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tThis paper des
ribes a set of experiments 
ar-ried out to explore the domain dependen
eof alternative supervised Word Sense Disam-biguation algorithms. The aim of the work isthreefold: studying the performan
e of thesealgorithms when tested on a di�erent 
or-pus from that they were trained on; explor-ing their ability to tune to new domains,and demonstrating empiri
ally that the Lazy-Boosting algorithm outperforms state-of-the-art supervisedWSD algorithms in both previ-ous situations.Keywords: Cross{
orpus evaluation of NLPsystems, Word Sense Disambiguation, Super-vised Ma
hine Learning1 Introdu
tionWord Sense Disambiguation (WSD) is theproblem of assigning the appropriate meaning(sense) to a given word in a text or dis
ourse.Resolving the ambiguity of words is a 
entralproblem for large s
ale language understand-ing appli
ations and their asso
iate tasks (Ideand V�eronis, 1998), e.g., ma
hine transla-tion, information retrieval, referen
e resolu-tion, parsing, et
.WSD is one of the most important openproblems in NLP. Despite the wide range ofapproa
hes investigated and the large e�ortdevoted to ta
kle this problem, to date, nolarge-s
ale broad-
overage and highly a

u-rate WSD system has been built |see themain 
on
lusions of the �rst edition of Sen-sEval (Kilgarri� and Rosenzweig, 2000).One of the most su

essful 
urrent linesof resear
h is the 
orpus-based approa
h in� This resear
h has been partially funded by the Span-ish Resear
h Department (CICYT's proje
t TIC98{0423{C06), by the EU Commission (NAMIC IST-1999-12392), and by the Catalan Resear
h Depart-ment (CIRIT's 
onsolidated resear
h group 1999SGR-150 and CIRIT's grant 1999FI 00773).

whi
h statisti
al or Ma
hine Learning (ML) al-gorithms are applied to learn statisti
al mod-els or 
lassi�ers from 
orpora in order to per-formWSD. Generally, supervised approa
hes1have obtained better results than unsuper-vised methods on small sets of sele
ted am-biguous words, or arti�
ial pseudo-words.Many standard ML algorithms for supervisedlearning have been applied, su
h as: De
isionLists (Yarowsky, 1994; Agirre and Martinez,2000), Neural Networks (Towell and Voorhees,1998), Bayesian learning (Bru
e and Wiebe,1999), Exemplar-Based learning (Ng, 1997a;Fujii et al., 1998), Boosting (Es
udero et al.,2000a), et
. Unfortunately, there have beenvery few dire
t 
omparisons between alterna-tive methods for WSD.In general, supervised learning presumesthat the training examples are somehow re-
e
tive of the task that will be performed bythe trainee on other data. Consequently, theperforman
e of su
h systems is 
ommonly es-timated by testing the algorithm on a separatepart of the set of training examples (say 10{20% of them), or by N{fold 
ross{validation,in whi
h the set of examples is partitioned intoN disjoint sets (or folds), and the training{test pro
edure is repeated N times using all
ombinations of N�1 folds for training and 1fold for testing. In both 
ases, test examplesare di�erent from those used for training, butthey belong to the same 
orpus, and, there-fore, they are expe
ted to be quite similar.Although this methodology 
ould be validfor 
ertain NLP problems, su
h as EnglishPart-of-Spee
h tagging, we think that thereexists reasonable eviden
e to say that, inWSD, a

ura
y results 
annot be simply ex-trapolated to other domains (
ontrary to theopinion of other authors (Ng, 1997b)): On the1Supervised approa
hes, also known as data{drivenor 
orpus{driven, are those that learn from a previ-ously semanti
ally annotated 
orpus.



one hand, WSD is very dependant to the do-main of appli
ation (Gale et al., 1992b) |seealso (Ng and Lee, 1996; Ng, 1997a), in whi
hquite di�erent a

ura
y �gures are obtainedwhen testing an exemplar{based WSD 
lassi-�er on two di�erent 
orpora. On the otherhand, it does not seem reasonable to thinkthat the training material is large and repre-sentative enough to 
over \all" potential typesof examples.To date, a thorough study of the domaindependen
e of WSD |in the style of otherstudies devoted to parsing (Sekine, 1997)|has not been 
arried out. We think that su
han study is needed to assess the validity ofthe supervised approa
h, and to determine towhi
h extent a tuning pro
ess is ne
essary tomake real WSD systems portable. In orderto 
orroborate the previous hypotheses, thispaper explores the portability and tuning offour di�erent ML algorithms (previously ap-plied to WSD) by training and testing themon di�erent 
orpora.Additionally, supervised methods su�erfrom the \knowledge a
quisition bottle-ne
k" (Gale et al., 1992a). (Ng, 1997b) esti-mates that the manual annotation e�ort ne
-essary to build a broad 
overage semanti
allyannotated English 
orpus is about 16 person{years. This overhead for supervision 
ould bemu
h greater if a 
ostly tuning pro
edure isrequired before applying any existing systemto ea
h new domain.Due to this fa
t, re
ent works have fo
usedon redu
ing the a
quisition 
ost as well as theneed for supervision in 
orpus-based methods.It is our belief that the resear
h by (Lea
o
k etal., 1998; Mihal
ea and Moldovan, 1999)2 pro-vide enough eviden
e towards the \opening"of the bottlene
k in the near future. For thatreason, it is worth further investigating therobustness and portability of existing super-vised ML methods to better resolve the WSDproblem.It is important to note that the fo
us ofthis work will be on the empiri
al 
ross{
orpus evaluation of several ML supervised al-gorithms. Other important issues, su
h as:sele
ting the best attribute set, dis
ussing anappropriate de�nition of senses for the task,et
., are not addressed in this paper.2In the line of using lexi
al resour
es and sear
h en-gines to automati
ally 
olle
t training examples fromlarge text 
olle
tions or Internet.

This paper is organized as follows: Se
tion 2presents the four ML algorithms 
ompared.In se
tion 3 the setting is presented in de-tail, in
luding the 
orpora and the experimen-tal methodology used. Se
tion 4 reports theexperiments 
arried out and the results ob-tained. Finally, se
tion 5 
on
ludes and out-lines some lines for further resear
h.2 Learning Algorithms Tested2.1 Naive-Bayes (NB)Naive Bayes is intended as a simple represen-tative of statisti
al learning methods. It hasbeen used in its most 
lassi
al setting (Dudaand Hart, 1973). That is, assuming indepen-den
e of features, it 
lassi�es a new exampleby assigning the 
lass that maximizes the 
on-ditional probability of the 
lass given the ob-served sequen
e of features of that example.Model probabilities are estimated duringtraining pro
ess using relative frequen
ies. Toavoid the e�e
t of zero 
ounts when esti-mating probabilities, a very simple smooth-ing te
hnique has been used, whi
h was pro-posed in (Ng, 1997a). Despite its simpli
ity,Naive Bayes is 
laimed to obtain state{of{the{art a

ura
y on supervised WSD in many pa-pers (Mooney, 1996; Ng, 1997a; Lea
o
k etal., 1998).2.2 Exemplar-based Classi�er (EB)In Exemplar{based learning (Aha et al., 1991)no generalization of training examples is per-formed. Instead, the examples are storedin memory and the 
lassi�
ation of new ex-amples is based on the 
lasses of the mostsimilar stored examples. In our implemen-tation, all examples are kept in memory andthe 
lassi�
ation of a new example is basedon a k{NN (Nearest{Neighbours) algorithmusing Hamming distan
e3 to measure 
lose-ness (in doing so, all examples are examined).For k's greater than 1, the resulting sense isthe weighted majority sense of the k near-est neighbours |where ea
h example votes itssense with a strength proportional to its 
lose-ness to the test example.In the experiments explained in se
tion 4,the EB algorithm is run several times usingdi�erent number of nearest neighbours (1, 3,3Although the use of MVDM metri
 (Cost andSalzberg, 1993) 
ould lead to better results, 
urrentimplementations have prohivitive 
omputational over-heads (Es
udero et al., 2000b).



5, 7, 10, 15, 20 and 25) and the results 
orre-sponding to the best 
hoi
e are reported4.Exemplar{based learning is said to be thebest option for WSD (Ng, 1997a). Other au-thors (Daelemans et al., 1999) point out thatexemplar{based methods tend to be superiorin language learning problems be
ause theydo not forget ex
eptions.2.3 Snow: A Winnow{based Classi�erSnow stands for Sparse Network Of Winnows,and it is intended as a representative of on{line learning algorithms.The basi
 
omponent is the Winnow al-gorithm (Littlestone, 1988). It 
onsists of alinear threshold algorithm with multipli
ativeweight updating for 2-
lass problems, whi
hlearns very fast in the presen
e of many bi-nary input features.In the Snow ar
hite
ture there is a winnownode for ea
h 
lass, whi
h learns to separatethat 
lass from all the rest. During training,ea
h example is 
onsidered a positive examplefor winnow node asso
iated to its 
lass anda negative example for all the rest. A keypoint that allows a fast learning is that thewinnow nodes are not 
onne
ted to all featuresbut only to those that are \relevant" for their
lass. When 
lassifying a new example, Snowis similar to a neural network whi
h takes theinput features and outputs the 
lass with thehighest a
tivation.Snow is proven to perform very well inhigh dimensional domains, where both, thetraining examples and the target fun
tion re-side very sparsely in the feature spa
e (Roth,1998), e.g: text 
ategorization, 
ontext{sensitive spelling 
orre
tion, WSD, et
.In this paper, our approa
h to WSD usingSnow follows that of (Es
udero et al., 2000
).2.4 LazyBoosting (LB)The main idea of boosting algorithms is to
ombine many simple and moderately a

u-rate hypotheses (
alled weak 
lassi�ers) intoa single, highly a

urate 
lassi�er. The weak
lassi�ers are trained sequentially and, 
on-
eptually, ea
h of them is trained on the ex-amples whi
h were most diÆ
ult to 
lassifyby the pre
eding weak 
lassi�ers. These weak4In order to 
onstru
t a real EB{based system forWSD, the k parameter should be estimated by 
ross{validation using only the training set (Ng, 1997a),however, in our 
ase, this 
ross{validation inside the
ross{validation involved in the testing pro
ess wouldgenerate a prohibitive overhead.

hypotheses are then linearly 
ombined into asingle rule 
alled the 
ombined hypothesis.More parti
ularly, the S
hapire and Singer'sreal AdaBoost.MH algorithm for multi-
lass multi{label 
lassi�
ation (S
hapire andSinger, to appear) has been used. As in thatpaper, very simple weak hypotheses are used.They test the value of a boolean predi
ate andmake a real{valued predi
tion based on thatvalue. The predi
ates used, whi
h are the bi-narization of the attributes des
ribed in se
-tion 3.2, are of the form \f = v", where f is afeature and v is a value (e.g: \previous word= hospital"). Ea
h weak rule uses a singlefeature, and, therefore, they 
an be seen assimple de
ision trees with one internal node(testing the value of a binary feature) and twoleaves 
orresponding to the yes/no answers tothat test.LazyBoosting (Es
udero et al., 2000a), is asimple modi�
ation of the AdaBoost.MH al-gorithm, whi
h 
onsists of redu
ing the fea-ture spa
e that is explored when learning ea
hweak 
lassi�er. More spe
i�
ally, a small pro-portion p of attributes are randomly sele
tedand the best weak rule is sele
ted only amongthem. The idea behind this method is thatif the proportion p is not too small, probablya suÆ
iently good rule 
an be found at ea
hiteration. Besides, the 
han
e for a good ruleto appear in the whole learning pro
ess is veryhigh. Another important 
hara
teristi
 is thatno attribute needs to be dis
arded and, thus,the risk of eliminating relevant attributes isavoided. The method seems to work quite wellsin
e no important degradation is observed inperforman
e for values of p greater or equalto 5% (this may indi
ate that there are manyirrelevant or highly dependant attributes inthe WSD domain). Therefore, this modi�
a-tion signi�
antly in
reases the eÆ
ien
y of thelearning pro
ess (empiri
ally, up to 7 timesfaster) with no loss in a

ura
y.3 Setting3.1 The DSO CorpusThe DSO 
orpus is a semanti
ally annotated
orpus 
ontaining 192,800 o

urren
es of 121nouns and 70 verbs, 
orresponding to the mostfrequent and ambiguous English words. This
orpus was 
olle
ted by Ng and 
olleagues (Ngand Lee, 1996) and it is available from theLinguisti
 Data Consortium (LDC)5.5LDC address: http://www.ld
.upenn.edu/



The DSO 
orpus 
ontains senten
es fromtwo di�erent 
orpora, namely Wall StreetJournal (WSJ) and Brown Corpus (BC).Therefore, it is easy to perform experimentsabout the portability of alternative systemsby training them on the WSJ part and testingthem on the BC part, or vi
e-versa. Here-inafter, the WSJ part of DSO will be referredto as 
orpus A, and the BC part to as 
orpus B.At a word level, we for
e the number of exam-ples of 
orpus A and B be the same6 in orderto have symmetry and allow the 
omparisonin both dire
tions.From these 
orpora, a group of 21 wordswhi
h frequently appear in the WSD litera-ture has been sele
ted to perform the 
om-parative experiments (ea
h word is treatedas a di�erent 
lassi�
ation problem). Thesewords are 13 nouns (age, art, body, 
ar, 
hild,
ost, head, interest, line, point, state, thing,work) and 8 verbs (be
ome, fall, grow, lose,set, speak, strike, tell). Table 1 
ontains in-formation about the number of examples, thenumber of senses, and the per
entage of themost frequent sense (MFS) of these referen
ewords, grouped by nouns, verbs, and all 21words.3.2 AttributesTwo kinds of information are used to performdisambiguation: lo
al and topi
al 
ontext.Let \: : : w�3 w�2 w�1 w w+1 w+2 w+3 : : :"be the 
ontext of 
onse
utive words aroundthe word w to be disambiguated, and p�i(�3 � i � 3) be the part{of{spee
h tagof word w�i. Attributes referring to lo
al
ontext are the following 15: p�3, p�2,p�1, p+1, p+2, p+3, w�1, w+1, (w�2; w�1),(w�1; w+1), (w+1; w+2), (w�3; w�2; w�1),(w�2; w�1; w+1), (w�1; w+1; w+2), and(w+1; w+2; w+3), where the last seven 
or-respond to 
ollo
ations of two and three
onse
utive words.The topi
al 
ontext is formed by 
1; : : : ; 
m,whi
h stand for the unordered set of open 
lasswords appearing in the senten
e7.The four methods tested translate thisinformation into features in di�erent ways.Snow and LB algorithms require binary fea-6This is a
hieved by ramdomly redu
ing the size ofthe largest 
orpus to the size of the smallest.7The already des
ribed set of attributes 
ontainsthose attributes used in (Ng and Lee, 1996), with theex
eption of the morphology of the target word andthe verb{obje
t synta
ti
 relation.

tures. Therefore, lo
al 
ontext attributes haveto be binarized in a prepro
ess, while the top-i
al 
ontext attributes remain as binary testsabout the presen
e/absen
e of a 
on
rete wordin the senten
e. As a result the number ofattributes is expanded to several thousands(from 1,764 to 9,900 depending on the parti
-ular word).The binary representation of attributes isnot appropriate for NB and EB algorithms.Therefore, the 15 lo
al-
ontext attributes aretaken straightforwardly. Regarding the binarytopi
al{
ontext attributes, we have used thevariants des
ribed in (Es
udero et al., 2000b).For EB, the topi
al information is 
odi�ed asa single set{valued attribute (
ontaining allwords appearing in the senten
e) and the 
al-
ulation of 
loseness is modi�ed so as to han-dle this type of attribute. For NB, the top-i
al 
ontext is 
onserved as binary features,but when 
lassifying new examples only theinformation of words appearing in the exam-ple (positive information) is taken into a
-
ount. In that paper, these variants are 
alledpositive Exemplar{based (PEB) and positiveNaive Bayes (PNB), respe
tively. PNB andPEB algorithms are empiri
ally proven to per-form mu
h better in terms of a

ura
y andeÆ
ien
y in the WSD task.3.3 Experimental MethodologyThe 
omparison of algorithms has been per-formed in series of 
ontrolled experiments us-ing exa
tly the same training and test sets.There are 7 
ombinations of training{test sets
alled: A+B{A+B, A+B{A, A+B{B, A{A, B{B, A{B, and B{A, respe
tively. In this nota-tion, the training set is pla
ed at the left handside of symbol \{", while the test set is at theright hand side. For instan
e, A{Bmeans thatthe training set is 
orpus A and the test setis 
orpus B. The symbol \+" stands for setunion, therefore A+B{B means that the train-ing set is A union B and the test set is B.When 
omparing the performan
e of two al-gorithms, two di�erent statisti
al tests of sig-ni�
an
e have been applied depending on the
ase. A{B and B{A 
ombinations represent asingle training{test experiment. In this 
ases,the M
Nemar's test of signi�
an
e is used(with a 
on�den
e value of: �21;0:95 = 3:842),whi
h is proven to be more robust than a sim-ple test for the di�eren
e of two proportions.In the other 
ombinations, a 10-fold 
ross-validation was performed in order to prevent



A or B A Bexamples senses MFS (%) senses MFS (%)min max avg min max avg min max avg min max avg min max avgnouns 122 714 420 2 24 7.7 37.9 90.7 59.8 3 24 8.8 21.0 87.7 45.3verbs 101 741 369 4 13 8.9 20.8 81.6 49.3 4 14 11.4 28.0 71.7 46.3all 101 741 401 2 24 8.1 20.8 90.7 56.1 3 24 9.8 21.0 87.7 45.6Table 1: Information about the set of 21 words of referen
e.testing on the same material used for training.In these 
ases, a

ura
y/error rate �gures re-ported in se
tion 4 are averaged over the re-sults of the 10 folds. The asso
iated statisti
altests of signi�
an
e is a paired Student's t-testwith a 
on�den
e value of: t9;0:975 = 2:262.Information about both statisti
al tests 
anbe found at (Dietteri
h, 1998).4 Experiments4.1 First ExperimentTable 2 shows the a

ura
y �gures of the fourmethods in all 
ombinations of training andtest sets8. Standard deviation numbers aresupplied in all 
ases involving 
ross valida-tion. MFC stands for a Most{Frequent{senseClassi�er, that is, a naive 
lassi�er that learnsthe most frequent sense of the training setand uses it to 
lassify all examples of the testset. Averaged results are presented for nouns,verbs, and overall, and the best results forea
h 
ase are printed in boldfa
e.The following 
on
lusions 
an be drawn:� LB outperforms all other methods inall 
ases. Additionally, this superiorityis statisti
ally signi�
ant, ex
ept when
omparing LB to the PEB approa
h in the
ases marked with an asterisk.� Surprisingly, LB in A+B{A (or A+B{B)does not a
hieve substantial improvementto the results of A{A (or B{B) |in fa
t,the �rst variation is not statisti
ally sig-ni�
ant and the se
ond is only slightlysigni�
ant. That is, the addition of extraexamples from another domain does notne
essarily 
ontribute to improve the re-sults on the original 
orpus. This e�e
t isalso observed in the other methods, spe-
ially in some 
ases (e.g. Snow in A+B{Avs. A{A) in whi
h the joining of bothtraining 
orpora is even 
ounterprodu
-tive.8The se
ond and third 
olumn 
orrespond to thetrain and test sets used by (Ng and Lee, 1996; Ng,1997a)

� Regarding the portability of the systems,very disappointing results are obtained.Restri
ting to LB results, we observe thatthe a

ura
y obtained in A{B is 47.1%while the a

ura
y in B{B (whi
h 
anbe 
onsidered an upper bound for LB inB 
orpus) is 59.0%, that is, a drop of12 points. Furthermore, 47.1% is onlyslightly better than the most frequentsense in 
orpus B, 45.5%. The 
ompari-son in the reverse dire
tion is even worse:a drop from 71.3% (A{A) to 52.0% (B{A), whi
h is lower than the most frequentsense of 
orpus A, 55.9%.4.2 Se
ond ExperimentThe previous experiment shows that 
lassi-�ers trained on the A 
orpus do not work wellon the B 
orpus, and vi
e-versa. Therefore,it seems that some kind of tuning pro
ess isne
essary to adapt supervised systems to ea
hnew domain.This experiment explores the e�e
t of a sim-ple tuning pro
ess 
onsisting of adding to theoriginal training set a relatively small sam-ple of manually sense tagged examples of thenew domain. The size of this supervised por-tion varies from 10% to 50% of the available
orpus in steps of 10% (the remaining 50% iskept for testing). This set of experiments willbe referred to as A+%B{B, or 
onversely, toB+%A{A.In order to determine to whi
h extent theoriginal training set 
ontributes to a

uratelydisambiguate in the new domain, we also 
al-
ulate the results for %A{A (and %B{B), thatis, using only the tuning 
orpus for training.Figure 1 graphi
ally presents the results ob-tained by all methods. Ea
h plot 
ontains theX+%Y{Y and %Y{Y 
urves, and the straightlines 
orresponding to the lower bound MFC,and to the upper bounds Y{Y and X+Y{Y.As expe
ted, the a

ura
y of all methodsgrows (towards the upper bound) as more tun-ing 
orpus is added to the training set. How-ever, the relation between X+%Y{Y and %Y{Y reveals some interesting fa
ts. In plots 2a,



A

ura
y (%)A+B{A+B A+B{A A+B{B A{A B{B A{B B{Anouns 46.59�1.08 56.68�2.79 36.49�2.41 59.77�1.44 45.28�1.81 33.97 39.46MFC verbs 46.49�1.37 48.74�1.98 44.23�2.67 48.85�2.09 45.96�2.60 40.91 37.31total 46.55�0.71 53.90�2.01 39.21�1.90 55.94�1.10 45.52�1.27 36.40 38.71nouns 62.29�1.25 68.89�0.93 55.69�1.94 66.93�1.44 56.17�1.60 36.62 45.99PNB verbs 60.18�1.64 64.21�2.26 56.14�2.79 63.87�1.80 57.97�2.86 50.20 50.75total 61.55�1.04 67.25�1.07 55.85�1.81 65.86�1.11 56.80�1.12 41.38 47.66nouns 62.66�0.87 69.45�1.51 56.09�1.12 69.38�1.24 56.17�1.80 42.15 50.53PEB verbs 63.67�1.94 68.39�3.25 58.58�2.40 68.25�2.84 59.57�2.86 51.19 52.24total 63.01�0.93 69.08�1.66 56.97�1.22 68.98�1.06 57.36�1.68 45.32 51.13nouns 61.24�1.14 66.36�1.57 56.11�1.45 68.85�1.36 56.55�1.31 42.13 49.96Snow verbs 60.35�1.57 64.11�2.76 56.58�2.45 63.91�1.51 55.36�3.27 47.66 49.39total 60.92�1.09 65.57�1.33 56.28�1.10 67.12�1.16 56.13�1.23 44.07 49.76nouns 66.00�1.47 72.09�1.61 59.92�1.93 71.69�1.54 58.33�2.26 43.92 51.28�LB verbs 66.91�2.25 71.23�2.99 62.58�2.93 70.45�2.14� 60.14�3.43� 52.99 53.29�total 66.32�1.34 71.79�1.51 60.85�1.81 71.26�1.15 58.96�1.86 47.10 51.99�Table 2: A

ura
y results (� standard deviation) of the methods on all training{test 
ombina-tions3a, and 1b the 
ontribution of the originaltraining 
orpus is null. Furthermore, in plots1a, 2b, and 3b a degradation on the a

ura
yperforman
e is observed. Summarizing, thesesix plots show that for Naive Bayes, ExemplarBased, and Snow methods it is not worth keep-ing the original training examples. Instead, abetter (but disappointing) strategy would besimply using the tuning 
orpus.However, this is not the situation of Lazy-Boosting (plots 4a and 4b), for whi
h a mod-erate (but 
onsistent) improvement of a

u-ra
y is observed when retaining the originaltraining set. Therefore, LazyBoosting showsagain a better behaviour than their 
ompeti-tors when moving from one domain to an-other.4.3 Third ExperimentThe bad results about portability 
ould be ex-plained by, at least, two reasons: 1) CorpusA and B have a very di�erent distribution ofsenses, and, therefore, di�erent a{priori bi-ases; 2) Examples of 
orpus A and B 
on-tain di�erent information, and, therefore, thelearning algorithms a
quire di�erent (and noninter
hangeable) 
lassi�
ation 
ues from both
orpora.The �rst hypothesis is 
on�rmed by observ-ing the bar plots of �gure 2, whi
h 
ontain thedistribution of the four most frequent sensesof some sample words in the 
orpora A andB, respe
tively. In order to 
he
k the se
ond

hypothesis, two new sense{balan
ed 
orporahave been generated from the DSO 
orpus, byequilibrating the number of examples of ea
hsense between A and B parts. In this way, the�rst diÆ
ulty is arti�
ially overrided and thealgorithms should be portable if examples ofboth parts are quite similar.Table 3 shows the results obtained by Lazy-Boosting on these new 
orpora.Regarding portability, we observe a signi�-
ant a

ura
y de
rease of 7 and 5 points fromA{A to B{A, and from B{B to A{B, respe
-tively9. That is, even when the same distri-bution of senses is 
onserved between trainingand test examples, the portability of the su-pervised WSD systems is not guaranteed.These results imply that examples have tobe largely di�erent from one 
orpus to an-other. By studying the weak rules generatedby LazyBoosting in both 
ases, we 
ould 
or-roborate this fa
t. On the one hand, the typeof features used in the rules were signi�
antlydi�erent between 
orpora, and, additionally,there were very few rules that apply to bothsets; On the other hand, the sign of the pre-di
tion of many of these 
ommon rules wassomewhat 
ontradi
tory between 
orpora.9This loss in a

ura
y is not as important as in the�rst experiment, due to the simpli�
ation provided bythe balan
ing of sense distributions.
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Figure 1: Results of the tuning experiment5 Con
lusions and Further WorkThis work has pointed out some diÆ
ultiesregarding the portability of supervised WSDsystems, a very important issue that has beenpaid little attention up to the present.A

ording to our experiments, it seems that
the performan
e of supervised sense taggers isnot guaranteed when moving from one domainto another (e.g. from a balan
ed 
orpus, su
has BC, to an e
onomi
 domain, su
h as WSJ).These results implies that some kind of adap-tation is required for 
ross{
orpus appli
ation.



Figure 2: Distribution of the four most frequent senses for two nouns (head, interest) and twoverbs (line, state). Bla
k bars = A 
orpus; Grey bars = B 
orpusA

ura
y (%)A+B{A+B A+B{A A+B{B A{A B{B A{B B{Anouns 48.75�0.91 48.90�1.69 48.61�0.96 48.87�1.68 48.61�0.96 48.99 48.99MFC verbs 48.22�1.68 48.22�1.90 48.22�3.06 48.22�1.90 48.22�3.06 48.22 48.22total 48.55�1.16 48.64�1.04 48.46�1.21 48.62�1.09 48.46�1.21 48.70 48.70nouns 62.82�1.43 64.26�2.07 61.38�2.08 63.19�1.65 60.65�1.01 53.45 55.27LB verbs 66.82�1.53 69.33�2.92 64.32�3.27 68.51�2.45 63.49�2.27 60.44 62.55total 64.35�1.16 66.20�2.12 62.50�1.47 65.22�1.50 61.74�1.18 56.12 58.05Table 3: A

ura
y results (� standard deviation) of LazyBoosting on the sense{balan
ed 
orporaFurthermore, these results are in 
ontradi
-tion with the idea of \robust broad-
overageWSD" introdu
ed by (Ng, 1997b), in whi
h asupervised system trained on a large enough
orpora (say a thousand examples per word)should provide a

urate disambiguation onany 
orpora (or, at least signi�
antly betterthan MFS).Consequently, it is our belief that a numberof issues regarding portability, tuning, knowl-edge a
quisition, et
., should be thoroughlystudied before stating that the supervisedMLparadigm is able to resolve a realisti
 WSDproblem.Regarding the ML algorithms tested, the
ontribution of this work 
onsist of empiri-
ally demonstrating that the LazyBoosting al-gorithm outperforms other three state-of-the-art supervisedML methods forWSD. Further-more, this algorithm is proven to have betterproperties when is applied to new domains.Further work is planned to be done in thefollowing dire
tions:� Extensively evaluate LazyBoosting on theWSD task. This would in
lude tak-ing into a

ount additional/alternativeattributes and testing the algorithm inother 
orpora |spe
ially on sense-tagged
orpora automati
ally obtained from In-ternet or large text 
olle
tions using non-supervised methods (Lea
o
k et al., 1998;Mihal
ea and Moldovan, 1999).

� Sin
e most of the knowledge learned froma domain is not useful when 
hangingto a new domain, further investigation isneeded on tuning strategies, spe
ially onthose using non-supervised algorithms.� It is known that mislabelled examples re-sulting from annotation errors tend to behard examples to 
lassify 
orre
tly, and,therefore, tend to have large weights inthe �nal distribution. This observationallows both to identify the noisy exam-ples and use LazyBoosting as a way toimprove data quality. Preliminary exper-iments have been already 
arried out inthis dire
tion on the DSO 
orpus.� Moreover, the inspe
tion of the ruleslearned by LazyBoosting 
ould provideeviden
e about similar behaviours of a{priori di�erent senses. This type ofknowledge 
ould be useful to perform
lustering of too �ne-grained or arti�
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