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Abstract

Previous work has used monolingual par-
allel corpora to extract and generate para-
phrases. We show that this task can be
done using bilingual parallel corpora, a
much more commonly available resource.
Using alignment techniques from phrase-
based statistical machine translation, we
show how paraphrases in one language
can be identified using a phrase in another
language as a pivot. We define a para-
phrase probability that allows paraphrases
extracted from a bilingual parallel corpus
to be ranked using translation probabili-
ties, and show how it can be refined to
take contextual information into account.
We evaluate our paraphrase extraction and
ranking methods using a set of manual
word alignments, and contrast the qual-
ity with paraphrases extracted from auto-
matic alignments.

Introduction

}@ed.ac.uk

often alternative and equally valid ways of translat-
ing a text (Pang et al., 2003). In question answering,
discovering paraphrased answers may provide addi-
tional evidence that an answer is correct (Ibrahim et
al., 2003).

In this paper we introduce a novel method for ex-
tracting paraphrases that uses bilingual parallel cor-
pora. Past work (Barzilay and McKeown, 2001;
Barzilay and Lee, 2003; Pang et al., 2003; Ibrahim et
al., 2003) has examined the use of monolingual par-
allel corpora for paraphrase extraction. Examples
of monolingual parallel corpora that have been used
are multiple translations of classical French novels
into English, and data created for machine transla-
tion evaluation methods such as Bleu (Papineni et
al., 2002) which use multiple reference translations.

While the results reported for these methods are
impressive, their usefulness is limited by the scarcity
of monolingual parallel corpora. Small data sets
mean a limited number of paraphrases can be ex-
tracted. Furthermore, the narrow range of text gen-
res available for monolingual parallel corpora limits
the range of contexts in which the paraphrases can
be used.

Instead of relying on scarce monolingual parallel

Paraphrases are alternative ways of conveying tltata, our method utilizes the abundance of bilingual
same information. Paraphrases are useful in a numparallel data that is available. This allows us to cre-
ber of NLP applications. In natural language genate a much larger inventory of phrases that is appli-
eration the production of paraphrases allows for theable to a wider range of texts.

creation of more varied and fluent text (lordanskaja Our method for identifying paraphrases is an
et al., 1991). In multidocument summarization thextension of recent work in phrase-based statisti-
identification of paraphrases allows information reeal machine translation (Koehn et al., 2003). The
peated across documents to be condensed (McKessence of our method is to align phrases in a bilin-
own et al.,, 2002). In the automatic evaluation ofyual parallel corpus, and equate different English
machine translation, paraphrases may help to allphrases that are aligned with the same phrase in the
viate problems presented by the fact that there amgher language. This assumption of similar mean-
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Emma burst into tearsand he tried to comfort | English phrases as potential paraphrases. Figure 2 il-
her, saying things to make her smile. lustrates how a German phrase can be used as a point
Emma cried,and he tried to consoleher, adorn-|  of identification for English paraphrases in this way.
ing his words with puns. Section 2.1 explains which statistical machine trans-

lation techniques are used to align phrases within
Figure 1: Using a monolingal parallel corpus to exsentence pairs in a bilingual corpus.
tract paraphrases A significant difference between the present work
and that employing monolingual parallel corpora, is
that our method frequently extracts more than one

ing when multiple phrases map onto a single for- Dl h f h oh .
ign language phrase is the converse of the assunPO-SSI © paraphrase for each phrase. we assign a
€9 robability to each of the possible paraphrases. This

tion made in the word sense disambiguation work . . .
s a mechanism for ranking paraphrases, which can

Diab and Resnik (2002) which posits different woroL I
. . ... _be utilized when we come to select the correct para-
senses when a single English word maps onto differ

. . _phrase for a given context . Section 2.2 explains how
ent words in the foreign language (we return to thi -
. . We calculate the probability of a paraphrase.
point in Section 4.4).

The remainder of this paper is as follows: Section 1 Aligning phrase pairs
2 contrasts our method for extracting paraphrases h i s i llel
with the monolingual case, and describes how w € USe pnrase algnments in a parafiel corpus as

rank the extracted paraphrases with a probabilii%iYOIS betwee_n English paraphrases. We find these
assignment. Section 3 describes our experiment jgnments using recephrase-basedpproaches to

setup and includes information about how phrasesgatlstlcal.machme trans.latlon. . _
The original formulation of statistical machine

were selected, how we manually aligned parts of the )
1993) was defined as a

bilingual corpus, and how we evaluated the para{_ranslatlon (Brown_et al., - _
phrases. Section 4 gives the results of our evalu?ﬁf’—ord'msed operation. The probability that a foreign

tion and gives a number of example paraphrases esentence is the translation of an English sentence is

tracted with our technique. Section 5 reviews relateﬁalcqltjted bi’j slumrlnlrlw_g over thebprobabllltrl‘es of all
work, and Section 6 discusses future directions. EOSS' & word-level alignments, between the sen-
ences:

2 Extracting paraphrases p(fle) = p(f,ale)

MUCh. previous work  on extracting. paraphrase%us Brown et al. decompose the problem of de-
(Barzilay and McKeown, 2001; Barzilay and Lee’termining whether a sentence is a good translation

2.0(.)3; Pang etal., 2_0(_)3) has focused on finding ide%'f another into the problem of determining whether
tifying contexts within aligned monolingual sen-

. . here is a sensible mapping between the words in the
tences from which divergent text can be extracte

and treated as paraphrases. Barzilay and McKeo r?ntences_
D ' =1y "M\ore recent approaches to statistical translation

(2001) gives the example shown in Figure 1 of how . - :
. : : ) calculate the translation probability using larger
identical surrounding substrings can be used to e

tract the paraphrases bfirst into tearsascried and Blocks of aligned text. 'Koehn (2004), Tillmann
parap (2003), and Vogel et al. (2003) describe various
comfortasconsole

While monolinaual parallel corpora often ha heuristics for extracting phrase alignments from the
! ingual p P Veyiterbi word-level alignments that are estimated us-

identical contexts that can be used for identifyinqng Brown et al. (1993) models. We use the heuris-
paraphrases, bilingual parallel corpora do not. Int ! ,

tead h in the other | tic for phrase alignment described in Och and Ney

stefa ' Wle usef rr?stefs n elo er anguhage astﬁﬁb%) which aligns phrases by incrementally build-
Ots. We look al what foreigh fanguage phrases th g longer phrases from words and phrases which
English translates to, find all occurrences of thos

: ave adjacent alignment poirits.
foreign phrases, and then look back at what other ) g P
English phrases they translate to. We treat the other *Note that while we induce the translations of phrases from
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T —
under control

what is more, the relevant cost dynamic is completely
< g«
im ubrigen ist die diesbezugliche kostenentwicklung vollig|unter kontrolle
wir sind es den steuerzahlern schuldig die kosten unterkontrolleﬂhaben
we owe it to the taxpayers to keep the <costs| in check

Figure 2: Using a bilingual parallel corpus to extract paraphrases

2.2 Assigning probabilities

We define a paraphrase probabilityes|eq ) in terms
of the translation model probabilitieg f|e;), that
the original English phrase translates as a partic-
ular phrasef in the other language, apdes| f), that
the candidate paraphrasgtranslates as the foreign
language phrase. Sineg can translate as multiple
foreign language phrases, we sum oyer

(1)

arg max > p(fleplealf) (2
7

€ arg max p(esle1)

a million, as far as possible, at work, big busine
carbon dioxide, central america, close to, conc
trate on, crystal clear, do justice to, driving forg
first half, for the first time, global warming, gre
care, green light, hard core, horn of africa, last

sort, long ago, long run, military action, militany

force, moment of truth, new world, noise pollutio

not to mention, nuclear power, on average, only too,
other than, pick up, president clinton, public trans-

port, quest for, red cross, red tape, socialist p3
sooner or later, step up, task force, turn to, un
control, vocational training, western sahara, wo
bank

rty,
der
rid

The translation model probabilities can be com- Table 1: Phrases that were selected to paraphrase
puted using any standard formulation from phrase-

based machine translation. For examplée|f)
can be calculated straightforwardly using maximu

likelihood estimation by counting how often the

phraseg and f were aligned in the parallel corpus:

count(e, f)

5=, count(e, f) )

plelf)

nE)ased on additional contextual information. The ex-

S allows us to re-rank the candidate paraphras

es

periments in this paper employ one variety of con-

textual information. We include a simple languag
model probability, which would additionally rank

e

e based on the probability of the sentence formed

by substiutinges for e; in S. A possible extension

Note that the paraphrase probability defined ifivhich we do not evaluate might be permitting only

Equation 2 returns the single best paraphragdr-

paraphrases that are the same syntactic type as

the

respective of the context in whieh appears. Since original phrase, which we could do by extending the
the best paraphrase may vary depending on informéianslation model probabilities to count only phrase

tion about the sentence thatappears in, we extend

occurrences of that type.

the paraphrase probability to include that sentence

S

€A2 = (4)

arg max p(ezer, )
eaFer

word-level alignments in this paper, direct estimation of phrasal
translations (Marcu and Wong, 2002) would also suffice for ex

tracting paraphrases from bilingual corpora.
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3 Experimental Design

We extracted 46 English phrases to paraphrase
(shown in Table 1), randomly selected from those

multi-word phrases in WordNet which also occure
m

bilingual corpus. The bilingual corpus that we use

d

ultiple times in the first 50,000 sentences of our

d
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(a) Aligning the English phrase to be paraphrased (b) Aligning occurrences of its German translation

Figure 3: Phrases highlighted for manual alignment

was the German-English section of the Europarl cor-Under control

pus, version 2 (Koehn, 2002). We produced auto-This situation isn checkin terms of security.
matic alignments for it with the Giza++ toolkit (Och| This situation ischeckedin terms of security.
and Ney, 2003). Because we wanted to test ourThis situation iscurbed in terms of security.
method independently of the quality of word align{ This situation iscurb in terms of security.
ment algorithms, we also developed a gold standardrhis situation idimit in terms of security.

of word alignments for the set of phrases that weThis situation isslow downin terms of security.
wanted to paraphrase.

Figure 4: Paraphrases substituted in for the original
phrase

The gold standard alignments were created by high-

lighting all occurrences of the English phrase tQet of candidate paraphrases into between 2—10 sen-
paraphrase and manually aligning it with its Gerences which contained the original phrase. Figure 4
man equivalent by correcting the automatic alignghows the paraphrases fander controlsubstituted
ment, as shown in Figure 3a. All occurrences oOfyt one of the sentences in which it occurred. We
its German equivalents were then highlighted, angreated a total of 289 such evaluation sets, with a

aligned with their English translations (Figure 3b)ota| of 1366 unique sentences created through sub-
The other words in the sentences were left with theiition.

automatic alignments.

3.1 Manual alignment

We had two native English speakers produce
judgments as to whether the new sentences pre-
served the meaning of the original phrase and as to
We evaluated the accuracy of each of the paravhether they remained grammatical. Paraphrases
phrases that was extracted from the manuallthat were judged to preserve both meaning and
aligned data, as well as the top ranked paraphrasgsammaticality were considered to be correct, and
from the experimental conditions detailed below irexamples which failed on either judgment were con-
Section 3.3. Because the acccuracy of paraphrassdered to be incorrect.
can vary depending on context, we substituted eachIn Figure 4in check, checkedind curbedwere

3.2 Paraphrase evaluation
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under control checked, curb, curbed check limit, slow down

sooner or later at some pointeventually

military force armed forces, defenckrce forces, military forces, peace-keeping personnel

long ago a little time ago, a long timeg long time agpa lot of time, a while ago, a while back,
far, for a long time, for some time, for such a long time, long, long period of time, long
term, long time, long while, overdue, some time, some time ago

green light approval, callgo-aheadindication, message, sign, signal, signals, formal go-ahead

great care a careful approach, greater emphapgtticular attention special attention, specific
attention, very careful

first half first six months

crystal clear absolutely clear, all clarity, clear, clearly, in great detail, no mistake, no uncertain,
obvious, obviously, particularly clear, perfectly clear, quite clear, quite clearly, quite
explicitly, quite openly, very cleanery clear and comprehensiveery clearly, very
sure, very unclear, very well

carbon dioxide co2

at work at the workplace, employment, held, holding, in the work sphere, operate, organised,
taken place, took placgyorking

Table 2: Paraphrases extracted from a manually word-aligned parallel corpus

judged to be correct anclurb, limit andslow down 4.1 Manual alignments

were judged to be incorrect. The inter-annotator

agreement for these judgements was measured @P!€ 2 gives a set of example paraphrases extracted
% = 0.605, which is conventionally interpreted asfrom the gold standard alignments. The italicized
“good” agreement. paraphrases are those that were assigned the highest

probability by Equation 2, which chooses a single
3.3 Experiments best paraphrase without regard for context. The 289

We evaluated the accuracy of top ranked paraphrasgntences created by substituting the italicized para-
when the paraphrase probability was calculated ughrases in for the original phrase were judged to be
ing: correct an average of 74.9% of the time.

Ignoring the constraint that the new sentences re-
main grammatically correct, these paraphrases were
2. The automatic alignments, judged to have the correct meaning 84.7% of the

time. This suggests that the context plays a more
3. Automatic alignments produced over multiplgmportant role with respect to the grammaticality
corpora in different languages, of substituted paraphrases than with respect to their

4. All of the above with language model re-M€aning.
ranking. In order to allow the surrounding words in the sen-

tence to have an influence on which paraphrase was
5. All of the above with the candidate paraphrasese|ected, we re-ranked the paraphrase probabilities
limited to the same sense as the original phrasggsed on a trigram language model trained on the
entire English portion of the Europarl corpus. Para-
phrases were selected from among all those in Table
We report the percentage of correct translations (a2; and not constrained to the italicized phrases. In
curacy) for each of these experimental conditions. ghe case of the paraphrases extracted from the man-
summary of these can be seen in Table 3. This segal word alignments, the language model re-ranking
tion will describe each of the set-ups and the scorgad virtually no influence, and resulted in a slight
reported in more detail. dip in accuracy to 71.7%

1. The manual alignments,

4 Results
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Paraphrase Prob Paraphrase Prob & | K@orrect Meaning
Manual Alignments 74.9 71.7 84.7
Automatic Alignments 48.9 55.3 64.5
Using Multiple Corpora 55.0 57.4 65.4
Word Sense Controlled 57.0 61.9 70.4

Table 3: Paraphrase accuracy and correct meaning for the different data conditions

4.2 Automatic alignments paraphrase probability to include multiple corpora,
In this experimental condition paraphrases were e follows:

tracted from a set of automatic alignments produced .

by running Giza++ over a set of 1,036,000 German- <2~ & 9% > > plflep(ealf) (5)

English sentence pairs (roughly 28,000,000 words in

each language). When the single best paraphrase (ifhere C' is a parallel corpus from a set of parallel

respective of context) was used in place of the origzorpora.

inal phrase in the evaluation sentence the accuracyfor this condition we used Giza++ to align

reached 48.9% which is quite low compared to thghe French-English, Spanish-English, and Italian-

74.9% of the manually aligned set. English portions of the Europarl corpus in addition
As with the manual alignments it seems that weo the German-English portion, for a total of around

are selecting phrases which have the correct mean000,000 sentence pairs in the training data.

ing but are not grammatical in context. Indeed our The accuracy of paraphrases extracted over mul-

judges thought the meaning of the paraphrases {@e corpora increased to 55%, and further to 57.4%

be correct in 64.5% of cases. Using a languagghen the language model re-ranking was included.
model to select the best paraphrase given the con-

text reduces the number of ungrammatical examples4 Controlling for word sense

and gives an improvement in quality from 48.9% s mentioned in Section 1, the way that we extract
55.3% correct. ) ] _ paraphrases is the converse of the methodology em-
These results suggest two things: that improvingqyeq in word sense disambiguation work that uses
the quality of automatic alignments would Ie.ad toparallel corpora (Diab and Resnik, 2002). The as-
more accurate paraphrases, and that there is roQfinntion made in the word sense disambiguation
for improvement in limiting the_paraphrases by theil,ork is that if a source language word aligns with
context. We address these points below. different target language words then those words
may represent different word senses. This can be
observed in the paraphrases &rworkin Table 2.
Work in statistical machine translation suggests thaThe paraphrasest the workplace, employmemind
like many other machine learning problems, perforin the work spherare a different sense of the phrase
mance increases as the amount of training data ithanoperate, heldandholding and they are aligned
creases. Och and Ney (2003) show that the accuraeyth different German phrases.
of alignments produced by Giza++ improve as the When we calculate the paraphrase probability we
size of the training corpus increases. sum over different target language phrases. There-
Since we used the whole of the German-Englisfore the English phrases that are aligned with the dif-
section of the Europarl corpus, we could not trfferent German phrases (which themselves maybe in-
improving the alignments by simply adding moredicative of different word senses) are mingled. Per-
German-English training data. However, there iformance may be degraded since paraphrases that
nothing that limits our paraphrase extraction methorkflect different senses of the original phrase, and
to drawing on candidate paraphrases from a sinvhich therefore have a different meaning, are in-
gle target language. We therefore re-formulated theluded in the same candidate set.

4.3 Using multiple corpora
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We therefore performed an experiment to sephrases, based on dependancy graphs and distribu-
whether improvement could be had by limiting thetional similarity. One strong disadvantage of this
candidate paraphrases to be the same sense asrfehod is that their paraphrases can also have op-
original phrase in each test sentence. To do thippsite meanings.
we used the fact that our test sentences were drawnlbrahim et al. (2003) combine the two approaches:
from a parallel corpus. We limited phrases to thaligned monolingual corpora and parsing. They
same word sense by constraining the candidate paevaluated their system with human judges who were
phrases to those that aligned with the same targasked whether the paraphrases were “roughly inter-
language phrase. Our basic paraphrase calculatiohangeable given the genre”, scored an average of
was therefore: 41% on a set of 130 paraphrases, with the judges

all agreeing 75% of the time, and a correlation of
p(ezler, f) = p(fler)p(ezlf) (6)

0.66. The shortcomings of this method are that it is
, _ , _ dependent upon parse quality, and is limited by the
Using the foreign language phrase to identify the, .onass of the data.
word sense is obviously not applicgble in mODC’”n' Pang et al. (2003) use parse trees over sentences in
gual settings, but acts as a convenient stand-in forgq o jingual parallel corpus to identify paraphrases
proper word sense disambiguation algorithm here.p,, o4 ning similar syntactic constituents. They
When word sense is controlled in this way, thg,se heuristics such as keyword checking to limit

accuracy of the paraphrases extracted from the ajgs oyer-application of this method. Our alignment
tomatic alignments raises dramatically from 48.9% othod might be an improvement of their heuris-

to 57% without language model re-ranking, and furgies for choosing which constituents ought to be
ther to 61.9% when language model re-ranking WaSrouped.

included.

6 Discussion and Future Work
5 Related Work
In this paper we have introduced a novel method for

Barzilay and McKeown (2001) extract both single-extracting paraphrases, which we believe greatly in-
and multiple-word paraphrases from a monolingualieases the usefulness of paraphrasing in NLP ap-

parallel corpus. They co-train a classifier to ide”plications. The advantages of our method are that
tify whether two phrases were paraphrases of eagh

other based on their surrounding context. Two dis-
advantages of this method are that it requires iden- ® Produces a ranked list of high quality para-
tical bounding substrings, and has bias towards sin- Phrases with associated probabilities, from
gle words. For an evaluation set of 500 paraphrases, Which the best paraphrase can be chosen ac-
they report an average precision of 86% at identi- ~ cording to the target context. We have shown
fying paraphrases out of context, and of 91% when  how alanguage model can be used to select the
the paraphrases are substituted into the original con- Pest paraphrase for a particular context from
text of the aligned sentence. The results of our sys-  this list.

tems are not directly comparable, since Barzilay and
McKeown (2001) evaluated their paraphrases with a
different set of criteria (they asked judges whether
to judge paraphrases based on “approximate con-
ceptual equivalence”). Furthermore, their evaluation
was carried out only by substituting the paraphrase
in for the phrase with the identical context, and not e

Straightforwardly handles multi-word units.
Whereas for previous approaches the evalua-
tion has been performed over mostly single
word paraphrases, our results are reported ex-
clusively over units of between 2 and 4 words.

Because we use a much more abundant source

in for arbitrary occurrences of the original phrase, as
we have done.

Lin and Pantel (2001) use a standard (non-
parallel) monolingual corpus to generate para-
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of data, our method can be used for a much
wider range of text genres than previous ap-
proaches, namely any for which parallel data
is available.



One crucial thing to note is that we have demonAli Ibrahim, Boris Katz, and Jimmy Lin. 2003. Extract-
strated our paraphrases to be of higher quality when ing structural paraphrases from aligned monolingual
the alignments used to produce them are improved corpora. InProceedlngs_ of the Second International

. . —_Workshop on Paraphrasing (ACL 2003)

This means that our method will reap the benefits o . .
of research that improvements to automatic aligri-idija lordanskaja, Richard Kittredge, and Alain Pétg.

. PR 1991. Lexical selection and paraphrase in a meaning-
ment techniques (Callison-Burch et al., 2004), and text generation model. In&ile L. Paris, William R.

will _further improve as more parallel data becomes  gyartout, and William C. Mann, editorSiatural Lan-
available. guage Generation in Artificial Intelligence and Com-
In the future we plan to: putational LinguisticsKluwer Academic.

« Investigate whether our re-ranking can be furP hgic?(?s ngh_”v_ Frlanhz Josgf Ogh, anld _D$‘IEL Mgrcu-
. : . Statistical phrase-based translatiorPrioceed-
ther improved by using a syntax-based lan- ings of HLT/NAACL
guage model.

Philipp Koehn. 2002. Europarl: A multilingual corpus
e Formulate a paraphrase probability for senten- for evaluation of machine translation. Unpublished

tial paraphrases, and use this to try to identify Draft.

paraphrases across documents in order to cophjlipp Koehn. 2004. Pharaoh: A beam search decoder
dense information for multi-document summa- for phrase-based statistical machine translation mod-
rization. els. InProceedings of AMTA

Dekang Lin and Patrick Pantel. 2001. DIRT - discov-
o See whether paraphrasgs .Can be uged to I|R'ery of inference rules from text. IRroceedings of
crease coverage for statistical machine trans- ACM SIGKDD Conference on Knowledge Discovery
lation when translating into “low-density” lan-  and Data Mining

guages which have small parallel corpora. Daniel Marcu and William Wong. 2002. A phrase-based,

Ack led joint probability model for statistical machine transla-
cknowledgments tion. In Proceedings of EMNLP
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