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Abstract—In the paper we present an adaptation of the by the developed tools for the automatic extraction of insts
Espresso algorithm of the extraction of lexical semantic fation  of |exical semantic relations from corpora. We paid special
to specific requirements of Polish. The introduced changesra attention to hypernymy due to its importance, i.e. our aim is

of more technical character like the adaptation to the exishg t truct a tool . . £ h dh
Polish language tools, but also we investigate the structarof 0 constructatoolacquiring pairs of: nypernym and hyponym

the patterns that takes into account specific features of Pigh from large corpora.
as an inflectional language. A new method of the reliability = There are two possible paradigms [Flattern-basedand
measure computation is proposed. The modified version of the c|ystering basedalso calleddistributional The latter results

algorithm called Estratto was compared with the more direct 0,4 recall but there are problems with precision, as its
reimplementation of Espresso on several corpora of Polish.

We tested the influence of different algorithm parameters ad  tyPical product is aneasure of semantic relatednesst some

different corpora on the received results. lexical semantic relationship itself. For any pair of LU®ith
level of relatedness can be obtained, but it is very unclear h
[. INTRODUCTION to perform the identification of an type of relation. In thear

TARTING construction of a system from scratch givle t_he clustering based paradigm, several works were dqne fo
Smuch more control over it, but in the case of large, pra&°lish, €.9. [6], [7]. However, the number of works done ie th
tical systems it usually means that it will never be complete@r€@ of pattern-based paradigm is very small, e.g. (Dexmwi
In current-day software engineering, the component-based 2007), (Ceglarek & Rutkowski, 2006) the latter one dealing
chitecture and re-usable components became a typical way'§f? the machine readable dictionaries, not corpora.
construction. In the contemporary Computational Lingesst _Pattern-based approaches are claimed to express good pre-
and Natural Language Engineering a similar role is play&dion, but very small recall in the case of patterns cowstal
by basic language resources and tools. There are attempt8'@tually, €.g. [8]. The recall of patterns can be increased b
define a basic set of them, e.g. [1][2], or to build architessu USINg Mmany or more generic patterns extracted automaticall
supporting their application, e.g. (Clarin). Wordrehsilt for from a corpus, i.e. patterns which have broad coverage but
different languages became commonly applied as the sofirc&¥rinsically low precision. The system Espresso presebie
linguistic knowledge. The main problem of the basic languag’@ntel and Pennacchiotti [5] is so successful an example of
resources is that they do not exist for many languages aird trf8!Ch an approach, that it inspired us to adapting this type of
construction takes a lot of time and is costly. The consioact @PProach to Polish.
of the first Polish Wordnet, calleflWordNet(Polish name: ~ Our goal was to develop a statistical method of the ex-
Stowosie} started in the year 2005, and its current versiofiaction of lexico-morphosyntactic patterns for the neefls
includes 14 677 lexical units (henceforth LUs)—one wor@utomatic hyperonymy acquisition. Our starting point whes t
or multiword lexemes [4]. In wordnet, LUs which are neapdaptation of the Espresso algorithm to the Polish language
synonyms are grouped into synsets, sets of near synony@i¥d even more important, to a very limited set of language
and synsets are linked by lexical relations of several types tools for Polish. In the paper we present the measures intro-
plWordNet, the synset relations can be mapped onto the legéiced in Espresso, elements that should be taken into accoun
of LU relations. One of the most important relations for any’hen Polish patterns are being extracted and application
wordnet is hypernymy—simplifying, an LW is the hypernym Of Espresso to extracting hypernymy. We also discuss the
of theb if b is a kind ofa on the basis of their lexical meaningsPossibility of acquiring other types of relations. On thesisa

The present size of plWordNet is too small for many applRf the collected experience, an extended version of Espress
cations. It could not be larger, since its manual constouctiiS Proposed calledstratta
was quite expensive. However, knowing that, from the very
beginning, we assumed the manual work would be supported Il. ESPRESSO

1A wordnet is an electronic thesaurus of the structure fdligathe main Espresso '§ thought to solve tbeotstrappl-ngoroblem [9l,
lines of the Princeton WordNet [3] [10] i.e. learning the structure of the domain, where
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“the phenomena and the rules defined in terms of elements of the algorithm and is defined for patterns in the

those categories are learned from scratch [...]” following way:

and pmi(i,p) ;
“the specification of a set of rules presupposes a set = Yier( mazpmi () 1)
of categories, but the validity of a set of categories 1]
can only be assessed in the light of the utility of the  \yherep is a patternj—an instancey,—measure of reliability
set of rules that they support. for instancespmi—Pointwise Mutual Information, explained

So both rules and categories must be derived together. gélow, and|7|—the size of the set of instances.
Espresso rules are patterns and categories are semantic r¢he reliability of instances is defined in a very similar
lations represented hipstancesdefined as pairs of LUs. The way, but this time the reliability of patterns is utilized ihe

algorithm consist of three phases: equation.
« constructionof patterns on the basis afistancesof a ~ PMI measure originates from the Theory of Information and
relation, is defined as following:

o pattern statisticagévaluation
o and extraction of instances on the basis of positively pmi(i,p) = log |z, Dy yl|*, *, *| )
evaluated patterns. |z, %, yl[*, p, |

Pantel and Pennacchiotti claim [5] that Espresso is charg@iere |z, p,y| is the number of occurrences of and y in
terized by: contexts matching the pattep z, , y—the number of co-

» high recall together with a small decrease in precision gtcurrences of: andy in the corpus regardless the pattern,
extracted instances, etc.

» autonomy of work (weakly supervised algorithm)—only The pm; definition given in [5] does not include the
several initial instances of the given relation must bgonstituent: |«, x, #|, i.e. the number of contexts. However,

defined at the beginning, the PMI measure should be usually greater than 0, while the
« independence from the size of the used corpus Orofe defined in 2 is not. Moreover, the missing constituent is
domain, suggested also by the general definition of PMI:
« wide range of relation types that can be extracted.
The small decrease in accuracy results from the application pmi(i,p) = log M ©)
of generic patterns together with specific ones. This balanc p(I)p(P)

is achieved by the proposed measure evaluattigbility of Because PMI is significantly greater in the situation in
patterns and instances, explained in Sec®Ruedliability and which instances and patterns are not numerous (e.g. the size
confidence measure€onfidenceof instances extracted bysmaller than 10), PMI is multiplied by a factor proposed
the generic patterns is verified on a large separated corpiusf11].

The confidence of an instance originates from its strength ofThe measure of confidence of an instance extracted by
association with reliable patterns and the number of ridialthe generic patterns is based on the application of specific
patterns which extract it. Only the best patterns and imst®in patterns of high reliability to a different validating carpand

are kept for the following phase of the algorithm is calculated in the following way:
The introduced measure of reliability and confidence reduce
the need for manual supervision once Espresso started. The S(i) = Z Sp(i) * rx(p) (4)
measures are a means of creating rankings of instances and PEPR T
patterns defining the degree to which they express the target.

%%t is the set of specific patternS, = pmi(i,p) andT is the

As the system of measure, instances and pattern selecﬁ(‘ﬁ'fin.over the reliability (.)f specific patterns.
are universal and do not refer to any properties of an t is worth to emphasize that patterns are evaluated not on

particular relation being extracted, Espresso can be exppli txe basis of instances which were extracted by them, but on

a wide range of relation, and was to several, e.g. hypernyr{ﬁftbas's of |nstar|1cets ':jh_at we_re_:Jsed to $<r:]qu!re theserpatter
meronymy, antonymy but also more specific like person_fsitrz]incestz;r%eva ua edl_n aES|m|ar V\{ay. it rli 'S?C?]nf?nwf% d
company or person—iob title [5]. of the method assumed in Espresso: patterns are not matche

The characteristics of Espresso inspired us to try to adap!q 'It'ne 'T‘Sta}r_‘cesbbl;? ?jrehlnduced by the]c Insl_tatr:_(l:_es. .
to Polish. We are going to investigate the key of the algarith e intuition behind the measures of reliability and confi-

like measures of reliability and confidence, methods ofgpatt ?ence ISI that pattgrhns ;Nh'Ch WeILdes:‘:rlbef.tge given re(ff1at|o
extraction and the usage of verifying corpus for the evadnat requently occur with a large number of confident instandes o

of confidence in relation to the characteristic featuresahfh. _th|s relation. The same applies in t_he opp03|_te way. _Hovvever
in the case of confidence the difference is that instances

lll. RELIABILITY AND CONFIDENCE MEASURES extracted by generic patterns will obtain high confidente, i
The reliability measure that is applied to construct thiéhey occur in contexts matched by the specific patterns ofigoo
ranking of patterns and instances is one of the most importaeliability in the validating corpus.

relation.
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There are two unclear issues in the picture presented abaslear how one can successfully transform this approach to a
Firstly, even making a draft calculation, we can check, th&nguage of a significantly diffrent type like Polish.
reliability is sensitive to possible fluctuations in PMI wal The basic, unmarked order of a Polish sentence is Subject—
Occurrence of higher PMI values (e.g. originating from dmaVerb—Object, i.e. similarly to English. So, for simple leg
frequencies, even after correction by the discountingofactsyntactic patterns based on relative positions of destribe
dependent on the number of occurrences) can cause lowkments the differences should not be large. However, ®n th
assessment of patterns with balanced ratio of co-occueremther side, in order to fully explore the potential of patter
with matched instances in relation to the pattern occugendased approach we have to go beyond the analysis of the
and occurrences of instances alone. Such a situationsésultmost simple constructions only. One needs to take into attcou
the artificially increased value ohaz,,;. Thus, we would such phenomena like morphosyntactic agreement of differen
like to look for a measure which would be more insensitivkinds among word forms and the relaxed order of a sentence,
to the problem of the low frequency of pattern matches aiccording to which one can use several different orders of a
instances matched. Secondly, the reliability measure ef thentence which only slightly changes in meaning. It seems
best instance or pattern may take the value lower than awebe reasonable to put more emphasis on the morphological
even in a situation in which there is a complete match of allescription of pattern elements in terms of scheme intreduc
patterns and all instances (or the other way round, depgndin the IPI PAN Corpus of Polish (IPIC) [2]: grammatical class
on which we are calculating the reliability). That is whyeth (extended, more fine grained division than Part of Speech)
reliability propagation to the subsequent phases caubas, &and values of grammatical categories like case, number and
new values calculated for patterns on the basis of instancgsnder for nouns and adjectives or aspect and number for
and vice versa, will be gradually lower according to the siagerbs. In the case of Polish, the linear positions of LUs in
of the set for which the reliability is computed, i.e. pati®r a sentence is not necessarily correlated with their role in a
or instances. Thus we want to introduce a new measurelefical semantic relation when the relation is not symneatri
reliability, which returns one as the value for the bestgra e.g. in case of hypernymy most patterns mark hypernym and

or instances in every phase. hyponym by different cases, while their relative positi@mne
o ' changing. Obviously, we can generate many specific patterns
ra(p) = > ici(pmi(i,p)  r4(i)) * d(I, p) (5) for all different combinations, but we can also look for some
T marp (Y ;e (pmi(i,p) * 1¢(i))) * 1] generalization of a group of patterns on the basis of the

, . . . morphosyntactic properties.
where d(i,p) defines how many unique instances the given phosy prop

pattern is associated with. B. Scheme of patterns
PMI in the formula (5) is usually modified by the discount-

ing factor, as well. Patterns have a flat structure and describe a sentence as a

sequence of word forms or at most groups of word forms.
IV. PATTERNS Patterns are not based on any deeper description of the

. . . ntacti ructure. The alphabet comprises three types of
As for the Machine Learning methods the choice of featur} tactic. stru P P yp

for objects is a very important decision, so is the choice
pattern structure and pattern language for the pattereebaﬁ
approaches in acquisition of lexical semantics. The migjori
of approaches take the scheme proposed by Hearst [12]
their reference point, i.e. patterns being a subset of aegu

expressions, in which the alphabet includes Iemm"’mzemWoéescription matches the partial description encoded in the

formls andtafset c:ftyarlgblias for Xoun phrallse}s mhgtched gtching place symbol. As grammatical classes of IPIC are
an element of a refation nstance. An example for Npemymy, fine grained we introduced a macro collective symbol,

. *
could be: NP such as NP1 e.g. houn joining together: substantives gerunds foreign

NP is a/an NP1 nominals and depreciative nounsA matching place is a

_We assumed that patterns z_ireasubset (.)f regular EXPresSi@Biced version of the IPIC morphosyntactic tag, in which
with Kleene closure, but without grouping. The alphab%tnly some grammatical categories are specified.
includes morphological base forms of lexical units. Before Following [5], there are always two matching places: one
presentmg the scheme O.f a pattern for Pohsh, we peed atPthe beginning and one at the end of a pattern. Patterns do
investigate the characteristic features of Polish, whioh Yot describe the left and right context of a potential instan
considered.

A pattern also encodes the roles of both LUs identified by

A. Selected aspects of Polish matching places, e.g.:
po: subst: nom jest (hyper:subst:inst)

&mbols: an empty symbel, base formand matching place

he empty symbol represents any LU (represented by any of
s word form). The base form is a morphological base form
of some LU together with the grammatical class, as the same
rphological base form can represent more than one LU.
matching place represents all LUs whose morphosyntactic

The vast majority of pattern-based approaches were deVdly
oped for English. Those approaches base in some extent-ewherejest is to b&,umber=sg,person=3rd, NiP0  marks hy-
the positional, linear syntactic structure of English. H#sanot ponym, andhiper —hypernym,subst —substantive nom
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and inst are case values (all three are from the IPIC Generalized patterns, described above, are not classified
descrption) as genericas long as they do not generate ten times more
instances than the average number of instances extracted by
specific patterns. However high recall results in loosingnao

The described pattern scheme expresses to some extent L ; :
of the precision, that is why every instance extracted by a

characteristic features of Polish. The change of the patter neric pattern is verified. The verification process staits

scheme was the first step leading to an algorithm Ca"‘lgr(:jastantiating all specific patters with the instance in dgoes

Estratto, which is a modification of Espresso that is bett% ; . s I
. . : . ) en the instantiated patterns are queried in a validating
suited for an inflectional language like Polish. : )
corpus and the confidence measure is next computed on the
V. INDUCTION OF PATTERNS AND EXTRACTION OF basis of collected frequencies. If confidence is above the
INSTANCES defined threshold than the tested instance is considered as

According to [5], patterns can be inferred by any patte'rﬁrI)reEsentlng th? ttargett relation. d h lidat
learning algorithm. In Estratto the generalisation andicani N ESPresso, Internet resources were used as a huge validat-

tion of patterns is based on the longest common substri? corpus for instances extracted by generic patternstrain

algorithm. The algorithm is guided by a predefined list o this, due to several limitations in searching the Inteine

relation specific LUs, e.g. for hypernymigy€ (to be, stac thO”ISh (i.g. limited accel_ssdto the SeerCh engine and iI’IﬂE:](Cﬂ I
sie (to becomy taki (such), inny (other), etc. e language), we applied a second large corpus, much smalle

In Espresso, the inferred patterns are then generaliiﬁ? aforemenuonedd.?ne,_afhat ;/I;allldatlllr(;gt.corpus n Estra;ttt()).
by replacing allterminological expressionéi.e. a subset of '€ Necessary condition is that the validating corpus mes

noun phrases) byerminological labels Such an approach S'T_'*ar In its char?;:erl_st(ljcs :_o thefbastltc one. d extracti f
to generalization is not applicable for Polish, as a reglire € process ot the induction of patterns and extraction o

chunking parselchunker) does not exist. Therefore a slightl)'PStanceS is controlied by the following set of.parameters:
different method was proposed. Patterns are grouped and thel) thenumber of topk patterns not to be discarded (pre-
merged with respect to the significant elements of the patter served for the next iterations), .
specification of matching places (determining propertiés o 2) thethresholdfor measure of confidence for instances,
morphological similarity to contexts), and words expected 3) the minimumand maximum frequencyalues for pat-
to be related in some way to the semantic relation being te€rmns,

(hyper:subst:inst) jest (hypo:subst:nom

extracted. 4) theminimum sizeof a pattern— all patterns that consist
The instance extraction phase comes after patterns inducti ~ ©f only matching places and conjunctions are discarded
and selection. An instance is a péir, y) of LUs belonging to by the assumption,

the set of instances representing the target semanticorelat ) afilter on common words in instances and instances that
Authors of Espresso suggest, that if the algorithm is agplie  have identical LUs on both positions,

to a small corpus, two methods can be used to enrich the®) thesizeof the validating corpus.

|nstaq9e set. F|rs_t each multiword LU in an instance can be VI. PERFORMANCE MEASURES

simplified according to the head of LU. For examplew

record of a criminal convictionis simplified to new record A proper evaluation of the extracted lexical semantic re-

and this torecord A new instance is created with a simplifieaSources IS mostl_y aserious problem, €.g. [;3]' .[14].' Howeve
the case of lists of instances the situation is simpler: we

LU and the LU that was in the pair together with the origindl" .
P g 9 ed to verify how many of them are correct. There are only

LU. Second an expansion is made by an instantiating patt(%}% ibilities the list with: isti
only with one of the LUs:xz or y, and searching if it can wo possibilities to compare the list with: an existing malty

extract a new instance from additional corpora, for examp@onstructed resource, i.e. piWordNet in our case or human

for the instancedog anima)) and the pattern expressed in théudgement. The former will introduce some bias as plWordNet

inflectional format used in Estratto: is limited in _|ts size, but gives a possibility of .test.mg the
whole set of instances, while the manual evaluation is away

(hypo: subst:nom) is a/an (hyper:subst:inst) laborious.

two queries: In both types of comparison we applied the standard mea-

dog is alan (hyper:subst:inst) sures ofprecisionandrecall, e.g. [15]. The F-measure could
not be applied, because of the limitations of recall based on

and : :

. . plWordnet, which are discussed later.
(hypo: subst:nom) is a/an animal Precision is defined in a standard way:= 2 where
are created. tp is the number of true positives, i.e. extracted pairs of LUs

Instances gathered using both of those methods are add#ich are instances of the target relatigip—false positives.
to the instance set. However, it worth of noticing that in all True positives are patterns or instances (depending on what
experiments described in [5] only one-word LUs are used amg are going to measure) that are correct and marked by
the applied corpora are claimed to be large enough to provialgorithms as correct and false positives are those that are
statistical evidence. incorrect but marked by algorithms as correct.
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TABLE |
; ; ; . t
Recall is Qe_flned in a standard way td@.: tpffn_ INFLUENCE OF THE EXTENDED RELIABILITY MEASURE AND CHANGES IN
However, it is worthy of note that recall is the ratio between THE FORM OF PATTERNS
instances or patterns that are correctly marked as cotreet ( _
. d th ft iti d all th theat Precision Hum] Recall Instances
positives) an e sum of true positives and all those ar levels eval | pWN
correct but were either marked as incorrect or not extraated (PIWN)
all. The problem is that we certainly cannot treat the lihite ESP- 36%/50%/75% 39% | 27% 3982/903/14
plWordNet as the exhaustive description of the subsequent| ESP-nm | 37%/50%/75% 47% | 26% 37841774196
lations. Thus, recall in our approach is only the measure = S2UIS0%I 759 200 a221/613/11
re " v Pp y ther EST- 52%/52%/75% 54% | 18% 1628716287169
of the ratio of rediscovery the plWordNet structure, it ig Bo EST-nm | 169%/50%/75% 59% | 18% 1775/1598/120

recall in relation to all instances or patterns that can lesenmt
in the used corpora.

We extracted a ranked list of possible instances which canb) ESP-nm—Espresso without generic patterns, but
be sorted in descending order of their reliability. Its \edware with the extended reliability measure 5,
real numbers and there is no characteristic point below lwhic c) ESP+ Espresso with generic patterns,
we can cut off the rest of pairs according to some analyticald) EST- Estratto without generic patterns, exploiting

properties. Thus, instead of pure precision and recall, ne&ep specific features of Polish,
to usecut off precisionand cut off recall calculated only in ) EST-nm Estratto without generic patterns, exploiting
relation to somen first positions on the sorted list of results specific features of Polish language and the extended
(instances or patterns). reliability measures 5,

Finally, we used the following evaluation measures: f) EST+nm same as VIl but using generic patterns.

1) Cut off precision based on plWordNetthis measure If not stated otherwise the threshold for confidence is 1.0
marks as correct only those instances and patterns tfat all ESP systems and 2.6 for EST. Thamber of topk
were found both in plWordNet and an additional lispatterns was set th = 2 4 I, where! is the number of the
provided a priori by human judge. It is worth to considepresent iteration. The number of iterations was set to four.
that the limited size of plWordNet can influence preciin those experiments whose results are presented we focused
sion negatively because some LUs are not present yetamly on the hypo/hypernymy relation and we selected as the
although included into plWordNet, still not connectedmain corpus, on which we performed experiments compared
This precision is computed for each element on the ligt tables, was IPIC.
of instances.

2) Precision based on human judgemesitevaluated ac-
cording to a randomly drawn sample from the list of Research on Espresso and Estratto can be divided into three
instances. This evaluation measure was used only @ioups. The first one includes experiments, that were dedign
the first group of experiments (ref. Experiments). Thi® analyse the influence of the proposed extended relabilit
error level of sample was 3% and the confidence levBleasure 5 and of the form (i.e. if they are improved for using
was 95%. selected aspects of Polish or no) of patterns for B&P-

3) Recall based on plWordNés evaluated at the set of ESP-mnandEST-, EST-nm. The results are shown in Table I,
word pairs generated form plWordNet. However thiwhere values in the column labelled "Precision level" reger
measure does not describe the recall from corpora the number of instances in the last column e.g. in the first row

ESP- extracted 3982 instances with precision of 36%, 903

VII. EXPERIMENTAL SETUP instances with precision 50% and so on. The column labelled

The experiments were performed on three datasets corpof4dm. eval” refers to the evaluation of the results made by
a) IPIC [2] including about 254 millions of tokens, isOn€ of the au_thors. ) .

not balanced but contains texts of different genre . On the basis of the results of the first group of experiments,

literature, poetry, newspapers, legal texts and sten able |, one can conclude, th.at the use of_the original ritiiab
graphic records from parliament, and scientific textg,]easure . .re.sults In extraction of more |nstance§. The tbver.a
b) 100 millions tokens from Rzeczpospolita [16]_cut—off precision based on plWordNet for 4000 of instanees i
Polish newspaper (henceforth RC) around 35%. On the other hand, the cut-off precision evalu-
C) and a corpus of large text documents collecte ed f(_)r EST_suggested, that_ EST performs WOrse. However
from the Internet, texts including larger numP WN is relatively small, that is why, the evalutation can be
misleading. Therefore one of the authors performed manual

bers of spelling errors and duplicates were semi-

automatically filtered out (LC), LC includes aboutevaluation. This additional evaluation showed, that irt fae

220 millions of tokens. pIWN _m|ght be used only for a very rough e_stlmatlon of the
) i i recision. The results of the manual evaluation suggest als
We_tested several configurations of systems during the . 1« se of the new measure increases the precisBaRf
experiments, namely: . . /EST-. In each case ESP-nm VEST-nm is better. During
a)  ESP-—Espresso without generic patterns, experiments it was also observed, that the value of original

VIIl. EXPERIMENTS
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TABLE Il . .
DEPENDENCY OF THE ALGORITHMS ON THE VALUES OF PARAMETERs L€ Subsequent iterations thetop would grow faster, and as

a result more correct patterns could extract instances from
Precision lev- | Recall | Instances corpus in the next phase.

els (pIWN IWN .
ST L0 (pWHY) B The data foiiii) are not presented in Table Il. However the
ESThmih2.6 169%/509/75% | 18% | 1775/1598/120 experiments have shown, that infrequent patterns (ocayrri
EST-nm:th5.2 479%/50%/75% | 20% | 1907/1736/11]7 less than four times) should be filtered before generatinati

EST+nm:pattditerd | 279%/50%/75% | 27% | 4372/1537/89 because they introduce additional noise, which causes good
EST+nm:patt8iterd | 3206/500%/75% | 24% | 3999/1521/47
P T Ay > patterns to be evaluated as worse.

EST+nm:pattditer6 | 17%/50%/75% | 29% 7265/1505/83

EST+nm:patt8iter6 | 30%/50%/75% | 27% | 4210/1485/58 Initial seeds, the point), are meant to generate a skeleton
EST+nm:PMI 27%/50%/75% | 27% | 4187/1505/89 of a model of the lexical semantic relation. If the number
EST+nm:Tscore 6%/- 25% 8934/-/-

of seeds is not enough high, the best extracted patterns can
be random. Of course, one could collect a small number of
seeds, that would indicate only expected patterns. However

reliability (1) decreases very fast and after 6th iterattas far that would require a precise analysis of the corpus, thatavou

below 10-12. This is a reason for the drop of newly extract@c? used f%r Instance extrac_tlonr.]That is pointless, bgm&xeg ff
instances. Applying the extended reliability (5) allowsatmid more seeds one can acquire the same patterns with less effort

that problem. Recall based on pIWN is comparable, and'" the case ofv), the data shows, that PMI is better
depends on the number of extracted instances. Anothermatf@n Z-score and T-score as the measure of similarity in the
of concern is the scheme of the patterns adjusted for Patish€Xtraction of lexical semantic relations. T-score resate
is clear that the application of the adjusted patterns preslu espgually @sappomtmg, a“‘?' that might be dge to the féct o
better precisioEST- andEST-nm in comparison t&SP-and the msufflf:lent statistical QV|dence (the algorithm veften
ESP-nm However the recall is decreased. accepted instances occurring only once).

Experiments from the second group were performed only 1he third and the last group of experiments was prepared
for EST+nm and EST-nm, using suggested measure, and thi check the ability of EST and ESP to use a different corpus
group was aimed at determining the influence of the algorith@fid extract other relations than hypo/hypernymy. Perfdrme

parameters on the result. The following dependencies wé&pgPeriments showed that both algorithms: EST and ESP can
investigated: be applied to different corpora successfully, however énss,

. . i . . that each time the corpus is changed, a new confidence
) mflgence of the c.onf|den<.:e.threshold on th.e PreCSION reshold must be discovered by some method For IPIC the
of instances achieved within subsequent Iteratlonsthreshold value was 2.6 but in the case of RC we found 0.9

i) influence of the number of the top patterns on o
the stability of the algorithm and the precision ofs working fine. Tests performed on the LC corpus appeared

. 0 be unsuccessful. But this is a rather special case, as most
instances, . . L
e of the text in LC are written in literary style, so the langeag
iii)  dependency on the filtering infrequent and very fre- :
. expressions are more complex. Moreover, one should expect
guent patterns and instances.

IESS defining sentences than in utility texts. It seems that

EST+nm:Zscore 349%/50%/75% | 26% 3563/1419/59

iv)  influence of the number of initial instances (seeds). . .
: ; is kind of corpus requires more powerful patterns to catch
on the induced patterns, and then the influence @ . ;
. ) . some syntactic dependencies. The other problem, namely the
the ration between instances and patterns inducted ,.” "~ : .
by them application of EST to different relation types appeared to

V) a way in which different statistical similarity mea_be only partially successful. Tests on meronymy ended with

sures used in reliability calculation chanae the oré rather poor result, i.e. the estimated precision was lower
. y 9 P Et\han 30%. There are at least three main reasons for this
cision of the results.

_ ~ failure. Firstly, the expressive power of patterns is tow &nd
In the case of) it seems, that best results are achievedome important morpho-syntactic dependencies are missed.
when the threshold is higher, see Table Il. However OR®scondly, meronymy is indeed a set of quite varied sub-
must keep a balanced ratio between chosen instances and pgWions. That is why, it could be reasonable to try to ettra
patterns. If there is a small number of instances, there is gQch sub-relation separately. Thirdly, the trials wereedomly
statistical_ eyidence to induce proper patterns and EST/ER one corpus. On the other hand, initial experiments on
crawls plc_klng allnjost random patterns. That leads to ﬂé&‘tracting antonymy (but only for adjectives) gave promgsi
decrease in precision. results. The human-judged cut-off precision reached 39%.

Consideringi), on the basis of the obtained numbers, it caoth meronymy and antonymy will be further investigated.
be noticed, that using a smaller number of theop patterns

results in higher precision. This is due to the stability of a
model, in which semantic relations are generated by a small
group of elite patterns. An interesting idea would be to use aBelow we present examples of instances (hyponym;
dynamick-top factor. Should it be more strict at the beggindiypernym) extracted by theSP- algorithm from IPIC:

the more stable set of patterns would be indicated. Then in

IX. EXAMPLES
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szkotdschoo); instytucjginstitution)
maszynémaching; urzadzeniémechanism
wychowawcéutor); pracowniKemployeg
kombatanfcombatany, osobdpersor)
bankbank); instytucjginstitution)
pociadtrain); pojazdvehiclg
telewizjgtelevision; mediuntmedium
prasapresy; mediunfmass medip
szpita(hospita); placéwkdestablishment
czynsgrent); optata(paymeny
grunt(land); nieruchomos@eal estatg
Wista(Wista); rzekdriver)

Swiadectwdiploma); dokumenidocument optata(paymen;

naleznosgcharge

ryba(fish); zwierzg¢animal)

Wiochy(ltaly); kraj(country)

jeziorq(lake); zbiornik(reservoir
jarmark(fair); impreza(entertainment
piwo(beer); artykullcomestiblg
zasiteKdole); Swiadczeni@velfarg benefi}
powod#flood); kleskddisastej
paszportpasspor}; dokumenfdocument

X. CONCLUSIONS AND FURTHER WORK

In the paper we presented a partially successful applicatio
of the Espressalgorithm [5] to Polish. The modified version
of the algorithm was callestratta Experiments showed that
the reliability measure proposed by Pantel and Pennaci@joti
works usually well as a ranking measure for the extraction of
lexical semantic relations. However the pIWN-based precis
of the Espresso/Estratto algorithm is lower when measured
on Polish corpora than the precision reported in [5]. This
might be due to a slightly different approach to precision
evaluation, which was performed partially on the basis of
plWordNet (of a limited size) and combined next with a
limited manual evaluation. On the other hand the results of
the manual evaluation are similar to the results reported in
[5]. Results obtained for different measures of similadty
the basis of the reliability suggest that PMI gives the best
results for the given test suit.

The adjustment of the pattern structure to the charadterist
features of Polish improved the precision in comparison to
patterns using only word forms and Parts of Speech as feature

The extended version of Espresso—namely Estratto showed

Examples of patterns extracted B$P-from IPIC and used 0 be successful in extracting hypernyny and antonymy from
in the extraction of the above instances are presented beldfj€ |PI PAN Corpus [2] and the Rzeczpospolita corpus [16].

occ=31 rel=0.26803 (hypo:subst:nom) by
(hyper:subst:inst)
(hypo:subst:nom) is/are (hyper:subst:inst)

occ=20 rel=0.222222 (hypo:subst:nom) i
inny (hyper:subst:nom)
(hypo:subst:nom) and other
(hyper:subst:nom)

occ=26 rel=0.103449 (hypo:subst:inst) a
inny (hyper:base:inst)

(hypo:subst:inst) but other
(hyper:base:inst)

occ=15 rel=0.0684905 (hypo:subst:inst)
przypomina ¢ (hyper:subst:acc)
(hypo:subst:inst) resemble
(hyper:subst:acc)

occ=41 rel=0.0263854 (hypo:subst:loc) i
w inny (hper:subst:loc)

(hypo:subst:loc) and in other
(hper:subst:loc)

occ=86 rel=0.00708506 (hypo:subst:nom)
sta ¢ sé (hyper:subst:inst)

(hypo:subst:nom) become (hyper:subst:inst)

occ=88 rel=0.0060688 (hypo:subst:acc)
interp ktory by € (hyper:subst:inst)
(hypo:subst:acc) interp which is
(hyper:subst:inst)

Unfortunately attempts to extract meronymy did not bring
positive results.

During experiments we tested several parameters that have
a significant influence on the algorithm. The most important
of them appeared to be: thmumber of seed instancethe
confidence thresholénd thenumber of the k-top patterns
preserved between the subsequent iterations. The number
of seed instances should be more than 10. The confidence
threshold depends strongly on a corpus, e.g. for IPIC the bes
found value was about 0.3. Each time the algorithm is applied
to a new corpora both seed instances and the measure of
confidence must be reset. The number of thop patterns
should be low i.e. about two. Such a number results in a
stable representation of the semantic relation, i.e. byrteéans
of the set of patterns. However, it is still unclear, how to
explore patterns, that seem to be correct and are close to the
top. Those patterns usually disappear in next iteratiorts an
that means that some instances are also excluded from final
results.

Espresso/Estratto is an intrinsically weakly supervidgd-a
rithm, although the preparation of seeds and setting thialini
values of parameters might require even some initial runs of
Espresso/Estratto or browsing the corpus.

Additionally it turned out, that in order to maintain a
stable representation of relations, the appropriate bettoveen
patterns and instances must be kept. The ratio was estimated
during experiments and equals for patterns vs. instances:
1:15/20. If there are less instances, the algorithm becomes
unstable. Using more instances results in a longer time of
computation.

An interesting result of experiments is the observa-
tion of the “intensifying” patterns. Such patterns do not
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represent any particular semantic relation and when &agn instance belongs to and what is the distance between the
plied alone they extract instances belonging to relatioh$) in the instance. This problem has been already addressed

of multiple types. However when the intensifying patby Pantel and Pennacchiotti [5].

terns are combined with regular ones they deliver ad-
ditional statistical evidence to correct but infrequent in
stances and as a result rise the precision of the algorithm,
e.g.,

(hypo/ hol o: subst: non) w (hyper/ mero: subst:
wherew meansin.

We observed a problem with the number of mstanceg]
collected by theeSPH/EST+ versions of the algorithms. This
number is comparable to the number of instances extract?ﬂ
by ESP/EST- while one would expect it to be much higher.
This might be a result of the characteristic features of thés]
corpus, namely IPIC, used in the experiments or of the siz&l
of the validating corpus. This problem might be partially
solved by the use of Google as a validating corpus. Unfor-
tunately, in contrast to English, Polish LUs have multiple
word forms. As a result queries issued to Google will have
to be more complicated. The other reason might be thg]
limited expressive power of patterns. The expressive power
of the patterns is the element of the algorithm that should
be investigated. The extended structure of patterns stiins  [6]
to miss some lexico-semantic dependencies, especially in
stylistic reach text. The experiments on extracting hypem
from the corpus LC, mostly consisting of text in literary [7]
style, was unsuccessful. The first step towards strengtheni
patterns is to take into account possible agreements in ele-

i nst)
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