1

Superior and Efficient Fully Unsupervised Pattern-based Concept
Acquisition Using an Unsupervised Parser

Dmitry Davidov *

Roi Reichart!

Ari Rappoport 2

ICNC , ZInstitute of Computer Science
Hebrew University of Jerusalem
{dmitry@lice.nc|roiri @s|arir@s}.huji.ac.il

Abstract

Sets of lexical items sharing a significant
aspect of their meaningcéncepty are fun-
damental for linguistics and NLP. Unsuper-
vised concept acquisition algorithms have
been shown to produce good results, and are
preferable over manual preparation of con-
cept resources, which is labor intensive, er-
ror prone and somewhat arbitrary. Some ex-
isting concept mining methods utilize super-
vised language-specific modules such as POS
taggers and computationally intensive parsers.

In this paper we present an efficient fully
unsupervised concept acquisition algorithm
that uses syntactic information obtained from
a fully unsupervised parser. Our algorithm
incorporates the bracketings induced by the
parser into the meta-patterns used by a sym-
metric patterns and graph-based concept dis-
covery algorithm. We evaluate our algorithm
on very large corpora in English and Russian,
using both human judgments and WordNet-
based evaluation. Using similar settings as
the leading fully unsupervised previous work,
we show a significant improvement in con-
cept quality and in the extraction of multiword
expressions. Our method is the first to use
fully unsupervised parsing for unsupervised
concept discovery, and requires no language-
specific tools or pattern/word seeds.

Introduction

While handcrafted concept databases (e.g., Word-
Net) are extensively used in NLP, manual compila-
tion of such databases is labor intensive, error prone,
and somewhat arbitrary. Hence, for many languages
and domains great efforts have been made for au-
tomated construction of such databases from avail-
able corpora. While language-specific and domain-
specific studies show significant success in develop-
ment of concept discovery frameworks, the majority
of domains and languages remain untreated. Hence
there is a need for a framework that performs well
for many diverse settings and is as unsupervised and
language-independent as possible.

Numerous methods have been proposed for seed-
based concept extraction where a set of concept pat-
terns (or rules), or a small set of seed words for each
concept, is provided as input to the concept acqui-
sition system. However, even simple definitions for
concepts are not always available.

To avoid requiring this type of input, a number of
distributional and pattern-based methods have been
proposed for fully unsupervised seed-less acquisi-
tion of concepts from text. Pattern-based algorithms
were shown to obtain high quality results while be-
ing highly efficient in comparison to distributional
methods. Such fully unsupervised methods do not
incorporate any language-specific parsers or taggers,
so can be successfully applied to diverse languages.

However, unsupervised pattern-based methods
suffer from several weaknesses. Thus they are fre-

Comprehensive lexical resources for many domairguently restricted to single-word terms and are un-
and languages are essential for most NLP applicable to discover multiword expressions in efficient
tions. One of the most utilized types of such reand precise manner. They also usually ignore poten-

sources is a repository abncepts sets of lexical
items sharing a significant aspect of their meaningermation.

(e.g., types of food, tool names, etc).

48

tially useful part-of-speech and other syntactic in-
In order to address these weaknesses,
several studies utilize language-specific parsing or
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tagging systems in concept acquisition. Unfortusition of a lexically-defined matrix (by SVD, PCA
nately, while improving results, this heavily affectsetc), e.g. (Sciitze, 1998; Deerwester et al., 1990).
the language- and domain- independence of suchWhile great effort has been made for improv-
frameworks, and severely impacts efficiency sincang the computational complexity of distributional
even shallow parsing is computationally demandingnethods (Gorman and Curran, 2006), they still re-
In this paper we present a method to utilize the inmain highly computationally intensive in compari-
formation induced by unsupervised parsers in an uison to pattern approaches (see below), and most of
supervised pattern-based concept discovery framiéem do not scale well for very large datasets.
work. With the recent development of fast fully un- The second main approach is to use lexico-
supervised parsers, it is now possible to add parsexyntactic patterns. Patterns have been shown to pro-
based information to lexical patterns while keepéduce more accurate results than feature vectors, at
ing the language-independence of the whole frame- lower computational cost on large corpora (Pan-
work and still avoiding heavy computational coststel et al., 2004). Since (Hearst, 1992), who used a
Specifically, we incorporate the bracketings inducethanually prepared set of initial lexical patterns, nu-
by the parser into the meta-patterns used by a syrmerous pattern-based methods have been proposed
metric patterns and graph-based unsupervised cdi¥ the discovery of concepts from seeds. Other
cept discovery algorithm. studies develop concept acquisition for on-demand
We performed a thorough evaluation on two Entasks where concepts are defined by user-provided
glish corpora (the BNC and a 68GB web corpusyeeds. Many of these studies utilize information ob-
and on a 33GB Russian corpus. Evaluations weié@ined by language-specific parsing and named en-
done using both human judgments and WordNet, ifity recognition tools (Dorow et al., 2005). Pantel et
similar settings as that of the leading unsupervised. (2004) reduce the depth of linguistic data used,
previous work. Our results show that utilization ofout their method requires POS tagging.
unsupervised parser both improves the assignmentTextRunner (Banko et al., 2007) utilizes a set
of single-word terms to concepts and allows highof pattern-based seed-less strategies in order to ex-
precision discovery and assignment of of multiwordract relational tuples from text. However, this sys-
expressions to concepts. tem contains many language-specific modules, in-
) cluding the utilization of a parser in one of the pro-
2 Previous Work cessing stages. Thus the majority of the existing
Much work has been done on lexical acquisition opattern-based concept acquisition systems rely on
all sorts and the acquisition of concepts in particupattern/word seeds or supervised language-specific
lar. Concept acquisition methods differ in the type ofools, some of which are very inefficient.
corpus annotation and other human input used, andDavidov and Rappoport (2006) developed a
in their basic algorithmic approach. Some methodsamework which discovers concepts based on high
directly aim at concept acquisition, while the direcfrequency words and symmetry-based pattern graph
goal in some is the construction of hyponym (‘is-a")properties. This framework allows a fully unsuper-
hierarchies. A subtree in such a hierarchy can b@sed seed-less discovery of concepts without rely-
viewed as defining a concept. ing on language-specific tools. However, it com-
A major algorithmic approach is to represenpletely ignores potentially useful syntactic or mor-
word contexts as vectors in some space and use dological information.
tributional measures and clustering in that space. For example, the pattern ‘X and his Y’ is useful
Pereira (1993), Curran (2002) and Lin (1998) uséor acquiring the concept of family member types,
syntactic features in the vector definition. (Pantehs in “his siblings and his parents’. Without syn-
and Lin, 2002) improves on the latter by clusteringactic information, it can capture noise, as in “... in
by committee. Caraballo (1999) uses conjunctioireland) and his wife)” (parentheses denote syntac-
and appositive annotations in the vector representtie constituent boundaries). As another example, the
tion. Several studies avoid requiring any syntactiaseful symmetric pattern “either X or Y” can appear
annotation. Some methods are based on decompn-both good examples (“choose eithéhihuahua
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or Collie”) and bad ones (“eitheCollie or Aus- pects relevant to this paper.
tralian Bulldog”). In the latter case, the algorithm First, it achieves state of the art unsupervised
both captures noise (“Australlian” is now consid-parsing performance: its F-scérs 75.9% for sen-
ered as a candidate for the ‘dog type’ concept), anénces of up to 10 words from the PennTreebank
misses the discovery of a valid multiword candidat&Vall Street Journal corpus (WSJ) (Marcus, 1993),
("Australlian Bulldog”). While symmetry-based fil- and 59% for sentences of the same length from the
tering greatly reduces such noise, the basic proble@erman NEGRA (Brants, 1997) corpus. These cor-
remains. As a result, incorporating at least sompora consists of newspaper texts.
parsing information in a language-independent and Second, to obtain good results, manually created
efficient manner could be beneficial. POS tags are used as input in all the unsupervised
Unsupervised parsing has been explored for separsers mentioned above except of Seginer’s, which
eral decades (see (Clark, 2001; Klein, 2005) for redses raw sentences as input. (Headden et al., 2008)
cent reviews). Recently, unsupervised parsers hatiave shown that the performance of algorithms that
for the first time outperformed the right branch-require POS tags substantially decreases when using
ing heuristic baseline for English. These includd’OS tags induced by unsupervised POS taggers in-
CCM (Klein and Manning, 2002), the DMV and stead of manually created ones. Seginer’s incremen-
DMV+CCM models (Klein and Manning, 2004), tal parser is therefore the onfylly unsupervised
(U)DOP based models (Bod, 2006a; Bod, 2006kparser providing high quality parses.
Bod, 2007), an exemplar based approach (Den- Third, Seginer’s parser is extremely fast. During
nis, 2005), guiding EM using contrastive estimatiorits initial stage, the parser builds a lexicon. Our Pen-
(Smith and Eisner, 2006), and the incremental parséum 2.8GHB machines with 4GHB RAM can store
of Seginer (2007) which we use here. These worke memory the lexicon created by up to 0.2M sen-
learn an unlabeled syntactic structure, dependentgnces. We thus divided our corpora to batches of
or constituency. In this work we use constituency).2M sentences and parsed each of them separately.
trees as our syntactic representation. Note that in this setup parsing quality might be even
Another important factor in concept acquisitionbetter than the quality reported in (Seginer, 2007),
is the source of textual data used. To take advasince in the setup reported in that paper the parser
tage of the rapidly expanding web, many of the prowas applied to a few thousand sentences only. On
posed frameworks utilize web queries rather thaaverage, the parsing time of a single batch was 5
local corpora (Etzioni et al., 2005; Davidov et al.,minutes (run time did not significantly differ across
2007; Pasca and Van Durme, 2008; Davidov andatches and corpora).
Rappoport, 2009). While these methods have a deffarser description. The parser utilizes the novel
nite practical advantage of dealing with the most reeommon-cover link representation for syntactic
cent and comprehensive data, web-based evaluatistnucture.  This representation resembles depen-
has some methodological drawbacks such as limitatency structure but unlike the latter, it can be trans-
repeatability (Kilgarriff, 2007). In this study we ap- lated into a constituency tree, which is the syntactic
ply our framework on offline corpora in settings sim-representation we use in this work.
ilar to that of previous work, in order to be able to The parsing algorithm creates the common-cover

make proper comparisons. links structure of a sentence in an incremental man-
o _ _ ner. This means that the parser reads the words of
3 Efficient Unsupervised Parsing a sentence one after the other and, as each word is

. . L read, it is only allowed to add links that have one of
Our method utilizes the information induced by un-, . .
their ends at that words (and update existing ones).

supervised parsers. Specifically, we make use of th . )

) . o . ords which have not yet been read are not avail-
bracketings induced by Seginer’s pafsé®eginer,
2007). This parser has advantages in three major as-*F = 222, whereR and P are the recall and precision of

the parsers’ bracketing compared to manually created bracket-
1The parser is freely available at ing of the same text. This is the accepted measure for parsing
http://staff.science.uva.nllyseginer/ccl performance (see (Klein, 2005)).
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able to the parser at this stage. This restriction igracketings induced by unsupervised parsers in or-
inspired by psycholinguistics research which sugder to avoid the problems above. We utilize brack-
gests that humans process language incrementallying boundaries in our meta-patterns in addition
This results in a significant restriction of the parser'so HFW and C slots. In other words, their origi-
search space, which is the reason it is so fast. nal meta-patterns are totally lexical, while ours are
During its initial stage the parser builds a lexicorexico-syntactic meta-patterns. We preserve the at-
containing, for each word, statistics helping the decitractive properties of meta-patterns, because both
sion of whether to link that word to other words. TheHFWs and bracketings can be found or computed in
lexicon is updated as any new sentence is read. Lexdanguage independent manner and very efficiently.
icon updating is also done in an incremental manner Concretely, we define a HFW as a word appearing

so this stage is also very fast. more thanTy times per million words, and & as
_ ) a word or multiword expression containing up to 4
4 Unsupervised Pattern Discovery words, appearing less thdi: times per million.

In the first stage of our algorithm, we run the unsu- We require that our patterns include two slots for

pervised parser on the corpus in order to producecols’ separated bY at least a single HFW or bracket.
bracketing structure for each sentence. In the sewe allow separation by a single bracket because the

ond stage, described here, we use these bracketiA%}é’eSt level m;he |r;du_ce(|j_bracket|rr]1_ci; sr:ruEturle uslu-
in order to discover, in a fully unsupervised manneflY corresponds to lexical items, while higher levels

patterns that could be useful for concept mining. correspond to actual syntactic constituents.

Our algorithm is based on the concept acquisition, In order to avoid t_runcatlon of multiword expres-
method of (Davidov and Rappoport, 2006). We disSions, we also require the meta pattern to start and
’ d by a HFW or bracket. Thus our meta-patterns

cover patterns that connect terms belonging to the! H the followi | .
same concept in two main stages: discovery of pa'f'—"atC the following regular expression:
tern candidates, and identification of the symmetric (H|BY* C, {H|B}* Cy {H|B}*

patterns among the candidates.

. ) ) . bxen H H+l1
Pattern candidates. A major idea of (Davidov where means zero or more“t|’r,n“e”s, and "+ means
one or more time an@ can be “(",")” brackets pro-

and Rappoport, 2006) is that a few dozen high frea d by th in th d
quency words (HFW) such as ‘and’ and ‘is’ con-21¢€¢ BY (he Paresr (i ihese patierns we b 1ot

nect other, less frequent content terms into relatiorp-eed to guarantee that brackets match properly). Ex-

ships. They defineneta-patternswhich are short amples of such patterns includg(C1)in C3))",

sequences of H's and C's, where H is a slot for (¢1)(such(as(((C2)", and “(Cy)and(Cy)"3. We

a HFW and C is a slot for a content word (Iateldismis_‘s_ rare patterns that appear less thatimes
to become a word belonging to a discovered cor2®’ million words.

cept). Their method was shown to produce googymmetric patterns. Many of the pattern candi-
results. However, the fact that it does not considefates discovered in the previous stage are not usable.
any syntactic information causes problems. Specifn order to find a usable subset, we focus on the sym-
ically, it does not consider the constituent structurgnetric patterns. We define a symmetric pattern as a
of the sentence. Meta-patterns that cross constitugsiittern in which the same pair of terms (C words)
boundaries are likely to generate noise — two contef likely to appear in both left-to-right and right-to-
words (C's) in a meta-pattern that belong to differ{eft orders. In order to identify symmetric patterns,
ent constituents are likely to belong to different confor each pattern we define a pattern grapP), as
cepts as well. In addition, meta-patterns that do ngfroposed by (Widdows and Dorow, 2002). If term

occupy a full constituent are likely to ‘cut’ multi- pair (Cy, Cy) appears in patter® in some context,
word expressions (MWES) into two parts, one par

that gets treated as a valid C word and one part th%tprovided with sentences having all non-alphabetic characters

IS completgly |gno.red. _ removed. We assume word separatioh,. can be a word or a
The main idea in the present paper is to use theultiword expression.

3This paper does not use any punctuation since the parser
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we add nodes, ¢, to the graph and a directed edgecomputer companies, while the connection of ‘Sun’
Ep(c1,c2) between them. In order to select sym-+o ‘Earth’ can lead to a concept of celestial bodies.

metric patterns, we create such a pattern graph fﬂeducing noise: merging and windowing. Since

every discovered pattern, and create a symmetrécn iven term can particioate in manv cliques. the
subgraph SymG(P) in which we take only bidirec- v P P y cliques,

tional edges fromG(P). Then we compute three algorithm creates overlapping categories, some of

) which redundant. In addition, due to the nature of
measures for each pattern candidate as prOposedInguage and the imperfection of the corpus some
(Davidov and Rappoport, 2006):

noise is obviously to be expected. We enhance the
_ {c113e2Ep(c1,e2) A3esEp(es,e1)}|  quality of the obtained concepts by merging them

Ml(P) :

|Nodes(G(P))| and by windowing on the corpus. We merge two
concepts), R, iff there is more than a 50% overlap
My(P) = [Nodes(SymG(P))| between them(|Q N R| > |Q|/2) A QN R| >
|Nodes(G(P))| |R|/2). In order to increase concept quality and re-
_|Edges(SymG(P))| move concepts that are too context-specific, we use
M3(P) := |Edges(G(P))] a simple corpus windowing technique. Instead of

For hm 6. We prenar rted list of all %unning the algorithm of this section on the whole
oreach measure, we prepare a sorted fistota Cacorpus, we divide the corpus into windows of equal
didate patterns. We remove patterns that are not [

. . ize and perform the concept discovery algorithm of
the topZ (we use 100, see Section 6) in any of th P P yalg

three list d patt that i the botBmi Shis section (without pattern discovery) on each win-
ree fists, and patierns that are in the botiopin — yq,y independently. We now have a set of concepts
at least one of the lists.

for each window. For the final set, we select only
5 Concept Discovery those concepts that appear in at least two of the win-
At the end of the previous stage we have a set afows. This technique reduces noise at the potential
symmetric patterns. We now use them in order toost of lowering coverage.
discover concepts. The concept discovery algorithm A decrease in the number of windows should pro-
is essentially the same as used by (Davidov and Raguce more noisy results, while discovering more
poport, 2006) and has some similarity with the oneoncepts and terms. In the next section we show that
used by (Widdows and Dorow, 2002). In this sectionvhile windowing is clearly required for a large cor-
we outline the algorithm. pus, incorporation of parser data increases the qual-

The clique-set method. The utilized approach to Ity of the extract-ed.c.orpus to the point where win-
dowing can be significantly reduced.

concept discovery is based on connectivity struc-
tures in the all-pattern term relationship graph 6 Results

resulting from merging all of the single-pattern ) )

graphs for symmetric patterns selected in the previll Order to estimate the quality of concepts and to
ous stage. The main observation regardihiy that COMPare it to previous work, we have performed
highly interconnected words are good candidates fPth automatic and human evaluation. Our basic
form a concept. We find all strong-cliques (sub- Comparison was to (Davidov and Rappoport, 2006)
graphs containing nodes that are all interconnectedWe have obtained their data and utilized their al-

in both directions). A cliqué) defines a concept that gorithm), where we can estimate if incorporation of
contains all of the nodes i@ plus all of the nodes Parser data can solve some fundamental weaknesses
that are (1) at least unidirectionally connected to afff their framework. In the following description, we

nodes inQ, and (2) bidirectionally connected to atC@ll their algorithmP and our parser-based frame-
least one node ifp. Using this definition, we create WOk P+. We have also performed an indirect com-
a concept for each such clique. parison to (Widdows and Dorow, 2002).

|While there is a significant number of other re-

Note that a single term can be assigned to severa _ S )
ed studiebon concept acquisition (see Section 2),

concepts. Thus a clique based on a connection of i
word ‘Sun’ to ‘Microsoft’ can lead to a concept of  *Most are supervised and/or use language-specific tools.
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|4 W C AS

direct or even indirect comparison to these works is T P TP T
problematic due to difference in corpora, problem R IS I I I I I B
definitions and evaluation strategies. Below we de- Russ. | 10 | 235 ] 406 | 115 | 96 | 116 | 151

sgribe the corpora and parameters used in our evalggple 1: Results for concept discovery with (P+) and
ation and then show and discuss WordNet-based awgthout (P) utilization of parsing datd/ is the total num-

Human evaluation settings and results. ber (millions) of different words in the corpu$V is the
_ _ ~ number (thousands) of words belonging to at least one of
Corpora. We performed in-depth evaluation inthe terms for one of the concepts.is the number (thou-

two languages, English and Russian, using thremands) of concepts (after merging and windowing)s
corpora, two for English and one for Russianis the average(words) category size.
The first English corpus is the BNC, containing

about 100M words. The second English COrpUS,,ered by discovered concepts raises nearly 1.5-
DMOZ(Gabrilovich and Markovitch, 2005), IS @ 4|4 hen we utilize patterns based on parsing data
web corpus obtained by crawling URLs in the Operi‘n comparison to pure HFW patterns used in previ-

Directory Project (dmoz.org), resulting in 68GB, s \york e can also see nearly the same increase
containing about 8.2G words from 50M web pages§y, » erage concept size. At the same time we ob-

The Russian corpus (Davidov and Rappoport, 200@erve about 15% reduction in the total number of
was assembled from web-based Russian repos@rscovered concepts

ries, to yield 33GB and 4G words. All of these cor-

| d by (David 4R There are two opposite factors in P+ which may
pora were also used by ( avidov an aPpOporltnﬂuence the number of concepts, their size and cov-
2006) and BNC was used in similar settings by

. erage in comparison to P. On one hand, utilization of
(Widdows and Dorow, 2002). mo?e restrictzd patterns that include parsing infor-
Algorithm parameters. The thresholds Mation leads to a reduced number of concept term
Ty, To,Tp, Zr, Z5, were determined mostly instances being discovered. Thus, the P+ pattern “(X
by practical memory size considerations: we com(©r (& Y))” will recognize “(TV (or (a movie))” in-
puted thresholds that would give us the maxima$tance and will miss “(lunch) or (a snack))”, while
number of terms, while enabling the pattern accedge P pattern “X ora Y” will capture both. This leads
table to reside in main memory. The resulting® @ decrease in the number of discovered concepts.

numbers ard 00, 50, 20, 100, 100. Corpus window On the other hand, P+ patterns, unlike P ones, al-
size was determined by Starting from a Sma“OW the extraction of multiword eXpreSSiOﬁ’JQnd
window size, extracting at random a single Windov\/lndGEd more than third of the discovered terms us-
running the algorithm, and iterating this procesing P+ were MWEs. Utilization of MWEs not only
with increasedx2 window sizes until reaching a allows to cover a greater amount of different words,
desired vocabulary concept participation percentadit also increases the number of discovered concepts
(before windowing) (i.e., x% of the different wordssince new concepts can be found using cliques of
in the corpus participate in terms assigned intgewly discovered MWEs. From the results, we can
concepts. We used 5%.). We also ran the algorith§f€ that for a given concept size and word coverage,
without windowing in order to check how well the the ability to discover MWEs overcomes the disad-
provided parsing information can help reduce nois¢/antage of ignoring potentially useful concepts.
Among the patterns discovered are the ubiquito
ones containing “and”,“or”, e.g. ‘((X) or (a Y)),
and additional ones such as ‘from (X) to (Y)'.

Lﬁuman judgment evaluation. Our human judge-
ment evaluation closely followed the protocol (Davi-
dov and Rappoport, 2006).

Influence of parsing data on number of discov-  We used 4 subjects for evaluation of the English

ered concepts. Table 1 compares the concept ac-~————— _

quisition framework with (P+) and without (P) uti- __'While P method can potentially be used to extract MWESs,

preliminary experimentation shows that without significant

lization of parsing data. _ modification, quality of MWESs obtained by P is very low in
We can see that the amount of different wordsomparison to P+
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concepts and 4 subjects for Russian ones. In orderThe first part of Table 2 gives the average per-
to assess subjects’ reliability, we also included rareentage of triplets that were given scores of 1 or 2
dom concepts (see below). The goal of the expe(that is, ‘significant shared meaning’). The second
iment was to examine the differences between thgart gives the average score of a triplet (1 is best).
P+ and P concept acquisition frameworks. Subjecta these lines scores of 5 were not counted. Inter-
were given 50 triplets of words and were asked tevaluator Kappa between scores are 0.68/0.75/0.76
rank them using the following scale: (1) the wordsor DMOZ, BNC and Russian respectively. We can
definitely share a significant part of their meaningsee that terms selected by P and skipped by P+
(2) the words have a shared meaning but only ireceive low scores, at the same time even single-
some context; (3) the words have a shared meaword terms selected by P+ and skipped by P show
ing only under a very unusual context/situation; (4yery high scores. This shows that using parser data,
the words do not share any meaning; (5) | am ndhe proposed framework can successfully avoid se-
familiar enough with some/all of the words. lection of erroneous terms, while discovering high-
The 50 triplets were obtained as follows. We hav@uality terms missed by P. We can also see that P+
randomly selected 40 concept pairs (C+,C): C+ iRerformance on MWEs, while being slightly infe-
P+ and C in P using five following restrictions: (1)rior to the one for single-word terms, still achieves
concepts should contain at least 10 words; (2) fdiesults comparable to those of single-word terms.
a selected pair, C+ should share at least half of its Thus our algorithm can greatly improve the re-
single-word terms with C, and C should share agults not only by discovering of MWEs but also by
least half of its words with C+; (3) C+ should con-improving the set of single word concept terms.
tain at least 3 MWES; (4) C should contain at least 3 ) ) o
words not appearing in C+; (5) C+ should contain a_YVordNet—based evaluation. The major guideline

least 3 single-word terms not appearing in C. in this part of the evaluation was to compare our re-
. sults with previous work (Davidov and Rappoport,

These restrictions allow to select concept PaI3506: Widdows and Dorow 2002) without the pos-

such that C+ is similar to C while they still carry _. . .
: . : sible bias of human evaluation. We have followed
enough differences which can be examined. We se- . :
eir methodology as best as we could, using the

: ina: . N :
Ie_cted the triplets as foIIowmg_ for_ pairs (C+, C) te%ame WordNet (WN) categories and the same cor-
triplets include terms appearing in both C+ and

(Bothcolumn in Table 2), ten triplets include Single_pora. This also allows indirect comparison to several
word terms appearing i’n C+ but not @€ single other studies, thus (Widdows and Dorow, 2002) re-

column), ten triplets include single-word terms apports results for an LSA-based clustering algorithm

pearing in C but not C+R column), ten triplets in- that are vastly inferior to the pattern-based ones.

clude MWES appearing in C-Pé mwecolumn) and The evaluation method is as follows. We took

ten triplets include random terms obtained from Pﬂthe exact 10 WN subsets referred to as ‘subjects’ in

Widdows and Dorow, 2002), and removed all multi-
conceptsRandcolumn). ( . ' ' .
PISR ) word items. We then selected at random 10 pairs of

. b 1 Both | Rand words from each subject. For each pair, we found
ey —ve [ single the largest of our discovered concepts containing it.
meaning |\l e e | e | e The various morphological forms or clear typos of
BNC S R B O ) the same word were treated as one in the evaluation.
e We have improved the evaluation framework for
DOz L7 | 14 25 17 | 38 Russian by using the Russian WordNet (Gelfenbey-
Russ. 15 | 11 [20] 13 | 37 nand et al., 2003) instead of back-translations as

Table 2: Results of evaluation by human judgment Ofione n (Dz_iV'd_OV and Rappoport, 2006). Prelim-
three data sets. P+ single/mwe: single-word/MWE term&ary examination shows that this has no apparent
existing only in P+ concept; P: single-word terms existingffect on the results.

only in P concept; Both: terms existing in both concepts; For each found concegf containing N words,
Rand: random terms. See text for detailed explanationsye computed the following: (1) Precision: the num-
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ber of words present in botfi and WN divided by avoiding windowing altogether. Each time we ran-
N; (2) Precision*: the number of correct words di-domly sampled a set of 100 concepts and tagged (by
vided by N. Correct words are either words thatthe authors) noisy ones. A concept is considered to
appear in the WN subtree, or words whose entry ihe noisy if it has at least 3 words unrelated to each
the American Heritage Dictionary or the Britannicaother. Table 4 shows results of this test.
directly defines them as belonging to the given class s Windon |GG WG
(e.g., ‘murder’ is defined as ‘a crime’). This was P 7 18 3
done in order to overcome the relative poorness of - : : =
WN; (3) Recall: the number of words present inTable 4: Percentage of noisy concepts as a function of
both C and WN divided by the number of words windowing.
in WN; (4) The percentage of correctly discovered
words (according to Precision*) that are not in WN. We can see that while windowing is still essential
Table 3 compares the macro-average of these #0en with available parser data, using this data we
categories to corresponding related work. We do natan significantly reduce windowing requirements,
allowing us to discover more concepts from the

Prec. Prec.* Rec. %New
BMOZ same data.
P 79.8 86.5 22.7 25 .. . . .
Pr 795 | 913 | 286 | 37 Timing requirements are modest, considering we
P 9276 | 9572 | 722 | 04 parsed such large amounts of data. BNC pars-
P+ 93.0 96.1 14.6 1.7 . . . .
Widdows | 820 | - - : ing took 45 minutes, and the total single-machine
B | goso | soes | 2008 | 21 processing time for the 68Gb DMOZ corpus was
P+ 83.5 92.6 29.6 4.0

4 day$. In comparison, a state-of-art supervised

Table 3: WordNet evaluation in comparison to P (Davifarser (Charniak and Johnson, 2005) would process
dov and Rappoport, 2006) and to Widdows(Widdows anthe same amount of data in 1.3 years

Dorow, 2002). Columns show average precision, preci- . .

sion* (as defined in text), recall, and % of new words! ~Discussion

added to corresponding WN subtree. We have presented a framework which utilizes an
o . _efficient fully unsupervised parser for unsupervised
observe apparent rise in precision when comparing,term_pased discovery of concepts. We showed
P+ and P, but we can see ilgnlflcant Improvemety ; tilization of unsupervised parser in pattern ac-
in both recall and precision* for all of three cor- g jisition not only allows successful extraction of
pora. In combination with human judgement resultsMWES but also improves the quality of obtained
this suggests that the P+ framework successfully di%’oncepts avoiding noise and adding new terms
Covers more correct terms not present in WN. Th'fgissed by the parse-less approach. At the same time,
causes precision to remain constant while precision . tramework remains fully unsupervised, allowing

improves significantly. Rise in recall also shows thajg gtaightforward application to different languages
the P+ framework can discover significantly more,g supported by our bilingual evaluation.

correct terms from the same data. This research presents one more step towards the

Windowing requirement. As discussed in Sec- merging of fully unsupervised techniques for lex-
tion 5, windowing is required for successful noisdcal acquisition, allowing to extract semantic data
reduction. However, due to the increase in patterwithout strong assumptions on domain or language.
quality with parser data, it is likely that less noiseWhile we have aimed for concept acquisition, the
will be captured by the discovered patterns. Henc@roposed framework can be also useful for extrac-
windowing could be relaxed allowing to obtain moretion of different types of lexical relationships, both
data with sufficiently high precision. among concepts and between concept terms.

In order to test this issue we applied our algo? dapCoal dall3 d
rithms on the DMOZ corpus with 3 different win- 15nh:5rtéwe e e eecapon eE P

dOV_Ving settings: (1) Choosmg WindOYV size as de- 7considering the reported parsing rate of 10 sentences per
scribed above; (2) using4 larger window; (3) second
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