example,
Dekang Lin (1997), who states that “Two
different words are likely to have similar
meanings if they occur in identical local
contexts.” Schiitze and Pedersen (1997) argue
that local co-occurrence statistics is both
qualitatively and  quantitatively = more
informative  than  document-based  co-
occurrence statistics, since the number of co-
occurrence events will be higher when using a
sliding window to define the co-occurrence
region than when using documents, especially
if the documents are long. Burgess and Lund
(1998) also report on the merit of using
narrow context windows.

If the assumption is correct that local co-
occurrence statistics gives a more reliable
measure of distributional similarity between
words than do document-based co-
occurrences, one should be able to discern an
increase in performance when using narrow

context windows, as opposed to documents,
for calculating the semantic word vectors. The
results from these experiments seem to be in
favor of this assumption. Compared to the
performance of techniques using large context
regions exceeding a number of hundred
words, such as LSA, narrow context windows
fare well in an isolated linguistic task
pertaining to lexical semantic knowledge.

This raises the question whether there
might be a difference in what sort of semantic
information that can be extracted by
considering different amounts of context. A
more sizeable context might give better clues
to what a particular word is about than to what
it means. The idea is that two words that are
about similar things will occur in similar
context regions (e.g. documents), while two
words that have similar meanings will occur
with similar context neighbors (i.e. words).
This means that larger contexts might be more
suited to use for tasks pertaining to what we
may call topical information, such as
information retrieval, than in tasks specifically
directed towards lexical semantic
competences. The applicability of LSA to
information retrieval is well documented (e.g.
Dumais et al, 1988; Deerwester et al, 1990).

The possibility of a discrepancy between
the kinds of semantic information carried by
different context sizes suggests that, although
a synonym test is a fairly reliable method for
measuring one kind of semantic knowledge,
other conceivable methods for measuring
semantic  knowledge might be worth
considering. Other evaluation procedures have
been reported in the literature, such as
comparing vector similarities with reaction
times from lexical priming studies (Lund and
Burgess, 1996) or using LSA for evaluating
the quality of content of student essays on
given topics (Landauer et al, 1997).

7 Cognitive Implications

The results from these experiments
demonstrate that the technique is capable of
achieving comparatively good results on a
standardized synonym test. Now, the test is
designed to measure word knowledge, which
means that any subject capable of performing
the test with scores above the level of



guessing (which statistically yields 25%
correct answers) possesses a certain amount of
semantic knowledge about word meanings.
Therefore, the test could also be seen as a
rudimentary intelligence test. Landauer et al
(1998) point out that “word-word meaning
similarities are a  good test of
knowledge [indded, vocabulary tests are the
best single measure of human intelligence.”

The results achieved in these investigations
are approximately parallel to the results
accomplished by foreign applicants to
American universities. The question is, then, if
the results, viewed from this perspective,
justify the conclusion that the system has
acquired and applied semantic knowledge? Do
the high-dimensional random distributed
representations constitute a viable model of
such knowledge? In short: what are the
cognitive implications of the accomplishments
of the method?

The keyword in this discussion is
functionality. The performance of the method
could be described as functionally equivalent
to the linguistic behavior of a human language
user in carrying out the specific predefined
linguistic task of picking out synonyms to a
target word. This means that, since the
system-internal representations in the form of
high-dimensional context vectors have been
proven, by the successful execution of the
TOEFL-test, to be functional for purposes
pertaining to linguistic competences, we may
describe the system as having acquired and
applied what we may call the computational
equivalent to the semantic knowledge humans
possess when discriminating between word
meanings.

This means that the relevant question is not
whether the system-internal representations of
word meanings actually mean anything (i.e. if
they somehow correspond to how word
meanings are represented in the human
mind Cassilming this question is meaningful),
but rather whether they can be utilized for the
purpose of modeling observable linguistic
behavior. The semantic information that the
context vectors carry does not reside in the
vector representations by themselves, but
rather in the relations between the vectors.
The representation is relative rather than
absolute, since it is only in relation to each

other that the context vectors mean anything.
The important point is therefore that the
system-internal representations can be utilized
to implement specific linguistic behavioral
patterns that manifest semantic
knowledge [thaflis, so to speak, a fragment of
the functionality of a human language user. To
repeat the point: it is by virtue of letting the
meaning of “meaning” remain indeterminate
that we may consider the implementation of a
functional pattern as an epistemic or cognitive
achievement.

8 Concluding Remarks

The present investigations have shown that
random labeling of words in narrow context
windows is a viable technique for computing
high-dimensional semantic word vectors. The
investigations have also shown that the high-
dimensional context vectors can be used to
perform a standardized synonym test with
favorable results. These tests showed that the
performance of vector-based semantic
analysis can be enhanced by taking advantage
of other inherent structural relations in text
(i.e. morphology), in addition to the
distributional patterns of linguistic entities.
This inevitably raises the question whether the
semantic representations would benefit from
the implementation of other structural features
of language such as, for example, dependency
relations.

Dekang Lin (1998) demonstrates the
viability of using syntactic dependencies as
the basis for a comparison of distributional
similarity by representing words as the
frequency counts of all their dependency
triplets. A dependency triplet consists of two
words and the grammatical relationship
between them in a sentence. Similarity
between words is then defined as “the amount
of information contained in the commonality
between the objects divided by the amount of
information in the description of the objects”
(Lin, 1998). The technique is evaluated
through a comparison with manually compiled
thesauri (WordNet and Roget’s) with
favorable results.

This suggests that the inclusion of
dependency information in the context vectors
might be beneficial for the purpose of



semantic representation. Therefore, the next
stage of our investigations will be to
incorporate more syntactical information (for
instance, dependency relations) in the context
vectors to see whether grammatical
information affects the semantic
representation. It is not a controversial
assumption that grammatical relations and
syntactical structures have a significant impact
on semantics. Concisely, syntax and semantics
are not  two essentially  different
things LratHer; they are intimately intertwined
with each other. Thus, if we want to
understand how meaning resides in language,
we cannot afford to neglect syntax. What we
should aim for is a uniform representation of
syntax and semantics, and one possible
alternative for such a holistic representation is
the high-dimensional vectors of Random
Indexing.
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1. Place of Acquisition in Ontological
Semantics

We define theory as a set of statements that
determine the format of descriptions of phenom-
ena in the purview of the theory. A theory is
effective if it comes with an explicit methodol-
ogy for acquiring these descriptions. A theory
associated with an application is interested in
descriptions that support the work of an applica-
tion. Figure 1 specifies how that schema applies
to ontological semantics (the general notions are
listed as headers in the four boxes; their interpre-
tation for ontological semantics is given in the
rest of the text in the boxes).

The theory of ontological semantics
includes the format and the semantics of the text
meaning representations (TMRs), the ontology,
the Fact DB, the lexicons and the onomasticons
as well as the generic processing architecture for
analysis of meaning and its manipulation, includ-
ing generation of text off of it. The description
part in ontological semantics includes all the
knowledge sources, both static and dynamic
(generic procedures for extraction, representa-
tion and manipulation of meaning), implemented
to provide full coverage for a language (or lan-
guages) and the world. In practice, ontological
semantic description is always partial, covering
only a subset of subject domains and sublan-
guages, and constantly under development,
through the process of acquisition and as a side
effect of the operation of any applications based
on ontological semantics.

The methodology of ontological semantics
consists of acquisition of the static knowledge
sources and of the procedures for producing and
manipulating TMRs. We addressed the latter

Victor Raskin
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elsewhere (see, for instance, Nirenburg and
Raskin 2001, Ch. 8). Here, we focus on the
former. In our presentation, we will not focus on
the methodology of specific applications of onto-
logical semantics beyond stating that TMRs may
be extended in a well-defined way to support a
specific application and that such an extension
may require a commensurate extension and/or
modification of the static resources used by the
application. We will start with a general discus-
sion of the attainable levels of automation for
acquiring static knowledge sources in ontologi-
cal semantics. We will then address the specific
techniques of acquisition only for ontology (for
the acquisition of the other static knowledge
sources, see Nirenburg and Raskin 2001, Ch. 9).

2. Automating Knowledge Acquisition in
Ontological Semantics

Knowledge-based applications involving
natural language processing have traditionally
carried the stigma of being too expensive to
develop, difficult to scale up and to reuse as well
as incapable of processing a broad range of
inputs.1 The opinion about the high price of
development was due to the perceived necessity
to acquire all knowledge manually, using highly-
trained and, therefore, expensive, human acquir-
ers. The difficulty in scaling up was believed to
reflect the deficiencies in description breadth, or
coverage of material, in the acquisition task for
any realistic application. The all-too-real failure
of knowledge-based processors on a broad range
of inputs was attributed to the lack of depth (or,
using our terminology, coarseness of the grain
size) in the specification of world and language
knowledge used by the meaning manipulation
procedures.



Applicable Theory
Ontological
Semantics

Description
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adaptation of
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procedures

Figure 1. Interrelationships between theory, methodology, descriptions and applications in

ontological semantics.

In the consecutive implementations of onto-

1. “Today's state-of-the-art rule-based methods for
natural language understanding provide good performance
in limited applications for specific languages. However, the
manual development of an understanding component using
specific rules is costly as each application and language re-
quires its own adaptation or, in the worst case, a completely
new implementation. In order to address this cost issue, sta-
tistical modeling techniques are used in this work to replace
the commonly-used hand-generated rules to convert the
speech recognizer output into a semantic representation.
The statistical models are derived from the automatic analy-
ses of large corpora of utterances with their corresponding
semantic representations. To port the semantic analyzer to
different applications it is thus sufficient to train the compo-
nent on the application- and language-specific data sets as
compared to translating and adapting the rule-based gram-
mar by hand” (Minker et al. 2000, xiv).

logical semantics, the above problems have been
progressively addressed. While we cannot claim
to have completely eliminated the need for con-
trolling the acquisition process by people, we are
satisfied that ontological semantics uses about as
much automation in the acquisition process as is
practical within the state of the art in statistical
methods of text processing and human-computer
interaction. In addition to that, the acquisition
methodology takes advantage of all and any pos-
sibilities for minimizing human acquisition effort
and maximizing the automatic propagation of
semantic information recorded earlier over
newly acquired material, as applicable. The use
of inheritance in ontology; of information extrac-
tion engines in acquiring facts for the Fact DB;
as well as lexical rules and class-oriented syntac-
tic dependency templates in the lexicon, are
among the examples of such facilities. We have



had numerous opportunities to port the resources
of ontological semantics across applications, and
found this task feasible and cost-effective, even
within small projects. In the rest of this section,
we briefly review the methodology of knowl-
edge acquisition that has emerged over the years
in ontological semantics.

Before a massive knowledge acquisition
effort by teams of acquirers can start, there must
be a preparatory step that includes, centrally, the
specification of the formats and of the semantics
of the knowledge sources, that is, the develop-
ment of a theory. Once the theory is initially for-
mulated (it is fully expected that the theory will
be undergoing further development between
implementations), the development of a toolkit
for acquisition can start. The toolkit includes
acquisition interfaces, statistical corpus process-
ing tools, a set of text corpora, a set of machine-
readable dictionaries (MRDs), a suite of peda-
gogical tools (knowledge source descriptions, an
acquisition tutorial, a help facility) and a data-
base management system to maintain the data
acquired. In many ontology-related projects, the
work on the knowledge specification format, on
portability and on the acquisition interfaces
becomes the focus of an entire enterprise (see,
for instance, Ginsberg 1991, Genesereth and
Fikes 1992, Gruber 1993, Farquhar et al. 1997
for a view from one particular research tradi-
tion). In such format-oriented efforts, it is not
unusual to see descriptive coverage sufficient
only for bootstrapping purposes. Ontological
semantics fully recognizes the importance of
fixed and rigorous formalisms as well as good
human computer interaction practices. However,
in the scheme of priorities, the content always
remains the prime directive of an ontological
semantic enterprise.

The preparatory step is in practice inter-
leaved with the bootstrapping step of knowledge
acquisition. Both steps test the expressive power
of the formats and tools and seed the ontology
and the lexicon in preparation for the massive
acquisition step.

The bootstrapping of the ontology consists
of:

e developing the specifications of the
concepts at top levels of the ontological
hierarchy, that is, the most general
concepts;

e acquiring a rather detailed set of
properties, the primitives in the
representation system (for example, case
roles, properties of physical objects, of
events, etc.), because these will be used
in the specifications of all the other
ontological concepts;

e acquiring representative examples of
ontological concepts that provide models
(templates)  for  specification  of
additional concepts; and

e acquiring examples of ontological
concepts that demonstrate how to use all
the expressive means in ontology
specification, including the use of
different facets, of sets, the ways of
specifying complex events, etc., also to
be used as a model by the acquirers,
though not at the level of an entire
concept.

The bootstrapping of the lexicon for the
recent implementations of ontological semantics
involved creating entries exemplifying:

o all the known types of syntax-to-
semantics mapping (linking);

e using every legal kind of ontological
filler—from a concept to a literal to a
numerical or abstract range;

» using multiple ontological concepts and
non-propositional material, such as
modalities or aspectual values, in the
specification of a lexical entry;

e using such expressive means as Sets,
refsems and other special representation
devices.

The main purpose of this work is to allow
the acquirer during the massive acquisition step
to use the example entries as templates instead of
deciding on the representation scheme for a
meaning from first principles. As usual, practical
acquisition leads to the necessity of revising and



extending the set of such templates. This means
that bootstrapping must be incremental, that is,
one cannot expect for it to finish before the mas-
sive acquisition step. The preparatory step and
bootstrapping are the responsibility of ontologi-
cal semanticists who are also responsible for
training acquirer teams and validating the results
of massive knowledge acquisition. The complete
set of types of work that ontological semanticists
must do to facilitate a move from pure theory to
an actual description includes:

» theory specification,

 acquisition tool design,

» resource collection,

* bootstrapping,

* management of acquisition teams:
— training,
—work process organization,
— quality control.

At the step of massive knowledge acquisi-
tion, the acquirers use the results of the boot-
strapping stage to add ontological concepts and
lexicon entries to the knowledge base. It is
important to understand that, in the acquisition
environment of ontological semantics, acquirers
do not manually record all the information that
ends up in a static knowledge source unit—an
ontological concept, a lexical entry or a fact. Fol-
lowing strict regulations, they attempt to mini-
mally modify existing concepts and entries to
produce new ones. Very typically, in the acquisi-
tion of an ontological concept, only a small sub-
set of properties and property values are changed
in a new definition compared to the definition of
an ancestor or a sibling of a concept that is used
as a starting template. Similarly, when acquiring
a lexical entry, the most difficult part of the work
is determining what concept(s) to use as the basis
for the specification of the meaning of a lexical
unit; the moment such a decision is made, the
nature of the work becomes essentially the same
as in ontological acquisition—determining
which of the property values of the ontological
concept to modify to fit the meaning. With
respect to facts, the prescribed procedure is to
use an information extraction system to fill onto-
logically inspired templates that become candi-
date entries in the fact database, so that the task

of the acquirer is essentially just to check the
consistency and validity of the resulting facts. At
the end of the day, only a fraction of the informa-
tion in the knowledge unit that is acquired at the
massive acquisition step is recorded manually by
the acquirer, thus imparting a rather high level of
automation to the overall acquisition process.

The lists of candidate ontological concepts
and lexicon entries to be acquired are included in
the toolkit and are manipulated in prescribed
ways. Acquirers take items off these lists for
acquisition but as a result of at least some acqui-
sition efforts, new candidates are also added to
these lists. For example, when a leaf is added to
an ontological hierarchy, it often becomes clear
that a number of its conceptual siblings are worth
acquiring. When a word of a particular class is
given a lexicon entry, it is enticing to immedi-
ately add the definitions of all the other members
of this class. The above mechanism of augment-
ing candidate lists can be called deductive, para-
digmatic or domain-driven. The alternative
mechanism would be inductive, syntagmatic and
corpus(data)-driven and will involve adding
words and phrases newly attested in a corpus to
the list of lexicon acquisition candidates.
Because the description of the meaning of some
of such new words or phrases will require new
concepts, the list of candidates for ontology
acquisition can also be augmented inductively.

The results of the acquisition must be vali-
dated for breadth and depth of coverage as well
as for accuracy. Breadth of coverage relates to
the number of lexical entries, depth of coverage
relates to the grain size of the description of each
individual entry. The appropriate breadth of cov-
erage is judged by the rate at which an ontologi-
cal semantic application obtains inputs that are
not attested in the lexicon. The depth of coverage
is determined by the disambiguation needs and
capabilities of an application that determine the
minimum number of senses that a lexeme should
have. In other words, the specification of mean-
ing should not contain elements that cannot be
used by application programs. Accuracy of lexi-
cal and ontological specification can be checked
effectively only by using the acquired static
knowledge sources in a practical application and
analyzing the failures in such applications. Many



of these failures will have to be eliminated by
tightening or relaxing constraints on the specifi-
cation of the static knowledge sources.

3. Acquisition of Ontology

Acquisition of ontology involves the fol-

lowing basic tasks:

determining whether a meaning is worth
introducing a new concept;

finding a place for the concept in the
ontology, that is determining which of
the existing concepts in the ontology
would best serve as the parent or sibling
of the newly acquired concept;
specifying properties for the new
concept, making sure that it is different
from its parents, children and siblings
not only on ONTOLOGY-SLOT properties
(see Nirenburg and Raskin 2001, Section
7.1) but rather in a more contentful way,
through other ontological properties.

The main considerations in deciding on

whether a new concept is warranted are:

the desired grain size of description; for
instance, if in a question answering
system we do not expect questions
concerning a particular property or set of
properties (or, which amounts to the
same, are content with the system failing
on such  questions), then the
corresponding property becomes too
fine-grained for inclusion in the
ontology; for example, in the CAMBIO/
CREST implementation of ontological
semantics for the application of question
answering, in the domain of sports, no
information was included about the
regulation sizes and weights of the balls
used in various games—baseball,
basketball, etc., for the reason that we
did not expect such questions to be
asked of the system;

the perception of whether a meaning is
generic and language-independent (and,

therefore, should be listed in the
ontology) or a language-specific
“fluctuation” of some basic meaning
(and should, therefore be described in
the lexicon for the language in question);

» the perception of whether a meaning is
that of a concept (a type, a class of
entities, a meaning, a significatum
‘signified,” a “variable”) or a fact (an
instance, a token, an individual, a
reference, a denotatum, a “constant”);
for example, US-PRESIDENT is a concept,
while John Kennedy is the name (stored
in the onomasticon) of an instance of us-
PRESIDENT, namely, US-PRESIDENT-35;
CORPORATION is a concept; Ford Motor
Company is the name of an instance of
corporation; FORD-FOCUS, however, is a
concept, a child of CAR-MAKE and CAR-
MODEL; my cousin Phyllis’s Ford Focus
is an instance of the concept FORD-
Focus; incidentally, if she calls her car
Preston, this will probably not be
general or useful enough knowledge to
warrant  being included in the
onomasticon of an ontological semantic
application;

» the perception of when the analysis and
other meaning processing procedures
would fail if particular concepts are not
present in the ontology, e.g., the
judgment that a particular
disambiguation instance cannot be
handled using dynamic selectional
restrictions (see Nirenburg and Raskin
2001, Section 8.3.1).

With respect to language specificity, con-
sider the example of the German Schimmel,
‘white horse.” There seems to be no reason to
introduce an ontological concept for white horse,
as this meaning is easily described in the lexicon
by including in the sem-sTRuC field of the corre-
sponding entry an instance of HORSE, with the
property of COLOR constrained to WHITE. Also if
this concept is introduced, the considerations of
symmetry would lead to suggesting as many sib-
lings for this concept as there are colors in the



system applicable to horses.

To generalize further, it is a useful rule of
thumb in ontology acquisition not to add an
ontological concept if it differs from its parent
only in the fillers of some of its attributes
because this is precisely the typical action
involved in specifying a lexical meaning in the
lexicon on the basis of a concept. It is a vote for
introducing a new ontological concept if, in the
corpus-driven mode of knowledge acquisition,
no way can be found of relating a candidate lex-
eme or candidate sense of an attested lexeme to
an existing concept or concepts by constraining
some or all of its/their property values.

In other words, it is best to introduce new
ontological concepts in such a way that they dif-
fer from their parents in the inventory of proper-
ties, not only in value sets on the properties that
they share. Barring that, if the difference
between a concept and its parent is in the values
of relations other than the children of oNTOL-
OGY-SLOT (e.g., I1S-A or INSTANCES) then a new
concept may also be warranted. Barring that, in
turn, if there are differences between a concept
and its ancestor on more than one attribute, a
new concept should be favorably considered.
Finally, if the constraint on an attribute in the
parent is an entire set of legal fillers or if a rela-
tion has as its filler a generic constraint ‘OR
EVENT OBJECT,” and the child introduces stricter
constraints, one may consider a new ontological
concept. Experience in acquisition for ontologi-
cal semantics shows that applying these rules can
be learned relatively reliably, and compliance
with them is easy to check.

The task of finding the most appropriate
place to *hook’ a concept in the ontology is also
complicated. Let us assume that we have already
determined, using the above criteria, that TEACH
deserves to be a new ontological concept. The
next task is to find one or more appropriate par-
ents or siblings for the concept. Acquirers use a
mixture of clues for placing this concept in the
ontological hierarchy. Experienced acquirers,
well familiar with many branches of the ontolog-
ical hierarchy, may think of an appropriate place
or two right off the top of their heads, based on
clues inherent in concept names. In some cases,

this actually does save time. The reliance on
name strings is, however, dangerous, because the
names are elements of the ontological metalan-
guage and have a semantics of their own that is
different from the lexical meaning of the English
words that they may resemble. Therefore, when
this clue is used, the acquirer must carefully read
the definition of the concept and scan its proper-
ties and values to determine its actual meaning.
The more reliable, though slower, procedure
involves playing a version of the game of twenty
guestions—comparing the intended meaning of
the candidate concept with concepts at the top of
the ontological hierarchy and then descending
this hierarchy to find the most appropriate match.

At the very top level of the ontological hier-
archy of the CAMBIO/CREST implementation
of the ontology (Figure 2), the choice is rela-
tively easy: TEACH is an EVENT. There are three

SARLL*
JEVENT *
JIGBIECT+

—PROFPERT Y

Figure 2. The top level of the ontology in all the
implementations of ontological semantics.

types of events (Figure 3). Let us check whether

Figure 3. The top level of the event hierarchy.

—IALL=*
B FURENT -+
SMENTAL-EV
;l_-"'- TTVE TIGNITIVE-EVENT *
d COMMUNICATI EVENT +
JIEMOT IONAL-EVENT *
O IMMUNITY -EVENT +
ApASSIVE-COGNITIVE-EVENT *
CIPERCEPTUAL-EVENT

Figure 4. Some mental events.

TEACH fits into the mental event branch (Figure
4). Out of all the subclasses of mental event,



COMMUNICATIVE-EVENT (Figure 5) seems to be
the most suitable. COMMUNICATIVE-EVENT has
another parent, SOCIAL-EVENT (Figure 6). A
quick check shows that no other children of
SOCIAL-EVENT are appropriate to serve as parents
of TEACH.

We need to check now whether the third
child of event, PHYSICAL-EVENT or any of its
descendants can also serve as a parent of TEACH.
On inspection of the concept names of children
of PHYSICAL-EVENT (see Figure 7), we may wish
to check

SRLL=
JEVENT +
CIMENT RL-EYENT *
SHCOMMUNICATIVE-EVENT *
ZIEVENT *
D S0CTAL-EVENT +
=T 1]

J COMMENTARY +
OCOHVERSATION*
JILECTURE+
IRCN-VERBAL-COMMUNICATIVE-ACT *
—JSPEECH-ACT +
Figure 5. Multiple inheritance of communicative-
event and some types of communicative events.

CALL+
JEVENT *
ASOCIAL-EVENT *
AAPSTRACT - S0 CTAL-RCTIVITY
CIACADEMIC-EVENT +

JCOMMUNICAT IVE-EVENT *
—CONTROL-EVENT +
JCOOPERATIVE-EVENT

JENTERTAIN-EVENT +
—AFTHANCIAL-EVENT *
—OPPOSITION -EVENT *
JpSLITICAL-EVENT +
OposSESSION-EVENT *
JRELIGIONS -AETIVITY
SPORTS-ACTIVITY®
AWORE-ACTIVITY +

Figure 6. Some types of social events.

whether LIVING-EVENT has children that could be
siblings of TEACH because the semantics of the
concept name, living event, may suggest that it is
appropriate. Inspection (see Figure 8) quickly
demonstrates, however, that the name is, in fact,
misleading in this case, as the subclasses of Liv-
ING-EVENT do not seem to be appropriate as sib-
lings or parents of TEACH (REAR-OFFSPRING also
turns out to be a false lead). At this point, the
decision can be safely made: to add TEACH as a



child of COMMUNICATIVE-EVENT.

OALL*
COEYENT »

APHYSICAL-EVENT +
OAPPLY-FORCE™
OARTIFACT -EVENT
JBE-AYAI LABLE"
OCHANGE- LOCAT TOm
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OpDISASTER-EVENT *
OpISPLAY™
O ENERGY-EWENT *
OLIVING-EVENT +
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ONATUPAL-EYENT *
ONCH-YERBAL-COMMUNICATIVE-ACT *
O PERCEPTUAL-EVENT *
JdproDUCE
AWwALIT
OwAYE-ENERGY-EWVENT *

Figure 7. Some types of physical events.

The next task is to describe its meaning, that is,
to check the fillers of the properties it inherits
from COMMUNICATIVE-EVENT (1).

)
communicative-event
agent sem animal
theme sem OR event object
instrument default OR
communication-device
natural-language
destination sem OR animal
social-event
effect sem OR event object

precondition sem OR event object

OALLH
AEVENT +
APHYSICAL-EVENT *
ALIVING-EVENT *
A ACCLIMATE*
OACQUIRE-FOOD™®
JADDICT+
JEE-BORN*
JBEECOME-TIRED*
JELEED+
JBEREATHE*
ACONCEIVE-OFFSPREING*
S DIGEST
UDISEASE-EVENT *
OEXCRETE*
I EXPEL-GAS*
OHIMAN-LIVING-EVENT *
A IMMUNITY-EVENT+
JINGEST+
JINHABIT+
ANOURISH*
APHYSICAL-SHOCK
O EEAE-OFFSERING
IsLEER+

Figure 8. Some types of living events.

TEACH does, indeed, inherit all the above
properties. The actual constraints (fillers) for
them are shown here partially as (2). Besides the
properties in (3), TEACH has an additional prop-
erty, HAS-PARTS, which establishes it as a com-
plex event (descriptions of the components of
TEACH see also in Nirenburg and Raskin 2001,
Section 7.1.5). The syntax of HAS-PARTS
includes repeat-until loops and conditionals and
thus makes the entry for a complex event essen-
tially an algorithm that describes typical success-
ful complex events as a time-ordered sequences
of component events. References to components
include the statement of the complex event of
which they are a component as well as an index.
For example, TEACH-KNOW-A means that this is
a KNow event which is not free-standing (there
is, in fact, a know event in the ontology) but
rather one of the three specially constrained
“ontological instances” of KNow that can be
found in the specification of the complex event
TEACH.



@)

teach
is-a value
communicative-event
agent sem  human

default teacher
theme sem knowledge
destination sem  human
default student
default (teach-know-a

teach-know-b)

effect default teach-know-c
has-parts value (teach-describe

repeat (teach-request-info

teach-answer)
until teach-know-c)

precondition

Finding the appropriate fillers, if any, for the
various facets of a property is a separate acquisi-
tion task. For example, if there is a candidate
filler that is strongly implied when no explicit
reference to it is present in the input text, it
should be listed in the DEFAULT facet of the
property. Thus, for the AGENT property of
TEACH, the default facet will be filled with
TEACHER, because in a sentence like Math was
not taught well in his high school, the implied
AGENT of TEACH is clearly a subset of instances
of the concept TEACHER.

Of course, one example of this kind does
not prove the point, but when combined with the
acquirer’s knowledge of the world, it supports a
useful rule of thumb. The acquirer also knows
that any (adult) human can at times perform the
social role of teacher, e.g., parents teaching their
teenage children to drive. Therefore, one should
expect many inputs in which the constraint on
the agent of TEACH is more relaxed than the one
in the DEFAULT facet. This most commonly
occurring constraint is recorded in the sem facet
of the property. If an input like the sentence
Gorillas teach their offspring essential survival
skills can be expected in an application system,
the constraint on the AGENT should be further
relaxed to ANIMATE on the RELAXABLE-TO facet
(cf. Nirenburg and Raskin 2001, Section 8.2.3).
However, any attempt to relax the constraint on
this property further, for example, in order to
accommodate the sentence Misfortune taught
him a good lesson should be denied, because the
property AGENT in ontological semantics is con-

strained to HUMAN or FORCE, and rather than
coercing misfortune into FORCE, the meaning of
this sentence should be represented, roughly, as
that of the sentence He learned a good lesson as
a result of a misfortune, thus reducing the differ-
ent sense of teach in this sentence to a met-
onymic shift on the appropriate sense of learn.

The above procedure of finding the best
place to connect a concept into the ontology is
not as straightforward as may be deduced from
the example. The procedure is predicated on the
assumption that the constraints in the ontology
become monotonically and progressively stricter
as one descends the hierarchy. This was, indeed,
the situation with TEACH on every one of the
properties inherited. It is legal, however, for con-
straints in a child to be, in fact, looser than those
in an ancestor. In fact, an ancestor may have
inheritance on a property completely blocked
using the special filler NOTHING, but a child
could revert to a contentful filler. This state of
affairs makes it dangerous to stop the search for
the most appropriate place to include a new con-
cept the moment some constraints become nar-
rower than those expected in this concept.
However, in practice, the monotonicity property
holds in a much greater majority of cases.

Ontology acquisition may involve not only
manipulation of property fillers. Sometimes
(preferably, as seldom as possible, though), it is
necessary to add a new property to the system.
This might be necessary when a concept cannot
be described using the extant inventory of prop-
erties; this typically, though not exclusively, hap-
pens when describing new subject domains. If
indeed new properties must be introduced, it is
highly desirable that they contain as many con-
cepts as possible in the domain property of their
definition. For example, when extending the
Mikrokosmos implementation of ontological
semantics to accommodate the subject domain of
sports in the CAMBIO/CREST implementation,
it became necessary to introduce the literal
attribute  COMPETITION-STAGE, whose domain
property was filled with SPORTS-RESULT (a cen-
tral concept for the domain) and whose range
was filled with the useful constants CLASSIFICA-
TION, FINAL, PRELIMINARY, QUALIFICATION,
QUARTER-FINAL, RANKING, REPECHAGE, ROUND-



OF-16, ROUND-OF-32, ROUND-OF-64 and SEMI-
FINAL. The nature of the application dictates this
grain size—we do not need to know any infor-
mation about the above constants than just their
names and the corresponding words or phrases in
the languages processed by the system.
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Abstract

Powerful and sophisticated state-
of-the-art Web search engines have
emerged in the last few years. But
finding information on the Web can
still cause a lot of headache. Part of
the reason is the massive growth of
available online data. But even in
small domains a simple query can
easily result in hundreds of matching
documents being returned. This paper
describes how document markup can
be used to build a domain model
quickly and fully automatically. This
model can be incorporated in a Web
search system using simple dialogues
to help a user find the right subset of
documents. For domains like intranets
and local Web sites this approach has
the advantage that it is computationally
not too expensive and that it allows one
to build a data driven set of hierarchies
capturing the peculiarities of data
stored at the site.

ago only some specialized search engines like Re-
searchindek (Lawrence et al., 1999) would have
coped with formats like Postscript or PDF, now
it seems common practice to retrieve PDF files
alongside pure text documents. However, a com-
mon phenomenon is that users find it difficult to
express their actual information need as a query.
Queries submitted via search interfaces are hardly
ever longer than two or three words (Silverstein et
al., 1998). It seems difficult to select the most rel-
evant of all documents from what was estimated
back in 1999 to be a pool of 800 million pages on
the publicly indexable web (Lawrence and Giles,
1999). How can a two-word query describe pre-
cisely what the user is after? This is true not just
for searches on the entire Web but also in lim-
ited domains such as intranets and company Web
sites.

What can be done? One solution is to present
the user some options of how to modify the query
to get to a very specific set of documents. But in
order to work well, it would require some knowl-
edge about the domain. Unlike in a number of ap-
proaches for general Web search that are based on
the evaluation of the results returned by a search
engine we concentrate on smaller domains and try
to uncover the structure of the entire data collec-

1 Overview
o _ ) tion independent of the user queries. The result is

Finding Web pages relevant to a particular infor-5 o114 model that is built in a data driven way.

mation need has become so much easier with thg,, ., 4omain knowledge can be utilized in a dia-

emergence of sophisticated Web search engineg,q e system helping the user navigate to the set
Nothing seems simpler than using a Web searcfi g relevant documents. It could also be ap-

engine to locate up-to-date scientific papers, peosjieq as a browsing tool to get a better picture of
ple, institutions, or a plumber with an emergency,,nat gata can be found in the collection. This is
service in Colchester. Not even the document

format seems to matter anymore. Not so long ‘*http://www.researchindex.com



similar to using a classified directory or a manu-as far as to use this knowledge to build a domain
ally maintained Web directory. model, or the techniques are significantly differ-

To pick an actual example, we will look at the ent to what we present.
user query “union”, which is a frequent query ac- Research on the construction of concept hie-
cording to the log files of our sample domain, therarchies has so far focussed mainly on word co-
University of Essex. The user might not be awaresccurrences or linguistic information. The moti-
of the fact that the query is highly ambiguous. Invation for the work presented in (Sanderson and
fact, there are Web pages in that domain presentroft, 1999) is to automatically organize docu-
ing information about thérade union students ments in a conceptual structure based on key-
union and achristian union Not just that, but words found in the documents. Unlike in manu-
there is a number of pages devoteddiecrimi-  ally constructed subject hierarchies, this structure
nated unions That could well be the pages the is customized to the set of documents. The pre-
user expects as an answer if that user is a studegénted solution is a hierarchical organization of
currently writing an assignment in thigistributed  concepts automatically derived from a set of re-
Computingmodule. A domain model that reflects trieved documents. General concepts are placed
these possible interpretations could be a useful aith the higher levels of the hierarchies, more spe-
to inform the user of what types of documentscific ones further down. The construction is based
there are (or are not) in the space of possible arpn pairs of terms occurring in the same document,
swers. At the same time it would guide the userindependent of the context they were found in. A
in the process of narrowing down the search byconceptx is considered more general than a con-
explicitly offering query terms. cepty, if the documents whicly occurs in are a

In (Kruschwitz, 2001b) we presented a way ofsubset of documents containirg
finding conceptual information in hypertext doc-  Closely related is thParaphrase Search Assis-
uments based on markup structure. Here we d&ant (Anick and Tipirneni, 1999). The focus is
scribe how these concepts can be automaticallygain on how to help the user find the set of most
organized as a set of hierarchies that can easily B@|evant documents among a large set of docu-
applied in search applications. In a separate paphents retrieved for a query. The user is presented
we investigate how collaborative filtering may be 3 |ist of relevant terms, each of which expands to
used to improve this model. a list of compounds (containing the selected term)

The remainder of this paper is structured as folyyhich can then be used to constrain the query.
lows. First we will look at some related work The assumption is the “tendency for key domain
(section 2). Section 3 explains in more detail howgoncepts within result sets to participate in fam-
markup is used to build the domain model andjies of semantically related lexical compounds”.
how the construction can be performed automata remarkable aspect in this context is that query
ically. We pick some examples from our sample|ogs have shown that users actually make use of
domain to give the reader a better picture of thahe presented terms for query refinement.
type of models we get (section 4). We briefly dis-  Ap, jnteresting evaluation of different types of

cuss in section 5 how the model can be incorpoyyep, search has shown that some guidance to help
rated in a Web search application. Finally, there is\e ser in reformulating a query can significantly
some discussion of current issues (section 6), angl,,5ve the relevance of the retrieved documents
some conclusions are given in the last section. compared to standard Web search (Bruza et al.,
>  Related Work 2000). Part of 'Fhe study was the compa_rison of

Web search usingsoogle and a search via the
Most of the work presented here deals with ex-Hyperindex Browseran interactive tool which
tracting conceptual information from documentspasses the user query to a search engine and dis-
based on a number of different techniques, suchlays a list of linguistic phrases found in the top
as clustering, classification etc. Structural infor-matching documents returned by the search en-
mation is being used in a number of approachegyine. Those phrases can be selected by the user to
However, the reviewed work does either not goconstrain the query.



A different strand of work is layout analysis. from each document, but iKeyphindthe docu-
One motivation is to convert printed collections of ments are much longer and furthermore a man-
documents into their corresponding tagged elecually tagged training corpus is needed to build
tronic version. Autotag (Taghva et al., 1994) isthe classifier. Extractor is a similar system for
a system that aims at processing many types adxtracting keyphrases using supervised learning
documents based mainly on heuristic rules. It per{Turney, 1999; Turney, 2000).

forms a physical followed by a logical analysis.  Clustering is also being used fooncept-based
The intention is “to capture every conceivable ob-relevance feedback for Web information retrieval
ject that may add to a document’s presentation”(Chang and Hsu, 1999). Following a user query
However, it does not capture the semantic contenghe retrieved documents are organized into con-
of the documents. ceptual groups. Unlike in our approach this
Finding the logical structure of a documentstructure is not extracted for the indexed do-
without knowing the actual documents or stylesmain but for the search results. Another ex-
used in them is the focus of (Summers, 1998)ample isGrouper, an interface to a meta-search
This is a two-step processegmentatiomndclas-  engine which dynamically groups the search re-
sification The segmentation process is primarily sults into clusters labeled by phrases extracted
based on layout, contour and font shape informafrom the snippets that the search engines returned
tion. The classification step is based on the comwith the retrieved documents (Zamir and Etzioni,
parison of the text segments to predefined struci999). These applications are quite different to
ture prototypes, mainly by means of geometrictraditionalofflineclustering approaches where the
cues. The only linguistic knowledge used in thewhole document collection is clustered, rather
described prototypes is the identification of typ-than a number of retrieved documents. The moti-
ically appearing or non-appearing symbols. Ifvation for Zamiret al. is that post-retrieval docu-
some information about thetyle of the docu- ment clustering has been shown to produce supe-
ments is known, then this can be incorporated imrior results. Moreover, clustering a few thousand
the processing steps as well. documents is much quicker than doing this for
Another relevant field of related work is doc- millions of documents (the number of documents
ument clustering. Like information retrieval ap- you would find ingeneralWeb search applica-
proaches, clustering relies very much on largdions). However, for our problem post-retrieval
amounts of data. IBM'sTaxGentext mining clustering would miss the point since we want to
project aims at the automatic generation of a taxbuild a domain model for the entire document col-
onomy for a large corpus of unstructured newdection.
wire documents (Mller et al., 1999). A hier- A clustering approach for Web pages that uses
archical clustering algorithm first builds the bot- words as well as incoming and outgoing links is
tom clusters and then works its way upward form-presented in (Modha and Spangler, 2000). Start-
ing higher-level clusters by grouping together re-ing from a set of results returned by a search
lated clusters. The clustering is based purely orengine, the presented approach clusters the re-
linguistic elements in the documents, e.g. cosulting documents. The key is to consider not
occurrences of wordsefical affinitie§ or names  just those documents similar which share a word
of people, organizations, locations, domain termsut also those that have the same outgoing or in-
and other significant words and phrase from thecoming links. All these features are represented
text (inguistic featurep in a single vector. More specifically, six infor-
Keyphindis an example of conceptually index- mation nuggets are encoded in the vector: sum-
ing a document collection (Gutwin et al., 1999). mary, breakthrough, review, keywords, citation,
Machine learning techniques are applied in or-and reference. It is reported, that compared to the
der to extrackeyphrasegrom documents in the HITS algorithm (Kleinberg, 1998)eferenceand
context of browsing digital libraries. This comes breakthroughare conceptually analogous &u-
close to our idea of imposing a structure onthorities andcitation andrevieware analogous to
the collection by extracting “important” phrases hubs



Document classification is closely related toquality of search as opposed to efficiency (Brin
clustering, the difference to clustering is that pre-and Page, 1998). It makes use of both link struc-
defined categories exist, normally manually conture and anchor text. Each page gets a ranking
structed, and after a training phase new docuvalue depending on how many other pages refer-
ments can be classified on-the-fly like in (Chenence to it. Moreover the system associates Web
and Dumais, 2000). Northernlighis an example pages not just with the text in it but also with the
of a search engine where the results are groupeext found in anchors linking to this page from
in dynamically created categories, so cal®as- elsewhere. Furthermoré&;oogle keeps track of
tom Search Foldersvhich help a user to narrow some visual presentation details like font size to
down the search in case of too many matchegive for example heavier weight to words which
The search covers the whole Internet and thus hagppear in a larger font than the rest of the doc-
not just access to much more data than what wament. But apart from the sophisticated ranking
assume, but user queries are much more varieflinction there is no way to help a user with too
and thus domain independent than searches in imnany matches or ambiguous queries.
tranets or on single Web sites. )

Automatic classification of Web pages is the fo-3 A Domain Model Based on Concepts

cus of (Attardi et al., 1999). They introducate-  5ne of the main motivations for automatically ac-

gorization by contexivhich exploits information quiring a domain model is the inadequacy of a do-
surrounding the links pointing to a document in ,4in independent knowledge source IMord-
order to classify that document. It is seen in CONwet in search applications for limited domains.
trast tocategorization by contenwhich relies on  This is true for two reasons. First of all. a num-
textual information found in a document. The ba-par of relations that may be inherent in the doc-
sic assumptions are: (1) a Web page which refergmants of the domain will not be present in the
to a document must contain enough hints about itﬁnowledge source, i.eworld knowledgerather
content to induce someone to read it, and (2) SUClh 4, jinguistic information (cf. thenion exam-
hints are sufficient to classify the document re'ple). On the other hand, a domain independent

ferred to. Hints are mainly anchors, but also strucyyqge| will have a large number of links entirely
tural information found in HTML documents like jrejevant for a specific domain. To stick to the

headings, titles etc. However, building the pro- nion example, WordNetsenses twotlie United
files of the classifications are left as open issuesgitag during the Civil Warthree the act of pair-
and the two options presented are to elth_er bwlqng a male and female for reproductive purposes
them by hand or use some learning techniques. o five gtate of being husband and w)iere not
Ontologies and customized versions of existingrg|eyant in our domain at all, nor are some of the
language resources likéordNet(Miller, 1990)  giher senses. In addition to these problems, the
are being successfully employed to search prodgomain may change over time which makes it de-

uct catalogues and other document collectiongjrape to construct a model on demand exploiting
held in relational databases (Guarino et al., 19994 actual data.

Flank, 1998). Part of that research is the actual Extracting concept termsbased on the struc-

construction of ontologies (Craven et al., 1998),re detected in documents and relations between
The cost to create the resources can be enofcyments is discussed in (Kruschwitz, 2001b).
mous and it is difficult to apply these solutions e main motivations are summarized here. The
to other domains where the document structure i§gsic idea is to select keywords for documents
notknown in advance. which are found in more than one of the following
Internal structure is being incorporated morémarkup contexts: meta information, document
and more in standard Web search engines. Agadings documenttitie or emphasisegarts of
prominent example "3009'5' whose develop- e gocument (e.g. bold or italics font). Any
ment was inspired by the idea of improving the giher text is ignored altogether. This allows us
2http://www.northernlight.com to separate important terms from less important
3http://www.google.com ones. lItis largely language independent because



it exploits markup more than anything else. Fur-

thermore it is computationally very cheap. The

extracted terms are called concept terms (or just ~ rel-concepts(ci, cz, d) < 3)

concepts). And it is this set of concepts that we (rel_conceptsy(c1,co,d) An > 2)

use to automatically create a domain model. The

reasons are threefold. First of all, it was already

pointed out that we consider concept terms more

important than ordinary keywords. Secondly, we

can define a relation between concept terms. Ba-  (3d doc(d) A rel_concepts(ci, c2,d))

sically, we consider two concepts to belated ] ) )

if there is a document for which both terms were VOreover, we define a notion of importance of

found to be concept terms. Thirdly, the number? concept.

of concept terms is just a small fraction of the Definition 3 If ¢; and ¢y, are two concepts

number of all keywords selected for a documenfor a documentd, so that concept(ci,d) and

(roughly 2% in the sample domain). If this was concept(cs, d), thenc, is more important thams

not the case, it would hardly be feasible to inves-in documentl, if there are m and n, such that m

tigaterelatedconcepts. n and concept,, (c1,d) and concept,(co,d) and
In the following we explain this in a bit more there is noi > m so thatconcept;(ca, d).

detail. The data sources we are interested in (e.g. Conceptc; is more important than concept,

Web pages) arsemistructured that means the if ¢; is more important tham, for all documents

documents do have some structure. This strucd or ¢, is not a concept fod at all.

ture can come in a variety of forms, but most of - 5 efinitions and examples should make it
it can be abstracted as some SOrw@rkUp CON-  ¢jaar that we are not interested in uncovering the

text Informally speaking, this is some explicit o of relation that exists between two concepts.
convention of highlighting or marking up a part | \youid be too ambitious to do this in an auto-

of a document in & particular way distinguishing ya4e fashion, in particular with limited domains
it from other parts. Certain HTML tags are just where data sparsity can be a serious problem.
one example. Based on markup contexts we d;qyever, what we do get is a number of relations
fine concepts. that can guide a user in a search application. De-
Definition 1 An index term c is a concept term ciding on whether a relation is useful or not is now
(or simply concept) of type n for document d, writ-the task of the user. That relation could be one of
ten asconcepty (¢, d), if c occurs in at least n dif-  hypernymyor synonymybut more likely one not

rel_concepts(cy, cy) < (4)

ferent markup contexts in d. linguistically motivated, ratheworld knowledge
In addition to that we writeconcept(c, d) if in the actual word sense, as it is the case for the
concepty (c,d) andn > 2. twc()j;ermsunion and christian or the pairunion
andbar.

Definition 2 Two conceptg; andc, are related
concepts of type n for documedt written as
rel_conceptsy(c1,co,d), if ¢; and ¢ are con-
cepts of type n for document d, i.e.:

The world model we construct is a set of simple
hierarchies, each with a concept as a root node.
The construction is straightforward. Each hier-
archy is built by going through hypothetical di-
alogues with the user. Starting with a concept
as the original query, the task is to constrain this

rel_conceptsy(c1,co,d) < 1)
query in order to get more specific matches. All

(concepty, (c1,d) A concepty(ca,d))

We also define:

rel_conceptsy(c1,c2) < (2
(3d doc(d) A rel_conceptsy(cy,ca,d))

related concepts (in the sense of equations 2 and
4) are considered as possible terms to constrain
the query. Now we create a branch between the
root and one of its related concepts if there are
documents in the collection matching the new

guery consisting of both terms. For the purpose of



[ language linguistic J

\_>[eﬂ
—

J
\_>[ language learn ]

language_department J

course_material ]

—»[ research_interest
[ study_scheme
—>[ graduate_student ]
)
—>[vol ume J
J
1

- _J_J

—>[I anguage_paper

>[ student_paper

Figure 1: Concept tree for the compouadguagelinguistic

matching queries against documents we treat con- Practically, one constructs a world model for
cepts as ordinary keywords (otherwise the resulteach type of concepts, i.e. all concepts of type
ing hierarchies would be too simplistic). More- 2, 3, etc. The higher the number the more im-
over, each query is processed as a Boolean queportant the concepts and relations between con-
for which exactly those documents match, whichcepts. Our example application distinguishes two
contain all query terms. models, one based on type-2-concepts and the

The same steps are performed for each of thether one based on type-3-concepts. The second
new nodes recursively, i.e. for each concefdr  one is obviously smaller than the first one, since
which a documend exists withconcept(c,d) do: by definition any type-3-concept is also a type-2-
concept. The online search system which offers
the user concept terms to constrain the current
2. For eachnode(c') in the tree and concept query checks first thenost importantconcepts,

" with rel_concepts(c',c") create a node i.e. type 3 in our example. If not successfiglss

labelednode(c”) and a directed edge from importantconcepts are investigated.

node(c') to node(c") if the query consist-

ing of all index terms collected by traversing 4 Examples

through the graph from the root twde(c”)

matches a non-empty document set. When looking at the examples it must be kept in

i mind that no manual modification was applied to
3. Perform step 2 until there are no unexploreqhe resulting concept structure

nodes left.

1. Create a root node labeledde(c)

In order to keep the size of the index tables

Hence, once we have constructed a tree fomanageable, we only consider single words or

a particular concept, then a path from the rootwo-word compounds. This could easily be ex-

node to any other node in this tree can be seetended to compounds consisting of more than two

as adding constraints to a query. In other wordswords. Moreover, we apply base form reduction
any node represents a cluster of documents in thia the examples (e.dinguisticsis reduced tdin-

collection, all those documents that match each ofuistic). All the examples are constructed using

the concepts associated with the nodes passed lmar sample domain only considering concepts of

traversing the graph from the root to the currenttype 3, i.e. terms that were found in at least three

node. markup contexts in a document. When we talk



about a concept to bmore relevanthan another not be of any relevance in a search application.
one, we mean more documents contain this terrBut this fact can only be established by observing
as a concept. The same applies to sets of comeal users’ behaviour, something that goes beyond
cepts. the scope of this paper.

A frequent query submitted to the search en- ,
gine of our sample domain is “language and lin-> APPlying the Model

guistics”. Figure 1 displays part of the tree cre-Sophisticated search engines li@oogle have
ated with languagelinguistic as the root node. proven to work well on huge amounts of data.
Not all concepts related tanguagelinguisticare gyt even for smaller domains this technology
displayed, only the three most relevant ones. Thgi| nicely handle a large proportion of the user
most relevant related conceptafl which stands queries. In our domain a user who wants informa-
for “English as a Foreign Language”. There istion apout “Computer Science” will most likely
only one more concept related to both of thepe happy with the homepage of the Department
termslanguagelinguistic and efl, which islan-  of computer Science, even though there are hun-
guagelearn (i.e. “language learning”). That is greds of pages matching the query. To pick an-
the end of this path. The construction process oftnher example we could come back to the “union”
the world model determined that there was no requery. The most relevant matches (information
lated concept that could be added to the three othypout the students union in our domain) will prob-
ers which would describe a non-empty cluster Ofably be ranked highest in a list of matches if a
documents. good standard search engine is being used. In
The somehow peculiar relations between conpoth examples the user will not be interested in
ceptsgraduatestudent volume languagepaper  entering a dialogue that constrains the query. It
etc. is actually something that was extractedyould be best to just display the results of the
from a collection of documents all entitled “Grad- standard search engine. As a consequence, our
uate Students Papers in Language and Linguisspproach does not aim at abandoning established
tics, Volume ...". This looks like noise in the do- search technology but at dealing with the remain-
main model. Ways around this problems are dising percentage of queries that cannot be handled
cussed in (Fasli and Kruschwitz, 2001). Essenin the straightforward fashion just outlined. We
tially, we adopt ideas from collaborative filtering pass the user query to the standard search en-
to improve the model by recording the users’ segine, and in parallel we evaluate the query against
lections and choices in each step of the dialoguéhe world model. Then we merge both results.
in a Web search application. As soon as the standard search is finished, the
Figure 2 depicts the top ten related concepts fotop ranked results can be displayed. Proposals
language(“languages” is a query slightly less fre- for query modification are then presented along-
quently submitted to the search engine than “lanside the matches. In the “union” example that
guage and linguistics”). Unlike in the first ex- would mean that most user requests can be sat-
ample we do not display the entire tree, only thasfied by a single search engine call. But if the ex-
first level. Naturally, the tree is much bigger thanpected documents are not among the most highly
the one in the earlier example. Note, that the reranked ones, the user can engage in a dialogue
lated concepts are not necessarily related linguiswith the system by selecting an appropriate term
tically. Not surprisingly so. The third mostimpor- from the list of proposed concepts to constrain
tant match issulawesi It turns out that this term the query (e.g. selettade union). The dialogue
does not refer to an Indonesian island, but to somis explained in some more detail in (Kruschwitz,
framework in the context of wearable devices tha2001a).
deals with natural language understanding. This But the model can as well be used if the search
is another indicator that despite the fact that aris too specific not retrieving any matching docu-
obviously existing relation between the two termsments. For example a user asking for “course ma-
languageand sulawesiwas discovered in the au- terial for language learning” might not find any-
tomatic knowledge extraction process, it mightthing, either because there are indeed no matches
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or because the domain was re-indexed and thiarger model.
pages have disappeared. Figure 1 does howeverSo far we ignored one important observation
give a nice picture of what structure was de-altogether. It is best displayed with the help of an
tected in the sources, and an obvious dialoguexample. Processing our sample domain reveals
step would be to allow the user a relaxation ofthat there is a concegabellewhich lists among
the query by searching féenguagelinguisticin-  others the related concegisof, theoremprover
stead. Note however, that we found data sparsitgndtheorem A second set of related concepts in
to be a much less significant problem than queriethe same domain iart_history, gallery and un-
with a large number of matching documents, de-dergraduatestudy Both of these sets are good
spite the fairly small size of the sample domain. illustrations of the intuitive meaning of what a
related concept is. A search for eithsabelle
6 Current Research or art_history on the Web site results in a large
] number of matches. However, a query expansion
The approach has been shown to work well in thg,qing the related terms fasabelleresult in ex-
sample domain. actly the same set of retrieved documents, while
One of the problems still to be solved is thatpe concepts related tart_history are truly con-
very long documents are treated just like shoriraining the set of retrieved Web pages. We call

ones. That introduces a numberrefated con-  the second set of conceptissimilar related con-
cepts that should better be ignored. Itis not quitgepts j.e.:

clear yet whether breaking longer documents into )
smaller sections would help. That will at least re-Pefinition 4 Two conceptsc; and ¢, are dis-
duce the number of extracted concepts. similar related concepts of type n if there is a
In the examples we restricted the number of°OCePt cs, such  that rel-conceptsn(ci, c3)
related concepts. That seems like a good ide"d rel-conceptsn(cz,¢3)  hold,  but  not
Our threshold is ten, i.e. the tree that is built for¢/-corceptsn(c1, c2).
each concept will have at most ten branches to Moreover, we observe that the “related con-
the next level down. The most relevant relatedcepts” relations in equations 1 and 3 describe
concepts are selected. That results in a usablequivalence relations over the domain of index
domain model. A different approach is to assignterms and fixed values for type and document.
some weight to each branch and construct a muchihe proof is trivial, since it is obvious that the



relations are reflexive and symmetric as well asnode only.

transitive for a given typen and a document  The large number of distinct keyword indexes
d, and therefore they form equivalence relationsis partially caused by the fact that we do not try
However, this is not true for the relations definedto find real compounds only, but we overgener-
in equations 2 and 4. As a result of this we modifyate (e.g. considering every sequence of nouns to
the world model in the following way: each node be a compound) and then delete all those that fall
is not a single concept but a set of concepts. Analbelow a certain threshold. This threshold is one,
ogous tosynsetsn WordNetthis means that each which means we only ignore those compound
time a new node in a tree is created we will have taerms that are found only once in the entire col-
make sure that the new node contains a coneeptlection.

together with all those concepts related tehich )

are notdissimilar. In the example, that will cause 7 Conclusions

isab_elle t_heore_m proof, andtheoremproverto \y, presented a method for building a domain
be listed ",1 a §|ng|e hode. ) model that exploits the internal document struc-
Evalugtlon is currently the mostimportant task. re as it can be found in hypertext documents.
As mentioned _egrher, the examples _hav_e not beegq key assumption is that important keywords
manually modified. However, this still gives only i, 5 document do not necessarily turn up very fre-
anecdotal evidence about the quality and usabi”%uently but that they can be found in a number
of the extracted structures. Evaluating the model yifferent markup contexts. Based on this we
as such seems not the very best idea. It must bgstinguish conceptual information from ordinary
seen as part of a search system to prove its Ugeywords. The conceptual information is used
ability. That is a complex task since it involves a4 aytomatically build a domain model which re-
number of dimensions, in particular if a standardfects the relations between concept terms. This
search system is to be compared with a dialogu@ap easily be deployed in a search application, for
system. We evaluate the presented techniques @gample to offer a user choices for constraining
part of our dialogue driven Web search systemg qery that would otherwise retrieve too many
As a reference query corpus we use all queriegaiches. It has been shown to work effectively in

submitted to the locally installgd search engine, gearch assistant that uses simple dialogues.
between January and March this year. What can

be said already is that most of the frequently subAcknowledgement
mitted queries trigger the system to initiate a dia- ] ]
logue, because the queries match a large numbdf1@nks to Nick Webb for the title of the paper.
of documents. We intend to publish evaluation
results by the end of the year.

Finally, we want to give some figures for the
current size of our sample domain:
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Abstract

In this paper, we propose a clas-
sification of word senses according
to their information susceptibility.
Senses are clustered based on their
responses to various types of disam-
biguation information available from
existing lexical resources. A pilot ex-
periment with 60 noun senses sup-
ports that senses do fall into fairly
distinct groups, such that they are
best characterised by different types
of lexical information. These re-
sults coincide with human response
We will
also suggest how such sense types
could be applied to word sense dis-

in word association tests.

ambiguation in reverse, to adjust the
way different types of disambigua-
tion evidence are combined.

1 Introduction

Most natural language processing tasks de-
pend on one or more lexical resources for
The lexi-
calisation of word meanings in existing lexi-

the required lexical information.

cal resources and thus the lexical knowledge
available from them are often restricted to
relations between words, or sometimes word
senses. These resources, however, say noth-
ing on the subtle properties intrinsic to indi-
vidual senses, such as how they are best dis-
tinguished from one another. In this paper,
we study the plausibility of classifying senses
by their intrinsic nature. We start the inves-
tigation from the perspective of word sense
disambiguation (WSD), and will see how such

a classification of senses might improve WSD
performance in return.

While it is generally accepted that WSD
needs multiple types of knowledge (e.g.
McRoy, 1992; Ng and Lee, 1996; Steven-
son and Wilks, 1999), it is nevertheless not
well understood how they function individ-
They are of-
ten uniformly combined as if they would

ually and in combination.

produce the same effect on every sense
of every word. This may not be the
case, as Resnik and Yarowsky (1999) called
WSD a “lexically sensitive” task; and
Ide and Veronis (1998) pointed out that

“...to date there has been little sys-
tematic study of the contribution of
different information types for dif-
It is
likely that this is a next necessary
step in WSD work.” (Ide & Veronis,
1998:p.21)

ferent types of target words.

Although the optimal combination of knowl-
edge in certain studies has somehow addressed
this issue, we believe that a more transpar-
ent picture is needed. It would be useful to
know the relative strength of different kinds
of evidence for different senses. This type of
knowledge is especially useful in the presence
of conflicting evidence.

The assumption that different information
types contribute variably to different target
words is essentially a corollary of the belief
that different types of lexical information vary
in their effectiveness to characterise a sense
and distinguish it from other senses of the
same word. In other words, senses have varied
“information susceptibility” (or just “suscep-
tibility” for short). However, this property



of individual senses is unfortunately absent
from existing lexical resources, and is thus ne-
glected by most WSD algorithms to date.

In this study, we aim to investigate the
plausibility of separating words, or more pre-
cisely word senses, into fairly distinct groups
according to their information susceptibility.
We call such groups “sense types”. To achieve
this aim, we therefore need to find out, in
the first place, if senses do fall into different
clusters based on their responses to particu-
lar types of disambiguation information. We
study this from a sample of noun senses to see
how sense types might be acquired by group-
ing the test samples into sense clusters accord-
ing to their responses to different types of dis-
ambiguating information, and to infer proper-
ties underlying such clusters. In addition, we
would see what proportion of these clusters,
if any, is capable of being disambiguated by
exploiting our available lexical resources. We
will also suggest how WSD might benefit from
this kind of knowledge.

Hence, we need to test different types of
disambiguation information and find patterns
from their effectiveness on disambiguating the
test samples. In this way, the hypothesis
that different groups of senses are best charac-
terised by different types of information can
be put to test. Grouping the test samples
with respect to their responses to the various
types of information can reveal the differential
information susceptibility of the senses.

In Section 2, we first briefly review Quil-
lian’s (1968) model of semantic memory.
Then in Section 3, we discuss how the vari-
ous types of lexical information in that model
could be obtained from existing lexical re-
sources. An experiment is described and re-
sults reported in Section 4. The psychological
reality of the results in relation to human re-
sponse in word association tests (e.g. Jenkins,
1970; Moss and Older, 1996) and its implica-
tions will be discussed in Section 5. Finally
in Section 6, we suggest how such results can
be applied in reverse to help WSD.

2  Quillian’s Semantic Memory

The resolution of word sense ambiguities has
primarily depended on some measure of the
semantic closeness between words in context
with respect to some semantic relation. This
practice was largely inspired by studies on
human semantic processing. Quillian (1968)
proposed a computational model of human
memory for storing the “meanings” of words.
Apparently, our memory stores not isolated
but connected information. So a model of
semantic memory should have, in Quillian’s
words, “the ability to use information input
in one frame of reference to answer questions
in another”. Thus his model has a network
structure with a mass of nodes interconnected
by associative links of different kinds.

Quillian’s semantic network model allows
two word concepts to be compared and con-
trasted via the links between them. His simu-
lation program was able to say which meaning
of each word was involved in each semantic
similarity or contrast found, which is essen-
tially what is expected of WSD. The associa-
tion between concepts was found by a method
generally known as “spreading activation with
marker passing”, which also underlies many
later WSD programs.t

For example, Hayes (1977) represented
word senses as nodes in a semantic network,
and superimposed some frame-like structures
(called “depictions”) on them. Depictions
were connected by binders, and there were
certain representational constructs to capture
special cases of the subset-superset and part-
whole relations. These structures functioned
with corresponding association rules, so that
only the relevant depictions and thus the ap-
propriate senses for the words were activated.

Hirst (1987) also used marker passing with
a semantic network of frames, but controlled
the process with additional constraints on the

!Subsequent findings on semantic priming (e.g.
Collins and Loftus, 1975), are in accord with Quil-
lian’s network representation of semantic memory. Al-
though various modes of lexical access have been pro-
posed and none is inarguably supported by empirical
evidence (see (Hirst, 1987) for a thorough review), the
spreading activation model is generally accepted as a
plausible mechanism for human semantic processing.



number of propagations and on the nodes
from which activation is to be spread. More-
over, he introduced the use of Polaroid words
when no connection path was readily found
for an ambiguous word.

The associative links in semantic networks
such as those described above may indicate
different kinds of semantic relation. We
can roughly identify three kinds of associ-
ation: broad semantic relations (essentially
word associations or thematic relatedness),
narrow semantic relations (e.g. IS-A, PART-
OF, etc.), and positional semantic relations
(e.g. selectional restriction, idiomatic collo-
cations, etc.). Nevertheless, hand-coded se-
mantic networks like those above are hard to
form and severely limited in scale.
while, Quillian himself also remarked that
the contents in his semantic network could

Mean-

actually be obtained by encoding dictionary
definitions accordingly. This suggests that
we can in effect simulate a hand-coded se-
mantic network by assembling different types
of information extracted from various places.
Kwong (2001) discussed an Integrated Lexi-
cal Resource (ILR) which was a combination
of WordNet 1.6 and Roget’s Thesaurus, and
how the ILR might enrich the lexical infor-
mation for WSD. WordNet and Roget’s The-
saurus are exemplars for representing narrow
semantic relations and broad semantic rela-
tions respectively. WordNet groups words
into sets of synonyms (“synsets”), with an op-
tional textual gloss. These synsets form the
nodes of a taxonomic hierarchy. In Roget’s
Thesaurus, there are about 1,000 numbered
semantic heads, under which words are first
assorted by part of speech and then grouped
into paragraphs according to broad concep-
tual categories. Heads are in turn grouped
into sections and then into classes, resulting
in a hierarchical organisation. In the current
study, we will obtain a range of lexical infor-
mation from the ILR for WSD, as discussed
below.

3 A Semantic Relation Spectrum

In this section, we will describe the seman-
tic relations used in this study and how they

are obtained computationally from the ILR.
We organise the semantic relations in terms
of their specificity, from the narrowest type
to the broadest type. This ranking is essen-
tially intuitive, with the number of component
lexical resources involved taken into account.

3.1 Narrow Semantic Relation (wn)

This is the relation captured in WordNet 1.6
and we measured the similarity between two
senses ¢ and y by taxonomic distance with the
simple metric from Rada et al. (1989):

1

Se.y) = 1+ Dist(z,y)

where Dist(z,y) is the minimum number
of edges separating the nodes representing
senses x and y.

3.2 Broad Semantic Relation 1 (rog)

The similarity of two WordNet senses z and y
with respect to the Roget classification (now
a component of the ILR) is measured by the
following empirically determined function:

[M(z) 0 M(y)| if M(z)n M(y) #0
and (M(z) N M(y)) N TopC # 0
0.25 if M(x M =0
e v) = b €A e € M),
hg € TopC, S(hy) = S(hz) = S(hs)
0 otherwise
where

M(s) = the set of Roget heads that sense s
is mapped to,

S(h) = the Roget section (one level above
heads) subsuming head h, and

TopC = the set of Roget heads covering
Heads at the top
two positions with eight or more words in the
text are included (determined empirically),
and ties are preserved.

most words in the text.

3.3 Broad Semantic Relation 2 (def)

This is the word overlap between pairs
of sense definitions in the tradition of
Lesk (1986). Sense definitions are based on
the WordNet glosses, with stop words and
duplicated words removed.? The similarity

?Lacking reliable mechanisms, no stemming was

done. However, perfect stemming should be benefi-
cial for definition matching.



between senses is measured by the number
(> 2) of words common to their definitions,
normalised with the Dice function:

2| XnY .
i X nY|>1

S(z,y)=
0 otherwise

where
X is the definition of sense z, and
Y is the definition of sense y.

3.4 Broad Semantic Relation 3 (com)

This relation directly measures the relevance
of a sense to the text as a whole. Each sense
(in the text) is assigned a score based on the
length of overlap between its WordNet defini-
tion and the set of words covered by the Roget
heads in T'opC' (as defined above).

In addition, to find out how sufficient the
lexical information in the ILR is for WSD, we
need to test a range of information broader
than what is available from the ILR. We thus
introduce two other types of information ob-
tained from corpus data, as follows.

3.5 Syntactic Relation (f-2g)

We used a flexible type of part-of-speech
(POS) bigram for syntactic relation. Nor-
mally, one would estimate p(#;_2t;,_1|s;) for a
left-context bigram, where s; is the sense at
position ¢, and ¢;_5 and t;_1 are the POS tags
of the words at positions ¢ — 2 and ¢ — 1 re-
spectively. In this study, however, we look for
all possible bigrams within a range of three
consecutive positions on the left of the tar-
get word, in order to address the problem of
data sparseness. So we estimate all p(¢;t|s;)
where ¢ — 3 < 5 < k < ¢. Similarly for the
right context, we estimate all p(¢;t|s;) where
1 < j < k<143, Subsequently in the experi-
ment, we combine evidence from both the left
and right context. With a small corpus and
thus unreliable estimates of prior probabili-
ties, we assumed uniform prior probabilities
for all s;.

3.6 Broad Semantic Relation 4 (col)

This refers to simple collocation. We fol-
lowed Yarowsky’s (1992) approach for esti-

mating p(word|s;) where word is any noun
(in root form) occurring within a window of
+50 words from s;. Again, given a small cor-
pus, we assumed uniform prior probabilities
for all s;.

Parameters for f~-2¢g and col were estimated
from the SEMCOR corpus which contains
about 90K sense-tagged nouns. However,
since data sparseness was particularly perti-
nent, the parameter estimation was slightly
modified from the standard approaches in at-
tempt to improve the situation. First, syn-
onymous senses of the targets were used to
increase the training data where necessary.
Second, only the candidate senses which had
five or more occurrences in the training data
were considered, and senses without sufficient
training samples were discarded.?

The various types of lexical information de-
scribed above are lined up in Figure 1, form-
ing a spectrum of semantic information of var-
ied specificity. The adequacy of the ILR can
hence be evaluated according to the “formula”
in Figure 2.

Nature Information Source
Semantic col Corpus
Semantic com ILR
Semantic def ILR
Semantic rog ILR
Semantic wn ILR
Increasin
Specificity
Syntactic f-2¢ Corpus

Figure 1: A Spectrum of Lexical Information

? Although such modification of the training data
may invoke certain hidden bias in the disambiguation
process, we assume it is random enough across all sam-
ples so as not to invalidate the study.



What can be
achieved with

ILR

A
| Samples

No Response Correct
OR — < ONLY with
All Wrong col OR f-2¢q

Figure 2: Formula for Estimating the Sufficiency of the ILR

4 An Experiment

4.1 Materials and Method

For this experiment, 14 short texts, each con-
taining about 200 to 300 words with blanks
to be filled in, were chosen from cloze test pa-
pers. All the blanks for polysemous nouns*
were used for the test. The 14 texts thus re-
sulted in a sample of 60 target nouns (with
their expected senses known) for study and
analysis. The average number of candidate
senses for the samples was 5.4. Here is an ex-
ample blank (the word in bracket is the known
preferred answer and we additionally mark its

expected sense from WordNet 1.6):

... The (rhythm/1) of the music
also helps people to remember ...

The various types of disambiguating infor-
mation mentioned in Section 3 were tested
in combination with different context sizes to
disambiguate the targets. The combinations®

are summarised below:

Context Size
+3words +50words

col Vv

com Vv
def

rog
wn

f-2g9 v

Information

Full

L

*The expected answers were checked to be present
in WordNet 1.6.

®Theoretically for a controlled experiment, each
type of information should undergo the same range
of context sizes for comparison, although this is not
always possible in practice. In this experiment, we
simply assumed we are using some optimal context
size for the different types of information, as learned
from past studies.

Apart from com and f-2¢g, all other types
of information were applied with a window-
Each sense of the target
word was compared to each sense of each

based approach.

noun in context independently with respect
to the particular type of information, and the
results from these independent comparisons
were combined. For each target, the sense
with the best score was selected.

4.2 Results and Discussion

Table 1 shows the number of samples (out of
60) correctly disambiguated at each test con-
dition.®

Information | Context Size
+3 | £50 | Full

col - 23 -

com - - 20

def - 15

rog - 20

wn - 17

f-2¢ 13 - -

Table 1: Disambiguation Performance of In-
dividual Information Types

As mentioned in the beginning of this pa-
per, we would be more interested to see how
the different types of information work indi-
vidually and in combination. Figure 3 shows
a further analysis of the above results in terms

of the overlapping between information types
from the ILR.

5The numbers for f-2¢g and col are in fact out of a
total of 34 samples, which had enough training data.
However, our objective was to see how much can be
achieved with the ILR, and all the information ob-
tained from the ILR (com, def, rog, and wn) had been
tested on all 60 samples. So even though f-2¢g and
col were not applied to all 60 samples, we may only
under-estimate the effectiveness of these two types of
information, but not the usefulness of the ILR.



CED
)

* There was also one overlapping case betweaeandcom

Figure 3: Overlapping of Information Types

From Figure 3, it is obvious that while each
individual information type can exclusively
disambiguate some test samples, each type
also overlaps with one or more of the other
types at the same time. Nevertheless, there
are only two out of all 60 test samples which
are correctly disambiguated by all the four
types of information. In other words, more
often some types will produce no results or
even contradicting results to others. Hence
such conflicts must be resolved or at least min-
imised so that we can make the most of the
edge held by individual information types and
use them in combination for better WSD.

Assuming such an ideal situation, we may
then estimate “what can be achieved with the
ILR” from the results according to our “for-
mula” in Figure 2:

Total no. of samples = 60

All wrong / No response = 13 (21.67%)

Correct ONLY with f-2¢g = 3 (5.00%)

Correct ONLY with col = 4 (6.67%)

Correct ONLY with f-2g & col = 4  (6.67%)
Thus we can work out that:

Correct with:

ANY method = 47 (78.33%)

SEMANTIC information = 44 (73.33%)

SEMANTIC information in ILR = 36 (60.00%)

1st sense from WordNet 1.6 = 32 (53.33%)

Random Choice Expected

We can thus see that if different types of infor-
mation could be properly combined, the WSD
performance would be much better than with
any single type alone. However, it remains for
us to find out what the proper way is.

Table 2 shows a manual clustering of the
test samples according to their responses with
respect to the various types of disambiguation
information, with the sense number (accord-
ing to WordNet 1.6) indicated after “/”. We
will discuss the results further in the light of
this clustering in the next section.

5 From Clusters to Sense Types

Most of the test samples (about 80%, and pos-
sibly more) were successfully disambiguated
in one way or another, as compared to the two
baselines (53.33% with first sense and 18.5%
with random choice). Also, most noun senses
in our samples can be disambiguated by one
or more types of semantic relation with other
noun senses (i.e. Types B, C, D, and E in
Table 2). We found that 17 out of 60 samples
could be disambiguated with the narrowest
paradigmatic association (i.e. Type B). This
does not necessarily mean that those cases are
not susceptible to broader semantic relations,
but for them the simple IS-A relation suf-
fices. In fact, most of our samples which were
correctly disambiguated with wn were also
correct with one or more other information
types. However, we find the distinction (be-
tween broad and narrow semantic relations)
important because there remains the possi-
bility that some (untested) senses may only
work with wn, and it is useful to gather all
plausible evidence so that senses can be more
confidently selected. Moreover, as suggested
by Gentner and Brem (1999), thematic asso-
ciation and similarity comparison are distinct
processes though the former often intrudes
upon the latter.

The results allow us to uncover more about
the susceptibility of target words (or more
precisely their senses) to various types of in-
formation, and thus the effectiveness of such
information for disambiguating the words.

"Estimated from the average number of senses 5.4.



Type | Information Susceptibility | Information Source | Examples
A syntactic information only non-ILR instant/1, way/2
B narrow semantic information ILR trick/5, sun/1, mirror/1
C broad semantic information ILR space/5, injury/1
D semantic information only non-ILR loss/2, attitude/1
E syntactic/semantic information non-ILR attention/1, mystery/1
F unknown - safety/1, exchange/3

Table 2: Clusters by Information Susceptibility

The clusters in Table 2 support our hypothesis
that different senses are best characterised by
different types of information. However, given
the fuzziness of these clusters, at present we
can give no more than an intuitive account of
the pattern. As we go up the specificity spec-
trum of semantic relations, the senses suscep-
tible to those relations seem to involve more
and more abstract thinking. For example:

e Type B: What is sun/1? One can readily
point to that source of heat and light in
the sky (assuming a sunny day). What is
mirror/1? One understands it as the in-
strument which reflects the image of one-
self when standing in front of it.

e Type C: What is space/5?7 One can-
not possibly point to a concrete object,
but would rather think of the region with
planets, satellites, orbits, rockets, and so
on. Similarly, what is injury/1? It can
be a bleeding wound, a broken leg, a dis-
located knee, among others.

e Types D and E: What is loss/2? Loss
as such is difficult to describe. A loss
can be anything but not everything is a
loss. What is attention/1? If it is “the
concentration of one’s mind”, then what
is “concentration” and what is “mind”?

Hence we are moving towards examples
where an abstract idea can only be expressed
via further abstract ideas. The relation we
found between the clusters and the seman-
tic relation spectrum also coincides with hu-
man response in word association tests. For
instance, in the Birkbeck word association

norms (Moss and Older, 1996), “loss” triggers

associations like “death” and “grief”, none
of which are related through a narrow IS-A
relation. On the contrary, “sun” is associ-
ated with “moon” and “trick” with “magic”,
among others. These associations can easily
be related by the WordNet hierarchy. Such
association data therefore support the claim
that different strategies are employed by peo-
ple to conceptualise different groups of senses,
hence the idea of classifying senses by infor-
mation susceptibility.

We have also seen that some senses are only
identified by syntactic patterns, but it may
not at all be obvious that some other senses
might only be identified using higher level in-
formation such as world knowledge and infer-
ence. Some examples in Type F (unknown)
may be of this kind. However, as there is an
intrinsic distinction between lexical resources
and encyclopaedia, we will not delve into the
handling of those word senses here.

6 Future Work and Conclusion

The clusters of senses like those obtained in
the present study could potentially be applied
in reverse to WSD systems for tuning the rel-
ative importance of various types of disam-
biguation information. A scheme for doing
this is proposed here.

First, the sense clusters need to be enriched
with more samples. When manual clustering
becomes tedious with increasing samples, the
clustering could be assisted by some statisti-
cal procedure like factor analysis to extract
certain prominent or core clusters.®

8The factor analysis function of SPSS extracted six
factors from our data, and the first four corresponded
very closely to the results of our manual clustering.



Second, once we have obtained a group of
larger sized clusters of reasonable generality,
other senses could be incorporated into these
clusters in a more straightforward way, e.g.
by using some similarity-based methods.

Third, the sense clusters could then form
the sense types to tune the weighting of dif-
ferent types of disambiguation information in
a WSD system, although how they are to be
weighed would be another empirical issue.

In conclusion, our study supports that
senses have varied information susceptibility,
such that they are best characterised and
thus best disambiguated by different types of
lexical information. The results also throw
light on the usefulness of the lexical knowl-
edge contained in the ILR. Although we need
more samples to help meaningfully “name”
the sense clusters, classifying word senses ac-
cording to information susceptibility could
potentially help fine-tune WSD systems.

Acknowledgments

This work was done at the Computer Labo-
ratory, University of Cambridge. The author
would like to thank Prof. Karen Sparck Jones,
Dr. Ted Briscoe and Prof. Yorick Wilks for
advice at various stages. The work was finan-
cially supported by the Croucher Foundation.

References

A.M. Collins and E.F. Loftus. 1975. A spreading-
activation theory of semantic processing. Psy-

chological Review, 82(6):407-428.

D. Gentner and S.K. Brem. 1999. Is Snow Really
Like a Shovel? Distinguishing Similarity from
Thematic Relatedness. In Proceedings of the
Twenty First Annual Conference of the Cog-
nitive Science Society, pages 179-184, Simon
Fraser University, Vancouver, BC.

P.J. Hayes. 1977. On semantic nets, frames and
associations. In Proceedings of the 5th Inter-
national Joint Conference on Artificial Intel-

ligence (IJCAI-77), pages 99-107, Cambridge,
MA.

G. Hirst. 1987. Semantic Interpretation and the
Resolution of Ambiguity. Cambridge University
Press.

N. Ide and J. Veronis. 1998. Introduction to
the special issue on word sense disambiguation:

The state of the art. Computational Linguis-
tics, 24(1):1-40.

J.J. Jenkins. 1970. The 1952 Minnesota word as-
sociation norms. In L. Postman and G. Keppel,
editors, Norms of Word Association. New York:
Academic Press, Inc.

0.Y. Kwong. 2001. Word sense disambiguation
with an integrated lexical resource. In Proceed-
wngs of the NAACL Workshop on WordNet and
Other Resources: Applications, Frtensions and
Customizations, pages 11-16, Pittsburgh.

M.E. Lesk. 1986. Automatic sense disambigua-
tion using machine readable dictionaries: How
to tell a pine cone from an ice cream cone. In
Proceedings of the 1986 SIGDOC Conference,
pages 24-26, Toronto, Canada.

S.W. McRoy. 1992. Using multiple knowledge
sources for word sense disambiguation. Com-
putational Linguistics, 18(1):1-30.

H. Moss and L. Older. 1996. Birkbeck Word Asso-
ctation Norms. Psychology Press; Hove, U.K.

H.T. Ng and H.B. Lee. 1996. Integrating multiple
knowledge sources to disambiguate word sense:
An exemplar-based approach. In Proceedings
of the 34th Annual Meeting of the Association
for Computational Linguistics (ACL "96), pages
40-47, Santa Cruz, CA.

M.R. Quillian. 1968. Semantic memory. In
M. Minsky, editor, Semantic Information Pro-
cessing. MIT Press, Cambridge, MA.

R. Rada, H. Mili, E. Bicknell, and M. Blettner.
1989. Development and application of a metric

on semantic nets. IEFEE Transactions on Sys-
tems, Man, and Cybernetics, 19(1):17-30.

P. Resnik and D. Yarowsky. 1999. Distinguishing
systems and distinguishing senses: new evalua-
tion methods for Word Sense Disambiguation.
Natural Language Engineering, 5(2):113-133.

M. Stevenson and Y. Wilks. 1999. Combin-
ing weak knowledge sources for sense disam-
biguation. In Proceedings of the 16th Inter-
national Joint Conference on Artificial Intelli-

gence (IJCAI-99), Stockholm, Sweden.

D. Yarowsky. 1992. Word-sense disambiguation
using statistical models of Roget’s categories
trained on large corpora. In Proceedings of
the 14th International Conference on Compu-
tational Linguistics (COLING-92), pages 454—
460, Nantes, France.



1

Analysis of functional similarities of Finnish verbs using the
self-organizing map

Krista Lagus

Helsinki University of Technology
Neural Networks Research Centre
P.0O.Box 5400 (Konemiehentie 2)

FIN-02015 HUT, Finland
Krista.Lagus@hut.fi

Abstract

Obtaining semantic or functional word
categories from data in an unsuper-
vised manner is a problem motivated
both from the linguistic point of view
and from that of construing language
models for various language process-
ing tasks. In this work, we use the
Self-Organizing Map algorithm to visu-
alize and cluster common Finnish verbs
based on their immediate morpholog-
ical contexts. Based on a data set of
over 500,000 utterances of 25 verbs, we
studied (1) the base forms and (2) the
most common word forms of the same
verbs (4764 forms). The results show
that even the simple feature selection
used in this experiment was found to
be suitable for rough automatic catego-
rization of verbs on the basis of data ex-
tracted from unrestricted texts. In par-
ticular, the automatically obtained orga-
nization resembles the semantic classi-
fication of verbs designed by a linguist.
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Stubbs, 1996)). However, one needs proper tools
for identifying dependencies within the data and
for representing them in an understandable form.

A much debated question is to what degree and
which parts of our language ability are innate,
and what and how much is learned from expo-
sure to natural language in communicative set-
tings. From the point of view of building sys-
tems capable of communication, a central ques-
tion is: What is a minimal, sufficiently strong and
covering set of learning principles and prior in-
formation that enables a system over time to learn
versatile communicative skills? Obviously, this
guestion defines a broad agenda for long-term re-
search.

In this paper we discuss a sub-topiclexical
acquisition i.e. the acquisition of information of
semantic similarities of words (see e.g. (Bogu-
raev and Pustejovsky, 1996)). The meaning-
bearing elements in language expressions are con-
structions consisting of the following elements:
the words themselves, morphological endings and
markers, the order of words, and the intona-
tion (see e.g. (Goldberg, 1995; Tomasello, 1998;
Croft, 1999)). In actual expressions there is re-
dundancy in the sense that several elements may
contribute to communicating similar content. For

The data now available in the form of massiveexample, in the sentendavent to the storédoth
computer readable corpora has the potential taventandto appear to signal the presence of move-
present a challenge to the way we think about thenent. Such redundancy allows one to deduce sim-
concept of linguistic theory. Especially, in the- ilarities between elements based on the contexts
oretical corpus linguistics, one sense of the ternof their usage; in other words, to form ’'contex-
'data-driven’ is to find new ways of deriving the tual representations’ of words based on hearing
theory from the data and thus bring new insightsor seeing the words used in a variety of linguis-
into linguistic theory itself (cf. (Sinclair, 1991; tic contexts (Miller and Charles, 1991; Leacock



et al., 1996). more fruitful direction might be to construct mod-
The crucial question then is what kind of in- els with more structure, including different sub-

formation is relevant when a system forms thesenodels for different kinds of words.

contextual representations. More specifically, the

following question is addressed here: How muchl-2 Related work

information regarding semantic or functional sim-|t has been previously shown that in languages
ilarities of verbs can, in principle, be uncoveredith strict word order, such as English, the dis-
by assuming very little, i.e., by selecting the verbsyibution of words in the immediate context of
to be studied based on frequency, and by looking, target word contains a considerable amount of
only at their immediate contexts in a very simplejnformation regarding the syntactic and seman-
and straightforward manner. It is also assumedic category of the target word (see (Finch and
that (1) the system is already capable of distin-Chater, 1992; Zavrel and Veenstra, 1995); for an
guishing verbs from other syntactic word classesgyerview of early work, cf. (Charniak, 1993)).
and (2) able to recognize some morphologicala|so the Self-Organizing Map (SOM) algorithm
features’ (cf. Sec. 2) has been applied for clustering En-
glish word forms based on the word forms in
their immediate contexts in (Ritter and Kohonen,
Statistical language models (SLM) are modelsl989; Honkela et al., 1995; Honkela, 1997), with
that are estimated based on large corpora angromising results: both syntactic and semantic or-
that allow one to make predictions regarding fu-ganization was observed. Furthermore, the word
ture linguistic data (e.g., future words) or inter- clusters obtained in such a manner have been used
pretations of such data (e.g., which word wagor encoding the meaning of documents e.g., in
just heard) given some properties of previous datéKaski et al., 1998). However, for Finnish the
(e.g., previous words). Such models are appliedsame approach does not seem feasible for two
for example, in speech recognition. Surprisingreasons. First, the kind of functional information
success has been achieved with very simple modhat in English is coded by independent function
els, such as N-gram models (cf. (Manning andvords such as “to” and “at” is in Finnish coded by
Schiitze, 1999)) that record frequencies of all eninflectional morphology (see Sec. 3 for details).
countered combinations of words and attempt Secondly, the function of word order in Finnish
to predict the next word based on the previouds to organize the flow of information at sentence
n — 1 ones. However, these typically require vastand textual levels.
amounts of learning data, and even then, some In models that are based on calculating combi-
quite ordinary word combinations have not ap-nations of word forms, the doubling of the num-
peared in the data even once (Charniak, 1993)er of target words simultaneously doubles the
The central question then becomes one of gemumber of features. Moreover, with Finnish the
eralizing existing information to new, similar but effect is much stronger than a doubling—a sin-
not identical cases. One way of doing this is bygle base form of a verb or a noun may have thou-
clusteringthe data, i.e., by grouping similar items sands of inflected forms (Karlsson, 1983). This
together, and generalizing between words basedauses immediate problems for reliable estima-
on the clusters. This is sometimes called modetion of such models.
smoothing. From the point of view of SLM the present ar-
A typical approach in statistical language mod-ticle is a pilot study on how one might overcome
eling has been to apply a simple, equivalent stratsome of the aforementioned problems. Our aim
egy for all words, regardless of whether the wordsvas to obtain a semantic or functional cluster-
describe actions or objects. However, due to théng for Finnish verbs. In particular, we apply the
apparent structure inherent in natural languages, 80OM algorithm for simultaneous clustering and
Y . visualization of the data. The visualization pro-
Morphological features are often regarded as “surface . o
jdes a means to understand and to qualitatively

features” since they are to some degree apparentin the actu¥ ] )
words. evaluate the obtained clustering and the feature

1.1 Statistical language modeling



selection. and Jarvinen, 199?). No effort was made to
detect possible parsing errors. Furthermore, the

1.3 Structure of the article. verbs were not disambiguated semantically.

In Sec. 2 we briefly describe the SOM algorithm.

The selected verbs and features are introduced

Sec. 3. The experiments and their results are deFo describe a verb we collected features from a

scribed in Sec. 4, with conclusions and discussiomvindow of a single word to the right of the target

#2 Contextual morphological features

in Sec. 5. word, regardless of the syntactic function of the
o _ word in question. The following morphosyntactic
2 Self-organizing map algorithm properties were included: 1) a set of case endings

(Table 2), 2) adpositions, i.e., postpositions and

The Self-Organizing Map (SOM) (Kohonen, "
1982; Kohonen, 1995; Kohonen et al., 1996) is arpreposmons (see example 2), 3) adverbs, and 4)
’ ’ ’ ’ “two nominal forms of verbs (i.e., the 1st and the

i I k (Haykin, 1 I
unsupervised neural network (Haykin, 1999) a 3rd infinitive, see example 3). Thus, the only in-

orithm that is able to arrange complex and high- ) .
g g P g formation the system 'knows’ is whether the next

dimensional data so that similar inputs are, in qi diatelv to the right of the t ; q
general, found near each other on the map. O ord immediately 1o the rignt ot the target wor
ears some of the selected features.

a visual display of the organized map properties L )
Pay g P prop One criterion for selecting the feature set was to

of the data set can be illustrated in a meaningful . )

manner. prefer overtly marked features that can be identi-

The SOM algorithm automatically places a set{!ed b}lfr? sysF err|1 3ble o carr;(/j'out sorrcljetrs]egms_n ta-

of reference vectors—also called model vectors— o'+ ' €S€ INcilde case endings and the endings
f the nominal forms of verbs. Moreover, by in-

into the input data space so that the data secfI ding "adverb’ and adposition’ as feat
is approximated by the model vectors. TheZUdiNg ‘adverb” and adposition” as features we

model vectors are constrained to a (usually two-assumeol that the system is already capable of dis-

dimensional) regular grid that in effect forms an tm:\;u::s.hln.g r?a;rrt]s of §peech. ¢ di
“elastic network”; after application of the SOM . f'nn'f ’ Ie p(;lmar% mt_ear:js or (:jo Ing vak:-
algorithm, the map follows the data in a nonlinear'©Us functional and syntaclic dependencies. be-

fashion. The SOM algorithm obtains simultane-tween the verb and the nominal constituents in a
ouslya clusteringof the data onto the model vec- clause is the case-marking system. The case end-

tors and anonlinear projectionof the input data It?]gs a[)e_ af[jc_jed tokstgn;s,tss shovyn ln @ v(\j/htﬁre
from the high-dimensional input space onto the € subject Is marked by the nominalive, and the
two-dimensional, ordered lattice formed by theend point of the movement indicated by the verb

model vectors. Furthermore, the mapping define&‘jaa 'to drive’ is marked by the illative.

by the model vectors can later be used to project Lﬁ.rl)je_t daj_owat kta upunki-in.
new, unseen data onto the clusters or the map dig1) chl ve oy
N-PL-NOM N-SG-ILL

lay.
play "The children drove to the city.

In addition to the so-called local cases, location
or movement can be coded by using an adposition
3.1 Selected verbs and the corpora (2), too. Adpositions include postpositiornssp

For this study, we selected 25 frequent FinnisiNd PrepositionsARE). They take a complement
verbs, shown in Table 1. All the occurrences of€ither in genitive or in partitive. .

these verbs, a total of about 500,000 samples, L@pse-t ajoivat kaupunki-a kohti.

were extracted from two sub-corpora of written (2) child  drive  city toward
standard Finnish (CSC, 2001), namely 'Newspa- _ N-SG-PTV PSP _
pers’ (13.6 million words) and 'Books’ (4.1 mil- ’Thg children were driving towards the city.’
lion words). The morphological analysis of the AdPOsitions, adverbs, and local cases are gram-
data was conducted by the Conexor FDG, afuncmatlcal categories that are at least partly func-
tional dependency parser for Finnish (Tapanainen 2@Conexor oy and Anu Airola, <http://www.conexor.fi>

3 Data and features



Verb freq. Translation

1. PSYCHOLOGICAL STATES AND PROCESSES, MODAL VERBS

alkaa 17,987 begin, start, commence

haluta 14,637 want; wish; like (how do you like your tea); care for (would you care
for a cup of tea?)

nahda 14,746 see, spot

pitéa 38,299 |) hold, keep, retain 1) must, have to, be compelled to, be obliged to,

shall; be supposed to
saada 57,815 get; receive; may, can, be allowed to, be permitted to; have to

tietaa 12,678 know, be aware of, be conscious of

voida 46,474 can, be able, be capable, may

2. MOTION VERBS

ajaa 6,372 drive; ride; run

kayda 14,447 go; walk

laskeal 5,150 |I)tr. lower, let down, haul down Il) itr 1. fall, decline, go down, drop,

decrease, diminish
laskea 2 count; calculate

lahte& 12,921 go, leave

menna 18,486 go

nousta 10,889 rise; go up; ascend; climb; arise

paasta 14,809 a) get (into/out of); arrive, reach b) be let (into a room); be allowed (to

enter); be admitted
tulla 43,972 come; arrive; become, get, turn, grow into

tuoda 6,840 bring

3. SPEECH ACT VERBS

kertoa 21,474 tell; narrate, relate, recount; inform
puhua 10,389 speak, talk; tell; say; discuss
sanoa 43,015 say

vastata 7,554 answer, respond, reply, give an answer, make a reply, counter
4. ACTION VERBS

kayttdéa 12,035 use (a knife)

tehda 27,195 do; perform; commit; make

5. VERBS OF POSSESSION

antaa 14,269 (give; let; allow

kuulua 12,425 belong; be heard, be audible

ottaa 18,501 take

Table 1. The verbs divided into five categories according to Pajunen’s ontological-semantic verb clas-
sification (Pajunen, 1999). The number after the verb shows the frequency of occurrences of the verb
in the studied corpora. Translations are from (Hurme et al., 1984). Note that many of the verbs are
polysemous and different senses should, in fact, be placed into different categories.



tionally overlapping. However, as examples (1)4.1.1 Data and preprocessing.
and (2) show, they construe the situation differ- | ot V be the set of 25 verbsy;, € V, i =
ently. The two clauses show an aspectual opposi 25; and M the set of 18 morphological tags,
tion; the illative in (1) indicates that the action is mj € M,j = 1..18. In the data vectox; for verb
completed, while the postpositidwhti towards’ "5 separate input dimension is reserved for rep-
in (2) expresses duration without specifying com-resenting each morphological tag. The value of
pletion. ) _ z; jisthe frequency of contextm ; in the corpus
The feature set used also includes two nominakgrmalized by the frequency of veth. In effect,
(non-finite) verb forms, namely the 1st and they; contains estimates of the conditional probabil-
3rd infinitive. The infinitives function in a sen- ities Pr(m; (¢ + 1)|v;(t)) for eachy (¢ is an index
tence asnouns (3). L over the sequence of words). In other words, the
Halua-n lahte-a  syoma-an. vectorx; describes how typical each of the mor-

want go eat phological tags is in the word following the verb
V-PRESSGL V-INF1  V-INF3-ILL v,
;.

‘I want to go to eat.’
In Finnish, the lower-level constituents, e.g., NPs4.1.2 The organization and clustering of the
(noun phrases), are predominantly head-final, the data.

order being modifier-before-head. Adjectives After forming the data vectors, various data

agree in number and case with the head-nougmlysiS methods can be applied. We orga-

when they occur as attributes (4). Due to this réy,;, 6 the verb representations automatically with

dundancy, the function of a dependent NP can bg.. 5o algorithm, using the SOM ToolBox
inferred before hearing or seeing the head of th?Vesanto et al., 2000) for the data analysis tasks

®3)

phraée. ' _ el I and for the visualizations. Default values were
Emm! ?Qa plénalse- a autola. sed for SOM learning parameters. K-means
4) mmi rve —re car was utilized for clustering the map vectors after

N-PROP VSG3 A-SG-ADE N-SG-ADE
'Emmi drives in a red car.’

In the clause-level, the basic, or default, word or-4.1.3 Results.
deris SVO. According to (Hakulinen et al., 1980),
subjects precede finite verbs in 61% of all sen-
tences in standard written prose. However, a

Vilkuna (1989) points out, clause-level word or- ., 16 the bmu on the map lattice in Fig. 1. The

gler |n_F|nn|sh shows great fre_edom; for ex_ampledata vectors of verbs related to two selected map
in a simple sentence consisting of a subject, an

bi b and dverbials. all units are visualized in Fig. 2. The values of in-
° JeCt.’ a verb and one or two aadverbiais, all Peryyiqual features have been plotted on the map in
mutations are at least grammatically possible.

creation of the map.

For each verb, the best-matching map unit
bmu) was found by locating the model vector
losest to the verb vector. The verb was then writ-

Fig. 3.
4 Experiments _When compgring the obtaingd functiongl orga-
nization to Pajunen’s ontological-semantic verb
4.1 Experiment 1: A map of 25 Finnish classification, there seems to be a reasonable
verbs amount of agreement: verbs with the same cat-

The purpose of this experiment was to obtain arfgory number are rather often found near each
overview of the verbs selected for study. In partic-other on the map display.

ular, we were interested in whether the contextual However, even the perceived differences can be
window of only one word and the set of morpho- meaningfully justified. For example, the com-
logical features would contain sufficient informa- mon aspect ofpuhua-sanoa-tieta&(to speak,’
tion for obtaining automatically a functional or- t0 say,” 'to know’) is that they are cognitive
dering or clustering for the verb base forms. Asverbs related to communicating or possessing in-
a basis for comparison, we used Pajunen’s ver ®K-means algorithm is obtained as a special case of the
classification (see Table 1). SOM by disregarding the neighborhood in the organization.
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Figure 1: Analysis of the 25 verbs. (a) The SOM lattice where each hexagon marks a map unit. The
map units belonging to cluster 2 are shaded (bottom of the map). The best-matching unit, bmu, has
been automatically searched for each of the 25 verb vectors, and each verb has been written on its bmu.
For example, the bmu for the verldghted, menndandpaastawas the unit near the lower left corner of

the map. The number after the verb refers to the verb class of Table 1. (b) The difference between the
map unit of verbgdhted, menna, paasind the rest of the map for each input feature. The values are
normalized with standard deviation of the feature. If the value for a featurec@®y is above zero,

that feature is more frequent in this map unit than in general, and below zero means that it is here less

comMm

INF3 4

(b)

2 4 s ) 1

frequent than in general. The features that most distinguish this unit from other units. aoM,

PRE, INF3, and the lack ofTV.

I I T
0.3F Hl ahted |
I menna
[ ] paasta
0.2 -
0.1 I 1
0 | aln 1
INE ELA ILL ADE ABL ALL TRA ESS INS COM GEN NOM PTV ADV PSP PRE INF1 INF3
I I T
0.3+ Il puhua
I sanoa
[ tietaa
0.2 ||
0.1 _|
0 | | | |
INE ELA ILL ADE ABL ALL TRA ESS INS COM GEN NOM PTV ADV PSP PRE INF1 INF3

Figure 2: Data vectors for verbs in two different map units: the value for each morphological form is
visualized as the height of the bar.



Case Endings Meaning Example
GRAMMATICAL CASES

nominative Nom - (pl. -t) basic form auto 'car’
partitive PTV  -a/-&; -ta/-t&; indefinite maito+a '(some) milk’
-tta/-tta guantity vet+td '(some) water’
genitive GEN -n;-den, -tten possession auto+n 'of the car’
LOCAL CASES
inessive INE  -ssa/-ssi inside auto+ssa 'in the car’
elative ELA  -sta/-std out of auto+sta 'out of the car’
illative ILL -Vn, into auto+on 'into the car’
-hVn, maa-+han ’into the country’
-seen, -siin Lontoo+seen 'to London’
adessive  ADE -lla/lla on; instrument  pdyda+lla 'on the table’
ablative ABL -lta/ltd off poydéa+ita 'off the table’
allative ALL  -lle onto poydéa+lle 'onto the table’
OTHER CASES
essive ESS -na/-nd state opettaja+na 'as a teacher’
translative TRA  -Kksi change of state opettaja+ksi '(become) a teacher’
comitative COM -ine- accompanying vaimo+ine+ni 'with my wife’
instructive INS  -n (idiomatic) jala/n "on foot’

Table 2: The cases used as input features (cf. (Karlsson, 1987): 22-23).

RERELY

formation CONTENT). In the neighboring unit,
antaa-kertoa('to give, 'to tell’) describe con-
crete or abstract change of possessiraQ(|PK
ENT). Moreover, kayttda-nahda-tehd@to use,

'to see,’ 'to do’) describe actions towards an ob-
ject (PATIENT). ABL

INE
Pajunen’s classification exhibits a certain onto-

logical view of the world. As the comparison with ' , ‘

our experiment suggests, an alternative perspet

tive emerges when one concentrates on functione i’ .
features and on what is typical in actual Ianguage TRA INS OM  GEN NOM

use.
4.2 Experiment 2: A map of 4764 verb forms h '

The purpose of the second experiment was tupTy,

study more closely the 21 verbs in the second

cluster (the lower part of the map obtained in theFigure 3: The values of individual features have

first experiment, see Fig. 1). In particular, of inter- been visualized on the map—bright colors signal

est were the various inflected verb forms, since itarge values. For example, the most prominent

is to be expected that different forms of the samearea of the featurenr3 is the lower left corner

verb may have quite different behavior profiles. of the map. By comparing the visualizations of
The data vectors were formed similarly as intwo features, dependencies between them can be

experiment 1, the only difference being that a vecidentified. For example, featureom, PRE and

tor was now collected per each verb form. ToINF3 seem strongly correlated.

avoid unreliable estimates verb forms with fewer

than 20 occurrences were discarded. As a result,




4764 data vectors were obtained. Next, a map dbetween the map ordering and the pre-existing
11 x 14 units was automatically created with the verb categorization shows that the selected mor-
SOM ToolBox. Best-matching units were then lo- phosyntactic features of the next word indeed
cated for each data vector. are statistically quite indicative of the functional-
semantic properties of the veiibthe information
4.2.1 Results is accumulated over a large number of individ-
To obtain an overall view of the map organi- yal samples In such an accumulation, the typi-
zation of the verb form map, we plotted all the cal cases will dominate and the less typical cases,
occurrences of verb forms of a single base formmany of which may be random (noise), are less
onto a single map display. Several examples argequent and become averaged out over time.
depicted in Fig. 4. Fig. 5 shows more closely the  One might think that studying larger contexts
behavior of different verb forms, such as the conwould give a rather different view of the verbs. In
trast between finite and non-finite forms of VerbS.fact’ we repeated Experiment 1 so that both the
The spread of a verb shows how coherentlypreceding and succeeding words surrounding the
the forms of that verb behave in terms of the apverb were considered (using separate feature di-
plied feature selection. By comparing spreads ofnensions), with very similar results. It is pos-
two different verbs, saynenndand lahted one sible that due to the unconstrained word order,
quickly obtains some overview of the differenceswider contexts, if utilized in a similar manner,
and similarities between the verbs—in this caseprovide only a marginal amount of additional in-
that the verbs are rather similar. However, a dif-formation. Nevertheless, especially when clus-
ference is implied since the verbs fall on adjoiningtering rare words a wider context might become
areas instead of overlapping. useful and worthwhile. Also additional features
By looking at the values of the morphological might be worth considering.
features on the map (not shown here) it can be \ith respect to computational language mod-
seen that the featuretF3 (3rd infinitive) is espe- eling, the obtained clustering seems promising.
cially strong on the area overlapping with the verbin the future, larger numbers of verbs, including
lahteabut not on the adjoining area ofenna In  rare verbs, should be examined, and the approach
fact, the illative form of the 3rd infinitive can be should be extended to other kinds of words. Fur-
used after all motion verbs, indicating an actionthermore, the obtained clustering should be quan-

which is about to begin, as in (5): titatively evaluated in a specific task.
Lahden /Menen  nukku-ma-an. The visualizations obtained with the SOM can
) V-INF3-ILL be extremely valuable, e.g., for a linguist inter-
I'l go to sleep.’ ested imactual language useThis kind of method

However, as the experiment shows, the 3rd inyjiows tackling larger problem areas than before.
finitive illative is particularly typical of the verb ag seen from the simple examples presented here,
lahtea In contrast, the verbmennaandpaasta  the possibility to obtain an overview of the be-
are u_sed more often to indicate a 'pure’ change ofavior of a group of words with a glance at the
location. data may draw attention to some interesting dif-
ferences that are otherwise hard to detect, and per-
haps give rise to new perspectives or hypotheses

On the outset it may have seemed surprising tha€gdarding the linguistic phenomena.
we decided to use only the word immediately fol-
lowing the verb for collecting information. After
all, (1) many verbs take several arguments, an
(2) since the word order in Finnish is free—or Branimir Boguraev and James Pustejovsky, editors.
better, discourse-conditioned (Vilkuna, 1989)— 1996. Corpus Processing for Lexical Acquisition
the arguments may in some cases appear quite far | "¢ MIT Press, Cambridge, Massachusetts.
apart from the verb, either before or after the verbggene Charniak. 199%tatistical Language Learn-
Nevertheless, in Experiment 1, comparison ing. MIT Press.

5 Conclusions and Discussion
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Figure 4. Verb distributions on the verb form map. The first plot depicts the occurrences of verb
forms with the base forrmenné—dark colour corresponds to a large humber of occurrences. Each plot
can be viewed as a “higher-order fingerprint” of the verb—similar fingerprints correspond to similar
distributions of word forms in terms of their morphological contexts. The plots on the first row depict
verbs that were found on the lower left side of the map in the previous experiment (see Fig. 1), whereas
the second row consists of the verbs in the lower right corner of the same map.

mentaisiin(25)
e lahdette(25) lahtemaan(323)
********* menee(2460) mennaan(588)
menisivat(79) menevat(617)
menty(109) menemaan(218)
menikin(28) menisi(336)
paastaneen(27)
meni(2815)
menematta(26) mentava(159)
paaset(45) menneet(380) "
paasevansa(63) mene(500) n:ﬁ:rt]'r']n%%‘)l)
paasimme(69)  mennyt(1426) Y/
paasemme(105) menivat(522)
26 1)2 more
menen
menemasta(20) menna(2174) lahtemasta(27)
menemalla(21) menet(77) paasta(2919)
paastaan(485) menisin(37) paasisin(54) lahteakseen(34)
paasisi(393) paastakseen(188) paastya(48)
paasee(1770) paasi(1846) paassee(23)
+ 9 more .
menit(39)
menimme(75)
menin(309)  TETASY paasemaan(e)  2hdetsd)
paastaisiin(76) paasseet(553) paasseen(52) ahtisin(37)
paase(891)
+ 2 more
lahdin(300) lahdettava(154)
lahtea(1806) lahtee(1949)
lahden(234) lahteneet(348)
menevaan(21) paasemasta(21) lahtivat(448) lahdetaan(316)
menevansa(41)
lahtenyt(1068) lahtevat(517)
lahti(2332) lahdemme(108)
+ 7 more + 2 more

Figure 5: A close-up on the lower left corner of the map. The individual verb forms whose base form
waslahted'to leave,’ menndto go, or paasta'to get into/out of’ have been plotted on the map to their
best-matching units (the scandinavian characieasdo are shown here asando). The numbers of

occurrences of each form are shown in parenthesis. The verb forms in this area are mostly finite forms
of the verbs. They seem to be in contrast to the non-finite forms, which appear as another, weaker
cluster in the upper right corner of the map (not visible).
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Abstract design principles have to hold while editing the

In this paper we focus on systematic enrichment
of ontologies by candidate concepts. To achieve
this goal we compare semantic distance meas-
ures between concepts in an ontology with simi-
larity and dissimilarity information introduced
by statistical analysis of text corpora. Moreover
we present methods, how the corpus extraction
and the processing of the statistical information
is aso enhanced by a given ontology. Summing
up these ontological methods we state the enrich-
ment problem as an optimization problem. Its so-
lution will yield two results. the best candidate
concepts for the enrichment and the position of
these candidates relative to the existing concepts
of the ontology.

1. Introduction

Investigating the contemporary techniques of
textual knowledge acquisition and formalisation,
we identify two tendencies, an old one and a
rather new one: on the one hand people preserve
and interchange their knowledge creating natural
languagetexts - afundamental cultural technique
of the civilized human being. On the other hand
forma knowledge representation tries to find
mappings of the real world or parts of the real
world to a machine-readable and simplified
model of the real world.

If we wish to share such amodel of reality, it has
to fulfil preliminary design principles [Gr]. The

knowledge representation. They prescribe for-

mal rules, which are the basis of understanding,

what the encoding of knowledge in the formal

knowledge representation actually means.

The way we express our knowledge every day is

completely different from formal knowledge en-

gineering: we write it down in natural language.

We observe a worldwide growth of the number

of text documents, messages, textual archives

and hypertextual informations, which are not

formalised. All these 'uncontrolled’ archives of
knowledge grow significantly faster than the
formal knowledge representations in any domain

- and use natural language.

The question arises, if there exists an alternative

to the strict formalisation of knowledge - an al-

ternative, which benefits from the high quantity
of textual information. In this paper we examine
this question concerning the following situation:
imagine there already exists a domain ontology,
that is the conceptualisation of a knowledge do-
main [Gr]. Additionally there are large collec-
tions of text documents available, among them
documents, which could form a basis for enrich-
ing a given ontology The question of opening
formal knowledge representations for knowl-
edge expressed in natural language transforms to
two rather concrete ones:

* how can we extract concepts from the large
collection of documents, whidit semanti-
cally to the knowledge, i.e. to the concepts,
represented by the ontology?



» how do wegroup the concepts identified in
such a manner to the concepts in the ontol-
ogy?
In this paper we envisage an approach, which
tries answer these questions of ontological en-
richment: we extract concepts from very large
collections of texts and insert them as candidate
concepts of an ontology.

2. Overview

In this paper we exploit the comparison of se-

The paper is organised as follows: in section 3.1
we characterise the formal knowledge we want
to enrich. We introduce the notion of ontologies
and define heuristics for a computation of con-
ceptual distance in 3.2. Afterwards we character-
ise the less formally structured resources of
natural language we want to use for an enrich-
ment of the ontology (4.1 and 4.2). We are in
need of an identification and an isolation of con-
cepts from the textual resources. Founding on
statistical information in section 4.3 we explain a
generic and configurable approach, which origi-
nally was applied to automatic ontology genera-

mantic distance measures between concepts intion [BiNeCa]. Since our goal is ontology

an ontology and similarity introduced by statisti-

cal information about the usage and especially
the collocated usage of words in text corpora.
From the comparison we develop candidate con-

enrichment we undertake a further development
of the approach which is twofold: we refer to the

generic features (the so called rule-base) of the
approach inserting attributes, which can only be

cepts, which can for instance be presented to a defined with an ontology at hand.

knowledge engineer as a possible enrichment of
the ontology.
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Secondly referring to the configurable features
of the approach in section 4.4 we derive an opti-
mization problem.

The solution of the optimization problem is able
to fill a given ontology with proposals of new
concepts, as shown in 4.5. The solution leads to
the least possible numerical contradiction be-
tween 'similarities’ in our textual and 'similari-
ties’ in our ontological world. Our vision is
depicted in figure 1, where nodes indicating giv-

en concepts and arcs indicating 'is_a’ relations
among the given concepts attract further nodes,
which means further concepts.

In section 5 we present our conclusions and fu-
ture work to be done.



3. Ontologies
3.1 Definition and char acterisation

Throughout this paper Q will aways denote an
ontology.

In the literature about knowledge representation
there exist many different definitions of ontolo-
gies. One of the most common definitionsis due

to Gruber [Gr], who defines an ontology to lze “
conceptualisation of a knowledge domain”. Gua-
rino [Gu] put efforts into an at least uniform
characterisation of the components an ontology
necessarily holds. Together with [Gu] we state,
that an ontology has the following partson-
cepts, which represent the things existing in our
knowledge domainyelations connecting the
concepts semantically aagiomsas formal laws
for the ontology. Throughout this paper we as-

sume that a concept has a name existing in a dic-

tionary. This assumption is not natural for
arbitrary ontologies, because for example in de-
scription logics [Ho] one could define concepts
like "all countries with the same number of in-
habitants as Malta’. Clearly there does not exist
a name from a dictionary for this concept. More-
over we do not want to consider ontologies con-
taining constructed names like for example the
medical ontology GALEN does [OG]. GALEN
distinguishes ’'skin-as-organ’ and ’skin-as-tis-
sue’, contrary to that we would refer to 'skin’.
Throughout this paper we assume the identity of
a concept and its name.

The second ingredient of an ontology is a set of
relations. A relatiorr in our case is binary and
establishes statements about concgpys: we
write r(x, y), if it is true, that a relation holds
betweerx andy. For example, if is 'is a’ it may
connect the concepts 'salmonella’ and 'bacteri-
um’ to a statement, which we interpret as 'a sal-
monella is a bacterium’.

The third part of an ontology, the axioms, are re-
sponsible for the supervision of concept creation
and deletion and for relation creation and dele-
tion [StM]. For example ’is a’ almost ever is a
transitive relation, i.e. if for concepts x, vy, z the
relationsr(x, y) and r(y, 2) hold, then also(X, 2)
holds. As our approach will propose extensions
of a given state of an ontology, we do not exam-
ine axioms in detail.

Note that our characterisation of an ontology by
concepts, relations and axioms implies that we
can visualise such an ontology as a directed

graph (Q) , with nodes corresponding to con-
cepts and edges corresponding to relations.

Our ontological enrichment or extension identi-
fies new concepts and groups them semantically
to concepts from a given set of concepts from an
existing ontologyQ : we translate the concepts
of Q and the relations among them to a semantic
distance measure in the ontology. Technically
this is based on relational pathshifQ) and on
topological properties af (Q)

3.2 Distance measur es

The distance between two conceptsy indi-
cates, how strong the semantic similarity be-
tweenx andy is. Semantic similarity and the
distance measure are correlated: the bigger the
distance betweexandy, the bigger the dissim-
ilarity betweerx andy. Unlike the approaches of
[Tv], which is based on hierarchical structures,
and [Leng], which is based formal concept lattic-
es, we do not define our similarity measures by
the attributes or the extension of concepts. Nev-
ertheless the visualisation by [Leng], which is
based on the construction of paths corresponding
to an attribute-driven similarity definition of a
distance, has commonalities with our premise:
semantic distances between concepts in an ontol-
ogy Q are defined by path lengths in the graph
(Q) we introduced in the previous section.

To enhance a reasonable distance measure we
add a restriction to our ontolog2 , namely
some our relations have to be hierarchical, for
example 'is a’- or 'subconcept of'-relations. The
parts of M(Q) remaining form a multihierarchy
as shown in figure 2, where the plain lines visu-



alise hierarchical and the interrupted lines ex-
press non-hierarchical relations. .

A

generality

Figure 2

In figure 2 we also find an axis (‘'generality’),
which expresses the fact, that the visualisation

places the more general or abstract concepts at
the top and the more special concepts to the bot-

tom. We denote by’(Q) those partsi@iQ)

which are formed by the concepts (as nodes) and

the hierarchical relations (as edges). ThiQ)
would result from figure 2 omitting the interrupt-
ed lines. We will only use the hierarchical rela-
tions in the definition of semantic distance and
claim, that the measure should fulfil four princi-
ples:

(i) longer paths in’(Q) are correlated with
a higher semantic distance.

(ii) up-posting (generalisation) leads to a
lower semantic distance than stepping down
the hierarchy. Finding superconcepts is
more fault tolerant than referring to sense-
less specialisations.

(iii) siblings increase the distance: this
means the more subconcepts one conzept
has, the higher is the distance between the
subconcepts and also betweend its sub-
concepts. We posed this principle, because
too many siblings often indicate missing ab-
straction levels in a hierarchy.

(iv) for isomorphic paths the distance be-
tween abstract or general concepts is higher
than between special concepts at the bottom
of the hierarchy, i.e. we judge ’'the same’
path on an abstract level to be vague in com-
parison to its pendant on a concrete level.

Q concept

hierarchical
relation

non-
hierarchical
\ relation

») \

How do we achieve (i)-(iv) mathematically? An
example distance design is given by the formula

-2
o = 2+
where the distand@(x,y) between two concepts
X, yis computed wittot  denoting the average ab-
straction level of the conceptsy, whereasy de-
notes the average number of siblingsaidy.

By K we denote the steps upwards in the hierar-
chy while moving fromx to y via the shortest
path in[’(Q), byA the steps downwards in the
hierarchy. Let us define exceptions for formula
(1). If x = y then seD(x,y)=0, if K = O then

set

(19) D(xy) = [5%}_2

and analogously, A = 0 set

a2

20 = [y
Formula (1), (1a) and (1b) together fulfil (i)-(iv),
because

(1b)

(i) increasing path lengthsandA increase
D(x.y)

(i) (2>\)_1 decreases faster than -

(iii) as y increases als®(x,y) increases



(iv) we work with an abstraction factor a,
which we define as 1 divided by the aver-
age number of steps along the shortest path
inr'(Q) fromxand yto one of thetop level
concepts, which means a concept without
any hierarchical relations posting up from
it. The abstraction factor a ishighonahigh
level of abstraction and low on alow level
of abstraction.
Note that D(x,y) and D(y,x) do not have to be
equal. The exponent -2 stretches the distances,
such that high distances become relatively even
higher.
For technical reasons, namely turning semantic
distance into semantic similarity to compute the
optimization formula, a should be modified by
a multiplication with a positive real in such a
way, that 0<D(x y)<1 for every pair of con-
cepts x and y. A consequent modification of o
wouldyield 1 for the maximal occurring distance
D(x.y).
With n concepts given, we obtain nx n distanc-
es, which will serve as the input for the compar-
ison mechanism optimising the configuration of
the statistic knowledge acquisition process,
which we will describe in the next section.

4. Generic and configurable acquisition and
enrichment

4.1 Overview of the approach

For the remainder of this paper we consider an
ontology Q to be given. In this section we refer
to a generic approach to determine similarities
between concepts. It is based on computing sta-
tistics of word usage in natural language. Large
text corpora are the basis for such statistics. [Bi-
NeCa] first described the design and the capabil-
ities of such an approach and applied it to
conceptual clustering without a given ontology.
Conseguently the major differences between
[BiNeCa] and our approach are

« we focus on creating algorithms for ontologi-

cal enrichment and not on automatic ontol-
ogy generation.

we control our textual input by the concepts
from Q . This is motivated by experiments
outlined in [BiNeCa]: specialised and pruned
corpora seem to be the ideal input to unbias
the word usage statistics.

we only will use the initial step of [BiNeCa]
and define conceptual similarities. We will

modify it because we want to determine

conceptual similarities within and by the

help of Q .
We undertake the following steps: we list the
concepts from the ontology  and query the text
corpus. This extracts from the corpus all natural
sentences with at least one concept from the on-
tology Q (see 4.2). We fill a representation of
the collocation phenomena in these extracted
sentences (see 4.3). From this sample representa-
tion we define similarity measures between any
pair of concepts: note that a concept may belong
to theknown concepts fron2  and the additional
concepts from the extracted sentences, which
were formerlyunknown. This finally yields sim-
ilarities between each pair of concepts. These
similarities will be optimised (see 4.4 and 4.5) in
such a way, that at least tkown concepts from
the ontologyQ have similarities, which do not
contradict the distances from section 3.2.

4.2 Corpussplit and extraction

Again an ontologyQ and a large text corpus are
given. By Bo={by . . b} we denote the
set of concepts from@ . In this first step we de-
rive a corpusC,, , which contains all sentences
from the given corpus with at least dnel B

The preparation of a corp is motivated by
the work of [BiNeCa] on the one hand, who
found evidence for the fact that specialised cor-
pora with a restricted vocabulary tend to be a
good basis for ontology learning. A partial re-
striction of the vocabulary and the domain in our
case will be due to the set of concep . The
work of [ChGr] shows, that a corpus, which is as
general as the one we use (a newspaper corpus in
both cases) may be split to several artificial cor-
pora, that were also a good basis for ontology
learning. [ChGr] called their method 'corpus
split’ because they grouped sentences from the
corpus to thematic domains: a sentence was add-
ed to the sample of the thematic domain, if it con-
tained significantly many words from one and
only one thematic domain. The thematic do-
mains were characterised by typical words oc-
curring in domain (such as ’judge’, 'crime’,
‘law’ for the domain if justice) together with a
value of importance: for the domain of justice
judge(0.8), law(0.5), crime(0.6) for example
would indicate, that the occurrence of ‘judge’ in
a sentence is highly significant for grouping a
sentence containing 'judge’ to the domain of jus-



tice, i.e. more significant than the occurrence of
‘law’ in a sentence. The domain significance in-
formation was determined by a collocation net-
work of the classical news categories in
newspapers ( politics, foreign affairs, arts, me-
dia, justice etc.).

That means theth entry in thei-th row indi-
cates, if thg-th rule is fulfilled or how often it is
fulfilled in Co: The rulesp used in [BiNeCa]
were of a syntactic type. The deployment of a
syntactic parser found concepts, which appeared
in at least one sentence from the corpus in a sub-

Our approach to extract sentences from a corpus ject-predicate-object relationship with another

works from the point of view2 - and especially
B~ - instead of a collocation network. Another
difference to [ChGr] is, that we do not categorise
the extracted sentences to get specialised text
corpora. We rely on the powers of the distance
measures forQ defined in 3.2 to implicitly
group the concepts fromQ . This will be done
in the further steps.

Although the ontology enrichment approach we
will show in the remainder of this paper is a tech-
nique, which may be applied to other languages,
our methodology will be applied to German. For
German the IDS (’Institut fir deutsche Sprache’,
i.e. German Language Institute) located at Man-
nheim/Germany offers online access to very
large newspaper corpora [IDS]. The general on-
line corpus at the IDS contains several volumes
of more than ten newspapers respectively. More-
over we find the online query system COSMAS
| [IDS] supporting extraction queries like the one
described at the beginning of 4.2. and in addition
to this systematic stemming. Consequently for
the German language we find an ideal environ-
ment for the establishment of the corpiLis

4.3 Therepresentation matrix

The next basic step is filling a representation ma-
trix M(Cq .P) for a finite rule sep and the cor-
pus Cq defined in the previous section. We
firstly explain, what a matrix entry means and
then we explain how we install a rule get . Let
us state, that by definition contains some of
the conceptB and further nouns, which we
aggregate to a s&i(C,) B,  &down con-
cepts from the ontologp WhereBSCQ)
formerly unknown concepts.

We define Bo N B(Cq) to be emptyB(Cp)
consists of the concepts (i.e. nouaddiitionally
foundinC, and is the set of the potential candi-
dates for the enrichment.

Each row in the representation matrix includes
the information concerning the properties of ex-
actly one concept from the unified set of con-
ceptB, 0 B(Cy) - More precisely reading the
i-th row of M(C , p) verifies, if the rules ip

are fulfilled for tﬁei-th concept of3Q 0B(Cq) -

are

concept. We give an example of a syntactical
rule:
Take the sentencé@he bakerman is baking
bread’ as an example sentence occurring in
the corpus. The rule biead’ occurs as an
object of bakerman’ * would be fulfilled,
as the sentence exists, and in the row for
"bread ' there would be a positive entry at
the j-th position, if j is the number of the
rule 'conceptx occurs as an object in sen-
tence withbakerman as a subject’.
As we do not have syntactic parsers for German
at hand we define arule set , which reflects an-
other usage information. The genericity of the
approach comes into play here: technically every
rule setp reflecting usage of concepts in a cor-
pus may design the columns of our matrix
M(CQ P) -
The query system, which [IDS] offers, is able to
return the words, which occurred at a maximal
distanceéw in a sentenc&w just counts, how
many words one has to pass in a sentence from
one word to another. At this point we remark,
that the notion o, should not be mixed up
with the semantic distances from section 3.2. In
our example sentenc@&he bakerman is baking

bread’ we obtain the values foEW listed in ta-
ble 1
Table 1.
word word Oy

bakerman bread 3

bakerman baking 2

baking bread 1

bread bread 0
For the rule sep we chose a fix and con-

stitute thg-th rule dependent from the ontology
Q and its set of concepi = {by, . . b} .
We define thg-th rule p; to be fulfilled ?or a
conceptx 0B, 0 B(C() ', ifk occurs at a prede-



fined maximal distance o,y to the concept
b. 0Bq in a sentence from Co-

dnce we organised this particular rule set p we
declare the entries m; of the matrix
M(Cq , p) asfollows:

(2) m; =0, if the i-th concept in
B, 0 B(C,,) does not fulfil the j-th rule D
inp

3 m; =1, if the i-th concept in

B, 0 B(C,,) fulfilsthej-th rule p; in p
For amore refined evaluation of the fact how of-
ten arule p; was fulfilled we could modify m;
from (3) an(JJI count the number of occurrences of
rule p. for thei-th concept.
Actuai ly al the m.. from for technical reasons
should be normalised to obtain m: 0[0,1]. We
achievethisby viewing all m;; asastatistic sam-
ple, applying statistic standardisati on and cutting
off all values lessthan zero.
For the development of our approach we only
focus on three characteristics of the m. i

(i) if aruleisnot fulfilled for a concept, (2)

applies and the entry equals zero.

(if) if a rule is fulfilled for a concept,

m.: 0 (0, 1] must hold.

(iiil) if we do not rely on the naive strategy

(3), we should define m; positively corre-

lated with the frequency of this rule appear-

ing in the corpus Co-
We now give an example of arepresentation ma-
trix constructed according to (2) and (3). Note
that the size of the example is not readlistic. In-
deed we have to dea with large corpora, so we
just demonstrate the context of section 4. Let the
set of known concepts be
Bo= {breadbutter, food } . Let Cg consist of
two sentences:

The bakerman is baking bread.
She had bread and butter for breakfast.

The set of additionally retrieved concepts from
the corpus Co is
B(Cg)= {breakfast bakermar} . With arule set
p founded on the word distance 3,,, = 4 in a
sentence and the naive entry strategy (3) we ob-
tain a matrix M(Cq™, P) like the inner cellswe
visualisein table 2:

Table 2:
pbr ead pbutter pfood pbr eakfast pbaker man
bread 1 1 0 1 1
butter 1 1 0 1 0
food 0 0 0 0 0
breakfast 1 1 0 1 0
bakerman 1 0 0 0 1

The matrix is not at al typica, regularly we ex-
pect sparse matrices in our approach. The next
section will derive similarity measures from ma-
trices M(Cq .P) by comparison of the respec-
tive rows.

4.4 Configurations, similarities and optimal
configurations

Wefollow [BiNeCa] and assign aweight to each
rule in our set of rules p. While [BiNeCq] as-
signed these weights with a focus on avoiding
overgeneral clustering, a problem obscuring
many approachesin automatic thesaurus and on-
tology construction, we will use the weightsasa



configuration, which bring into line the two se-
mantic informations we compute: the distances
implicitly given by 1'(Q) (see 3.2) and the sim-
ilarities we define now.

Let us assume a given representation matrix
M(Cq.p). A set k = {k ',kr% of positive (or
zero) realswith |k = |p| will be called configura-
tion of the rule set p. The configuration k de-
cides about the similarities we derive from
M(Cq . P) by the following definition. We de-
fine conceptual similarity S(x,y) between two
concepts X, the i-th concept from
Bo U B(CQ)and y, the j-th concept from
Bo O B(Cy)to be

|pl kl .
@ Sxy) = | glmmin[(mn*m“)]

Thus a fixed configuration is needed to compute
S(x,y). The question arises, how we should chose
such afixed configuration k. Remember section
3.2: we aready own - for the concepts Bo from
the ontology Q - asimilarity, wejust havetoin-
terpret semantic distance D(x,y) as the contrary
of semantic similarity. Because we required for
our distance measure D(x,y) 0[O, 1] the trans-
formation of such distance measuresto similarity
measures, S5(x,y) can be achieved easily:

®) Sq(xy) = 1-D(xy)

Taking the distancesthe ontology Q asaninput,
which approximately should be supported by the
S(x,y) the question of finding an optimal config-
uration k reduces to the question:

what configuration might minimise the av-

erage (sguared) error expressed by the

(squared) differences (S(x, y) — So(X.¥)) ?
Finally we present aformulation of this question
in terms of a quadratic optimization formula
Searching for an optimal k means searching for a
minimum of the expression

(6)

N N g olel _ m
'Y Y 3D -y mmi”[(mn’mﬂﬂ%
i =1i=10 =1 N

withrespecttok = {ky o kg and k=0 for all
k Ok.Letus clarify the notation of formula (6):
we let i and j run from 1 to ‘BQ‘ = N. This
means, that in formula (6) x; denotes the i-th
concept from B - Correspondingly in (6) the
m, are the matrix entries in M(Cq ,p)in the
row of x. , whereasthe m., arethe matrix entries
of M(CQ ,p) intherow of x..

As the time consumed for solving the quadratic
optimization problem (6) depends on the number
of rules, we mention at this point, that in case of
large rule sets p these p can be reduced in two

ways:

« if arule is not at all or only once fulfilled for
the concept8, it does not influerigg,y)

for x, y 0B, andshould be skipped.

 if two rules are strongly positively corre-
lated, for example in case of synonyms con-
stituting the rules, one could merge these
rules to one rule.

Furthermore, we suggest a careful approach to-
wards the number of concepts frain |, that is on
Bn|- All steps presented also work with any

subset of3

We now get to our conclusion and explain,
which concepts are candidates for the ontologi-
cal enrichment.

4.5 Ontological enrichment

Once we optimised formula (6) with respect to
k={ky ., .k} we obtain the configuration in
need to compute all the similarity measures
S(x,y) between all the concepts
fromBQ 0 B(Cg) - We propose to apply an en-
richment step starting with the optimal similarity
measures(x,y).

Only take into concern thg(x,y) with X L1 Bg
andy B(Cq) - If such a distance between a for-
merly known concept and a formerly unknown
concept exceeds a threshold, for example the av-
erage of the similaritieS~(x,y) , it is a candi-
date concept, which should be communicated to



a knowledge engineer creating or maintaining

the ontology Q.

Additionally the Sixy) with xOBg and
yOB(Cg) carry even moreinformation, namely

an optimal placement of the candidate concepts.

The candidate concepts and the concepts from

Q can be presented together, a fact that simpli-

fies the knowledge engineer’'s understanding of
how the candidate concepts evolved, i.e. in

A

generality

which semantic area ad® they might belong.
We sketch how this can take place in a visualisa-
tion. Remember figure 2, which presented
r'(Q), the hierarchical parts @@ as a graph.
Figure 3 is an example of a visualisation of the
enrichment process.

visualisataon of M'(Q) candidatle concepts

Figure3

Figure 3 shows the visualisation of the known
concepts on the left. On the right the candidate
concepts were inserted. These candidate con-
cepts have a similarity exceeding the threshold
we mentioned at the beginning of this subsec-
tion. Moreover, the dotted lines between candi-
date concepts and known concepts shawch

one of the known concepts amdhich one of the
candidate concepts have a similarity exceeding
the threshold". To sum it up we can visualise our
ontological enrichment by drawing(Q) , add-
ing all yO B(Cg) for which axB with
S(x,y) > T exists. Finally we draw a line for each
pair X, y with S(x,y) > T. Thus a candidate con-
cept can refer to one or many existing concepts,
and two or more candidate concepts can refer to
one existing concept.

5. Conclusions and future work
In this paper we presented an approach of onto-

logical enrichment. The approach leads to group-
ing new concepts identified in a large text corpus

to concepts known in an ontology . The way to

achieve this goal is influenced by the given on-

tology Q three times:
(i) we derived a text corpus,
particularly characteristic faR
(i) we created rules to determine, to which
extend the usage of a conceptd was
similar to the usage of another concept in
Co- The rule sep consisted of rules im-
plied by the ontology
This step was possible because the ap-
proach has generic features principally al-
lowing the use of many different rule sets.
(iif) during an optimization process we
grouped candidate concepts to concepts
from Q . The optimization process was due
to attaching a weight to each rule. The con-
figuration of these weights was transformed
into an optimization problem with semantic
distances also derived from

By (i) to (iii) we extended an approach originally

stemming from semi-automatic ontology engi-

neering and conceptual clustering [BiNeCa].

, which is



The work presented in this paper should be con-
tinued with experiments. An evauation of the
experimental results from our point of view
should investigate the following questions:
- do different distance measures fulfilling
the requirements 3.2 (i)-(iv) yield very dif-
ferent enrichment results?
- what is a sensible choice for the threshold
T? To answer this question, we must inves-
tigate, how many concepts are proposed as
candidate concepts with different thresh-
oldsT.
- does the quality of the candidate concepts
satisfy the needs of an ontology engineer?

In our opinion the latter question is crucial.
Roughly speaking, there are two ways of finding
answers to this evaluation question. We could
take parts of existing large ontologies and seg, if
the parts left out evolve through our enrichment
process. On the other hand, we could ask a
knowledge engineer to build a (small) ontology
and comment the candidate conceptsfound after-
wards. This evaluation should include answering
the questions, which concepts did the engineer
expected to be added, if they did appear intheen-
richment results, if the enrichment results con-
tained unsuspected high-quality concepts and on
the contrary bad candidates.

Also future work should experiment either with
more complex concept extraction from the texts
(like attributed nouns) or extending the candi-
dates due to high similarity to another candidate
concept.

From a more abstract point of view, future work
alsoincludes applications of the approach to on-
tology merging and mapping, i.e. to the question,
what happens if we take more than one ontology
Q as basic input. Finally, the question arises if
the approach presented here benefits automatic
ontology generation, i.e. if there are also optimi-
zation problemsto be stated and solved in thisre-
search area
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Abstract

This paper explores issues of psycho-
logical plausibility in modeling nat-
ural language understanding within
Soar, a symbolic cognitive model.
It focuses on constructing syntac-
tic and semantic representations in
simulated real time, with particular
emphasis on word sense disambigua-
tion (WSD). We discuss (i) what
level of WSD should be modeled and
(ii) how to use resources such as
WordNet to inform these models. A
preliminary model of coarse-grained
WSD is included to show how syn-
tactic, semantic, and other knowl-
edge sources interact in Soar. Fi-
nally, we explore issues of interleav-
ing, learning, and integrating other
WSD approaches with Soar’s native
model of learning.

1 NL-Soar, WordNet and WSD

This paper argues that the principled use
of WordNet within an operator-based frame-
work yields interesting results in modeling
semantic processing in general, and particu-
larly where issues of word-sense disambigua-
tion are concerned. It outlines the system’s
semantic processing module including the use
of corpus data in determining semantic con-
stituent compatibility constraints. Current
and projected research issues are explored,

Deryle Lonsdale
Department of Linguistics
Brigham Young University

lonz@byu.edu

including further integration with other se-
mantic processing systems and the testing of
empirical claims regarding the degree of syn-
tax/semantics interaction. Finally, the role of
learning in modeling systems is discussed.

1.1 NL-Soar

Natural-Language Soar (NL-Soar) is a
natural-language extension of Soar, a sym-
bolic cognitive modeling system (Newell,
1990).  Operators (in the traditional AI
sense) provide the basic processing pulse of
the system, encapsulating a set of associated
low-level actions that effect state changes
in an agent’s world model. The purpose of
NL-Soar is to perform large-scale, robust
language comprehension and production in a
psychologically plausible way.

One goal of NL-Soar is to model language
comprehension as a real-time process. NL-
Soar (like humans) receives each input sen-
tence word by word, and each word must be
processed (that is, integrated into the larger
syntactic and semantic representations) be-
fore it decays from a temporary perceptual
buffer. NIL-Soar must therefore begin syn-
tactic and semantic processing incrementally,
without knowing the whole sentence before-
hand. Observable effects follow; for example,
its syntactic module has been used to predict
the point of comprehension failure on garden-
path sentences (Lewis, 1993).

This paper reports on current development
of the semantic module. In particular, it
examines how the operator-based approach



provides a flexible framework for modeling
and testing various assumptions and theories
about human semantic processing.

1.2 WordNet

NL-Soar has recently been fitted with the
WordNet lexical knowledge base (Miller,
1993). This has greatly enhanced NL-Soar’s
capabilities, but adds a number of complica-
tions of both practical and theoretical import
(Lonsdale and Rytting, 2001).

Originally designed and organized accord-
ing to psycholinguistic principles, WordNet
has a number of advantages over traditional
lexicons in modeling the human lexicon. Most
of its 100,000 or so different concepts (or
synonym sets) are arranged into a seman-
tic hierarchy. Near the top of this hierar-
chy are 45 lexical files (originally used for
managing the lexicographers’ task) based on
collocation patterns: 26 noun classes, 15
verb classes, and 4 classes for other parts
of speech. Examples of these classes are
v-change, v-communication, n-artifact,
and n-food.

Previous versions of NL-Soar used a well-
known set of eight primitive semantic cate-
gories (Jackendoff, 1990), but had no prin-
cipled method for assigning new vocabulary
into these eight classes. Now WordNet’s lex-
ical files serve as semantic categories in NL-
Soar’s semantic module, adding completeness
and tractability to the approach.

Since the relation between words and con-
cepts is many-to-many, there must be a way to
determine, given a word in its context, which
concept is the one being conveyed—in other
words, what sense of the word is being used.
This task is known as word sense disambigua-

tion (WSD).

1.3 Word Sense Disambiguation
WSD

within computational linguistics (Kilgarriff
and Palmer, 2000). However, it is not clear
to what extent it is really a problem within
psycholinguistics, and how much it is a carry-
over from traditional lexicography. Some hold
that word-senses do not really exist as dis-

is still an active area of research

crete entities, and hence WSD is a manufac-
tured problem (Melby, 1995; Kilgarriff, 1997;
Hanks, 2000).

Psycholinguistic research also provides
some cautionary evidence that WSD (and
even part-of-speech disambiguation) may not
always be a necessary part of human language
comprehension (Wilks, 2000). For example,
it has been shown that priming across word
senses, an experimental effect commonly used
to support the existence of word senses in the
mind, is not always reliable. The use of words
in a less-frequent context may still prime more
frequent senses of the word, but more frequent
contexts will not always prime less frequent
senses (Williams, 1992). This suggests that
less-frequent word senses may be stored as
extensions of more central definitions, rather
than as separate entities.

Another argument against word senses as
an inherent aspect of lexical knowledge is the
lack of agreement between naive native speak-
ers. On the one hand, word-sense tagger re-
liability with trained experts reaches as high
as 95% even for fine-grained senses (Kilgarriff
and Palmer, 2000). However, the agreement
between naive speakers is significantly lower,
less than 80% (Fellbaum et al., 1998).

These studies suggest that fine-grained
WSD may not be an appropriate problem for
a psycholinguistic model. Nevertheless, some
account of the phenomenon is necessary in or-
der to construct a workable semantic model
given a large, polysemous vocabulary. If fine-
grained WSD is not feasible or plausible, an
approximate model of coarse-grained WSD
still seems advisable (Wilks, 1997).

Moreover, some research supports limited,
course-grained polysemy in the mental lexi-
con. The results of one sentence-based seman-
tic classification experiment argue for the ex-
istence of a few stable word-senses (typically
around three) for many nouns, rather than an
exhaustive fine-grained inventory (Jorgensen,
1990).

This suggests that it would be better to
model disambiguation between a few broadly
defined senses of each word than to use dic-
tionary definitions; or alternatively, to dis-



ambiguate instances of high-level ontologi-
cal concepts. This latter approach might be
termed semantic class disambiguation (SCD),
and is exemplified by the use of Roget’s cat-
egories (Yarowsky, 1992), and the use (Kry-
molowski and Roth, 1998) of Corelex, a set
of 126 semantic classes derived from WordNet
(Buitelaar, 1998).

2 Semantic representation in
NL-Soar

The present version of NL-Soar follows this
second strategy, using WordNet’s 45 general
divisions as its semantic classes. This first ap-
proximation at a semantic model enables ex-
ploiting WordNet’s vocabulary coverage with-
out committing to the plausibility of its fine-
grained concepts. As the WSD modeling
granularity issue evolves, the general tech-
niques tested here will be refined.

A semantic link in NL-Soar consists of three
parts: an assigning entity, a receiving entity,
and a semantic role or link type (either exter-
nal, internal, internal2, or property). For ex-
ample, NL-Soar’s semantic model of the sen-
tence The dog barked. could be schematically
represented thus:

bark.v-body (assigner) --External--> dog.n-animal (receiver)

NL-Soar’s semantic module currently uses
three criteria to link concepts: syntactic and
morphological constraints, frequency rank-
ings, and semantic pairing constraints.

First, NL-Soar processes the syntax of an
utterance and then constrains the possible se-
mantic readings to those consistent with the
syntactic model. Proposed links reflecting rel-
evant criteria are preferred over those which
do not. Syntax thus plays a role in SCD
(Lonsdale and Rytting, 2001); section 5 be-
low discusses further implications.

Research
quency may provide a plausible default rank-
ing strategy (Fellbaum et al., 1998). When
given a frequency-ordered list, subjects of-
ten pick the first sense which reasonably fits
the context. This suggests that in absence of
other factors (such as discourse context) word
sense frequency is an important criterion for
assigning meaning to a word.

indicates that word-sense fre-

For a given word, NL-Soar ranks the fre-
quency of each semantic class according to
the ranking of most frequent WordNet sense
in that class. For example, the word tooth
has 5 WordNet senses: 1 and 3 fall under
the semantic class n-body; senses 2 and 5
fall under n-artifact; and sense 4 under
n-act. Hence, NL-Soar’s semantic module as-
signs tooth to these four semantic classes, with
n-body treated as most frequent, followed by
n-artifact and n-act.

The base frequency of semantic classes is
not sufficient to determine the most plausi-
ble semantic links, however. In the absence
of a robust model of real-world knowledge,
NL-Soar uses corpus-derived “semantic collo-
cation constraints” determined by frequencies
of pairings of certain semantic classes. The
strategy is similar to that of (Resnik, 1997;
Ciaramita and Johnson, 2000); however, the
frequencies are (currently) calculated over se-
mantic classes rather than over specific nouns
and verbs.

Canonical semantic collocations are found
by searching SEMCOR, a WordNet-sense-
tagged version of the Brown Corpus (Francis
and Kucera, 1982), for examples of each verb
class. For each verb class, a sample of approx-
imately 50 verb instances is gathered. For
each of these instances, the semantic classes
for the nouns that fill the verb’s external and
internal roles are recorded.

For example, the following semantic pair-
ings were found to be the most common for
the semantic classes v-body:

External v-body: n-artifact, n-body, n-person
Internal v-body: n-artifact, n-attribute, n-body

3 Semantic Processing in NL-Soar

As a given word undergoes semantic process-
ing, all of its possible semantic classes and
parts of speech are considered, in order of fre-
quency, as determined above. The first one to
pass the selectional pairing constraints is ac-
cepted as the best choice and fitted into the
semantic model.

However, NL-Soar does not perform SCD
on individual words directly. Since the seman-
tic constraints license concept pairings be-



tween noun classes and verb classes, NL-Soar
must disambiguate noun-verb pairs as a unit,
not separately.

For example, consider the sentence The
tooth hurts. The appropriate (and most fre-
quent) semantic pairing between tooth and
hurt is:

(1) hurt.v-body --External--> tooth.n-body.

Operators also propose other possible links:

(1) hurt.v-body --Internal-->
(2) hurt.v-body --External-->

(3) hurt.v-change --External-->
(4) hurt.v-change --External-->

tooth.n-body.
tooth.n-artifact

tooth.n-body

tooth.n-artifact (etc.)
but these are not considered first, since they
either do not match the syntax (in case of
17) or are not most frequent. Since (v-body,
External, n-body) is a relatively common
semantic pairing, it is licensed by the con-
straints, and the pairing (1) is linked with the
ongoing semantic model.

Although the various potential semantic
links are initially considered in parallel, se-
mantic constraints are tested serially in NL-
Soar. Word-sense frequency determines which
links are tested first. But if both words in
the link are semantically ambiguous, it is un-
clear which word’s semantic-class frequency
ranking should carry more weight. A num-
ber of criteria could be used: e.g., part of
speech, syntactic role (assigner vs. receiver),
and degree of polysemy. This study assumes
temporal ordering as the key factor. Since
the earlier of the two words being linked is
(in the absence of extra-sentential context)
less constrained by previously heard context
than the later word, it seems that its base-
line word-sense frequency information should
apply more pertinently by default. Hence,
the most frequent sense of the first ambigu-
ous word should most strongly constrain the
acceptible word senses of later words.

This claim is not essential to the model
but rather another working hypothesis in need
of empirical verification.
be preliminary neurolinguistic support: an
event-related potential (ERP) study shows
that in normal, congruous sentences, N400
anomaly effects for low-frequency words are
greatest sentence-initially, and decrease there-
after (Van Petten, 1995). See section 6 for

There seems to

further implications.

4 Encoding and testing constraints

The current NL-Soar approach has been im-
plemented and is being tested. The first pre-
liminary test consisted of ten sentences: five
from the same source as the samples used
to create the semantic collocation constraints,
and five from a different portion of SEMCOR.
A number of syntactic simplifications were im-
posed on the test sentences, in order to focus
on lexical and semantic issues. All simplified
sentences consisted of noun phrases and finite
verbs.

A preliminary trial of these ten simplified
sentences was run on NL-Soar as it currently
stands. After syntactic coverage difficulties
are factored out, the semantic module pro-
vided three sentences with an exact match
with the SEMCOR tagging, two with seman-
tically plausible mismatches, and two with se-
mantically implausible mismatches. These re-
sults must be interpreted cautiously, since the
semantic constraints were not complete for
all verb classes. However, NL-Soar provides
an acceptable parse on half of the sentences,
a performance better than chance when the
number of variables involved are considered.

Brief mention of a few examples is in-
structive in appreciating the issues that arise
from using WordNet and in particular SEM-
COR as a data source.
run using, for each word, all possible senses
from the WordNet inventory (e.g. 15 Word-
Net classes for verbs). Semantic constraints
were tested for external roles; internal roles
were not addressed. Each sentence of inter-
est was taken from SEMCOR, and most were
simplified somewhat to abstract away from
nonessential material; however, the same se-
mantic classes were preserved for each seman-
tic role. For example, a SEMCOR sentence
such as “The antagonists were instructed to
behave in such ways as to upset the man-
ager and get him to operate in a manner for
which he had been previously criticized.” was
simplified to “The antagonists behave annoy-
ingly.” For each sentence, the SEMCOR tags
were compared with those assigned by NL-

Fach sentence was



Soar. Additional thematic role information
not provided in SEMCOR (i.e. E(xternal) for
agent, or deep subject, and I(nternal) for pa-
tient/theme, or deep object) but calculated
by NL-Soar is also indicated in the examples
that follow. An asterisk indicates that the
role is left unfilled (e.g. an optionally empty
Internal role). Mismatches are indicated with
italics. Linkages were categorized into one of
four classes: (1) match with SEMCOR, (2) ac-
ceptable mismatch (i.e., a plausible reading),
(3) unacceptable mismatch, (4) fail.

Consider, for example, the (simplified) sen-
tence The exercise exhausts the child.. NL-
Soar’s semantic linkage exactly reflects that
of SEMCOR’s:

exercise.n-act-E-exhaust.v-body-I-child.n-person

The class exhaust.v-body is the most fre-
quent class for exhaust (and also the most fre-
quent sense, out of 5 senses). Constraints that
follow from semantic processing and seman-
tic cooccurrence licensing allow both External
and Internal matching'.

Another sentence, Clergy wear grey. poses
another interesting problem.
surprising result of training on a small data
source—mnamely, that the class n-group never
showed up in an External role for v-body. Yet
it shows up in a total of three of the test sen-
tences. This type of problem is easily over-
come; the addition of one more precondition
to an existing production to relax this con-
straint improves results tremendously. Fur-
thermore, the use of some sort of underspec-
ification scheme would correct this problem
automatically, given that n-group is a natu-
ral extension of n-person.

It is an un-

One example of an unacceptable mismatch
may be due to the quality of SEMCOR tag-
ging instances. The sentence Antagonists be-

! An interesting future extension would be to as-
sign the External and Internal with STIMULUS and
EXPERIENCER theta-roles, or otherwise relating the
External n-act with the Internal n-person, since
surely their co-occurrence is not independent. One
weakness of the current sampling mechanism is to
treat External and Internal roles independently, and
hence lose this potentially useful information. On the
other hand, trying to build in too much information
could lead to a sparse data problem, unless more au-
tomatic methods of sampling are developed.

have badly. has the following SEMCOR and
NL-Soar linkages:

SEMCOR: antagonist.n-group-E- behave.v-body-I-#
NL-Soar: antagonist.n-body-E- behave.v-body-I-*

Here NL-Soar has taken the v-body class
for behave, and consequently prefers an
n-body linkage for the subject antagonist;
even though the n-group class is more fre-
quent, collocation constraints do not prefer
linking n-group with v-body. On the other
hand, behave has another class, v-social;
if SEMCOR would have had this arguably
more appropriate sense tagged instead, NL-
Soar would have been able to perform the
proper linkage with n-group.

WordNet’s
homonymy-related problems; words such as
at, a, an, are, etc. have nominal read-
ings that are not readily identifiable by non-
lexicographers. Most of these lexical, open-
class readings (e.g. are as a unit of measure)
complicate syntactic and semantic process-
ing, and consequences were seen while test-
ing SEMCOR-derived sentences. The solu-
tion is straightforward in NL-Soar:
duction was introduced that automatically
prefers the functional reading for obscure ho-
mographs like these.

exhaustiveness often causes

a pro-

Finally, consider the sentence The epidemic
infected the citizens., an instance where the
frequency as a measure of the primary or
“central” word-sense fails. Note the SEM-

COR and NL-Soar linkages:

SEMCOR: epidemic.n-event-E-infect.v-body-I-citizen.n-person
NL-Soar epidem.n-event-E-infec.v-cognition-I-citiz.n-person

Intuitively, the “central” meaning of infect
is the medical (or v-body) reading: “commu-
nicate a disease to”. However, a metaphorical
v-cognition reading “fill with revolutionary
ideas” is listed as the most frequent one in
WordNet. Oddly enough, the original context
for the test sentence ( “It is like a mysterious
epidemic, which ... spreads ... through the
whole town until all have been infected by it.”)
was also embedded in a simile. This meshes
well with the prediction that one of the chief
problems facing a (fairly literal-minded) arti-
ficial agent will be detecting and processing
metaphor and figurative language.



As the situation stands now, “training”
and “performance” are articifially separated
as hand-sampling of collocation patterns re-
places (or rather, holds a place for) the pro-
cessing mechanisms native to Soar. A better
way to look at the problem of Soar processing
is the cominbation of intelligent use of heuris-
tics and remembering the results from apply-
ing these heuristics. The Soar framework is
specifically designed to support a panoply of
strategies and processing modalities, and to
manage the decision process involving which
to use when. For exmaple, one (or even sev-
eral) of the previously mentioned WSD tech-
niques could be accessed as strategy when NL-
Soar is unsure of the most appropriate word in
context. NL-Soar could first search for “give-
away” bigrams (as in (Pedersen, 2001)). If
no such bigrams are in the previously heard
context, then other techniques such as those
mentioned above could be used. If insufficient
data is available for a particular word, then a
strategy such as (Clark and Weir, 2001) could
be used to find a more suitable level on the hi-
erarchy on which to repeat the reasoning pro-
cess. There need be no assumption of a single
WSD technique appropriate for all occasions.

5 Modeling: what is the target?

The approach sketched above is, of course,
not the only one possible. Instead, it was
adopted as a baseline strategy to serve while
the basic semantic processing architecture set
in place. In fact, several aspects of psycholin-
guistic groundwork still need to be done in
the areas of WSD and on-line semantic pro-
cessing; comprehensive modeling must either
await such results, or else propose models that
might inspire (or challenge) experimentalists
to verify or refute claims put forward by spec-
ulative modeling efforts.

As computational and architectural issues
remain an area of focus, an operator-based ap-
proach can support whatever solution might
be followed in addressing these issues. For
example, a determination of the most ap-
propriate set of off-the-shelf semantic classes
(or indeed entire ontologies) would be useful;
possibilities include the Roget and Corelex

categories mentioned above. Several off-the-
shelf WSD algorithms also remain to be ex-
plored (Yarowsky, 1992; Resnik, 1997; Cia-
ramita and Johnson, 2000; Clark and Weir,
2001).

The relationship between syntactic and
semantic processing has been a subject of
considerable debate within psycholinguistics.
Two extreme positions exist; the first assumes
complete precedence of syntax over semantics.
Doubt has been cast on on the plausiblity of
this extreme; consider this popular example:
After finding the book on the atom, Kim de-
cided that the library really wasn’t as bad as
people had been claiming. (Hirst, 1987)

It seems clear that book and atom must
be matched with real-world concepts (along
with the most plausible meaning of on) before
the complete sentence is heard. While no-one
likely takes the separation to this extreme, it
would appear that some models might adopt
it for reasons of simplicity.

The other extreme is that of complete two-
way interaction between syntax and seman-
tics. A considerable degree of interaction
is claimed by the constraint satisfaction ap-
proach (MacDonald et al., 1994; Trueswell
et al., 1994; Burgess and Lund, 1997) and
assumed in some connectionist approaches.
However, this claim is still controversial, and
other works provide evidence against it (Ira-
zier and Fodor, 1978; Ferreira and Clifton,
1986; Clifton et al., 1991). While much psy-
cholinguistic research remains to be made, the
parallel development of flexible and versatile
frameworks will help current and future mod-
eling efforts.

6 Interleaving and Interactivity

NL-Soar’s use of operators, which can be in-
terleaved, allows it to model an intermediate
position between these two extremes. While
NL-Soar currently assumes that syntax guides
semantics, this need not be a temporal or-
dering. Rather, through interleaving of the
syntactic and semantic processes, the seman-
tics module may begin processing the syntac-
tic module’s early results while the syntactic
module processes later parts of the sentence.



Misanalyses in either syntax or semantics can
be corrected (to a point) through “snip” op-
erators, but beyond that point are predicted
to result in garden pathing. NL-Soar’s frame-
work is thus able to account for a great deal of
interaction between modules while preserving
the separation commonly assumed; however,
it could be modified to accommodate full in-
teraction between modules, should further ev-
idence come out in favor of that hypothesis.

This leads into a further claim, mentioned
in section 3, that frequency effects play a
larger role in the disambiguation of early
words than later words in an utterance (out-
side of prior disambiguating context). This
claim seems consistent with either the strong
interactive (constraint satisfaction) stance or
with NL-Soar’s current interleaving frame-
work. It predicts the existence of “seman-
tic garden paths” depending on early rejec-
tion of a low-frequency meaning of the first
word, followed by late disambiguating mate-
rial. Again, psycholinguistic exploration of
this area would be valuable to establish a tar-
get for semantic modeling efforts.

It is expected that, once other issues regard-
ing other aspects of WSD are settled, NL-Soar
can be a useful tool in investigating this claim,
in conjunction with corresponding psycholin-
guistic experiments.

7 Transfer and learning

One important property of operators is that
their effects can be cast in terms of hierarchi-
cal subgoal satisfaction. When the knowledge
about how to attain a goal (such as comput-
ing a semantic linkage) is lacking in a holistic
sense, NL-Soar can subgoal and test various
possibilities in an attempt to achieve the top-
level goal. This may involve extensive levels of
decomposition, each of which may in turn in-
volve lower-level operators, constraint check-
ing, and deliberation. Though this process
may be costly in terms of processing time and
memory requirements the first time it is car-
ried out, the system also provides a significant
capability for such situations—machine learn-
ing. Results (whether successful or not) can
be “chunked up” automatically during sub-

goaling, and the results will then be available
for subsequent processing. This enables the
so-called recognitional mode of operation in
certain contexts.

Learned operators for semantic processing
thus are often available, and they leverage
experience gained in accepting or rejecting
certain pairings of semantic substructure as
described in section 2. WordNet semantic
classes, with their associated frequency infor-
mation, thus are incorporated into the learn-
ing process.

Interesting issues which cannot be ad-
dressed here involve the granularity of the
semantic operators: to what degree should
the semantic class categories which are used
as linking constraints be generalized? To
what extent can the hand-derived corpora be
abstracted away from, in order to increase
the coverage? Language acquisition research
in such areas as categorization and semantic
overgeneralization could be relevant in explor-
ing these issues.

An intriguing learning-based direction in-
volving the semantic processing mentioned in
this paper will be possible when more than
one WSD method is implemented, as dis-
cussed earler. These strategies could even in-
form one another through memorized chunks
and meta-learning strategies. For example,
if one WSD mechanism is successful at iden-
tifying a unique word sense at a high de-
gree of confidence, then it could train other
strategies, perhaps by remembering salient bi-
grams for future expansion of Pedersen’s bi-
gram heuristic. The system may even be able
to learn when some heuristics (e.g., one-sense-
per-discourse (Gale et al., 1992) or one-sense-
per-collocation (Yarowsky, 1993)) are valid,
when they should be avoided, and when one
strategy is preferable to another.

Another advantage NL-Soar derives from
the operator-based architecture is the possi-
bility of transfer. Tasks which leverage simi-
lar low-level processes can share operators for
these processes; hence, cross-modal applica-
tion of operators may account for facilitation
and inhibition across tasks, and allow the gen-
eralization of semantic or syntactic facts be-



yond the specific context of a learning corpus.
Bootstrapping of semantic knowledge through
supervised learning is thus one avenue of fu-
ture work.

8 Conclusions

This paper has surveyed the semantic pro-
cessing component of a system that is based
on an operator framework. Operators pro-
vide the flexibility to model language use ac-
cording to various theoretical and empirical
approaches. The system currently performs
semantic model construction based on fairly
commonly held assumptions, and based on
cooccurrence constraints observed in hand-
extracted frames from annotated corpora.
This process can ultimately be automated via
a wide range of possible approaches. Interest-
ing related topics such as learning, interactiv-
ity, operator granularity, task-related trans-
fer, and priming are currently being explored.
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