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Abstract—The construction of a wordnet from scratch requires Carefully selected lexico-syntactic patterns can idgntif
intelligent software support. An accurate measure of semait  pairs of LUs by a hypernymy-type relation, but their coverag
relatedness can be used to extract groups of semanticallyode (recall) is limited, precision imperfect, and a sharp distion

words from a corpus. Such groups help a lexicographer make te indirect h d direct cl
decisions about synset membership and synset placement ihet among remote, Indirect hypernyms and more direct close

network. We have adapted to Polish the well-known algorithm hypernyms, or even near-synonyms, is not possible on a large
of Clustering by Committee, and tested it on the largest Poth scale.

corpus available. The evaluation by way of aplWordNet-based ~ MSRs and lexico-syntactic patterns deliver only some clues
synonymy test used Polish WordNet, a resource still under thg notion of a synset is not exactly constructively defined.

development. The results are consistent with a few benchmis, T roximat nset structur tomaticall Vet
but not encouraging enough yet to make a wordnet writer's 0 approximate synset structure automatically, seveta

support tool immediately useful. may have to be combined. A densely interlinked group of
LUs strongly related via a MSR seems to be a natural first
. INTRODUCTION approximation.

The main objective of our research is the identification
T HE construction of a wordnet for yet another languagef tightly interlinked groups of words as representing near
especially from scratch, requires a significant efforsynonymy and close hypernymy. Next, on the basis of the
There is a high pay-off. wordnets are essential in a fasktracted groups, we identify LUs represented by lemmas
growing number of applications. One way of reducing theelonging to groups and their sense as described by groups.
cost is to facilitate wordnet development by automatic $0oFinally, we propose to extend a wordnet semi-automatically
that suggest missing synsets and relations among them. Twith the collected synsets and LUs.
paradigms of extracting semantic relation are cited [1kelh  Several clustering algorithms have been discussed in liter
on patterns and based on clustering. The existing methodsre for the task of grouping LUs. Among them, Clustering
however, extract relations betwedaxical units(LUs), while by Committee (CBC) [2], [3] has been reported to achieve
the problem of synset construction has been left open.  good accuracy in comparison pdWordNet It is often referred
Measures of Semantic Relatedn@€fRSs) based odistri- to in the literature as one of the most interesting clusterin
butional semanticgenerate a continuum of relatedness valuedgorithms, e.g. [4].
for pairs of LUs. Even a casual look at a list of LUs most CBC relies only on a modestly advanced dependency parser
related to a given unit. reveals numerous semantic relationsand a MSR based on pointwise mutual information (PMI)
synonymy and antonymy (with similar distributional patigy, extended with a discounting factor [3]. This MSR is a mod-
hypernymy, meronymy, metonymy, LUs semantically linked tdication of Lin's measure [5] analysed in [6] in application
u by some situation type, and so on. Precise annotation ofca Polish. Both measures are close to the RWF measure
list of pairs of related LUs with different types of semanti¢7] that achieves good accuracy in comparison to Polish
relations is a difficult manual task, and low inter-annatatdVordNet [8].
agreement is likely if the task is performed without context Our goal was to analyse CBC's applicability to an inflected
Any definition of hypernymy, meronymy and in particulalanguage for which there is a limited set of language pro-
synonymy is stated as a textual description that relies en tbessing tools, and to extract LU groups for the purpose of
annotator’s language competence and, at best, is supposdgtbnding Polish WordNet. We expected to identify several
by a diagnostic substitution test. Semantic and pragmagimups of high internal similarity for a polysemous word.
constraints make many LUs semantically related to manyrothdoreover, we wanted to improve CBC’s accuracy and to anal-
LUs. This view of wordnet relations, especially including/se its dependence on several thresholds which are ekplicit
near-synonymy — the basis for determining synsets — sugjgdsit also implicitly, introduced in CBC. We were looking for a
that these relations are just weakly identifiable char&tier more objective and straightforward evaluation of the &dthar
subspaces in the continuum of semantic relatedness. results than originaly proposed in [3].
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Applications of CBC to languages other than English amn the quality of the applied MSR — the most important
rarely reported in the literature. Tomuro et al. [9] men&dn CBC parameter — and the MSR is transformed by taking into
briefly some experiments with Japanese, but gave no resuttsnsideration only some features (the threshld) and the
However, differences between languages, and especiéfty-di £ most similar LUs.
ences in resource availability for different languages, affect In the next two phases, the set of possible senses is first
the construction of the similarity function at the heart 8C.  extracted by means of committees; next, LUs are assigned to
Moreover, CBC crucially depends on several thresholds ehasommittees. Acommitteas an LU cluster intended to express
values were established experimentally. It is quite unclea some sense by means of a cluster vector representatiorederiv
what extent they can be reused or re-discovered for differdrom features describing the LUs included in it. Committees
languages and language resources. are selected from the initial LU clusters generated by pro-
cessing the lists of thé& most similar LUs, see 1.1 and II.2.

However, only the groups dissimilar to other selected gsoup

The CBC algorithm has been well described by its authofse 4qded to the set of committees, because the committees
[2], [3]. We will therefore only outline its general orgaat®on, g g ideally describe all senses of the input LUs, see 11.3

following [3] and emphasising selected key points. We havge set of committees is also iteratively extended in order t

reformulated some steps in order to name consistently aller senses of all input LUs, see the condition in I11.4.
thresholds present in the algorithm. Otherwise, we keep thes,mmittees only define senses. They are not the final

original ngmes. o LU groups we are going to extract. The final LU groups —
' Find most similar elements ideally sets of near synonyms — are extracted on the basis
1) for each word in the input sett, selectk most of committees in Phase Ill. Each LU can be assigned to
similar words considering only’s features one of several groups on the basis of the similarity to the
above the thresholdl,; of mutual information corresponding committees. It is assumed that each sense of a
Il Find committees polysemous LU corresponds to some subset of features which
1) extract a set of unique word clusters by averagtescribe the given LU. In step lll.2.c, each time a ldU
link clustering, one highest-scoring cluster peis assigned to some committee(i.e. the next sense of
list has been identified) CBC attempts to identify the features
2) sort clusters in descending order and for eactescribing the sense of e and remove them before the
cluster calculate a vector representation on trextraction of the other senses ef. The idea behind this
basis of its elements operation is to remove the sensefrom the representation
3) going down the list clusters in sorted orderf e, in order to make other senses more prominent. However,
extend an initially empty sef’ of committees the implementation of theverlap and removeoperations is
with clusters similar to any previously addedstraightforward: values of all features in the intersetctare
committee below the thresholj simply set to 0 [2]. It would be correct if the association of
4) for eache € E, if the similarity of e to any features and senses were strict, but it is very rarely the.cas
committee inC' is below the threshold,, add Mostly, one feature derived from lexico-syntactic deperaye

II. THECBC ALGORITHM

e to the set of residue® corresponds in different amount to several senses. A less
5) if R # (), repeat Phase Il witli’ (possibly= () radical solution for sense representation removal is sego
andE =R in Section V.

1] Assign elements to clusters
« for eache in the initial input setF L ) . )
1) S = identify 7900 = 200 committees most | Our mmal intention was to re-implement CB_C as published
similar to e in [2], [_3], in order to analyse and compare its performance
2) while S # for Polish. However, we face two problems — there are
significant typological differences between the two largps
and the availability of language tools differs. For example
unlike English (for which CBC was originally designed),
Polish is generally a free word-order language; much syictac
information is encoded by rich inflection. This makes the
N construction of even a shallow parser for Polish more dilficu
features thabverlapwith ¢'s features than for English, e.g. noun modification by another noun is

d) removec from § marked by the genitive case, but genitive is also required

CBC has three main phases, marked by Roman numengs negated verbs, and the noun modifier can occur either
above. In the initial Phase I, data expressing semantidaimi j, 4 pre-modifying or post-modifying position. On the other

ity of LUs are prepared. Here, CBC shows strong dependengyng there are possibiliies of exploring morpho-syitact
1We interpret this ag’s similarity being below an unmentioned thresholdr(:"l""'tIons pgtwgen word forms (bUt notin th_e cgse qf t_he. noun-
OB1Com.- noun modification). As no verb subcategorisation dictigriar

IIl. CBC APPLIED TOPOLISH

a) find a cluster € S most similar toe

b) exit the loop if the similarity ofe and ¢
is below the threshold

c) if ¢ “is not similar” to any committee in
C?, assigne to ¢ and removefrom e its
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available for Polish, the identification of verb argumentseixt e 01 =0.35[2, p. 55],
is almost impossible, and semantic description of nouns cam 6y = 0.25 [2, p. 55],

be based on relations to verbs only to a small extent. e G990 = 200 [2, p. 58],

CBC begins by running a dependency parser on the corpuse o — different values tested [2, pp. 95-96], while the best
No similar tool exists for Polish. In [7], [6] a similar pradrh score was reported with = 0.18, however, in the chart
was successfully solved by applying several types of lexico on pp. 96 of [2] the best result is presented o 0.1,
morphosyntactic constraints to identify a subset of stnadt which we assumed as the default value.
dependencies mainly on the basis of morphological agreemena crucial threshol®zicom — it influences the process of
among words in a sentence and a few positional features Ig&signing elements to word groups in Phase Il — is not gvert|

noun-noun sequence of modification. A direct comparison @med in the algorithm [3], [2]; the values applieddt@;c.om
MSRs based on parsing and on constraints is not yet possiRlgy unknown. The possibility thatz;con, is identical witho
but the constructed constraint-based MSRs have good ayculig excluded by the order of steps: 2b comes before 2c. For
when compared witplWordNet[8] by a modified version of ¢,.,,, no other values were tested but it is reasonably high:
WordNet-Based Synonymy T@atBST) [10]. By applying the it is unlikely ever to have more than 200 senses of a word.
constructed MSR we got results comparable with the resugsides the unknown value 6f:100m, Other thresholds seem
achieved by humans in the same task [11]. We therefore g$-depend on the corpus and, especially, on the properties of
sumed that the constructed MSR is at least comparable in quak MSR.
ity to the one used in [2], [3], and we adopted the constraint- o extract clusters in Phase II, we applied the CLUTO pack-
based approach here, applying the same constraints as. in g [15], which allowed us to analyse the influence of several
As in [6], [7], the applied constraints are written in the|ystering strategies, namelPGMA i1, i2, hi, slink and
JOSKIPI language and run by the engine of the TaKIRjc|ink besides the average-link clustering originally applied
morphosyntactic tagger [12]. Each nouns described by the j5 cBC. During the first experiment, we used a MSR based
frequency with which occurrences ofin the corpus meet two on pMI, constructed according to the equations presented in
lexico-morphosyntactic constraints: modificationdppecific [3]. The results of this experiment appear in Table I.
adjectiveor an adjectival participle and co-ordination with a | the experiments presented in [11], [6], MSR based on
a specific noun Rank Weight Function used for the transformation of feature
MRSs and clustering algorithms constructed for Polish C3fbquencies generally surpassed several other types of MRS
be evaluated on the basis piVordNet but plwordNetis still  known from the literature, some of them similar to the PMI
quite small in comparison to PrincetpiVordNet(henceforth measure applied in CBC, e.g. see [11], [6]. In the second

PWN). It includes mostly general words and lacks manyperiment we replace PMI MSR with RWF MSR.
senses for the words described. This complicates the amalys
of the evaluation. IV. EVALUATING CBC ON PoLIsH

All experiments were run on the IPI PAN Corpus [13] As we wrote in section IIl, all experiments were run on the
(IPIC), the largest annotated corpus of Polish, extendéd &i |P|C+Rz corpus. We wanted to evaluate the algorithm’s bili
corpus of the on-line edition of a Polish daily, 1993-200M][ to reconstrucplWordNetsynsets. That would confirm the ap-
(Rz). The joint corpus (IPIC+Rz) includes about 368 milliomplicability of the algorithm in the semi-automatic consttion
tokens, around 2.56 times more than the corpus used in [g{.wordnets. We put nouns fropiWordNeton the input list of
IPIC+Rz, however, is not well balanced: legal and scientifi§ouns ¢ in the algorithm). Becausg!WordNetis constructed
texts are over-represented, so intuitively rare words maseh pottom-up, the list consisted of 13298 most frequent noans i
inflated frequencies, but many “popular” words have low frep|C plus some most general nouns, see [8]. The constraints

quencies. TaKIPI does not distinguish proper names. Lemmgere parameterised by 41599 adjectives and participles, an
tization makes more errors than it is the case for English. 54543 nouns — 96142 features in total.

Several thresholds used in the CBC algorithm (plus a
few more in the evaluation) are the major difficulty in itsA- Evaluating Extracted Word Senses
exact re-implementation. Moreover, any method of the CBC Evaluation of the extracted word senses proposed in [3], [2]
optimisation in relation to thresholds was not proposed ig based on comparing the extracted senses with those defined
[2], [3] and the values of all thresholds were establishefdr the same words in PWN. It is assumed that for a word
experimentally in [2]. There also was no discussion of thegorrect sense is described by a word greuguch thatw € ¢
dependence on the applied tools, corpus and characterisiia synsets in PWN such thatv € s is sufficiently similar to
of the given language. We will discuss the values of most ef The latter condition is represented by another threstold

these thresholds: The notion central to the evaluation proposed in [3], [2]
« k —the tested value ranggQ0, 20] [2, p. 53], but the final is similarity between wordnet synsets. The definition of-sim
choice is not given, ilarity was based on probabilities assigned to synsets and

o Oy — the exact value is not presented, but it is claimedkrived from a corpus annotated with synsets. This kind of
that 0,,; “had no visible impact on cluster quality” [2, synset similarity is very difficult to estimate for languader
p. 53], which there is no such corpus, as is the case of Polish. In
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order to avoid any kind of unsupervised estimation of synsite precision of assigning words to correct sense usingrdiff
probabilities, we used a slightly modified version of Ledcsc ent criterion functions. The results appear in Table |. Wedus

similarity measure[16]: default values for thresholds; = 0.35, 6, = 0.25, 0 = 0.1,
Orr = 250 and & = 20. We assumed that default value
. Path(s1, s2) i : : o .
sim(s1,s2) = —log( ), (1) for @gicom is 0.2. Previous investigation of the properties of

maxs, s, Path(sq; sb) RWEF [6] revealed that it behaves differently than MSRs based

Path(a,b) is the length of a path between two synsets ian mutual information. We chose different default values fo
plWordNet RWF: 60, = 0.2, 605 = 0.12. Also, 6,7 does not apply to RWF,
Except for synset similarity, we follow [3], [2] strictly in so for fair comparison we used another threshold — on the
other aspects of word sense evaluation. Synset similagitynminimal frequency with which a word appears in any relation
used to define the similarity between a warsdand a synset. min,; = 200 and on the minimal number of different relation
Let S(w) be a set of wordnet synsets includiag(its senses). in which the word appeared within,,. = 10.
The similarity betweers andw is defined as follows: The selection of threshold values was done on the basis
of experiments. Automatising this process is a very difficul
problem, as the whole process is computationally very expen
Similarity of a synsets (a sense recorded in a wordnetpive —one full iteration takes 5-7 hours on a PC 2.13 GHz and
and a group of LUsc (extracted sense) is defined as th€ GB RAM, that makes e.g. application of Genetic Algorithms
average similarity of LUs belonging t© However, LU groups barely possible.
extracted by CBC have no strict limits — their members are The differences between slink, UPGMA and i2 (see Tab. I)
of different similarity to the corresponding committeer(se are very small. We have chosen the i2 criterion for further
pattern). The core of the LU group is defined in [3], [2] vie€Xperiments because of its efficiency.
a thresholds? on the number of LUs belonging to the core.

simW (s, w) = maxse g(w)sim(s,t) (2)

o TABLE |
Let alSO Cr be the core OfC - a SUbset Ok mOSt Slmllar PRECISION FOR DIFFERENT CRITERION FUNCTION OF THE
members ot’'s committee. The similarity of ands is defined AGGLOMERATIVE CLUSTERING ALGORITHM.
as follows:
. PMI RWF
SimC(S c) _ Z w € csimW (s, u) 3) Precision | No. of words || Precision| No. of words
’ P UPGMA | 2259 2993 38.42 682
i1 23.45 2980 35.72 744
We assume that a groupcorresponds to a correct sense of = 55737 5005 3881 =15
w if hi — — 31.88 345
) ; > slink 22.70 2982 37.59 665
MaTses(u) SimC(s; ¢) 2 0 (4) wclink 22.98 2981 34.14 703

The wordnet sense of Lk, corresponding to the sense of
w expressed by a LU groug is defined as a synset which The comparison — presented in Table | — of the influence on
maximizes the value in formula 4: CBC of both MSRs used, PMI and RWF, is a little misleading:
5) in these cases the number of clustered words is very differen
This was caused by keeping the same value of the threshold
The question arises why this evaluation procedure is so= 0.1 for both versions. It seems that the valuecomust
indirect. Why do we not compare the cores of the LU grouge carefully selected for each type of MSR separately.
with wordnet synsets? The answer is seemingly simple. Bothin Table | we can see that the differences in the algorithm
in Polish and in English, certain matches are hard to obtaof. agglomerative clustering used in generating committees
LU groups are indirectly based on the MSR used. They do riafluence the final precision. The best, i2, leads to visilaftdr
have clear limits, and still express some closeness to & sem®mmittees and word groups.
but not to a strictly defined sense. On the other hand, wordneBecause the value af is so important for the result, we
synsets also express a substantial level of subjectivitheir tested its several values with the other parameters fixedHRW
definitions, especially when they are intended to describdSR, i2 clusteringfgicom = 0.2):
conceptswhich are not directly observable in language data., (, — 0.1, precision = 38.81, number of words assigned
The proposed indirect evaluation will measure the level of — 742,
resemblance between the division into senses made by viordng (, — .12, P = 40.33, N = 719),
writers and that extracted via clustering. o (0 =0.15,P = 40.99, N = 688),
As stated previously, the selection of committees is @ific , (; —0.18, P = 42.14, N = 655).

because it affects the remainder of the algorithm. ObVl'ous{/Vith the increasing value od the precision increases, but the

the criterion function for agglomerative clustering usedtep R

of Phase Il is important in this process. We therefore mmsm?rumber of words clustered drops significantly. The tendency
P P ) persists for higher values of both thresholds, é8g:com =

2We changed the original symbalto x so as not to confuse it witk in  0-3,0 = 0.25, P = 454, N = 522). When we setr small

the algorithm. andfg;com We get relatively good precision but more words

arg max e g, simC (s, c)
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clustered, e.9{0gicom = 0.3,0 = 0.1,P = 38.81,N = Finally, an example of a polysemous committee and the LU
742). It means that, contrary to the statement and chart in [2jtoup generated on this basis. The group clearly consists of
tuning of both thresholds was important in our case. two separate parts: animals and zodiac signs.

In order to illustrate the work of the algorithm, we selected , committee 11 bestiabeast byk bull, lew lion, tygrys
two examples of correct word senses extracted for two poly-  tiger
semous LUs. The word senses are represented by committegs | U group: {lew, byk, tygrys, bestia, wodnilaquarius
described by numeriC identiﬁers. In th|S Way |t iS emphed;ise koziorcﬁec Capricorn, n|ed2W|ed2 bear, Smok dragon
that committee members define only some word sense and are skorpion scorpiq nosoraec rhinoceros bliznie twin,

not necessarily near synonyms of the given LU.
LU: bessaeconomic slump
id=95 committee:{ niezdoln& inability, paralz paralysis
rozktad decompositionrozpaddecay zablokowanie
blockage zap&t collapse zastéjstagnation}
id=153committee:{ tendencjendencytrendtrend }
LU: chirurgia surgery

109 committee:{ biologiabiology, fizjologia physiology
genetykagenetics medycynamedicine}
196 committee:{ ambulatoriunoutpatient unit gabinet

cabinet klinika clinic, lecznictwomedical care po-
radniaclinic, przychodniadispensary}
Now, the same but with the proposaduristic of minimal
value activatedsee Section V.
LU: bessa
64  committee: {pobystay, podré& travel} — a spurious
sense

95 committeeas above
153 committeeas above
LU: chirurgia

109 committeeas above

171 committee: {karanie punishing leczenie treat-
ment prewencja prevention profilaktyka prophy-
laxis, rozpoznawanigliagnosing ujawnianiereveal-
ing, wykrywaniediscovering zapobiegani@revent-
ing, zwalczanidight, sciganigoursuing, prosecutirig
— a correct additional sense found

196 committeeas above

Next, two examples of committees and the generated wof

groups.
« committee 57 {ciemnost darkness ciszasilence mil-
czeniesilence = not speakirg
o LU group: {cisza, milczenie, ciemr&&, spokdjquiet
bezruchimmobility, samotn&t solitude pustkaempti-

ness mrok dimness cichct silence (literary) zaduma

reverie zapomnienidorgetting nudaennuij tajemnicase-
cret, otchtah abyss furkot whirr, skupienieconcentration
cyngieltrigger, gluszawilderness jasn&t brilliance}

o committee 69 {grota grotto, géra mountain jaskinia
cave lodowiec glacier, masyw massif rafa reef skata
rock, wzgorzehill}

o« LU group: {g6ra, skala, wzgoérze, jaskinia, masyw,

pagorek hillock, grota, wzniesienieelevation skatka
small rock wydma dune goérka small mountain

lampartleopard bawotbuffalo}

The last examples clearly show the role of the committee
in defining the main semantic axis of the LU group. Two
general LUs but semantically different occurring in the sam
committee makes it ambiguous between at least two senses.
Such a committee results in inconsistent LU groups created
on its basis. Thus the initial selection of committees i@l
for the quality of the whole algorithm, and the CBC quality
depends directly on the MSR applied.

B. Evaluating by a Synonymy Test

The estimation of synset similarity is not reliable without
synset probabilities, at least as the basis of a reimpleatient
of the evaluation proposed in [3], [2]. We have therefore-con
structed an additional measure of the accuracy of clugterin
We assumed that proper clustering should be able to clear the
MSR from accidental or remote associations. That is to say,
if two words belong to the same word group, it is a strong
evidence of their being near-synonyms or at least beinghlos
related in the hypernymy structure.

In WordNet-Based Synonymy Test (WBST) [10], [11], for
each LU ¢ we create a set of four possible answetsin
such a way that only ong € A belongs to the same synset
as q. The three detractors are selected randomly but do not
belong to any synset either qgfor p. Next, we evaluate the
accuracy of choosing amongA on the basis of MSR: we
automatically selectrax,c 4 M SR(q,a). In the evaluation of
clustering on the basis of WBST we use sequentially two
criteria in answering a single WBST question. The results of

féjstering is the primary criterion, and the MSR is secondar
Here is the algorithm of selecting the answer for a geird):

1) if there is only one: such thatz belongs to a LU group
of ¢, returna
2) if there is a subséy C A whose every element is in
one word group withy (not necessarily the same one),
for eacha € W4:
a) calculate the rank position ofank(a,q) in a
LU group of ¢ on the basis of similarity to the
committee
b) select subseWy R C W4 of elements with the
highest rank
c) if [WgR| > 1, returnmazq,ew, rRMSR(a,q)
3) returnmaz,caMSR(a,q)
If more possible answers belong to one of the LU groups of

ptaskowy plateay podn&e foothill, lodowiec, wyspa a, we need to compare them. Each element of a LU group has

island, wulkan volcanqg pieczaracave zbocze slope
tawica shoa}

some similarity to this group’s committee, but the simihari
values depend on the size of the committee. Committees are
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TABLE Il

represented by centroids calculated from feature vectbrs Oxccuracy INEWBSTTEST SIZE¢ 5o EXPRESSE®6 OF RESPONSES
the members. With more members the number of non-zero GIVEN BY CBC.
features increases, and the average values for most feature Ao | AGe-CBEC oy B | CBC | S g il
. S . A . Y - (0] . BCclY

are smaller, so the resulting values of the similarity to thegeaya T 5747 5561 615 52
elements of the word group are lower. Instead of the exact 5455 60.82 684 25
similarity values, we arrange all LU group elements in thei2 54.80 62.42 660 24
linear order of their similarity. The resulting ranks arexne |-"L 54.43 49.08 379 14

. i . slink 54.47 60.60 637 23
used in step 2a to compare different possmle answers. Wolink 5220 56.07 601 >5

If the results of clustering do not give enough evidence to

select the answer, we select the answer on the basis of the
MSR alone.

We generated 2726 WBST questions frpiiVordNet The  different features. In order to emphasise the representati
RWF MSR applied alone to solving the test gave 90.97%f subsequent senses in the vectorugf some the features
accuracy (2480 correct and 246 incorrect answers). overlapping with the committee centroid are removed from
the vector ofw in step 2c. We found this technique too radical.

TABLE Il . , .
ACCURACY INWBSTTEST. SIZE¢ 5 EXPRESSE®6 OF REsponses ~ We performed a manual inspection of data collected in a co-
GIVEN BY CBC. occurrence matrix. We concluded that it is hard to expect
: any group of features to encode some sense unambiguously.
Acc. [%] | Acc., CBC only[%] | CBC q. | Sizecpc[%] y 9 P ; h | id | | 9 hil y
UPGMA |~ 9061 93.92 795 8 Moreover, some features have low, accidental values, while
i1 90.68 94.30 491 18 some are very high. Finally, vector similarity is influenced
ihzl 28-2‘21 gg-gs ;‘ig ig by the whole vector, especially when we analyse the absolute
STk 9035 313 355 17 values of similarity by comparing it to a threshold, ecgin
welink 90.28 93.50 523 19 step 2b of CBC.

Assuming that a group of features and some part of their

The application of the combined algorithm based on CBGtrength’ are associated with a sense just recorded, wéegfan
and RWF MSR achieved the accuracy of 90.68% (see @& |ook for an estimation of the extent to which feature
ble I1). The result of CBC-based algorithm is only slightlyalues should be reduced. The best option seems to be the
worse, but the conclusion is that CBC clustering did not@rirextraction of some association of features with sensesfobut
any improvement to RWF MSR in its ability to distinguishthat we need an independent source of knowledge for grouping
between a near-synonym and non-related LUs. features, as it was done in [9]. Unfortunately, it is not [ilolss

In the next experiment we applied RWF MSR and the CBGn the case of a language with limited resources like Polish.
based algorithm to solving a (much more difficult) Enhancegstead, we tested two simple heuristies((;) is the value

WBST (EWBST) proposed in [11]. In EWBST wrong answergf the f; feature,v.(f;) — the value off; in the committee
are randomly selected from LUs which asemilar to the centroid):

proper answer. The similarity is defined on the basis of a

wordnet,plWordNetin our case. RWF MSR scores 55.52% in o« minimal value —w(f;) = w(fi) — min(w(f;), ve(f)),
EWBST. The result of CBC-based algorithm is significantly . the ratio of committee importance (f;) = w(f;) —
lower in EWBST than the result of RWF MSR alone. LU y( ;) &elfi)_

groups generated by CBC include too many loosely related 2 ve(®)

LUs. Assigning a LU to a LU group depends on the similarity |, e minimal value heuristics we make quite a strong

to the committee vector and the |mpI|C|t-threshcﬂglCOm. assumption that a feature is associated only with one sense
Both M_SRS generated on our corpus using morphos_yntac&q one of the sides: LU and committee. The lower value
constraints can have different levels of values for dlflm’reidentifies the right side. The ratio heuristics is based on a

lists of the most semantically related LUs. This complisatgy e axer assumption: the feature corresponds to the conemitte
settlgg the value ofg;c.n, @and generating more ConS'StenHescription only to some extent.
word groups.

ThegreSlE)Its of the evaluation by synonymy test are congisten The application of both heuristics was tested experimbntal
with the results in IV-A and reveal the source of low preaisio We used the settings that resulted in the best precision in
loosely related LUs are too often grouped in the same groug&ble I, namely RWF MSR, i2 used for initial clustering and
The achieved results of CBC evaluation are in contrast with® original technique of removing features. The minimal-

the better score of RWE MSR alone. value heuristics increased the precision from 38.8% to 4% o
695 words clustered. The usage of the ratio heuristic imgsov
V. IDENTIFYING SUBSEQUENTSENSES the result even further — the precision rises to 42.5% on 701

CBC can assign a LW to several LU groups, because words clustered. A manual inspection of the results showed
can be similar to several committee centroids. It is assumétht the algorithm tends to produce too many overlapping
that the representation of different senses can depend semses while using the ratio heuristic.
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V1. CONCLUSIONS ANDFURTHER RESEARCH sense association together with the algorithm of extraatio

Several explicit and implicit thresholds defined in the alg$ubsequent senses from LU description and finally the pnoble

rithm make the re-implementation of CBC difficult. MoreoyerOf Optimisation of the numerous threshold values. Except th

most of the thresholds seem to depend on the MSR us!gﬁF point, we prop(_)sed some SO.IUt'OnS to all elements but,
ile we achieved improvement in all of them, all of them

and, unfortunately, on the corpus. Any optimisation method o be still h i
would be difficult to apply because of the complexity of th&eM 10 be St open research questions.
whole CBC process. One full iteration takes 5-7 hours on a PC ACKNOWLEDGMENT
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