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Abstract decades ago (1968), stating that semantically
similar words tend to appear in similar contexts.

This paper presents a new computation |n many cases a context of a word is represented
of lexical distributional similarity, which as a feature vector, where each feature is another
is a corpus-based method for computing  expression that co-occurs with the given word in
similarity of any two words. Although the context.
the conventional method focuses on em-
phasizing features with which a given
word is associated, we propose that even
unassociated features of two input words
can further improve the performance in
total. We also report in addition that
more than 90% of the features has no
contribution and thus could be reduced
in future.

Over a long period of its history, in partic-
ular in recent years, several works have been
done on distributional similarity calculation. Al-
though the conventional works have attained the
fine performance, we attempt to further improve
the quality of this measure. Our motivation of
this work simply comes from our observation
and analysis of the output by conventional meth-
ods; Japanese, our target language here, is writ-
ten in a mixture of four scripts: Chinese char-
acters, Latin alphabet, and two Japanese-origin

Similarity calculation is one of essential tasks igharacters. In this writing environment some
natural language processing (1990; 1992; 19940rds which have same meaning and same pro-
1997; 1998; 1999; 2005). We look for a semarfiunciation are written in two (or more) different
tically similar word to do corpus-driven summascripts. This is interesting in terms of similarity
rization, machine translation, language genergalculation since these two words are completely
tion, recognition of textual entailment and othepame in semantics so the similarity should be
tasks. In task of language modeling and disarifleally 1.0. However, the reality is, as far as we
biguation we also need to semantically generdtave explored, that the score is far from 1.0 in
ize words or cluster words into some groups. A&anysameword pairs. This fact implies that the
the amount of text increases more and more m)nventional calculation methods are far enough
the contemporary world, the importance of simt0 the goal and are expected to improve further.
ilarity calculation also increases concurrently.  The basic framework for computing distribu-
Similarity is computed by roughly two ap-tional similarity is same; for each of two input
proaches: based on thesaurus and based on eavrds a context (i.e., surrounding words) is ex-
pus. The former idea uses thesaurus, such teacted from a corpus, a vector is made in which
WordNet, that is a knowledge resource of hian element of the vector is a value or a weight,
erarchical word classification. The latter ideaand two vectors are compared with a formula to
that is the target of our work, originates froncompute similarity. Among these processes we
Harris’s distributional hypothesis more than fouhave focused on features, that are elements of
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the vector, some of which, we think, adverselgdefinition of word, we use not only words given
affect the performance. That is, traditional aphy a morphological analyzer but also compound
proaches such as Lin (1998) basically use all @fords. Nine case particles are used as syntactic
observed words as context, that causes noiserales, that roughly express subject, object, modi-
feature vector comparison. One may agree thiér, and so on, since they are easy to be obtained
the number of the characteristic words to detefrom text with no need of semantic analysis. In
mine the meaning of a word is some, not all, abrder to reduce noise we delete triples that ap-
words around the target word. Thus our goal igears only once in the corpus.
to detect and reduce such noisy features. We then construct a feature vector out of col-
Zhitomirsky-Geffet and Dagan (2009) havdection of the triples. A feature of a word is an
same motivation with us and introduced a boo&nother word syntactically dependent with a cer-
strapping strategy that changes the original fetain role. In other words, given a triplev, r, w'),
tures weights. The general idea here is to pre-feature ofw corresponds to a dependent word
mote the weights of features that are commaith a role(r, w’).
for associated words, since these features are " o
likely to be most characteristic for determiningz'2 (Initial) Filtering of Features
the word’s meaning. In this paper, we proposéhere are several weighting functions to deter-
instead a method to using features that are bottine a value for each feature element. As far
unassociated to the two input words, in additiohS we have investigated the literature the most
to use of features that are associated to the inpwtidely used feature weighting function is point-
wise mutual information (MI), that is defined as
2 Method follows:

The lexical distributional similarity of the input

two words is computed by comparing two Vec- pr1(w, r,w') = log,
tors that express the context of the word. In this freq(w) freq(r,w’)
section we first explain the feature vector, angha e freq(r,w') is the frequency of the co-
how we define initial weight for each feature of,..;rrence wordw’ with role . freg(w)
the vector. We then introduce in Subsection 2;3 o independent frequency of a word,
the way to compute similarity by two vectors.freq(w,r, w') is the frequency of the triples
After that, we emphasize some of the features Vo, r, w'), ands is the number of all triples.

their association to the word, that is explained in |, this paper we do not discuss what is the

Subsection 2.4. We finally present in Subsectiqfl weighting functions, since this is out of tar-

2.5 feature reduction which is our core contrlbuget. We use mutual information here because it

tion of this work. Although our target languagés most widely used, i.e., in order to compare per-

is Japanese, we use English examples in order{m ance with others we want to adopt the stan-
provide better understanding to the readers. 4,4 approach.

As other works do, we filter out features that
have a value lower than a minimal weight thresh-
We first explain how to construct our feature vec|ds . The thresholds are determined according
tor from a text corpus. to our preliminary experiment, that is explained

A word is represented by a feature vectofater.
where features are collection of syntactically de- o
pendent words co-occurred in a given corpug3 Vector Similarity
Thus, we first collect syntactically dependenBimilarity measures of the two vectors are com-
words for each word. This is defined, as iputed by various measures. Shibata and Kuro-
Lin (1998), as a triplgw, r,w’), wherew and hashi (2009) have compared several similarity
w’ are words and- is a syntactic role. As for measures including Cosine (Ruge, 1992), (Lin,

2.1 Feature Vector

33



(input word)w: boy

(feature)v: guarthpy

(synonyms ofw, shown with its similarity tow) Syn(w) =

{ child(0.135), girl(0.271), pupil(0.143), woman(0.142), young people(0.}47)

4 N
(feature vectorg’):

V(boy) = { parentsiop, runawayugj, reclaimppy, fathekop, guarcdps , - - - }

V(child) = { guardhpy, lookopy, bringogy, give birthopy, careypy , -+ - }

V(girl) = { parentsiop, guardpy, fathekop, testifysupys, lookosy, -« - }

V(pupil) = { targebpy, guarthpj, careypy, aiMops, INCreasgusy, - -+ }

V(woman) ={ nameop, give birthops, grouprop, together+with, parentsop, - - - }
V(young people) 5 harmfulyo, globakiop, reclaimygy, wrongdoingop , - - - }

J
(words that has featurg) Asc(v) = {boy, child, girl, pupil,- - -}
weight(w,v) = weight (boy, guargpy) = waEAsc(v)ﬁSyn(w) sitm(w,wy)
= 0.135+ 0.271 + 0.143 = 0.549 ).

Figure 1: Example of feature weighting for wobdy.

1998), (Lin, 2002), Simpson, Simpson-Jaccaréhdicates that the weight of features that is ex-
and conclude that Simpson-Jaccard index attaipkined below is only used for feature reduction,
best performance of all. Simpson-Jaccard indesot for similarity calculation.

is an arithmetic mean of Simpson index and Jag-

card index, defined in the following equation: 24  Feature Weighting by Association
We then compute weights of the features of the

word w according to the degree of semantic as-
sociation tow. The weight is biased because all
of the features, i.e., the surrounding words, are
not equally characteristic to the input word. The
core idea for feature weighting is that a feature

. 1, . )
sim(wy, wy) = §(ssz(w1, wa)+simg(wy, ws))

(2)

inV;
sim g(wy, we) = % (3) v in w is more weighted when more synonyms
-2 (words of high similarity) ofw also have.
Figure 1 illustrates this process by examples.
Vi NVl Now we calculate a feature guayg for a word
‘ _ NV 4 )
simg(wi, w2) min(VilVal (4) boy, we first collect synonyms af), denoted by

Syn(w), from a thesaurus. We then compute
g Similarities betweem and each word i5yn (w)

where V] and V5 is set of features foiv; an g e ]
ws, respectively, andlA| is the number of se. 0¥ Equation 2. The weight is the sum of the sim-
rities of words inSyn(w) that have feature,

It is interesting to note that both Simpson anﬁa : X ]
Jaccard compute similarity according to degred€fined in Equation 5.
of overlaps of the two input sets, that is, the re-

ported best measure computes similarity by igweight(w,v) = Z sim(w, wy)
noring the weight of the features. In this paper w € Asc(v)NSyn(w)
we adopt Simpson-Jaccard indexim, which (5)
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Figure 2: An illustration of similarity calculation of Zhitomirsky-Geffet and Dagan (2009) (a) and

the proposed method (b1 and b2) in feature space. In order to measure the distance of the two words
(shown in black dots) they use only associated words, while we additionally use unassociated words
in which the distances to the words are similar.

2.5 Feature Reduction shows, regardless of how much a feature is as-

We finally reduce features according to the difociated to the word, the feature is not reduced
ference of weights of each feature in words w&hen it has similar weight to botv; andws,
compare. In computing similarity of two WOrds’locat_ed at the middle area of the two words in
w, andw,, a featurev satisfying Equation 6 is the figure.
reduced. This idea seems to work more effectively,
compared with Zhitomirsky-Geffet and Da-
> g (6) 9an (2009), in case that input two words are not
so similar, that is shown at (b2) of the figure.
whereabs() is a function of absolute value, andas they define associated features independently,
fis a threshold for feature reduction. it is likely that the overlapped area is little or
Figure 2 illustrates our idea and comparesone between the two words. In contrast, our
the similar approach proposed by Zhitomirskymethod uses features at theddle area of two
Geffet and Dagan (2009). Roughly speakingaput words, where there is always certain fea-
Zhitomirsky-Geffet and Dagan (2009) computyres provided for similarity computation, shown
similarity of two words, shown as black dotsp case (b2). Simplified explanation is that our
in (a), mainly according t@ssociatedfeatures sjmilarity is computed as the ratio of the associ-
(dark-colored circle), or features that has highted area to the unassociated area in the figure.

weights in Equation 5. And the associated fegwye will verify later if the method works better in
tures are determined word by word indepengyw similarity calculation.

dently.

In contrast, the proposed method relatively re-
duces features, depending totation of input 2.6 Final Similarity
two words. At (bl) in the figure, not only asso-
ciated (high-colored area) but unassociated fe@he final similarity of two words are calculated
tures (light-colored area) are used for similaby two shrunk vectors (or feature sets) and Equa-
ity computation in our method. As Equation @ion 2, that gives a value between 0 and 1.

abs(weight(wy,v) — weight(ws,v))
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3 Evaluation

3.1 Evaluation Method

In general it is difficult to answer how similar
two given words are. Human have no way t
judge correctness if computed similarity of twc
words is, for instance, 0.7. However, given twi
word pairs, such agu, wy ) and(w, wy), we may
answer which of two wordsyw; or ws, is more

similar tow than the other one. That is, degre 0 1 2 3 4 5
of similarity is defined relatively hence accuracy, Threshold a for Initial Filtering

of similarity measures is evaluated by way of rel-

ative comparisons. Figure 3: Relation between threshaldand per-

In this paper we employ an automatic evakprmance in F-measures for Level 3+2 test set.
uation method in order to reduce time, human

labor, and individual variations. We first col-

lect four levels of similar word pairs from a the-test set is 1,600 as two Levels are combined.
sauru$. Thesaurus is a resource of hierarchi-

cal words classification, hence we can colle&?2 Experimental Setting

several levels of similar word pairs accordingpe corpus we use in this experiment is all the
to the depth of common parent nodes that tWeicles inThe Nihon Keizai Shimbun Database
words have. Accordingly, we constructed foug Japanese business newspaper COrpus cover-
levels of similarity pairs, Level 0, 1, 2, and 3’ing the years 1990 through 2004. As morpho-
where the number increases as the similarity "Ibgical analyzer we us€hasen2.3.3 with IPA
creases. Each level includes 800 word pairs thﬁ{orpheme dictionary. The number of collected
are randomly selected. The following examplegipjes is 2,584,905, that excludes deleted ones
are pairs with wordisiain each Level. due to one time appearance and words including
some symbols.

In Subsection 2.4 we udBunrui Goi Hyq a

~
Example: Four similarity levels for pair of

Alila%/el 3(high): Asia vs. Europe Japanese thesaurus for synonym collection. The
Level 2: ' Asia vs. Brazil potential target words are all content words, ex-
Level 1: Asia vs. my country cept words that have less than twenty features.

Level O(low):  Asia vs. system The number of words after exclusion is 75,539.
9 ) Moreover, words that have four or less words in

. . . ._the same category in the thesaurus are regarded
We then combine word pairs of adjacent sim- T C 2
. . as out of target in this paper, due to limitation
ilarity Levels, such as Level 0 and 1, that is a ) . .
C oo - of Syn(w) in Subsection 2.4, Also, in order
test set to see low-level similarity discriminatio . _
0 avoid word sense ambiguity, words that have

power. The performance is calculated in terms . ; e
ore than two meanings, i.e., those classified in

of how clearly the measure distinguishes the dif- ore than two categories in the thesaurus, also

ferent levels. In a similar fashion, Level 1 and zm .
) emain to be solved.
as well as 2 and 3, are combined and tested for

middle-level and high-level similarity discrimi- 3.3 Threshold for Initial Filtering

nation, respectively. The number of pairs in each
- Figure 3 shows relation between threshaldnd

!In this experiment we usBunrui Goi Hyoalso for the performance of similarity distinction that is
evaluation. Therefore, this experimental setting is a kin .
of closed test. However, we see that the advantage to wn in F-measures, for Level 3+2 test set. As
the same thesaurus in the evaluation seems to be small. can be seen, the plots seem to be concave down
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Figure 4: Threshold vs. accuracy in Level 3+Figure 6: Threshold vs. accuracy in Level 1+0

set. set.
0.85 Table 1: Performance comparison of three meth-
0.84 # Proposed method ods in each task (in F-measures).
g:g — Zhitomirsky—Geffet and Dagan Level S&K ZG&D proposed
081 Lvl.3+Lvl.2 | 0.702] 0.791 | 0.797

Lvl.2+Lvl.1 | 0.747| 0.771 0.773
Lvl.1+Lvl.0 | 0.838| 0.789 0.840

F-measure
=]
o

@
-
=)

0.78

0.77 + * & & ]
0.76

0.75 . or oa o5 os . Ppower in higher similarity region requires lower
Threshold beta of Weight Diference thregholo_l, |.e._, fgwgr fe_atures. In_ c_ont_rast, con-

ducting fine distinction in lower similarity level
requires higher threshold, i.e., a lot of features

Figure 5: Threshold vs. accuracy in Level 2+},0st of which may be unassociated ones.
set.

3.5 Performance

and there is a clear peak whenis between 2 Table 1 shows performance of the pro-
and 3. posed method, compared with Shibata
In the following experiments we set the and Kurohashi (2009) (S&K in the table)
value where the best performance is given feid Zhitomirsky-Geffet and Dagan (2009)
each test set. We have observed similar pheno(@G&D)?. The method of Shibata and Kuro-
ena in other test sets. The thresholds we usehiashi (2009) here is the best one among those
2.1 for Level 3+2, 2.4 for Level 2+1, and 2.4 forcompared. It uses only initial filtering described
Level 1+0. in Subsection 2.2. The method of Zhitomirsky-
L _ Geffet and Dagan (2009) in addition emphasize
34 Threshold for Weighting Function associated features as explained in Subsection
Figure 4, 5, and 6 show relation between thresf-4. All of the results in the table are the best
old 8 and performance in Level 3+2, 2+1, 1+®nes among several threshold settings.
test set, respectively. The threshold at the point The result shows that the accuracy is 0.797
where highest performance is obtained great{y0.006) in Level 3+2, 0.773 (+0.002) in Level
depends on Levels: 0.3in Level 3+2,0.5in Level——— _ . _
The implementations of providing associated words

2+1, a_nd 0.9 i_n L_evel 1+0. Cprr_]pa_risop O_f th_esﬁwd the bootstrapping are slightly different to Zhitomirsky-
three figures indicates that similarity distinctiorGeffet and Dagan (2009).
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ggé;eaengfoi.ri:f(r)o&?ﬁoe%)r:grtegg ,g'hzc;’ewcr;er:;g:?gble 2: Relation of errors and words with a few
. fiatures. Inthe table, (h) and (I) shows pairs that
with best ones except our proposed method. Tha't?ejudged higher (lower) by the system. Column
confirms that our method attains equivalent ol < 50 (< 20) means number of pairs. each of
better performance in all of low, middle, an

. e which has less than 50 (20) features.
high similarity levels.

We also see in the table that S&K and ZG&D
show different behavior according to the Leve
However, it is important to note here that o
proposed method performs equivalent or outp
forms both methods in all Levels.

Level #errs| < 50 fea.| < 20 fea.
CLvl.3+2(h) | 125| 76 (61%)| 32 (26%)
'er|.3+2 0] 220 | 150 (68%)| 60 (27%)
"Lvl.2+1 (h) | 137 | 75 (55%)| 32 (23%)
Lvl.2+1 (1) 253 | 135 (53%)| 52 (21%)
4 Discussions Lvl.1+0 (h) | 149 | 23 (15%)| 4 (3%)
Lvl.1+0 (1) 100 | 17 (17%)| 3(3%)

4.1 Behavior at Each Similarity Level

As we have discussed in Subsection 2.5, OUr o tormance. if we can reduce them bro
method is expected to perform better than P » ITW u prop

o . ... _erly. In a same way, 87% of features in Level
Zhit ky-Geffet and D 2009) in distinc-, .
. |qm|rs Y g g a.n agan ( ) in dis InC2+1 set, and 52% of features in Level 1+0 set,
tion in lower similarity area. Roughly speak- 5o be reduced. Th b :
ing, we interpret the results as follows. Shi—”;a;{]as.? ﬁre .uceh'. h Fese num er; are %lvetn
bata and Kurohashi (2009) always has many fed. | \© situation In which F-measure attains bes

tures that degrades the performance in highg rfotrmar;ce. tl;l]ere,_ 'tf'Sj[ not EO tstay tf:g t V\tlelf e
similarity level, since the ratio of noisy fea—Sure 0 reduce them in future, but to estimate how

tures may throw into confusion. Zhitomirsky-many features are really effective to distinguish

Geffet and Dagan (2009) reduces such noidae similarity. o
Here we have more look at the statistics. The

that gives better performance in higher similarity o _ _
umber of initial features on average is 609 in

level and is stable in all levels. And our proposeﬁ | 342 i q hreshold b
method maintains performance of Zhitomirsky:- eve test set. I we decrease threshold by
.1, we can reduce 98% of features at the thresh-

Geffet and Dagan (2009) in higher level whil 4 of 0.8. wh h ; ins b
improves performance that is close to Shibaf%{ of 0.8, where the performance remains best

and Kurohashi (2009) in lower level, utilizing(0'791)' This Is a surprising fact for us since

fewer features. We think our method can includgnly 12 (= 609 x (1—0.98)) features really con-
advantages over the two methods. tribute the performance. Therefore, we estimate

that there is a lot to be reduced further in order
4.2 Error Analysis to purify the features.

We overview the result and see that the major &  Conclusion and Euture Work
rors are NOT due to lack of features. Table 2
illustrates the statistics of words with a few feaThis paper illustrates improvement of lexical
tures (less than 50 or 20). This table clearly telldistributional similarity by not only associated
us that, in the low similarity level (Level 1+0) infeatures but also utilizing unassociated features.
particular, there are few pairs in which the word'he core idea is simple, and is reasonable when
has less than 50 or 20, that is, these pairs are cave look at machine learning; in many cases we
sidered that the features are erroneously reducede training instances of not only something pos-
o , itive but something negative to make the distinc-
4.3 Estimation of Potential Feature tion of the two sides clearer. Similarly, in our
Reduction task we use features of not only associated but
It is interesting to note that we may reduce 81%nassociated to make computation of similarity
of features in Level 3+2 test set while keepingor distancein semantic space) clearer. We as-
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