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Abstract

There are many possible different semantic re-
lationships between nominals. Classification
of such relationships is an important and dif-
ficult task (for example, the well known noun
compound classification task is a special case
of this problem). We propose a novpht-
tern clustersmethod for nominal relationship
(NR) classification. Pattern clusters are dis-
covered in a large corpus independently of
any particular training set, in an unsupervised
manner. Each of the extracted clusters cor-
responds to some unspecified semantic rela-
tionship. The pattern clusters are then used
to construct features for training and classifi-
cation of specific inter-nominal relationships.
Our NR classification evaluation strictly fol-
lows the ACL SemEval-07 Task 4 datasets and
protocol, obtaining an f-score of 70.6, as op-
posed to 64.8 of the best previous work that
did not use the manually provided WordNet
sense disambiguation tags.
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ing’ denotes a morning that happens in the summer.
These two relationships are completely different se-
mantically but are similar syntactically, and distin-
guishing between them could be essential for NLP
applications such as question answering and ma-
chine translation.

Relation classification usually relies on a train-
ing set in the form of tagged data. To improve re-
sults, some systems utilize additional manually con-
structed semantic resources such as WordNet (WN)
(Beamer et al., 2007). However, in many domains
and languages such resources are not available. Fur-
thermore, usage of such resources frequently re-
quires disambiguation and connection of the data to
the resource (word sense disambiguation in the case
of WordNet). Manual disambiguation is unfeasible
in many practical tasks, and an automatic one may
introduce errors and greatly degrade performance. It
thus makes sense to try to minimize the usage of
such resources, and utilize only corpus contexts in
which the relevant words appear.

A leading method for utilizing context informa-
tion for classification and extraction of relationships

Automatic extraction and classification of semanis that of patterns (Hearst, 1992; Pantel and Pen-
tic relationships is a major field of activity, of both hacchiotti, 2006). The standard classification pro-
practical and theoretical interest. A prominent typ&ess is to find in an auxiliary corpus a set of patterns
of semantic relationships is that holding betweei which a given training word pair co-appears, and
nominalé. For example, in noun compounds manyJse pattern-word pair co-appearance statistics as fea-
different semantic relationships are encoded by tHgres for machine learning algorithms.

same simple form (Girju et al., 2005): ‘dog food’ de- In this paper we introduce a novel approach,
notes food consumed by dogs, while ‘summer morrbased on utilizing pattern clusters that are prepared
T 10ur use of the term ‘nominal’ follows (Girju et al., 2007), separately and independently of the training set. We

and includes simple nouns, noun compounds and multiword e€l0 Not utilize any manually constructed resource or
pressions serving as nouns. any manual tagging of training data beyond the cor-
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rect classification, thus making our method applicathe test set. Since in this case no training data is

ble to fully automated tasks and less domain and lamsed, this allows the automated discovery of a po-

guage dependent. Moreover, our pattern clusterirtgntially unbiased classification scheme.

algorithm is fully unsupervised. Section 2 discusses related work, Section 3 out-
Our method is based on the observation that whilknes the pattern clustering algorithm, Section 4 de-

each lexical pattern can be highly ambiguous, sevails three classification methods, and Sections 5 and

eral patterns in conjunction can reliably define ané describe the evaluation protocol and results.

represent a lexical relationship. Accordingly, we

construct pattern clusters from a large generic 0012- Related Work

pus, each such cluster potentially representing som&merous methods have been devised for classifica-
important generic relationship. This step is dongon of semantic relationships, among which those
without accessing any training data, anticipating thafolding between nominals constitute a prominent
most meaningful relationships, including those in @ategory. Major differences between these methods
given classification problem, will be represented byhclude available resources, degree of preprocessing,

some of the discovered clusters. We then use thgatures used, classification algorithm and the nature
training set to label some of the clusters, and the I training/test data.

beled clusters to assign classes to tested items. One
of the advantages of our method is that it can be usédl ~Available Resources
not only for classification, but also for further anal-Many relation classification algorithms utilize
ysis and retrieval of the observed relationsRips ~ WordNet. Among the 15 systems presented by
The semantic relationships between the compahe 14 SemEval teams, some utilized the manually
nents of noun compounds and between nominals provided WordNet tags for the dataset pairs (e.g.,
general are not easy to categorize rigorously. SeyBeamer et al., 2007)). In all cases, usage of WN
eral different relationship hierarchies have been prdags improves the results significantly. Some other
posed (Nastase and Szpakowicz, 2003; Moldovan systems that avoided using the labels used WN as
al., 2004). Some classes, like Container-Contained,supporting resource for their algorithms (Costello,
Time-Event and Product-Producer, appear in se007; Nakov and Hearst, 2007; Kim and Baldwin,
eral classification schemes, while classes like TooR007). Only three avoided WN altogether (Hen-
Object are more vaguely defined and are subdividedtickx et al., 2007; Bedmar et al., 2007; Aramaki
differently. Recently, SemEval-07 Task 4 (Girju etet al., 2006).
al., 2007) proposed a benchmark dataset that in- Other resources used for relationship discovery
cludes a subset of 7 widely accepted nominal relanclude Wikipedia (Strube and Ponzetto, 2006), the-
tionship (NR) classes, allowing consistent evaluasauri or synonym sets (Turney, 2005) and domain-
tion of different NR classification algorithms. In thespecific semantic hierarchies like MeSH (Rosario
SemkEval event, 14 research teams evaluated their ahd Hearst, 2001).
gorithms using this benchmark. Some of the teams While usage of these resources is beneficial in
have used the manually annotated WN labels prenany cases, high quality word sense annotation is
vided with the dataset, and some have not. not easily available. Besides, lexical resources are
We evaluated our algorithm on SemEval-07 Taskot available for many languages, and their coverage
4 data, showing superior results over participating limited even for English when applied to some re-
algorithms that did not utilize WordNet disambigua-stricted domains. In this paper we do not use any
tion tags. We also show how pattern clusters can beanually annotated resources apart from the classi-
used for a completely unsupervised classification dfcation training set.

2In (Davidov and Rappoport, 2008) we focus on the pat2.2 Degree of Preprocessing

Fem clluster resource type itself, presenting an evaluation of ”i?/lany relationship classification methods utilize
intrinsic quality based on SAT tests. In the present paper we

focus on showing how the resource can be used to improve$PMe language-dependent preprocessing, like deep
known NLP task. or shallow parsing, part of speech tagging and
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named entity annotation (Pantel et al., 2004). Whil2.4 Classification Algorithm

the obtained features were shown to improve classjjrious learning algorithms have been used for re-
fication performance, they tend to be language dession classification. Common choices include vari-

pendent and error-prone when working on unusuaisns of SVM (Girju et al., 2004; Nastase et al.,
text domains and are also highly computationally inyoo6) - decision trees and memory-based leamers.
tensive when processing large corpora. To make Ogtaq|y available tools like Weka (Witten and Frank,
approach as language independent and efficient §9g) allow easy experimentation with common

possible, we avoided using any such preprocessifga ming algorithms (Hendrickx et al., 2007). In this

techniques. paper we did not focus on a single ML algorithm,
letting algorithm selection be automatically based

2.3 Classification Features on cross-validation results on the training set, as in

t(Hendrickx et al., 2007) but using more algorithms

A wide variety of features are used by differen X : )
‘and allowing a more flexible parameter choice.

algorithms, ranging from simple bag-of-words fre
guencies to WordNet—b_ased .f_eatures (Moldovan ety Training Data
al., 2004). Several studies utilize syntactic features. o
Many other works manually develop a set of heuris’-a‘s stated above, several categorization schemes for
tic features devised with some specific reIationshiBom'W?IIS have been proposed. Nastase_ and Sz-
in mind, like a WordNet-based meronymy featurep"?‘kow'cz (2003) proposed a two-level h|ere_1rchy

(Bedmar et al., 2007) or size-of feature (Aramak\’v,Ith 5 (30) classes at the top (bottom) levelghis .

et al., 2006). However, the most prominent feg}l,[ljrglerarchy and a corresponding dataset were used in

type is based on lexico-syntactic patterns in whicﬁTume]}” 200|5; 'Ifurne%/,hZ_OOEi) arj(;l] (Nastasli etal.,
the related words co-appear. 2006) for evaluation of their algorithms. Moldovan

. et al. (2004) proposed a different scheme with 35
Since (Hearst, 1992), numerous works have use ( ) prop
. ) e ) classes. The most recent dataset has been developed
patterns for discovery and identification of mstanceF o .

. . . o or SemEval 07 Task 4 (Girju et al., 2007). This
of semantic relationships (e.g., (Girju et al., 2006;

anually annotated dataset includes a representative
Snow et al., 2006; Banko et al, 2007)). RosenfelgI y P

. : - rather than exhaustive list of 7 important nominal
and Feldman (2007) discover relationship instances, . . fimp :
. " LT relationships. We have used this dataset, strictly fol-

by clustering entities appearing in similar contexts. . . ) . .
. : lowing the evaluation protocol. This made it possi-
Strategies were developed for discovery of multi;

- ; . .ble to meaningfully compare our method to state-of-
ple patterns for some specified lexical relationshi gy b

(Pantel and Pennacchiotti, 2006) and for unsupel{frlr-]e_art methods for relation classification.

vised pattern ranking (Turney, 2006). Davidov e pattern Clustering Algorithm
al. (2007) use pattern clusters to define general rela-
tionships, but these are specific to a given conceg®ur pattern clustering algorithm is designed for the
No study so far has proposed a method to define, dignsupervised definition and discovery of generic se-
cover and represent general relationships presentfitgntic relationships. The algorithm first discovers
an arbitrary corpus. and clusters patterns in which a single (*hook’) word
In (Davidov and Rappoport, 2008) we presenparticipates, .and then merges the r_esulting clusters
an approach to extract pattern clusters from an ut@ form the final structure. In (Davidov and Rap-
tagged corpus. Each such cluster represents soRf@P0rt, 2008) we describe the algorithm at length,
unspecified lexical relationship. In this paper, weliSCUSS its behavior and parameters in detail, and
use these pattern clusters as the (only) source of rf@luate its intrinsic quality. To assist readers of
chine learning features for a nominal relationshigh€ Present paper, in this section we provide an
classification problem. Unlike the majority of cur-Overview. Examples of some resulting pattern clus-
rent studies, we avoid using any other features thi"S are given in Section 6. We refer to a pattern

require some language-specific information or are 3Actually, there were 50 relationships at the bottom level,
devised for specific relationship types. but valid nominal instances were found only for 30.
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contained in our clusters (a pattern type) as a ‘pabook word and the other CW slot contains some
tern’ and to an occurrence of a pattern in the corpusther (‘target’) word. To avoid the selection of com-
(a pattern token) as a ‘pattern instance’. mon words as target words, and to avoid targets ap-
The algorithm does not rely on any data from th@earing in pattern instances that are relatively fixed
classification training set, hence we do not need tmultiword expressions, we sort all target words in
repeat its execution for different classification proba given hook corpus by pointwise mutual informa-
lems. To calibrate its parameters, we ran it a fewion between hook and target, and drop patterns ob-
times with varied parameters settings, producintpined from pattern instances containing the lowest
several different configurations of pattern clusterand highest percent of target words.
with different degrees of noise, coverage and granu-
larity. We then chose the best configuration for oud-4 Pattern Clustering
task automatically without re-running pattern clus\We now have for each hook corpus a set of patterns,
tering for each specific problem (see Section 5.3). together with the target words used for their extrac-
3.1 Hook Words and Hook Corpora tion, and we want to cluster pattern types. _ First,
we group in clusters all patterns extracted using the
As a first step, we randomly sample a set of hookame target word. Second, we merge clusters that
words, which will be used in order to discover re-share more thais' percent of their patterns. Some
lationships that generally occur in the corpus. Tatterns can appear in more than a single cluster.
avoid selection of ambiguous words or typos, we dginally, we merge pattern clusters from different
not select words with frequency higher than a pahook corpora, to avoid clusters specific to a single
rameterF¢ and lower than a thresholblz. We also  hook word. During merging, we define and utilize
limit the total numberN of hook words. For each ¢gre patternsand unconfirmed patternswhich are
hook word, we now createfgook corpusthe set of \yeighed differently during cluster labeling (see Sec-
the contexts in which the word appears. Each cofpn 4.2). We merge clusters from different hook

text is a window containingl” words or punctuation corpora using the following algorithm:
characters before and after the hook word.

. 1. Remove all patterns originating from a single hook
3.2 Pattern Specification corpus only.
To specify patterns, following (Davidov and Rap- 2. Mark all patterns of all present clusters as uncon-
poport, 2006) we classify words into high-  firmed.
frequency words (HFWs) and content words (CWs). 3. While there exists some clust€y from corpusD x

A word whose frequency is more (less) thaty containing only unconfirmed patterns:
(F¢) is considered to be a HFW (CW). Our patterns €)] tSelect a cluster with a minimal number of pat-
erns.
have the general form (b) For each corpu® different fromD x:
[Prefix] CW [Infix] CW5 [Postfix] i. ScanD for clustersC, that share at least
where Prefix, Infix and Postfix contain only HFWSs. S percent of their patterns, and all of their
We require Prefix and Postfix to be a single HFW, core patterns, witi’s.

ii. Add all patterns ofC; to C1, setting all
shared patterns as core and all others as
unconfirmed.

iii. Remove clusteCs.

while Infix can contain any number of HFWs (limit-
ing pattern length by window size). This form may
include patterns likésuch X as Y and’At this stage,

the pattern slots can contain only single words; how- (c) If all of Cy’s patterns remain unconfirmed re-
ever, when using the final pattern clusters for nomi- moveC;.

nal relationship classification, slots can contain mul- 4. |f several clusters have the same set of core patterns
tiword nominals. merge them according to rules (i,ii).

3.3 Discovery of Target Words At the end of this stage, we have a set of pattern

For each of the hook corpora, we now extract aktlusters where for each cluster there are two subsets,
pattern instances where one CW slot contains thmre patterns and unconfirmed patterns.
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4 Relationship Classification loans..” since its context does not contain the word
Up to this stage we did not access the training set I%tude_nts In cases where there are _onIy several or
. zero instances where the two nominals co-appear,

any way and we did not use the fact that the targetré-" " . ™. :
. . . we dismiss the latter rule and scan for each nominal
lations are those holding between nominals. Hence ] )
. Separately. Note that ‘loans’ can also be a verb, so

only a small part of the acquired pattern clusters maalsa e of a part-of-speech tagaer miaht reduce noise
be relevant for a given NR classification task, while fg h P fp. 99 ; g _ '
other clusters can represent completely different re- If the number of instances for a desired nom-

lationships (e.g., between verbs). We now use tH828! 1S vehry low, c_)url algorithm t”nr:S the Erst
acquired clusters to learn a model for the given 1a0ds in these nominal and repeats the search (e.g.,

beled training set and to use this model for classifi—<SImUIatI0n study, _volumlr_lous resmtsbecome_s_
results). This step is the only one specific

cation of the test set. First we describe how we dezﬁswdy’, , _
with data sparseness. Then we proposera mea- to English, using _the_ nat_ure of E_nghsh noun com-
sure used for cluster labeling, and finally we preseftounds. Our desire in this case is to keep the head
three different classification methods that utilize pat\!vords.

tern clusters. , :
4.1.2 Extracting more contexts using the new

4.1 Enrichment of Provided Data words

Our classification algorithm is based on context3o find more instances where nominals similar to
of given nominal pairs. Co-appearance of nomiw; andw, co-appear in HFW patterns, we construct
nal pairs can be very rare (in fact, some word pairgieb queries using combinations of each nominal’s
in the Task 4 set co-appear only once in Yahogroup and extract patterns from the search result
web search). Hence we need more contexts whesaapshots (the two line summary provided by search
the given nominals or nominals similar to them coengines for each search result).
appear. This step does not require the training la-
bels (the correct classifications), so we do it for both.2 TheHITS Measure
training and test pairs. We do it in two stages: ex- . )
tracting similar nominals, and obtaining more con:ro use cIu.ste.rs for cIaSS|f|cat|9n we defineias
texts. measure similar to that of (Davidov et al., 2007), re-
flecting the affinity of a given nominal pair to a given
4.1.1 Extracting more words cluster. We use the pattern clusters from Section 3
For each nominal paifwy,w-) in a given sentence and the additional data collected during the enrich-
S, we use a method similar to (Davidov and Rapment phase to estimate-ars value for each cluster
poport, 2006) to extract words that have a shareand each pair in the training and test sets. For a given
meaning withw; or w». We discover such words nominal pair(w:, w2) and clusteC with n core pat-
by scanning our corpora and querying the web folernsP.,,. andm unconfirmed patterns,,con
symmetric patterns (obtained automatically fromthe yrs(c, (
corpus as in (Davidov and Rappoport, 2006)) that )
containw; or we. To avoid getting instances of {p; (w1, ws) appearsim € Peore}| /n+
w1 2 With a different meaning, we also require that ) :
the second word will appear in the same text para- [{p; (w1, w2) @ppears i € Puncons }| /m.
graph or the same web page. For example, if we ate this formula, ‘appears in’ means that the nomi-
given a pair<loans, students and we see a sen- nal pair appears in instances of this pattern extracted
tence’... loans and scholarships for students androm the original corpus or retrieved from the web
professionals ... we use the symmetric pattern ‘X at the previous stage. Thus if some pair appears in
and Y’ to add the wordgcholarshipdo the group of most of the patterns of some cluster it receives a high
loansand to add the worgdrofessionalgo the group HITS value for this cluster.«. (0..1) is a parameter
of students We do not take words from the sen-that lets us modify the relative weight of core and
tence‘ln European soccer there are transfers andunconfirmed patterns.

wi, wa)) =
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4.3 Classification Using Pattern Clusters algorithm. To do this, we construct feature vectors
We present three ways to use pattern clusters for fE0M €ach training pair, where each feature is the

lationship classification. HITS measure corresponding to a single pattern clus-
o _ ter. We prepare test vectors similarly. Once we have
4.3.1 Classification by cluster labeling feature vectors, we can use a variety of classifiers

One way to train a classifier in our case is to attacfwe used those in Weka) to construct a model and to
a single relationship label to each cluster during thevaluate it on the test set.

training phase, and to assign each unlabeled pair}lo3
some labeled cluster during the test phase. We usé
the following normalizedHiTs measure to label the |f we are not given any training set, it is still possi-
involved pattern clusters. Denote Bythe number ble to separate between different relationship types

of training pairs in classin training setl’. Then by grouping the feature vectors of Section 4.3.2 into
clusters. This can be done by applying k-means or

another clustering algorithm to the feature vectors
Label(C) = argmax; Y hits(C,p)/ki described above. This makes the whole approach
p€eT, Label(p)=i completely unsupervised. However, it does not pro-

: . vide any inherent labeling, making an evaluation dif-
Clusters where the above sum is zero remain utﬁ-

labeled. In the test phase we assign to each test pair

p the label of the labeled clustét that received the 5 Experimental Setup

highestHITS(C, p) value. If there are several clus-

ters with a highes#iTs value, then the algorithm se- The main problem in a fair evaluation of NR classifi-
lects a ‘clarifying’ set of patterns — patterns that ar&ation is that there is no widely accepted list of pos-
different in these best clusters. Then it construct@ible relationships between nominals. In our eval-
clarifying web queries that contain the test nomivation we have selected the setup and data from
nal pair inside the clarifying patterns. The effect isSemEval-07 Task 4 (Girju et al., 2007). Selecting
to increment the4ITs value of the cluster contain- this type of dataset allowed us to compare to 6 sub-
ing a C|arifying pattern if an appropriate pattern |nm|tted state-of-art SyStemS that evaluated on exactly
stance (including the target nominals) was found o€ same data and to 9 other systems that utilize
the web. We start with the most frequent clarifying@dditional information (WN labels). We have ap-
pattern and perform additional queries until no clarPlied our three different classification methods on
ifying patterns are left or until some labeled clustefh€ given data set.

obtains a highestiiTs value. If no patterns are left 51 SemEval-07 Task 4 Overview

but there are still several winning clusters, we assign - _ o
to the pair the label of the cluster with the largesf@sk 4 (Girju et al., 2007) involves classification of

number of pattern instances in the corpus. relationships between simple nominals other than
One advantage of this method is that we get Jiamed entities. Seven distinct relationships were
a by-product a set of labeled pattern clusters. Exghosen: Cause-Effect, Instrument-Agency, Product-
amination of this set can help to distinguish and arfroducer, Origin-Entity, Theme-Tool, Part-Whole,
alyze (by means of patterns) which different rela@nd _Content—Contaln(-:'_r. For each _re_latlonshlp, the
tionships actually exist for each class in the trainProvided dataset consists of 140 training and 70 test
ing set. Furthermore, labeled pattern clusters can ¥@mples. Examples were binary tagged as belong-
used for web queries to obtain additional example&9/not belonging to the tested relationship. The vast

.3 Unsupervised clustering

of the same relationship. mgjority of negative exgmples were nea_r—misses, ac-
o quired from the web using the same lexico-syntactic

4.3.2 Classification by clusteHiTs values as patterns as the positives. Examples appear as sen-
features tences with the nominal pair tagged. Nouns in this

In this method we treat theiTs measure for a clus- pair were manually labeled with their correspond-
ter as a feature for a machine learning classificatiang WordNet 3 labels and the web queries used to
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obtain the sentences. The 15 submitted systerget word mutual information filter)1/3 — 1/5; S
were assigned into 4 categories according to wheth@luster overlap filter for cluster merging®/3; «
they use the WordNet and Query tags (some systerteore vs. unconfirmed weight ferTs estimation):
were assigned to more than a single category, sin6el — 0.01; S (commonality for cluster merging):
they reported experiments in several settings). In o@/3. As designed, each parameter indeed influences
evaluation we do not utilize WordNet or Query tagsa certain effect. Naturally, the parameters are not
hence we compare ourselves with the correspondimgutually independent. Selecting the best configu-
group (A), containing 6 systems. ration in the cross-validation phase makes the algo-
rithm flexible and less dependent on hard-coded pa-
rameter values.
Our algorithm uses two corpora. We estimate fre- Selection of learning algorithm and its algorithm-
quencies and perform primary search on a local wedpecific parameters were done as follows. For each
corpus containing about 68GB untagged plain texbf the 7 classification tasks (one per relationship
This corpus was extracted from the web startingype), for each of the 128 pattern clustering schemes,
from open directory links, comprising English webwe prepared a list of most of the compatible al-
pages with varied topics and styles (Gabrilovich angorithms available in Weka, and we automatically
Markovitch, 2005). To enrich the set of given wordselected the model (a parameter set and an algo-
pairs and patterns as described in Section 4.1 arichm) which gave the best 10-fold cross-validation
to perform clarifying queries, we utilize the Yahooresults. The winning algorithms were LWL (Atke-
API for web queries. For each query, if the desiredon et al., 1997), SMO (Platt, 1999), and K* (Cleary
words/patterns were found in a page link's snapshaéind Trigg, 1995) (there were 7 tasks, and different
we do not use the link, otherwise we download thalgorithms could be selected for each task). We then
page from the retrieved link and then extract the raised the obtained model to classify the testing set.
quired data. If only several links were found for aThis allowed us to avoid fixing parameters that are
given word pair we perform local crawling to depthbest for a specific dataset but not for others. Since
3 in an attempt to discover more instances. each dataset has only 140 examples, the computa-
tion time of each learning algorithm is negligible.

5.2 Corpus and Web Access

5.3 Parameters and Learning Algorithm

Our algorithm utilizes several parameters. Insteag Results
of calibrating them manually, we only provided
a desired range for each, and the final parametéhe pattern clustering phase resultsdinto 3000
values were obtained during selection of the besgistinct pattern clusters, depending on the parameter
performing setup using 10-fold cross-validation orsetup. Manual sampling of these clusters indeed re-
the training set. For each parameter we have esteals that many clusters contain patterns specific to
mated its desired range using the (Nastase and $@me apparent lexical relationship. For example, we
pakowicz, 2003) set as a development set. Note thh@ve discovered such clusters &y Y accessory
this set uses an entirely different relationship classfor X", ‘shipping Y for X', ‘Y is available for X’, 'Y
fication scheme. We ran the pattern clustering phagge available for X, ‘Y are available for X systems’,
on 128 different sets of parameters, obtaining 128 for X’ } and {‘best X for Y’, ‘X types for Y’, 'Y
different clustering schemes with varied granularitywith X’, ‘X is required for Y’, ‘X as required for Y",
noise and coverage. ‘X for Y’}. Note that some patternsr(for X’) can

The parameter ranges obtained af&; (meta- appear in many clusters.
pattern content word frequency and upper bound for We applied the three classification methods de-
hook word selection)100 — 5000 words per million scribed in Section 4.3 to Task 4 data. For super-
(wpm); Fg (meta-pattern HFW)10 — 100 wpm;  vised classification we strictly followed the SemEval
Fp (low word count for hook word filtering)l —50 datasets and rules. For unsupervised classification
wpm; N (number of hook words)i00 — 1000; W  we did not use any training data. Using the k-means
(window size): 5 or window = sentencel (tar- algorithm, we obtained two nearly equal unlabeled
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Method _ P IR |F | Ac tence contextual information, we do not expect it to
Unsupervised clustering (4.3.3) 64.5 | 61.3 | 62.0 | 64.5 . . .
Cluster Labeling (4.3.1) 651 | 69.0| 67.2 | 685 show exceptional performance on such items. This
HITS Features (4.3.2) 69.1| 70.6 | 70.6 | 70.1 is a good topic for future research.
Best Task 4 (no WordNet) 66.1 | 66.7 | 64.8 | 66.0 . .
Best Task 4 (with WordNet) | 79.7 | 69.8 | 72.4 | 76.3 Since the SemEval dataset is of a very spe-
cific nature, we have also applied our classification
Table 1: Our SemEval-07 Task 4 results. framework to the (Nastase and Szpakowicz, 2003)

dataset, which contains 600 pairs labeled with 5

2006). This shows that our method produces supe-
rior results for rather differing datasets.

Relation Type F Acc | C . . .
Cause-Efect 7T 7412 main re_Iatlonshlp types. We hgve used the exact
Instrument-Agency| 76.5 | 74.2 | 1 evaluation procedure described in (Turney, 2006),
grr‘i’g‘]’iﬁ?ér':ﬂrglducer e Rsod iy achieving a class f-score average of 60.1, as opposed
Theme-Tool 594 | 587 | 6 to 54.6 in (Turney, 2005) and 51.2 in (Nastase et al.,
Part-Whole 743 | 709 | 1

2

Content-Container | 72.6 | 69.2

Table 2: By-relation Task #41T7s-based resultsC is the

number of clusters with positive labels. 7 Conclusion

Relationship classification is known to improve
clusters containing test samples. For evaluation waany practical tasks, e.g., textual entailment (Tatu
assigned a negative/positive label to these two clughd Moldovan, 2005). We have presented a novel
ters according to the best alignment with true labeldramework for relationship classification, based on

Table 1 shows our results, along with the best Tagkattern clusters prepared as a standalone resource in-
4 result not using WordNet labels (Costello, 2007)dependently of the training set.
For reference, the best results overall (Beamer et al.,Our method outperforms current state-of-the-art
2007) are also shown. The table shows precision (Rjgorithms that do not utilize WordNet tags on Task
recall (R), F-score (F), and Accuracy (Acc) (percent4 of SemEval-07. In practical situations, it would
age of correctly classified examples). not be feasible to provide a large amount of such
We can see that while our algorithm is not as googense disambiguation tags manually. Our method
as the best method that utilizes WordNet tags, resul@so shows competitive performance compared to
are superior to all participants who did not use thesdéne majority of task participants that do utilize WN
tags. We can also see that the unsupervised methi@gs. Our method can produce labeled pattern clus-
results are above the random baseline (50%). In fadgrs, which can be potentially useful for automatic
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