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Abstract. Measuring relational similarity between words is impor- words in the correct answer (e.g. Ligha large Cat). SAT analogy
tant in numerous natural language processing tasks such as solviggestions have been used as a benchmark to evaluate relational sim-
analogy questions and classifying noun-modifier relations. We pro#arity measures in previous work on relational similarity [20, 15].
pose a method to measure the similarity between semantic relations Noun-modifier pairs such au virus storm cloud expensive
that hold between two pairs of words using a web search engineébook etc are frequent in English language. In fact, WordNet contains
First, each pair of words is represented by a vector of automatimore thar26, 000 noun-modifier pairs. Natase and Szpakowicz [7]
cally extracted lexical patterns. Then a Support Vector Machine islassified noun-modifiers into five classes according to the relations
trained to recognize word pairs with similar semantic relations. Webetween the noun and the modifier. Turney [15] used a relational
evaluate the proposed method on SAT multiple-choice word-analoggimilarity measure to compute the similarity between noun-modifier
questions. The proposed method achieves a scot@%fwhich is pairs and classify them according to the semantic relations that hold
comparable with relational similarity measures which use manuallypetween a noun and its modifier.

created resources such as WordNet. The proposed method signifi- We proposes a method to measure the relational similarity between
cantly reduces the time taken by previously proposed computatiortwo given pairs of words using text-snippets returned by a web search
ally intensive methods, such as latent relational analysis, to procesngine. Snippets provide useful information about the relations that
374 analogy questions fror days to less thafi hours. Moreover,  hold between words. For example, Godgleturns the snippet.the

we evaluate the proposed relational similarity measure in a relatiowstrich is the largest bird in the world and can be found in South
classification task in which the proposed method outperforms vectoffrica... for the conjunctive querpstrich AND bird This snippet

space model-based relational similarity measures. alone suggests that ostrich is a large bird. The proposed method au-
tomatically extracts lexical patterns that describe the relation implied

1 Introduction by the two words in a word-pair and computes the relational similar-
ity between two word-pairs using a machine learning approach.

Similarity can be broadly categorized into two typesiributional Relational similarity is a dynamic phenomenon. In particular, rela-

andrelational [5, 15]. Attributional similarity is correspondence be- tions between named entities change over time and across domains.
tween attributes and relational similarity is correspondence betweeRnerefore, it is costly or even impossible to manually update lan-
relations. When two words have a high degree of attributional simyyage resources to reflect those changes. The proposed method does
ilarity, they are calledsynonymousWhen two pairs of words show  not require language resources such as taxonomies or dictionaries
a high degree of relational similarity, they are cal@hlogousFor  \yhich makes it attractive when measuring relational similarity be-
example, the two analogous word-pairs: ostrich:bird and lion:cat +ween named entities.

_?Ot_h implying the relatiorX is a large Y —has a high relational sim-  The main contributions of this paper are summarized as follows.
ilarity.

Relational similarity measures are useful for numerous tasks in.
natural language processing such as detecting word analogies and
classifying semantic relations in noun-modifier pairs. Word anal-
ogy questions have been used as a component of Scholastic Apti-
tude Test (SAT) to evaluate applicants to the U.S. college system
for decades. A SAT analogy question comprises a source-pairing of
concepts/terms and a choice of (usually five) possible target pairings
only one of which accurately reflects the source relationship. A typi-
cal example is shown below.

Using SAT analogy questions as training data, we propose an al-
gorithm to automatically extract lexical patterns to represent the
numerous relations implied by two words. The proposed method
requires a lesser number of search engine queries (one query per
word-pair) and does not require computationally intensive large
matrix manipulations as required by the previously proposed la-

' tent relational analysis (LRA) [13], thereby reducing the time
taken to answe374 SAT analogy questions fro® days by LRA

to less tharé hours.

Question: Ostrich is to Bird as: e We use the proposed method to classify relations between named
a. Cubisto Bear entities on the web. Specifically, we evaluate the proposed method
b. Lionis to Cat on corporate-acquisition relation and person-birthplace relation.

c. Ewe is to Sheep Experimental results show that the proposed method outperforms
d. Turkey is to Chicken relational similarity measures defined using vector space model in

e. Jeepisto Truck classifying relations between named entities.

Here, the relatiofs a largeholds between the two words in the ques-
tion (e.g. Ostrich and Bird), which is also shared between the twd http://code.google.com/apis




2 Related work """""""" :

The Structure-mapping theory (SMT) [3] claims that an analogy isa _A:B )5 Web pattern Training/

mapping of knowledge from one domain (base) into another (target) !| search  [snippets| eXItraQtlon/ feature. g_e""_‘lt'o_'t‘a' :

which conveys that a system of relations known to hold in the base ¢.p . |Engine > selection  [-remsroe! Simranty f
Y Y R (PrefixSpan)| i~ i | (SVM)

also holds in the target. The target objects do not have to resemble
their corresponding base objects. This structural view of analogy is
based on the intuition that analogies are about relations, rather than ; ; :
simple features. Although thls approach works best when. the bage Identify the implicit reiations Compare the reiations
and the target are rich in higher-order causal structures, it can fail ) )

. in the two word-pairs
when structures are missing or flat [21].

Turney et al. [17] combined3 independent modules by consid-
ering the weighted sum of the outputs of each individual module to Figure 1. Outline of the proposed method.
solve SAT analogy questions. The best performing individual mod-
ule was based on Vector Space Model (VSM). In the VSM approacifelations implied by each word-pair. For example, the relaKds-
to measuring relational similarity [16], first a vector is created for 8-large Yholds between the the two words in pastrich:bird and
a word-pairX:Y by counting the frequencies of various lexical pat- lion:cat. We propose the use 6frefixSpar{8], a sequential pattern
terns containing andY. In their experiments they use®8 man- mining algorithm, to extract implicit relations from snippets returned
ually created patterns such as bf Y”, “Y of X”, “X to Y” and “Y by a web search engine for two words. We train a Support Vector
to X”. These patterns are then used as queries to a search engine di@chine (SVM) [19] using SAT multiple-choice analogy questions
the number of hits for each query is used as elements in a vector @5 training datg to compare the extracted relations and identify anal-
represent the word-pair. Finally, the relational similarity is computed®g0ous word-pairs.
as the cosine of the angle between the two vectors representing each
word-pair.. This V$M approach achieves.a scord™f on college- 3.2 Pattern Extraction and Selection
level multiple-choice SAT analogy questions. A SAT analogy ques-
tion consists of a target word-pair and five choice word-pairs. Thewe represent the implicit relations indicated by the two words in
choice word-pair that has the highest relational similarity with thea word-pairX:Y using automatically extracted lexical patterns. Al-
target word-pair in the question is selected by the system as the cothough automatic pattern extraction methods [10, 12] have been pro-
rect answer. posed based on dependency parsing of sentences, extracting lexical

Turney [13, 15] proposes Latent Relational Analysis (LRA) by ex- patterns from snippets using such methods is difficult because most
tending the VSM approach in three ways: a) lexical patterns are ausnippets are not grammatically correct complete sentences. Conse-
tomatically extracted from a corpus, b) the Singular Value Decompoquently, in this paper we employ a shallow pattern extraction method
sition (SVD) is used to smooth the frequency data, and c) synonympased on sequential pattern mining.
are used to explore variants of the word-pairs. LRA achieves a score To identify the implicit relations between two word$ and
of 56% on SAT analogy questions. Both VSM and LRA require av, we first query a web search engine using the phrasal query
large number of search engine queries to create a vector representifge=+++y”  Here, the wildcard operator “*” would match any
aword-pair. For example, with28 patterns, VSM approach requires word or nothing. This query retrieves snippets that contain both
at least256 queries to compute relational similarity. LRA considers andY within a window of7 words. For example, Google returns the
synonymous variants of the given word pairs, thus requiring eversnippet shown in Fig.2 for the word-pdion:cat. We usePrefixSpan
more search engine queries. Despite efficient implementations, sin-
gular value decomposition of large matrices is time consuming. In
fact, overall LRA takes ove$ days to process th&r4 SAT analogy ...lion, a large heavy-built social cat of open rocky areas in Africa ...
questions [15], which can be problematic when used in many reg
world NLP tasks.

Veale [20] proposed a relational similarity measure based on tax-
onomic similarity in WordNet. He evaluates the quality of a candi-
date analogy:B::C:D by comparing the paths in WordNet, joining . . . o .
Ato B andC to D. Relational similarity is defined as the similar- (i-e., prefix-projected sequential pattgrn mining) [8] a'go“‘hm to ex-
ity between theA:B paths andC:D paths. However, WordNet does tract frequent subsequences from snippets that containdaitid Y.

not fully cover named entities such as personal names, organizatiorlnjs,mf')_(_Span extracts all word subsequences which occur more than a
and locations, which becomes problematic when using this methoapeufled frequency in snippets. We select subsequences that contain

to measure relational similarity between named entities. both query words (edion andca) and replace the query words re-
spectively with variableX andY to construct lexical patterns. For

example, some of patterns we extract from the snippet in Fig.2 are

3 Method “X alarge Y”, “X a large Y of” and“X, a large social Y. PrefixS-
; pan algorithm is particularly suitable for the current task because it

3.1 Outline o .

can efficiently extract a large number of lexical patterns.
The proposed relational similarity measure is outlined in Fig.1. Itcan We used the SAT analogy questions dataset which was first pro-
be described in two main stepdentifying the implicit relationde- posed by Turney and Littman [16] as a benchmark to evaluate re-
tween the two words in each word-pair atmimparing the relations  lational similarity measures, to extract lexical patterns. The dataset
that exist in each word-pair. In order to measure the relational simicontains2176 unique word-pairs acros¥4 analogy questions. For
larity between two word-paira:B andC:D, we must firstidentifythe  each word-pair, we searched Google and download thel 60p

Figure 2. A snippet returned by Google for the query “lion*******cat”.



snippets. From the patterns extracted by the above mentioned pro- The trained SVM model can then be used to compute the rela-
cedure, we select ones that occur more three times and have less thtéomal similarity between two given word-paifsB andC:D as fol-
seven words. The variable§ andY in a patterns are swapped to lows. First, we represent the two word-pairs by a feature veEtor
create a reversed version of the pattern. The final set corfiagts  of pattern frequency-based features. Second, we define the relational
unique patterns. However, out of those patterns aoff appear in  similarity RelSim(A : B,C : D) between the two word-pairs:B

both for a question and one of its choices. It is impossible to learrandC:D as the posterior probabilitrob(F|analogous) that fea-

with such a large number of sparse patterns. Therefore, we perfortiure vectorF' belongs to the analogous-pairs (positive) class,

a pattern selection procedure to identify those patterns that convey

useful clues about implicit semantic relations. RelSim(A : B,C : D) = Prob(F|analogous).

First, for each extracted pattetn we count the number of times . . - . )
wherev appeared in any of the snippets for both a question and it&€inJ & large margin classifier, the output of an SVM is the distance
correct answery,) and in any of the snippets for both a question and from the decision hyper-plane. However, this is not a calibrated pos-
any one of its incorrect answers.(). We then create a contingency terior pr(_)bablllty._ We use _S|gm0|d functl_ons to cor_1\_/ert this uncali-
table for each pattern, as shown in Table 1. In Table B, denotes bratgd dlgtance .|nto a cgllbratgd posterior probability (see [9] for a
the total frequency of all patterns that occur in snippets for a questioff€tiled discussion on this topic).
and its correct answel = ZU py») andN is the same for incorrect
answers iV = EU n,). If @ pattern occurs many times in a question 4 Experiments

For the experiments in this paper we used3ifié SAT college-level
Table 1. Contingency table for a patten multiple-choice analogy questions dataset which was first proposed
by Turney et al. [17]. We compute the total score for answering SAT

v {Jhe:ﬁ]egns other| Total guestions as follows,
Freg. in snippets for question :
and correct answer S I P score — no. of correctly answergd questhns B
Freq. in snippets for question total no. of questions
and incorrect answer ny | N —ny N

Formula 1 does not penalize a system for marking incorrect answers.

and its correct answer, then such patterns are reliable indicators &.1 Feature Functions

latent relations between words. To evaluate the reliability of an ex- id ; hological . hat similari
tracted pattern as an indicator of a relation, we calculateythjg] EV' ence rgm ps;(/jc 0 ogg:a experiments s:ug]g-ysesgt i'ts'm' ant)g:an
value for each pattern using Table 1 as, e context-dependent and even asymmetric [18, 6]. Human subjects

have reportedly assigned different similarity ratings to word-pairs
(P4 N)(po(N — ny) — ny (P — pv))Q When_the two words were pres_ented in the reverse order. However,
= PNpo + 1) P+ N —po—n0) experimental resu_lts |nvest_|gat|r_19 the effects of gs_ymmetry reports
that the average difference in ratings for a word pair is less -

Patterns withy? value greater than a specified threshold are used agent [6]. Consequently, in this paper we assume relational similarity

features for training. Some of the selected patterns are shown later F’e symmet.rlc .an.d I|.m|t qurselve§ to symmetric fegture fgnpthns.
Table 3 This assumption is in line with previous work on relational similarity

described in section 2.
Let us assume the frequency of a patterin two word-pairsA:B

3.3 Training andC:D to be f4ap and fcp, respectively. We compute the value as-

signed to the feature corresponding to pattein the feature vector
For given two pairs of wordé:B andC:D, we create a feature vec- that represents the two word-pa#sB andC:D using the following
tor using the patterns selected in section 3.2. First, we record thfour feature functions.
frequency of occurrence of each selected pattern in snippets for ea
word-pair. We call this th@attern frequencyit is a local frequency quencies is considered as the feature-value.

count, analogous tierm frequencyn information retrieval [11]. Sec- (fas — fop)?: The square of the difference of pattern frequencies
ondly, we combine the two pattern frequencies of a pattern (i.e., fre="". . )
is considered as the feature-value.

qguency of occurrence in snippets fA&tB and that in snippets for ) o .

C:D) using various feature functions to compute the feature-valueJAgsxthJ; cf]‘; én]-:;?vzggucr of the pattern frequencies is considered

for training. The different feature functions experimented in the pa- . . " .

per are explained in section 4 JS divergence: Ideally, if two word-pairs are analogous we would
We model the problem of cc->mputing relational similarity as a one expect to see similar distributions of patterns in each word-pair.

of identifying analogous and non-analogous word-pairs, which can Consequently, thelosenesbetween the pattern distributions can

be solved by training a binary classifier. Using SAT ana,1|og ques- be regarded as an indicator of relational similarity. We define a

. Y. y ) y ~  feature function based on Jensen-Shannon divergence [4] as a

tions as training data, we train a two-class support vector machine o9

(SVM) as follows. From each question in the dataset, we create a measure of the closeness between pattern distributions. Jensen-

positive training instance by consideriAgB to be the word-pair for jiZ?r?t;]l?t?or(li}SD)a(:\ég%sen?\%rf E)P‘ @), between two probability

the question an@:D to be the word-pair for the correct answer. Like- 9 Y.

wise, a negative training instance is created from a question word- 1 1
pair and one of the incorrect answers. Dys(PllQ) = §DKL(PHM) + §DKL(QHM)' @

2

(’:?AB — fepl: The absolute value of the difference of pattern fre-



Here,M = (P+Q)/2 and Dk is Kullback-Leibler divergence,

L Table 4. Performance with different Kernels
which is given by,

P(v) Kernel Type Score

Dkr(Pl|Q) = P(v)log . (3) Linear 0.40

(FlQ) Z ®) Q(v) Polynomial degree2- | 0.34

K Polynomial degrees | 0.34

Here, P(v) denotes the normalized pattern frequency of a pat- RBF . 0.36
ternv in the distributionP. Pattern frequencies are normalized Sigmoi 0.36

s.t.)~, P(v) = 1 by dividing the frequency of each pattern by

100
the sum of frequencies of all patterns. We define the contribution
of each pattern towards the total JS-divergence in Formula 2 as its 80
feature value,JS(v). Substituting Formula 3 in 2 and collecting
the terms under summation, we deriv8(v) as, » 60
¢
1 2q 2p A
JS(v) = =(plog —— + qlog ——). 40
(v) = 5(plog == +qlog =) B S G S
Here,p andq respectively denote the normalized pattern frequen- 20
ciesof fap andfcp.
(0]
Table 2. Performance with various feature weighting methods 0 100 200 300 400 500 600 700 800 9001000
Number of snippets
Feature function| Score
- 0.30
(‘f::_ ffccg)lz 0.30 Figure 3. Performance with the number of snippets
fas X fep 0.40 . . . o
JS(v) 0.32 Table 5 summarizes various relational similarity measures pro-

posed in previous work. All algorithms in Table 5 are evaluated on

To evaluate the effect of various feature functions on performancel'® Same SAT analogy questions. Score is computed by Formula 1.
we trained a linear kernel SVM with each of the feature functions B€Cause SAT questions contdirchoices, a random guessing algo-
We randomly selectedl questions from the SAT analogy questions

for evaluation. The remainder of the questioBB4-50) are used for Table 5. Comparison with previous relational similarity measures.
training. Experimental results are summarized in Table 2. Out of the

four feature functions in Table 2, product of pattern frequencies per.

. . . Algorithm score Algorithm score
forms best. For the remainder of the experiments in the paper we useeh Pr?rase Veciors 0332 [ 11 Hglonym:member 0200
this feature function. Patterns with the highest linear kernel weights 2 Thesaurus Paths 0.250 || 12 Similarity:dict 0.180
3 Synonym 0.207 || 13  Similarity:wordsmyth| 0.294
Table 3. Patterns with the highest SVM linear kernel weights g ﬁ;tpoerpr/]r;m 8333 ig S?On;l;;ne%d ([81\7/]M) 838[1]
- 6 Hyponym 0.249 || 16  WordNet [20] 0.428
2
pattern X SVM weight 7 Meronym:substance 0.200 || 17 VSM [16] 0.471
andYandX | 0.8927 0.0105 8  Meronym:part 0.208 || 18 Pertinence [14] 0.535
Y X small 0.0795 0.0090 9 Meronym:member | 0.200 || 19 LRA[13] 0.561
XinY 0.0232 0.0087 10  Holonym:substance 0.200 || 20 Human 0.570
use Y toX 0.5059 0.0082
fromthe Y X | 0.3697 0.0079 ) _
to that Y X 0.1310 0.0077 rithm would obtain a score df.2 (lower bound). The score reported
orXY 0.0751 0.0074 by average senior high-school student is ab@&f0 [16] (upper
Xand other Y | 1.0675 0.0072 bound). We performed-fold cross validation on SAT questions to
aYorX 0.0884 0.0068 luate th f fth d thod. The fi
that Y on X 0.0690 0.0067 evaluate the performance of the proposed method. rebws

1-13) algorithms were proposed by Turney et al. [17], in which they
are shown in Table 3 alongside thgit values. The weight of a fea- combined these modules using a weight optimization method. For
ture in the linear kernel can be considered as a rough estimate of ttggven two word-pairs, the phrase vector (rdyalgorithm creates
influence it imparts on the final SVM output. Patterns shown in Ta-a vector of manually created pattern-frequencies for each word-pair
ble 3 express various semantic relations that can be observed in SAInd compute the cosine of the angle between the vectors. Algorithms
analogy questions. in rows 2-11 use WordNet to compute various relational similarity
We experimented with different kernel types as shown in Table 4measures based on different semantic relations defined in WordNet.
Best performance is achieved with the linear kernel. A drop of perSimilarity:dict (row 12) and Similarity:wordsmith (row 13) re-
formance occurs with more complex kernels, which is attributablespectively useDictionary.com andWordsmyth.net  to find
to over-fitting. Figure 3 plots the variation of SAT score with the the definition of words in word-pairs and compute the relational simi-
number of snippets used for extract patterns. From Fig.3 it is appatarity as the overlap of words in the definitions. The proposed method
ent that overall the score improves with the number of snippets usedutperforms all thosd 3 individual modules reporting a score of
for extracting patterns. The probability of finding better patterns in-0.401, which is comparable with Veale’s [20] WordNet-based rela-
creases with the number of snippets processed. That fact enables tignal similarity measure. However, the fact that a combination (row
to represent word-pairs with a rich feature vector, resulting in better4) of 13 independent modules can significantly outperform all its
performance. components suggests that the proposed method can complement the



WordNet-based measures in a hybrid approach to leverage a mogg Conclusion

robust relational similarity measure.

Although LRA (row19 in Table 5) reports the highest SAT score
of 0.561 it takes overs days to process th&4 SAT analogy ques-
tions [15]. On the other hand the proposed method requires less th
6 hours using a similar hardware environnferthe gain in speed
is mainly attributable to the lesser number of web queries require
by proposed method. To compute the relational similarity betwee
two word-pairsA:B andC:D using LRA, we first search in a dictio-
nary for synonyms for each word. Then the original words are re
placed by their synonyms to create alternative pairs. Each word-pa
is represented by a vector of pattern-frequencies using a set autom
ically created!000 lexical patterns. Pattern frequencies are obtaine

We proposed a relational similarity measure that uses a web search
engine to find the relations that exists between words. We repre-
Sent given two word-pairs by a feature vector using automatically
extracted lexical patterns. Then a SVM is trained using SAT anal-
pole) questions as training data. The proposed method achieved SAT
ppeores comparable to previously proposed WordNet-based relational
similarity measures while significantly reducing the processing time.
Moreover, the proposed method outperformed baselines in a relation
lassification task that includes named-entities. In future, we intend
) integrate WordNet-based similarity measures with the proposed
M-based method to construct more accurate relational similarity

by searching for the pattern in a web search engine. For example, {§€aSUres.

create a vector for a word-pair with three alternatives, LRA requires

12000 (4000 x 3) queries. On the other hand, the proposed metho)REFERENCES

first downloads snippets for each word-pair and then searches for
patterns only in the downloaded snippets. Because multiple snippet§l]
can be retrieved by issuing a single query, the proposed method re-
quires only one search query to compute a pattern-frequency vecto
for a word-pair. Processing shippets is also efficient as it obviates th 2
trouble of downloading web pages, which might be time consuming 3]
depending on the size of the pages. Moreover, LRA is based on sin-
gular value decomposition (SVD), which requires time consuming
complex matrix computations. [4]

5
4.2 Relation Classification Bl

In relation extraction (RE) [1, 2, 22], the goal is to iden- [6]
tify relationships between entities stated in text, such as
Bornin(Person,Location) or EmployedBy(Person,Company).
Given an entity-paiA:B where a relatiorR exists betweer andB,
a relational similarity measure can be used to identify other entity-
pairs that have the same relati®r We used the dataset proposed [8]
by Bunescu and Mooney [1] to evaluate the performance of various
relational similarity measures on classifying two types of relations:
corporate-acquisitionl() pairs) and person-birthplacé(pairs). 9
To classify entity-pairs according to the implied relations, we per- ]
form single nearest neighbor classification with leave-one-out cross-
validation. We select an entity-pair from the dataset one at a time g
and measure the average relational similarity of the selected entity-
pair with all entity-pairs in the positive class and all entity pairs in[11]
the negative class. Then the selected entity-pair is assigned the la-
bel of the class with which it has the higher average relational simf12]
ilarity. We define the classification accuracy as the fraction of the
number of correctly classified instances to the total number of in-
stances in the dataset. In Table 6 we compare the proposed meth
with two baselines: cosine similarity and Jensen-Shannon (JS) dive 14]
gence. Cosine similarity measures the angle of cosine between the
pattern-frequency vectors for two entity-pairs. It is based on the relq-ls]
tional similarity measure proposed by Turney [16] using vector space
model. JS divergence measures the closeness between pattern digtré]
butions for each entity-pair and is given by Formula 2. As seen from
Table 6, the proposed method clearly outperforms the two baselind$7]
in both datasets. In fact, it reports perfect classification accuracy for
corporate-acquisition instances.

(7]

[18]

Table 6. Relation classification accuracy for entity-pairs. [19]
[20]

Method Corporate- Person-
Acquisitions | Birthplace
Cosine similarity 0.90 0.70 [21]
JS divergence 0.70 0.60

Proposed (SVM) 1.00 0.80 [22]

2 we used a desktop computer witt2 2t GHz Pentiurd processor andGB
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