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Abstract—The paper presents the SuperMatrix system, which
was designed as a general tool supporting automatic acquiigin
of lexical semantic relations from corpora. The constructon of the
system is discussed, but also examples of different applitans
showing the potential of SuperMatrix are given. The core of

« delivering some means of intelligent semantic browsing

acrosslexical unitg (henceforth LU),

e Or even suggesting to the lexicographer some lexical

semantic relations between LUs or groups of LUs (e.g.

wordnet synsets).

Browsing on the basis of LU meaning relations requires
some way of measuringemantic relatednedsetween pairs

matrix transformations and similarity computation method s were of LUs. FoIIqwmg Edmond§ and Hirst [3] we prefer the
implemented in the system. As a result the majority of existig t€rm semantic relatedness instead of the widely used term
Measures of Semantic Relatedness were re-implemented ingh of semantic similarity because the former better expresses
system. The system supports also evaluation of the extracte the nature of a numerical measure one extracts from corpora.
measures by the tests originating from the idea of the WordNe 5 Measure of Semantic Relatedness (henceforth MSR) is a
Based Synonymy Test. In the case of Polish, SuperMatrix inates . . . .

the implementation of the language of lexico-syntactic catraints function which fpr a given pair _Of LUs returns some real
delivering means for a kind of shallow syntactic processing Number expressing how semantically close the elements of
SuperMatrix processes also multiword expressions as lexit the given pair are, regardless of the exact nature or cause of
units being described and elements of the description. Pressing this relation:
can be distributed as a number of matrix operations were

implemented. The system serves huge matrices.

the system is construction of co-incidence matrices from epora
written in any natural language as the system works on UTF-81e-
coding and possesses modular construction. SuperMatrix filows
the general scheme of distributional methods. Many differat

MSR:LxL—R 1)

I. INTRODUCTION . . . .
ODbUCTIO where L is the set of lexical units and® is the set of real

I F A WORDNET for some language does not exists, thepumbers.

...it should be created as quCkly as pOSSibIe. This pOintAs our Objecti\/e is to build a set of |anguage tools sup-
of view is probably shared by the majority of researchefsorting wordnet construction, we will limit the rest of our

working in the area of Natural Language Processing. TR@nsiderations only to the automatic extraction of instsnc

stand of developers and companies is much less clear, Bfitiexical semantic relations from corpora. There are two

even them would love to have an occasion to criticise 3fain paradigms of automatic extraction of instances oftixi
existing wordnet for not solving all the large scale probdemsemantic relations, e.g. [4]:

There are two weakest points of the wordnet in general:
its construction is very laborious process, in which skille
lexicographers must be involved, and it takes a lot of time
to construct a new wordnet, even if we start with translating
a wordnet built for another language (i.e. mostly the Eglis
wordnet). Both problems are strictly correlated. Whilertitg
a project on the construction of the Polish Wordnet [2],ezll

« pattern-based

« andclustering-basegcalled also distributional paradigm,
as it originates directly from thBistributional Hypothe-
sis formulated by Harris [5].

According to the pattern based approaches there are some
lexico-syntactic patterns, which combine two LUs and mark

plWordNet (or Stowosiecin Polish), we decided to build it the two LU as an instance of some lexical semantic relation,
e.g. hypernymy, see e.g. a seminal work of Hearst [6]. So

from scratch, in order to construct it as a faithful desaooipt ) . .
: ) . . . Hnly one occurrence of a precise pattern can signal the given
of the Polish lexical semantic relations. So we increased t o
atssomatlon of LUs.

amount of work to be done, but in the same time we did no The clustering-based approaches assume that the signilarit

increase the amount of money assigned to the project (amywafydistributions of some LUs across different lexico-syita

as it was quite moderate, so it was not a big differenc 3 . : . . .
I even semantic contexts is evidence for their close semant

However, frpm the very beglr_mmg we planned to support t?%Iation. The stronger the similarity is the closer the LUs a
work of lexicographers by different types of language tools

aUtomatica”y constructed on the basis of Iarge corpora. 2 lexical unit is a one word or multiword lexeme named in theiden

by its morphological base form and representing a whole sehe word or
multiword forms possessing the same meaning and diffennipé values of
morphological categories.

1By wordnet we mean here an electronic thesaurus of a steutilowing
the main lines of the Princeton WordNet thesaurus [1].
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in their meaning. The name of the paradigm emphasises that _oorpus (PICXCES format) | rawtext
we are looking for sir_’nilar distributions of LUs arid, in some Matrtx comsruction e [ conex dfntn,
way, we cluster them into groups of highly semantically testa ﬁ—‘ " morpho-syntactic
LUs. Transformation constraints
. |
There are plenty of methods proposed for the automatic Orerations on matr
. ) ) perations on matrices ‘
extraction of Measures of Semantic Relatedness. All staint w i | tesaurus |
processing a corpus and constructing a coincidence matrix Comparison of ows ¢ |

Y

describing co-occurrences of LUs (rows) and lexico-syitac
contexts (columns). They differ in three aspects: defingiof
contexts, transformations of the raw frequenCieS and tZﬁICUFig. 1. General blueprint for creation of measures of seimaatatedness.

tion of the final measure value. At the beginning of our prbjec

project it was completely unclear which known MSRs perform

better, and which of them would work for Polish. Polish ishe context centre and selected lexico-syntactic relation

not only a language using alphabet extended in comparisonatbich the LU is involved.

the ASCII codé, is a language typologically different than Usually LUs are represented as feature vectors in a high
English, but also is a language with fewer language toaémensional space. Each feature corresponds to a single
and resources than English. The third problem was the worsbntext, in which an LU occurs in corpus. It is convenient
as the difference between English and Polish in this aré&a further processing to think about the collection of teat

is huge. Thus we decided to construct a system capablevettors in terms of a matrid/ (see figure 2), consisting af
utilising existing Polish language tools, Polish corporal a rows (words) described by features (context). The value of
reimplementing, investigating and evaluating as many MSRg[n;, ¢;] tells how many times the word; occurred in the

as possible. contextc;.

The goal of the paper is to present the constructed systemn the next step co-occurrence matrices are used to cagculat
called SuperMatrixand discuss its various successful applicaimilarity between words. There are many methods for doing
tions. As we would like to make SuperMatrix free for researdtis. One can measure the Euclidean distance between word
uses, we hope that the latter can guide potential users to Weetors, calculate cosine between vectors to measure e cl
areas of its applications. The first experiments done with tthey are one to another, etc. [16].
help of SuperMatrix were presented in [7], and the generalExperiments showed that raw frequency counts of co-
scheme of processing was discussed in [8]. Here we are gotragurrences are not very useful from the perspective ofééxi
to present the first thorough description of SuperMatrix. ~ semantic knowledge acquisition. First, after the analgsibe

collected data it can become apparent that not all the fea-
[I. BLUEPRINT FOR THECONSTRUCTION OFMRSs tures used are descriptive enough to differentiate betwékn

There is a plethora of approaches to extraction of simjiarifnea”i”gs- That is why an additional step‘ihéring featuresis _
between LUs, e.g. [9]-[12]. Basically, they all follow siani often preformed [8], [12]. Second, there is a need to emphasi

pattern for construction. This general blueprint as immated " inne_r structure (or a latent structure) of. the data before

in SuperMatrix is shown on Figure 1. Following the ide§°MpParing word vectors. There are two main approaches to

of distributional similarity and Distributional Hypothesis [5], thiS problem: based otiansformationandweighting

first, co-occurrence data is collected from text corpora for On€ of the well known example of transformationSg-

selected words. gular Value DecompositiofiL 7]. It is a method for reducing
There are three main approaches to represent a contg]x?.trix dimensio_nality, and was applied in LSA to achieve a

One can count words occurring together with the given L[?rm of generalisation from the raw frequency counts.

inside a passage of text, e.g. inside a paragraph or document/N€n comparing nouns one can quickly arrive to the
This approach has been used in the technique céligent conclusion, that almost every noun can be modifiedllzzfy

Semantic Analysis (LSAL3]. Another popular method for (Numerouscountles} but “bezotowiowy (unleadedwill be a
context representation is counting words co-occurringgdims feature of a few very specific LUs. This is where the weighting

a text window, this approach is called \&ord Spacel14]. is helpful. The basic idea of weighting is to assign greater
In Hyperspace Analogue to Language (HAL5] smaller weights to features that are more descriptive than the sther
weights are assigned to words if they occur further from the The above steps are required to create an MSR. But rarely

centre of the context — the centre is occupied by the LU beirﬁ?;e construction of MSR is the main aim of one's work.

described sually it is only a means for achieving some other goal. For

Very good results were observed after enriching descriptigxamgl(T one canl%luster LUs _m_lor(_jerfto sre]mi-autom.aticalfly
of a context with syntactic information, e.g. [8], [9], [12] extend lexicons [18] or use similarity for the correction o

This method counts only co-occurrences between an LU rﬁ'n]edlcal handwritten documents [19]. . .
Last, but not least, there remains a question about

3In 2005, when we started, many similar systems did not peotke Compa”ng_ different MSRs. There are three mam apprO_aChes
extended ASCII code, not mentioning UTF-8. to evaluation of MSRs [20], [21]: mathematical analysis of

__groups of\i\i;ids ‘ i MSR | iwwrt'ests i
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Ci- features (contexts)

] |
|
n,.—words H — M[”!pc_/]

« Set of tools, including (but not limited to) tools for cre-
ation of matrices: LUs by features, tools for evaluating of
MSRs, tools for joining different matrices and analysis of
the matrix content, e.g. manually browsing selected rows
and columns from any matrix, including transformed and

Fig. 2. Schematic view of co-occurrence matrix. weighted matrices.
« Clustering — package consisting of several clustering
algorithms. SuperMatrix can interact with CLUTO [24]
their formal properties, application specific evaluatiomd a and perform Clustering by Committee(CBC) [18], RO-
comparison with human judgement. For example, Landauer pgt Clustering using linKs (ROCK) [25] and Growing
and Dumais used the third approach for the evaluation of Hierarchical Self-Organising Maps (GHSOM) [26]. We

LSA. They used a synonymy part of tfiest of English as a reimplemented ROCK and GHSOM with little modifi-

Foreign Language (TOEFLip test the ability to automatically cation, CBC was reimplemented as well as significantly

differentiate between synonymous and non-synonymous LUS. extended [27].

includes and is available only for English,VeordNet Based classes of the Matrices and Comparator libraries.

Synonymy Test (WBSWps proposed to generate "a large set For portability reasons we wanted to avoid external depen-

of questions identical in format to those in the TOEFL" [22]dencies as much as possible. Only required components are
An analysis O.f WBST-based approach to evaluation of MS%?)en—source and cross-platform. CM2lke used for our build
IS pregented in [21]. , i i system. SuperMatrix is also heavily dependant on avaitgbil

An instance _Of the WBST test is built thus: first, a Palht Boost librarie§, Other used software packages are not
of LUs: (g, 5>'_ 1S chose_n from a Wo_rdnel\l\(ordNetZ.O N""so crucial for SuperMatrix, e.g. SWIG is needed only for
[22]), whereq is a question word, anslis a randomly_chosen enerating Python wrappers, CLUTO for clustering. For the
synonym ofg; next, three other words that are not in Synse%anstruction of matrices from Polish corpora we also use
of ¢ ands are randomly drawn from the wordnet — they are Barts of TaKIPI [28] engine — an open-source mopho-syrtacti

detractor seD. The t","Sk for MSR is to point which word fromtagger for Polish We have tested SuperMatrix under different
the setA = DU {s} is a synonym ta;. For example for the flavours of Linux as well as Microsoft Windows.

word administracja (administration)l consists of;poddasze s system has been under active development for almost

(attlc),repatr_laCJa(repatnatmn)zarzqd (board, management) 4 and a half years now. At the time of writing it consists

and zwolennik(follower, zealot). of almost 24 thousands lines of C++ code and almost 3.5
1. SUPERMATRIX thousands of lines of code written in Python.

SuperMatrix is a collective name for a set of libraries fof. Matrices

programmers and end-user tools for creation, storing and maMost fundamental question for software toolkit performing
nipulation of co-occurrence matrices describing distitnal heavy computation on matrices is: how to represent a matrix
patterns of LUs. object in computer memory? There are many options for doing

Overall, the implementation and design has been dictatedys, i.e. one can store it in a dense or sparse format, for a
requirements placed upon SuperMatrix. Above all the systeparse format there exists many possible representatiais.
should beextensibleand flexible This property is necessarywanting to be bound to only one implementation we have
for experimenting with different methods of MSR extractiondefined set of operations that a matrix has to be able to perfor
Efficientprocessing is also crucial, as statistical methods tenglsd tested several different approaches.
to yield better results with the increasing amount of dag.[2 A dense format was used for small matric€mpressed
Thus, the software has been written in C++, with additions @folumn Storage(CCS) [17] is not very convenient for a
Python bindings and helper scripts. matrix whose content is being changed constantly. During

Because we are working in heterogeneous environment figt experiments [7] we created implementation for storing
wanted the system to be as mugbrtable as possible. This matrix in database. We tested three possible represamgatio
could also lead to lessen effort in embedding parts of tiigtoring columns, rows or non-zero cells of a matrix), but
system in end-user applications. After conducting a feweexp performance overhead was too large for practical usage. So
iments we realized that ability to quickly test new algamith we have removed support for the storage in database.
would be very convenient, so we add@dt prototypingo the It appeared that the most powerful (in terms of flexi-
requirement list. bility and efficiency) representation is the one usimgp

SuperMatrix consists of several modules, namely: collection of the standard C++ library. Thanks to guarashtee

» Malrices — a Iibrary for storing matrices. 4Simplified Wrapper and Interface Generator, http://wwyi /

« Comparator — a library enabling computation of similar- 5http$/www.cmarlJ(Z.org/ + THPIgSarg

ity between rows of matrices (i.e. between LUS) using énip:/mww.boost.org/
different MSRs. 7Available for download at http://plwordnet.pwr.wrocgd/19/tagger/
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( C°‘°°°””f”°e matx | bearers. Usually this step is performed before creation of
L2 e.g. entropy threshold, i i
[ Fitering features (cotumns) | minma feaency a matrix, bqt we aIIo_w to do it afterwords.
7 « Filtering using theminimal global term frequencyf a
L°°?$,S§L$,‘i§‘;?e?ff§$‘:res 7 statistionl significance word. Most statistically based methods do not cope well
! with events of extremely low frequencies, so those events
| Weighting features in arow | are usually treated as outliers and are removed from
l different similarity d ataset . .
| Similarity computation | measures « Filtering using entropy of a column as a measure of noise
it introduces. We used Shannon’s entropy:
Entropy, = — Y Pu.i - 108 pui, 2
Fig. 3. Framework for computation of MSR. i

wherep,, ; is probability of occurrence of théth feature

. . . with the word w. Entropy is maximised for events of
O(log(n)) complexity we have achieved both flexible and o yinal uncertainty — here for features that do not
efficient implementation of a matrix. We have encapsulated i« antiate good between rows of a matrix

functionality of a word feature vector using this represtioh We ob d that foat loball d discrimi
in Conpr essedVect or class. Matrices using this represen- ¢ observed fnal, some features are globally good discrimi-

tation were calledCCSMat r i x (for storing matrix column- nators, but for certain LUs they are caused by some accidenta

wise) andCRSMat r i x (for storing in row fashion). freqtuenues (e.%. an 3”? (:f morpho-s_ynt:lalctlc d'ﬁ.ammg.n? K
To improve performance we cache some information t %nte?u\a/vh Olic ar:yv eieclltzndor ? s:]mtp;]erspte mign :?]'S are).
gether with vectors of features. Most importantly we keeé) atis why we nave isolated yet another step € pro-

ety of avector and sumof vector cllsSaper e 1 x *(£5% 1SMENOEE et selecont ol present
class is a composition of such cached d&eat ur e class) [12] )-

and CRSMAt r i x (CCSMat r i X). sequences selected from the rows for both LUs may have to be

Classes in the namespabt ri ces: | O are capable of padded (usually with zeroes), if the similarity measureunets
: equal-size vectors.

saving matrices in a few popular format. Native SuperMatrix :
g Pop P Z-Score (variant of t-score) can be used as a measure of

format 1S baseq on sparse format use d by CI.'UTO [24]. Thésssociation between an LU and a feature. If the observed
makes interaction with CLUTO easier. Matrix can also b

exported to CCS or CRS format, which enable interactioh d-cneY of occurrence of some feature with some LU is

with such tools like Infomap NLP [29], SenseClustres [1lj|gn|f|cantly greater then expected, then this feature is@dg

or SVDPACK [17]. iscriminator fqr this LU. o
. In the following step we performed weighting of feature
In the current representation we have been able to perform . . S
- . . . vectors of LUs. This stage aim for emphasising importana dat
efficient computatiohiusing matrices for 13 thousands Wordsn matrix. Several weiahting schemes were imolemented in
described by more then 270 thousands of features created_on . ghting P

the basis of a corpus consisting of more then 550 miIIio%UperMamX: ) .

word. « Term frequency — inversed document frequency is a pop-
ular method for decreasing weights of the very frequent

B. Comparator words used in Information Retrieval (IR) for assigning

Comparator library is used for calculating similarity vadu lower scores ta words occurring in all documents:

between rows of a matrix. It is extensible library used for
constructing and testing different approaches to comjmutat
of MSRs.

A typical framework for processing is presented on Figure 3.
After creation of a matrix some global filtering of columns is
performed. It follows intuition that some features are noddj
discriminators for a matrix row. SuperMatrix can do filtegin of document by words matrices.

using three methods: « In LSA [13] before reduction of the dimension, a matrix
« Using a stoplist. This step is performed by most of has been weighted in two-step process. First the cells
the algorithms, even if it is not implicitly mentioned. of a matrix were scaled logarithmically: for each:
Stoplist consists of functional words (like conjunction  Af[w;,¢;] = In(M[w;,c;] + 1) and divided by entropy
or prepositions) and words that are not good meaning of a row of a matrix. We uséogentas a name for this

_ _ weighting scheme.
80n a contemporary PC, i.e. 1,5 GHz processor with 1 GB of RAM. « Z-Score (or t-score) can be used not only for local
9254 millions words from IPI Pan Corpus [30], 100 millions rito

Rzeczpospolita [31] (Polish newspaper), and 100 from theshPedition of selection of features, but also as a Weighting function,
Wikipedia [32] e.g. [8], [33].

. N
tf.idfw.a = tfr.a-log J’ 3)
t

where ¢f; 4 is a number of occurrences of the word
t in the documentl, df; is the number of documents
containing the word, N is number of documents. This
weighting scheme has been used mainly for processing



BARTOSZ BRODA ET. AL: SUPERMATRIX: A GENERAL TOOL FOR LEXICA SEMANTIC KNOWLEDGE ACQUISITION

349

Another popular family of weighting schemes is based dnansformation, local selection by the conditidjw;, c;] > 0
Mutual Information(MI). In [9] some formal introduction (applied after transformation) and the CRM F-score as the
for Ml in the context of extraction of MSRs is presentedsimilarity measure.

In The Sketches Engitfig4] this measure was used for the
generation of a distributional thesauri. In [18] a varian?
of this measure calleBointwise Mutual Informationvas
used (extended with discounting factoy.

. Tools

This section selectively describes tools available in $upe
Matrix package for usage with little to no coding at all.

Some measures of similarity operate in probability space.1) Architect: Collective name for applications used to cre-
There are few methods for transition from frequencied€ different kinds of co-occurrence matrices. Using tanls
to probabilities. We used for this purposdaximum this category we can create:

Likelihood Estimation .
To reimplement best faring MSRs from [12] we added
weighting schemes based 6hRM;; and CRM ;. .
During experiments with different MSRs we noticed [8]
that feature values in the matrix depend too directly on
frequencies. However no corpus is perfectly balanced,
and any weighting function alone does not solve the
problem. We need some generalisation from the raw
frequencies. Applying SVD to very sparse matrices does
not help [7]. We assumed that similarity of two types e
of objects depends more on which significant features
characterise them than on the exact numerical values of

a documents by words matrix (for document clustering
or Information Retrieval),

a window matrix, i.e. a matrix in which context describes
co-occurrence of words in text window of fixed sized (e.g.
5 words to the left and 5 words to the right from the target
word),

a HAL-like matrix — a matrix created in a similar manner
to window matrix, but higher scores are assigned to words
occurring closer in the text window,

a sentence matrix — a window matrix with non-fixed
size of a text window, in which only co-occurrences in
the same sentence are counted,

those features’ “strength”. So, we develogeahk Weight « a matrix describing LUs by co-occurrence of those LUs
Function(RWF) — a weighting scheme that builds relative  in syntactic relations.
ranking of importance of features from raw frequenties  Because there is no robust parser available for Polish, for
Experiments showed that for Polish the MSR based ahe creation of a matrix describing co-occurrences of LUs
RWF produces better results [35], in the WBST tesin syntactic relation we used a simplified approach based on
SuperMatrix supports methods enabling transition intdefining morpho-syntactic constraints. Those constraimés
the rank space. expressed in JOSKIPI — a specialised language developed
After weighting of a matrix one can perform similarityfor TaKIPI [28] — a Polish morpho-syntactic tagger.
computation. We implemented several similarity functions It is worth noting that Architect can create matrix for LUs
e.g. the commonly used, geometry inspieakine function as well as for multiword expressions (MWE). We require
SIM;rap — function using divergence of the two probabilityonly a limited description of syntactic dependencies betwe
distributions, SIMcras for the reimplementation of the co-constituents of MWEs. In SuperMatrix a module for the
occurrence retrieval models (CRM), Lin’s measure based antomatic extraction of those dependencies is availaloe (f
information theory, etc. Surprisingly, cosine performeaty the description of this method see [37])
well in comparison to other functions. As the amount of textual data is increasing, processing of
On the figure 3 one step is not shown: transformation ofaaraw text (or annotated text in XML format) is becoming
matrix. Transformations are usually computationallymsige, performance bottleneck. To speed up the process of matrix
so most of the time they are performed independently obnstruction SuperMatrix can read binary format generbyed
typical process shown described earlier. We use a few msthéligarp [38].
of transformation in current version of SuperMatrix, naynel 2) WBST TesterA tool performing evaluation of MSRs by
« Singular value decomposition using SVDPACKC [17]. the application of th&VordNet Based Synonymy Tests (WBST)
« Transformation of a LUs by features matrix into the simith addition of a few Python scripts we can generate WBST,
ilarity matrix. This transformation is useful for example€st MSRs and perform test on statistical difference of the

during exporting data into CLUTO for clustering. results produced by different MSRs. _
. Relative Frequency Focus — a transformation required3) Summator:A tool for joining different matrices. We
for reimplementation of the approach presented in [36};bserved that combining several matrices created withaushg
As a final note on Comparison module we want to enflifferent morpho-syntactic constraints resulted in be&Rs
phasise that the framework presented on Figure 3 is ol ) _ .
fixed in SuperMatrix. Our framework seems to encompass™) VeCctorExtractor:A tool for supporting manual analysis
many, if not all, methods of MSR construction. For instanc@,‘c Ia matrlecr(])ntent. 1.€. manual browsing of parts (rows and
to reimplement CRM, one needs the identity function fdt® umns) of huge matrices.

global selection, some weight function analysed in CRM far 5) Relatllons: SuperMatrlx mcludes. also a .set of tqqls
for preparing training data used during training classfier

10For detailed description of RWF see [8], [35]. processing pairs of LU and assigning them to different types
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of wordnet relations, see [39]. Features extracted on teesba Finally, SuperMatrix was utilised in the project whose goal
of raw matrices or transformed matrices are next storeden ttvas to develop an OCR of handwritten medical documents. A
ARFF format which is supported by many Machine Learninijanguage model based on the distributional semantic giityila
systems e.g. Weka system [40] used in [39] of words was built on the basis of SuperMatrix [19]. The
6) Simbuilder: In many applications it is easier first tomodel was next used for the correction of recognition done
transform the matrix describing LUs by row vectors of featur on the graphical level. A sequence of token positions was
into the square matrix of LU similarity, e.g. the generatafn delivered to the system. Each token position was assigned a
the list of the most similar LUs to the given one applied ifist of potential recognitions for this position. The serian
the initial phase of CBC [18], or calculation of weights ireth language model built on the basis of the domain corpus was
RFF MSR [36]. used in the algorithm called SemwWnd, which tried to find a
This last task has complexity @@(n?), wheren is depen- sequence of potential recognitions maximising the semanti
dent on the number of LUs in the matrix. For large matricegonsistency of the sequence.
the expected time of transformation to the domain of siritjtar
is barely acceptable. For solving this problem, one canyappl
several approaches, e.g. based on some heuristics that arféhere exists a few software solutions that can satisfy some
introduced to increase the speed of performed computatioabdesign requirements stated in Section |. Reimplementati
e.g. [33], [34]. Mostly, precision become a little decrehdmut of LSA for Polish [43] was performed using the combination
the time of processing is reduced a lot. of MC Toolkit [44] and SVDPACKC [17]. We have stumbled
From the point of view of the extraction of MSR forupon few problems with that combination. Most important,
the needs of the construction of a lexical semantic netwoMC Toolkit supported only ASCII encoding and could only
precision is most important, so its decrease cannot be temtepcreate a words by documents matrix. Also SVD approach is
Fortunately, the calculation of the LU similarity matrixrca computationally expensive, we were able to reduce dimessio
be easily distributed. We constructed a tool that can divi@ @ matrix describing only four thousands nouns appearing
the whole task into several computers or processing nodedfnabout 180 thousands short documents [Afomap NLP
a cluster of computers. Communication between processepaskage [29] supports similar functionality to MC ToolKiitia

V. EXISTING SYSTEMS

based on the Message Passing Interface. SVD, but it was especially created for the extraction of word
meanings from free text corpora. One noticeable improvémen
IV. USAGE EXAMPLES over MC Toolkit is ability to operate in Word Space. It suédr

The primary application of SuperMatrix is construction Ofrom _sim_ilar limitations becau_s_e of using combination of _MC
tools for semi-automatic extraction of instances of lekic O,OHf't with SyDPACKC._Add|t|0naIIy we had problems with
uilding and installing this system.

semantic relations used next in extending plWordNet [41 )
Mostly the system is used for the construction of different R€C€Ntly, Infomap NLP package has been abandoned in

MSRs [7], [8], [21], [35], but also was applied to clusteringf/la‘\’(,)ur of a new system calleBemantic Vector¢SV) [10].
text documents [42]. ain differences with Infomap NLP are: usage of random

SuperMatrix was applied to the construction of MSRs fOHrojection ingtead of SVD for di.mensionality redgction dhd _
Polish nouns [7], [8], [21], verbs and adjectives [35]. Th plementation, which was ertt_en co_mpletel_y in Java, gsin
system was also used in the development of the Rank Wei ache Lucene as a document-indexing engine. Although Se-

Function [8], which was next implemented in it. SuperMatri antic Vectors IOOk.S interesting it currently dose not supp
was used for preparing training data for the construction any MRSs. Also, it does not support other methods for the

classifiers of types of lexical semantic relations [39],.e. escrlptlon of_context. than co-occurrences in d(_)cument or
hypernymy, meronymy etc. ext window. First public release of SV happened in October,
An interesting application was the support for the cor‘?—om’ when SuperMatrix had most of its functionality alngad
@plemented.

struction of a corpus on the basis of documents from th . .
web. SuperMatrix was applied to construct a tool discowgri Natural L_anguage Toolkit (NLTK) [45] is a popular so_ftware
r performing fundamental natural language processisg. ta

duplicates of documents in a semi-automatic way. For t 2 - . :
documents downloaded from the wéka matrix: documents I dogs_ r_10t fully support statistical lexical s_emant|c Kitedge
by words was built. Next the matrix was transformed to th%cgwsmcg and doeSanotliuppoLt any POI'S? corporaa imil
similarity matrix. On the basis of the similarity matrix psof Ense uséers (M )_[ I] IS the WI:OSt. re e\;alr;t Tn err;lar
documents whose similarity was above some defined threshBfif<@ge fo Super atrlx.. tis aco ection of bPerl modules
were stored in a file sorted in the descending order of th Pd programs for. cIustgrlqg c.)f similar words (and contexts)
similarity. The high similarity of documents was a precis ase?' on distributional S'm"af"y- It sup_ports couple oS, .
signal of duplication, so it was enough to manually chec eation of Word Space _matrl_ces and |_nteracts very well with
some of the top documents in order to remove duplicates. DPA_‘CKC for d|menS|_onaI|ty reduction and_ CLUTO for
clustering. Unfortunately it does not support Unicode, ead-
1IFirst the downloaded documents were filtered according goptiesence not use mpr_p-ho—syntactlc ConStramtS Or_a similar mecmms
of too many words not recognised during the morphologicallyesis for the definition of features during matrix construction.



BARTOSZ BRODA ET. AL: SUPERMATRIX: A GENERAL TOOL FOR LEXICA SEMANTIC KNOWLEDGE ACQUISITION 351

Sketch Engine (SE) [34] provides support for distributionas] z. s. Harris, Mathematical Structures of Language New York:
thesauri out of text corpora. At the time of design phase  Interscience Publishers, 1968.

. . . 6] M. A. Hearst, “Automatic acquisition of hyponyms fromrége text
of SuperMatrix SE did not provide full support for mul- corpora.” in Proceeedings of COLING-92 Nantes, France: The

tiword expressions. For computation it used a modification Association for Computer Linguistics, 1992, pp. 539-545.
of Lin's measure and currently it uses modification of thd7] M. Piasecki and B. Broda, “Semantic similarity measuf@olish nouns

; s ; : based on linguistic features,” iBusiness Information Systems 10th
Dice coefficient for performance reasons. Being a commigrcia International Conference, BIS 2007, Poznan, Poland, AZBi7, 2007,

closed-source application, we are not aware of possslitif Proceedingsser. Lecture Notes in Computer Science, W. Abramowicz,
experimenting with self-made MSRs inside it. Keeping data o Ed., vol. 4439.  Springer, 2007.

an external server would be inconvenient for our needs too[8] M- Piasecki, S. Szpakowicz, and B. Broda, “Automaticesébn of
heterogeneous syntactic features in semantic similafiBotish nouns,

in Proc. Text, Speech and Dialog 2007 Conferersez. LNAI, vol. 4629.
VI. CONCLUSIONS Springer, 2007,

We have presented SuperMatrix — a general tool for thé9] D. Lin, “Automatic retrieval and clustering of similar ards,” in

it ; ; COLING 1998 ACL, 1998, pp. 768-774. [Online]. Available:
acquisition of lexical semantic knowledge from text comuor http/act Idc. upenn edu/P/P98IP98-2127 pdf

At the end f)f the project we would like to rglease the VErSIQhh) p. widdows and K. Ferraro, “Semantic vectors: a scalapen source
1.0 for public usage under a free research licence. Comaderci  package and online technology management applicationPrateed-
licenses are already available. ings of the Sixth International Language Resources and u&tain
P ibl i ty for S Matrix includ (LREC'08) E. L. R. A. (ELRA), Ed., Marrakech, Morocco, may 2008.
O_S’S' € app 'Ca_ 1on areas for superiviatrix inciude a"’ea?’ll] A. Purandare and T. Pedersen, “Senseclusters - findimgtecs that
mentioned extraction of MSRs from corpora and semantic represent word senses,” IHLT-NAACL 2004: Demonstration Papers
correction of handwritten text. This system can be also used D. M. Susan Dumais and S. Roukos, Eds. Boston, Massachusetts

. . . . USA: Association for Computational Linguistics, May 2 — M@y2004,
to perform unsupervised word sense disambiguation, named ;"¢ 59

entity disambiguation, sentiment analysis, documentiimde [12] J. Weeds and D. Weir, “Co-occurrence retrieval: A flésiframework
clustering and retrieval and search engine constructiore O for lexical distributional similarity,"Computational Linguistigsvol. 31,

. . . . no. 4, pp. 439-475, 2005.
can even use SuperMatrix for the extraction of lexical seinan 13] T. LANDAUER and S. DUMAIS, “A solution to Plato’s probie: The

relation in a way following the pattern-based paradigm, €.9 = |atent semantic analysis theory of acquisition, indugtéamd representa-
lexico-syntactic patterns expressed in JOSKIPI are used as tion of knowledge,"Psychological reviewol. 104, no. 2, pp. 211-240,

features describing matrix columns. 1997.

. [t]ﬁ% H. Schitze, “Word space,” inAdvances in Neural Information
We suspect that our system can be also used outside Processing Systems, 5S. Hanson, J. Cowan, and C. Giles,

domain of natural language processing, i.e. everywhere wer Eds. Morgan Kaufmann Publishers, 1993. [Online]. Avagabl
an object can be represented as a feature vector (espenially  Citeseer.ist.psu.edu/schutze93word.html
. J. . P ( P M.S] K. Lund and C. Burgess, “Producing high-dimensionahaatic spaces
hlgh dimensional space). o . from lexical co-occurrence,Behavior Research Methods, Instruments,
We plan to use and extend SuperMatrix in upcoming & Computers vol. 28, no. 2, pp. 203-208, 1996.

research projects Because of the hlghly para”el nature [M] C. D. Manning and H. Schitzeioundations of Statistical Natural

r ina we will extend tools in W nablina flexibl Language Processing The MIT Press, 2001.
processing we exte ools a way ena gte FH] M. Berry, “Large scale singular value computationdtiternational

computation in distributed environment via Message Pgssin ~ Journal of Supercomputer Applicatigneol. 6, no. 1, pp. 13-49, 1992.
Interface (MP|). [18] P. Pantel, “Clustering by committee,” Ph.D. disséoat Edmonton,
: ; Alta., Canada, Canada, 2003, adviser-Dekang Lin.

We also want to Create. tools for the Cref’mon of matrlces_ fﬁl‘g] B. Broda and M. Piasecki, “Correction of Medical Handtimg OCR
other languages. As a primary goal we will focus on English, * gased on Semantic Similarity?’ ECTURE NOTES IN COMPUTER
with possible addition of other languages. Also we will exte SCIENCE vol. 4881, p. 437, 2007.

Comparator module with additional weighting schemes aff] T- Zesch and |. Gurevych, “Automatically creafing daits for
L . measures of semantic relatedness,Pioceedings of the Workshop on
S'm”a“ty functions. Linguistic Distances Sydney, Australia: Association for Computational
Linguistics, July 2006, pp. 16-24. [Online]. Available:tgt/www.
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