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Abstract. The following paper focuses on an enrichment method for ontolo-
gies. We define similarities of possible new concepts and base the similarity
and dissimilarity of concepts on the usage statistics in large corpora. The
method is soft in the sense, that we define a semantically motivated heuristics
for the influence of different linguistic properties influencing the similarity
definition.

1 Introduction

The following paper focuses on the semi-automatic enrichment of ontologies
based on statistical information.

An ontology is a structured network of concepts from an knowledge domain
and interconnects the concepts by semantic relations and inheritance [1].
Ontologies give aformal representation and conceptualisation of a knowledge
domain. For agiven ontology we find propositions automatically, which could
extend the ontology by new concepts. This meanswe

» use atext corpus

» detect a set of candidate concepts from the corpus

» finally select a subset of those candidate concepts by ranking their similar-
ity to concepts already

» existing in the given ontology.

The final selection ends up in possible new concepts for the ontology to be
proposed to a (human) ontology engineer.

The concepts in the ontology have one or more descriptors, which are words
or phrases from natural language. On the other hand, the extractable informa-
tion from large text corpora are words or phrases. For our technique this
means that we develop a method of finding suitable definitions for the seman-
tic similarity and dissimilarity of words. Throughout the paper we treat the
ontological concepts and their descriptors as the same objects.

The paper is organised in the following way:



» we give the definitions in need

« we formally explain the enrichment algorithm

» we focus on properties of the algorithm which extend and systematically
treat the linguistic properties we take under consideration

» we point out related work from the area of word clustering

 finally we summarise our results and open research issues

2.1 Definitions

An ontology is a 4-tupleQ :=C, is_a,R, o), whereC is a set we cakton-

cepts, is_ais a partial order relation d@, R is a set of relation names and

o:R - [0 (CXC) is a function [1].

Throughout this paper we assume that a concept has a character string as a
descriptor. This character string may be a word or a phrase.

A distance measureon Q is a functior: (CX C) — [0,1]. Examples of dis-
tance measures are:

1) d(x,y)= eS , Wheree is Euler’'s constant angldenotes the number of steps
along the shortest relational path between the congepidy

2) d(x,y)=1, if there exists a relational path between the conceptsly and
d(x,y)=0, if there does not exist a relational path between the concaptly.

3) [3] defined criteria for distance measures in thesauri, which can be applied
to the restriction of an ontolog®  :€(is_a,R, o) to the pairC, is_a).
Moreover one can show, that there is an infinite number of distance measures
fulfilling more restrictive characteristics than 1) and 2).

A text corpus ¢ is a collection of text documents written in exactly one natu-
ral language. We assunde to be electronically available. From a text corpus
we define a set of words or phrases to be the candidate conkgutyposi-

tion for the ontological enrichment is a word or a phrase flom , which is
used similarly to the concepts from the given ontology. Candidates are to be
predefined, for example as all nouns occuringlin . Note ¢ghat  might be
extended during or after the application of the enrichment algorithm.

A ruleset p is a finite set of linguistic properties, each of which can be tested
in terms of its fulfilment frequency in the text corpus.

The entriesmij of aepresentation matrix M(C, p, {) list, how often thg-th

property fromp was fulfilled irf  for the descriptor thth concept fronC.



2.2 The basic optimisation for ontology enrichment

The enrichment algorithm processes information available from ¢ and Q. It
computes an optimal solution for the problem of fitting the distance informa-
tion among the concepts expressed by Q and the dissimilarity information
between words or phrases to be extracted from the word usage statistics con-
sidering ¢ .

Let usassume agivenM(C, p, {). We search for aset k = {k1 P kr} of non-

negative reals with |k|= |p| , which will be called configuration of the rule set
p . Eachk; correspondsto arule p; .

The configuration k decides about the quantities of dissimilarity we derive
from M(C, p, {).

The Kullback-Leibler divergence generally measures the dissimilarity
between two probability mass functions [2] and was applied successfully to
statistical language modelling and predicition problemsin [4]. The Kullback-
Leibler divergence D(x,y) for two words x, y is defined as

P(w]x) (1)
P(wly)

In the basic version of the Kullback-L eibler divergence, which is expressed by
formula (1), wis alinguistic property and P(W/|X) ist the probability of this
property being fulfilled for the word x. In the sum indicated by formula (1), w

ranges over al liguistic properties one includes in a corpus analysis. In our
case the frequencies of observing the linguistic properties are denoted by

M(C, p, ). For our purposes we change (1) in such away, that k weighs the

D(x.y) = Y P(w])log

influence of each property w:

P
DX Y) = zk(w)P(w|x)logPEx}§§ @

with k(w) Ok in our case
Considering our representation matrix notation M(C, p, {) we obtain

ol m,
P(wix) = 5 |p|—' 3
=1 z min
n=1

Let us clarify the notation of formula (3):



X denotes the i-th concept from C. Correspondingly in (3) the m, are the

matrix entriesin M(C, p, ) in the row expressing the linguistic properties of
X . With this notation k(xi) = k; holds. In that sense, we will be able to deter-

mine an optimal k = {k, ',kr} .

Taking the distances from the ontology Q as an input, which should be
approximated by the D, (X, y) aswell as possible, the question of finding an
optimal configuration k reduces to the question:

which configuration k minimises the average squared error expressed by the
differences

2
(dx,y)-Dy(x )~ 2

Finally we present aformulation of this question in terms of a quadratic opti-
misation formula. Searching for an optimal k means searching for a minimum
of the following fithess expression

ICl IC|
2
mkin.z Z (d(Xi,Xj)—Dk(Xi,Xj)) 4)
i=1li=1
where k = {kl, , ,kr} and kI >0 for al kI O k. Note that we minimise

over the set of all configurations, that means over all possible k. We now
explain, which words phrases are propositions for the ontological enrichment.
Once we optimised formula (4) we obtain the configuration in need to com-

pute all the distance measures between all the concepts from Q and the can-
didates. We apply an enrichment step starting with the optimal similarity
measures D, (X, Y) .

We only take into concernthe D, (X, y) with xO C and acandidatey. If such a
distance between a formerly known concept (i.e. its descriptor) and a candi-
date (i.e. aword from the corpus) formerly unknownto Q islower than apre-
defined threshold, y proposition to enrich Q. A suitable threshold can for
example be defined from the average of the distances d(x,y) where x ~y holds
forsome O OR.

Additionally the D, (x, y) with xO C and acandidate y carry even moreinfor-
mation, namely an optimal placement of the candidate concepts. The candi-
date concepts and the concepts from Q can be presented together, if a

candidate turns out to be a proposition. This simplifies the knowledge engi-
neer’s understanding of how the candidate concepts evolved and in which

semantic area d® they might belong.



3 Discussion of the algorithm - extending p

The application of the algorithm needs a rule set p as one of the parameters
given. The following section focuses on a technique which systematically
selects and constructs p We will use the fact, that - for severa distance mea-
sures d - our experiments showed, that the optimisation (4) ended up in
supressing most of the rulesfrom p setting the corresponding k; to zero.

Applying the optimisation to derive a configuration k we chose a p in thefol-
lowing way: for each concept from C (Q given) we collect the collocators
occuring in the same sentence at a distance of at most five wordsin ¢, create a

list of all these collocators and finally check for each ¢ [J C, how often it
was collocated in the same sentence, but at maximum distance of five words
within .

We choosethis particular p , asfor the German language, with which we carry
out our experiments. The property is a standard configuration of the German
online corpus analysis tools [5] and [6].

We obtained two general observations, which characterise all of our ongoing
enrichment experiments and which imply interesting further developments of
the algorithm, because they point to a compression of the property set p while
applying the algorithm. The vast majority of the k Ok are zero (in our first

experiments about 90% of the k; O k) and there are many minor influences of
nonzero k; , if we also consider the fact, that that similarity must exceed a

threshold T for a candidate concept to become a proposition.

The fact that we observe many zeros in the solution k is related to the sparse
structure of the optimisation problem (4). But even if we cannot predict the
exact structure of M(C, p, {) beyond sparsity, the sparsity of the data belong-
ing to candidate concepts additionally leads to properties with minor influ-
ence. Although we admit, that this observation needs a further strict
systematic fundament, we use it as aworking hypothesis.

Our first experiments also point to a fact, which we aready expected intu-
itionally: if a concept becomes a proposition and its similarity was only deter-

mined by exactly one feature p; from p (leaving kj = Ofor izj) we

detected a higher risk of bad propositions in the sense of a semantic mismatch
or an overgeneral proposition.

Another complication may arise, if we extend the initial corpus while apply-
ing the algorithm. Such a strategy is useful, if we start with asmall specialised
corpus and a few concepts in Q. In that case the initial corpus may contain
not enough information, consequently information must be added by includ-
ing new textsin theinitial corpus. Only in that senseit istrue, that specialised
corpora perform well in domain dependent conceptual clustering or ontology



enrichment problems like [7] stated. But extending a corpus goes along with
introducing a fulfilment of properties, which we did not observe in the initial
corpus [4], which gives a bias to our computation of important properties via
the optimal configuration k.

For a systematic treatment of the difficulties we discussed in this section -
arbitrary choice of p, bias with propositions guided by exactly one linguistic
property, bias after extending corpus - we give a prospect on a stepwise appli-
cation of the algorithm: after applying the algorithm once we make up a new

property set p keeping the properties, which turned out to be influential, and
adding new properties.

An example for new propertiesis alarger context, in which a collocation may
occur. As long our data remain sparse, several extensions of the linguistic
property set can result in arich representation making the selection of our the

modified p less arbitrary. In the special case of word-cooccurence in contexts

the extension of p by a stepwise application of the enrichment algorithm
becomes systematic, if we start with narrow contexts (as the distance of five
words we used in the first experiments) and broaden the contexts monotoni-
caly in every step.

4 Related work

Similarity between words is a topic from the theory of word clustering algo-
rithms and requires statistical information about the contexts, in which the
words are used. Many approaches test and count collocation features of the
words in large text corpora, such that aword is represented by a large vector,
which has entries communicating, how often a collocation feature was ful-
filled in the corpus. The vectors are sparse [8].

The notion of similarity definitions by vector representations normally does
not weight every single dimension of the vectors. In the paper we stated that
thisis possible by a soft method using the information aready defined in the
given ontology. The method is soft in the sense, that semantic information
from an ontology is quantified and thereafter guides the selection of relevant
linguistic properties.

The influence of the ontological structure on the word (-vector) similarities
results in an optimisation problem, which gives an answer to the question
which dimension in the word (-vector) representation is influential for the
similarity computation.

Automatic thesaurus and ontology construction dates back from the 1970s[9].
Our approach is a further development of methods, which try to construct the
whole ontology. The soft method of introducing heuristics for the ontological
information given can only be applied, if we enrich an existing ontology
instead of fully constructing the ontology. Besides the question about the heu-
ristics guiding the optimisation procedures described above, a number of other
interesting questions arises along with the approach. Among them are the fol-



lowing: how do we construct a suitable corpus to learn from, which linguistic
preprocessing is necessary or helpful, do we need absolute, relative or proba-
bilistic vector entries, how does the approach scale for larger ontologies.

The question of evaluating the results is interesting for related areas such as
Kohonen maps for documents and word clustering algorithms [10].

5 Summary and future work

We presented an algorithm, which returns propositions for the enrichment of
an ontology. The agorithm selects from a set of linguistic properties regarding
the information encoded in the ontology, for wich we wish an enrichment: at
this point, our soft method is based on a modified Kullback-Leibler diver-
gence for each single given enrichment problem.

We also gave a prospect on a more systematic setup of the algorithm, which
has to undergo genuine evaluation to overcome its merely constructive status.
The area of evluation methods for the algorithm together with further experi-
ments will be the focus of our future work on the subject.
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