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Abstract

Parallel corpora are crucial for training
SMT systems. However, for many lan-
guage pairs they are available only in
very limited quantities. For these lan-
guage pairs a huge portion of phrases en-
countered at run-time will be unknown.
We show how techniques from paraphras-
ing can be used to deal with these oth-
erwise unknown source language phrases.
Our results show that augmenting a state-
of-the-art SMT system with paraphrases
leads to significantly improved coverage
and translation quality. For a training
corpus with 10,000 sentence pairs we in-
crease the coverage of unique test set un-
igrams from 48% to 90%, with more than
half of the newly covered items accurately
translated, as opposed to none in current
approaches.

1 Introduction

As with many other statistical natural language pro-
cessing tasks, statistical machine translation (Brown

served in the training data and therefore their trans-
lations will not be learned.

Here we address the problem of unknown phrases.
Specifically we show that upon encountering an un-
known source phrase, we can substitute a paraphrase
for it and then proceed using the translation of that
paraphrase. We derive these paraphrases from re-
sources that are external to the parallel corpus that
the translation model is trained from, and we are
able to exploit (potentially more abundant) parallel
corpora from other language pairs to do so.

In this paper we:

e Define a method for incorporating paraphrases
of unseen source phrases into the statistical ma-
chine translation process.

e Show that by translating paraphrases we
achieve a marked improvement in coverage and
translation quality, especially in the case of un-
known words which to date have been left un-
translated.

e Argue that while we observe an improvement
in Bleu score, this metric is particularly poorly
suited to measuring the sort of improvements
that we achieve.

et al., 1993) produces high quality results when am-

ple training data is available. This is problematic for
so called “low density” language pairs which do not
have very large parallel corpora. For example, when
words occur infrequently in a parallel corpus param-
eter estimates for word-level alignments can be i

e Present an alternative methodology for targeted
manual evaluation that may be useful in other
research projects.

N

The Problem of Coverage in SMT

n-

accurate, which canin turn lead to inaccurate phra&tatistical machine translation made considerable
translations. Limited amounts of training data camdvances in translation quality with the introduc-

further lead to a problem of low coverage in thation of phrase-based translation (Marcu and Wong,
many phrases encountered at run-time are not oB002; Koehn et al., 2003; Och and Ney, 2004). By
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1 igrams encargarnos to ensure, take care, ensure that
§ sor 528222 . garantizar guarantee, ensure, guaranteed, as-
§ O gm0 i sure, provided
% ] velar ensure, ensuring, safeguard, making
£ - ] sure
g ] procurar ensure that, try to, ensure, endeavour
g ] to
= >0 2 asegurarnos ensure, secure, make certain
% usado used
- ‘ ‘ ] utilizado used, use, spent, utilized
?oooo 100000 1e+06 1e+07 empleado used, spent, employee
Training Corpus Size (num words) uso use, used, usage
utiliza used, uses, used, being used

Figure 1: Percent of unique unigrams, bigrams, tri- utilizar to use, use, used

grams, and 4-grams from the Europarl Spanish test

sentences for which translations were learned in infable 1: Example of automatically generated para-

creasingly large training corpora phrases for the Spanish wordacargarnosandus-
adoalong with their English translations which were

automatically learned from the Europarl corpus
increasing the size of the basic unit of translation,

phrase-based machine translation does away with .

many of the problems associated with the origin -1 Handling unknown words

word-based formulation of statistical machine transCurrently most statistical machine translation sys-

lation (Brown et al., 1993). For instance, with multi-tems are simply unable to handle unknown words.

word units less re-ordering needs to occur since Ig-here are two strategies that are generally employed

cal dependencies are frequently captured. For exatyhen an unknown source word is encountered. Ei-

ple, common adjective-noun alternations are menther the source word is simply omitted when pro-

orized. However, since this linguistic informationducing the translation, or alternatively it is passed

is not explicitly and generatively encoded in thethrough untranslated, which is a reasonable strategy

model, unseen adjective noun pairs may still be harif-the unknown word happens to be a name (assum-

dled incorrectly. ing that no transliteration need be done). Neither of
Thus, having observed phrases in the past dramafiese strategies is satisfying.

ically increases the chances that they will be trans; ,, Using paraphrases in SMT

lated correctly in the future. However, for any given _ _ .
test set, a huge amount of training data has to be ofN€n a system is trained using 10,000 sentence

served before translations are learned for a reasdf@irs (roughly 200,000 words) there will be a num--
able percentage of the test phrases. Figure 1 shoRgr of words and phrases ina test sentence which it
the extent of this problem. For a training corpu?as n_ot learned the translation of. For example, the
containing 10,000 words translations will have beef?Panish sentence

learned for only 10% of the unigramsypes not Es positivo llegar a un acuerdo sobre los
tokens). For a training corpus containing 100,000  Procedimientos, pero debemos encargar-
words this increases to 30%. It is not until nearly ~ NOS de que este sistema no sea susceptible
10,000,000 words worth of training data have been  de ser usado como arma [ix¢a.

analyzed that translation for more than 90% of th&1ay translate as

vocabulary items have been learned. This problem It is good reach an agreement on proce-

is obviously compounded for higher-order n-grams  dures, but we mustncargarnoshat this

(longer phrases), and for morphologically richer lan-  system is not susceptible to lisadoas
guages. political weapon.
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what is more, the relevint cost _ dynamic is completelyjunder control
)ﬁ\ \){

im Ubrigen ist die diesbezlgliche kostenentwicklung véllig junter kontrolle

wir sind es den steuerzahlern schuldig die kosten unterkontrolleﬂ haben

we owe it to the taxpayers to keep the «costs| in check

Figure 2: Using a bilingual parallel corpus to extract paraphrases

The strategy that we employ for dealing with un-parallel corpora. Secondly, it defines a paraphrase
known source language words is to substitute pargrobability,p(ez|e;), which can be incorporated into
phrases of those words, and then translate the pathe probabilistic framework of SMT.
phrases. Table 1 gives examples of paraphrases and o
their translations. If we had learned a translation of-1 Paraphrase probabilities
garantizarwe could translate it instead ehcargar- The paraphrase probability(ezle;) is defined

nos and similarly forutilizadoinstead ofusado in terms of two translation model probabilities:
p(fle1), the probability that the original English
3 Acquiring Paraphrases phrasee; translates as a particular phragen the

other language, andes| f), the probability that the
Paraphrases are alternative ways of expressing tbgndidate paraphrasetranslates as the foreign lan-
same information within one language. The autoguage phrase. Sineg can translate as multiple for-
matic generation of paraphrases has been the foceign language phrases, we marginalfzeut:
of a significant amount of research lately. Many
methods for extracting paraphrases (Barzilay and plealer) = p(fler)plea| f) 1)
McKeown, 2001; Pang et al., 2003) make use of f

monolingual parallel corpora, such as multiple trans- The translation model probabilities can be com-

lations of classic French novels into English, or th%uted using any standard formulation from phrase-

multiple reference translations used by many auty,ceq machine translation. For exampss| )

matic evaluation metr.lcs for machine translatlon'.. can be calculated straightforwardly using maximum
Bannard and Callison-Burch (2005) use bilinjike|ihood estimation by counting how often the

gual parallel corpora to generate paraphrases. Paﬁﬁ-raseg and f were aligned in the parallel corpus:
phrases are identified by pivoting through phrases in

another language. The foreign language translations

of an English phrase are identified, all occurrences plealf) =~ count(es, f) )

of those foreign phrases are found, and all English > e, count(ez, f)

phrases that they translate back to are treated as po- _ _ - o

tential paraphrases of the original English phrase. There is nothing that limits us to estimating para-

Figure 2 illustrates how a German phrase can b\@%rases probzbwtlzs ff_ro_r_n a s%mr?le paralrllel corpui.
used as a point of identification for English para- bgl_can e_xtelndt € Ie' |In|t|on ot the pafraI:D rase prob-
ohrases in this way. ability to include multiple corpora, as follows:

The method defined in Bannard and Callis_on- Sece g in e P(flen)plea| f)
Burch (2005) has several features that make it an P(ezle1) ~ ] 3)
ideal candidate for incorporation into statistical ma-
chine translation system. Firstly, it can easily be apahere ¢ is a parallel corpus from a set of paral-
plied to any language for which we have one or morkel corporaC. Thus multiple corpora may be used
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by summing over all paraphrase probabilities calcu4.2 Translation with paraphrases

lated from a single corpus (as in Equation 1) andye extracted all source language (Spanish and
normalized by the number of parallel corpora. French) phrases up to length 10 from the test and
development sets which did not have translations in
phrase tables that were generated for the three train-

We examined the application of paraphrases to deiéllg corpora. For each of these phrases we gener-

with unknown phrases when translating from Span@ted a list of paraphrases using all of the parallel cor-
ish and French into English. We used the IDub[:_)ora from Europarl aside from the Spanish-English

licly available Europarl multilingual parallel corpus and French-English corpora. We used bitexts be-

(Koehn, 2005) to create six training corpora for thdween Spanish and Danish, Dutch, Finnish, French,

two language pairs, and used the standard Europg‘ferman’ |ta||a_1n, Portuguese, and Swgdls-h t_o gener-
development and test sets. ate our Spanish paraphrases, and did similarly for

the French paraphrases. We manage the parallel
4.1 Baseline corpora with a suffix array -based data structure

(Callison-Burch et al., 2005). We calculated para-

For a baseline system we produced a phrase-basgttase probabilities using the Bannard and Callison-
statistical machine translation system based on thg,,ch (2005) method, summarized in Equation 3.

log-linear formulation described in (Och and Neygg rce language phrases that included names and

4 Experimental Design

2002) numbers were not paraphrased.
For each paraphrase that had translations in the
e = argmgme\f) (4) phrase table, we added additional entries in the
M phrase table containing the original phrase and the
= argmax > Amhm(e,f) (5) paraphrase’s translations. We augmented the base-
m=1 line model by incorporating the paraphrase probabil-

The baseline model had a total of eight featurgy into an additional feature function which assigns

functions, hn(e, f): a language model probabil- values as follows:

ity, a phrase translation probability, a reverse phrase p(f2|fy) If phrase table entrye, f;)
translation probability, lexical translation probabil-j (e, f,) = is generated fronfe, f2)
ity, a reverse lexical translation probability, a word 1 Otherwise

penalty, a phrase penalty, and a distortion cost. To

set the weights),,,, we performed minimum error Just as we did in the baseline system, we performed
rate training (Och, 2003) on the development set usainimum error rate training to set the weights of the
ing Bleu (Papineni et al., 2002) as the objective funaine feature functions in our translation model that
tion. exploits paraphrases.

The phrase translation probabilities were deter- We tested the usefulness of the paraphrase fea-
mined using maximum likelihood estimation overture function by performing an additional experi-
phrases induced from word-level alignments proment where the phrase table was expanded but the
duced by performing Giza++ training on each of thgparaphrase probability was omitted.
three training corpora. We used the Pharaoh beam-
search decoder (Koehn, 2004) to produce the tran&:3 Evaluation
lations after all of the model parameters had beewe evaluated the efficacy of using paraphrases in
set. three ways: by calculating the Bleu score for the

When the baseline system encountered unknowiranslated output, by measuring the increase in cov-
words in the test set, its behavior was simply to reerage when including paraphrases, and through a tar-
produce the foreign word in the translated outpuigeted manual evaluation of the phrasal translations
This is the default behavior for many systems, asf unseen phrases to determine how many of the
noted in Section 2.1. newly covered phrases were accurately translated.
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@00 Alignment Tool The article combats discrimination and inequality
g m in the treatment of citizens for the reasdissed
. & _ 8 S therein.
— = © (] = - T - - - B .
%é E 2 8 §g 8 The article combats discrimination and the dif-
= o =0 - oy
D580l .558882888553¢ ferent treatment of citizens for the reasanen-
The I. tioned in the same.
icl e .
igﬁ;at_s m The article fights against uneven and the treatment
gunsgnmmanon L of citizens for the reasorenshrinedin the same.,
inequality [ The article is countering discrimination and the
;ﬂe m unequal treatment of citizens for the reastret
treatment | in the same.
of [ |
citizens [ | |
{g; .. Figure 4: Judges were asked whether the highlighted
reasons l. phrase retained the same meaning as the highlighted
listed i ;
theseln. EEE phrase in the reference translation (top)

ducing our translations using the Pharaoh decoder
Figure 3: Test sentences and reference translatiopga employed its “trace” facility, which tells which
were manually word-aligned. This allowed us tosource sentence span each target phrase was derived
equate unseen phrases with their corresponding Efiom. This allowed us to identify which elements
glish phrase. In this casumeradasvith listed in the machine translated output corresponded to the

paraphrased foreign phrase. We asked a monolin-

Although Bleu is currently the standard metric fordtal judge whether the phrases in the machine trans-
MT evaluation, we believe that it may not meaning/at€d output had the same meaning as of the refer-

fully measure translation improvements in our setugzNce Phrase. This is illustrated in Figure 4.

By substituting a paraphrase for an unknown source '" @ddition to judging the accuracy of 100 phrases

phrase there is a strong chance that its translatidf €ach of the translated sets, we measured how
may also be a paraphrase of the equivalent targ'é}ucr‘ our paraphrgse method increased the cover-
language phrase. Bleu relies on exact matches 88€ Of the translation system. Because we focus
n-grams in a reference translation. Thus if our tran®" Words that the system was previously unable to

lation is a paraphrase of the reference, Bleu will fai'a@nslate, the increase in coverage and the transla-
to score it correctly. tion quality of the newly covered phrases are the

Because Bleu is potentially insensitive to the typéWO most relevant indicators as to the efficacy of the

of changes that we were making to the translationg)ethOd'
we additionally performed a focused manual evalugs
ation (Callison-Burch et al., 2006). To do this, ha
bilingual speakers create word-level alignments fowe produced translations under five conditions for
the first 150 and 250 sentence in the Spanish-Engligach of our training corpora: a set of baseline
and French-English test corpora, as shown in Figuteanslations without any additional entries in the
3. We were able to use these alignments to extraphrase table, a condition where we added the trans-
the translations of the Spanish and French words thiattions of paraphrases for unseen source words along
we were applying our paraphrase method to. with paraphrase probabilities, a condition where we

Knowing this correspondence between foreigadded the translations of paraphrases of multi-word
phrases and their English counterparts allowed us finrases along with paraphrase probabilities, and two
directly analyze whether translations that were beadditional conditions where we added the transla-
ing produced from paraphrases remained faithful thons of paraphrases of single and multi-word para-
the meaning of the reference translation. When prghrase without paraphrase probabilities.

Results
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Spanish-English French-English
Corpussize 10k 20k 40k 80k 160k 320k10k 20k 40k 80k 160k 320Kk
Baseline 22.6 25.0 26.5 265 28.730.0| 21.9 243 26.3 278 28.8 295
Singleword 23.1 25.2 26.628.0 29.0 30.0|| 22.7 242 26.9 27.7 28.929.8
Multi-word  23.3 26.0 27.2 28.0 28.8 29.7| 23.7 251 27.1 285 291 298

Table 2: Bleu scores for the various training corpora, including baseline results without paraphrasing, results
for only paraphrasing unknown words, and results for paraphrasing any unseen phrase. Corpus size is
measured in sentences.

Corpus size 10k 20k 40k 80k 160k 320k10k 20k 40k 80k 160k 320k
Single w/o-ff 23.0 25.1 26.7 28.029.0 29.9| 225 241 260 276 288 29
Multi w/o-ff  20.6 22.6 21.9 240 254 275 19.7 221 243 256 26.0 28.

(¢

=)

Table 3: Bleu scores for the various training corpora, when the paraphrase feature figwetitincluded

5.1 Bleu scores from each of the sets using the manual word align-

Table 2 gives the Bleu scores for each of these conment§ Table 4 gives the percentage of time that

ditions. We were able to measure a translation im‘éach of the translations of paraphrases were judged

provement for all sizes of training corpora, unde 0 have the same meaning as th_e equwa_llent target
both the single word and multi-word conditions ex Phrase. In the case of the translations of single word

cept for the largest Spanish-English corpus. For th%artaghlrasegofosr tthg Stpgn:sh ic(;:;rac_ly_/hrangedt:‘rom
single word condition, it would have been surprisinéus elow SU76 1o Just below 7U%.  This number

if we had seen a decrease in Bleu score. Because We " PressVe 1N light of the fact that none of those

are translating words that were previously untranétehr_n?1 are C:Jrr_ectlyttr?t:]slfatec_l " Ithe baseline n;oiel,
latable it would be unlikely that we could do any'’ " SIMPY INSETLS e Toreign language word. AS

worse. In the worst case we would be replacing on\é{ith the Bleu scores, the translations of multi-word

word that did not occur in the reference translati0|‘i;]"’lr"’lphr"Jlses were judged to be more accurate than

with another, and thus have no effect on Bleu. the translations of single word paraphrases.

More interesting is the fact that by paraphrasing_ ' Performing the manual evaluation we were ad-
unseen multi-word units we get an increase in quaflitionally able to determine how often Bleu was ca-
ity above and beyond the single word paraphraseg‘?‘_ble of measuring an acf[ual improvement in trans-
These multi-word units may not have been observe@tion: For those items judged to have the same
in the training data as a unit, but each of the compdl'€aning as the gold standard phrases we could
nent words may have been. In this case translatiff2ck "ow many would have contributed to a higher
a paraphrase would not be guaranteed to receiv&€Y Score (that is, which of them were exactly
an improved or identical Bleu score, as in the single'€ Same as the reference translation phrase, or had
word case. Thus the improved Bleu score is notabl§2Me Words in common with the reference trans-

Table 3 shows that incorporating the paraphraégmon phrase). By COU’?"”Q how often a correct
probability into the model's feature functions plays hrase would have contributed to an increased Bleu

critical role. Without it, the multi-word paraphrasesscore’ and how often it would fall 1o increase the

harm translation performance when compared to ﬂ%leu Score we were ab_lg to determme with what fre-
baseline guency Bleu was sensitive to our improvements. We

found that Bleu was insensitive to our translation im-
5.2 Manual evaluation provements between 60-75% of the time, thus re-

We performed a manual evaluation by judging the !Note that for the larger training corpora fewer than 100
accuracy of phrases for 100 paraphrased translatiomsaphrases occurred in the first 150 and 250 sentence pairs.
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Spanish-English French-English
Corpussize 10k 20k 40k 80k 160k 320k 10k 20k 40k 80k 160k 320K
Singleword 48% 53% 57% 67% 33%° 50% || 54% 49% 45% 50% 39% 21%"
Multi-word 64% 65% 66% 71% 76% 71%" || 60% 67% 63% 58% 65% 42%

Table 4: Percent of time that the translation of a paraphrase was judged to retain the same meaning as the
corresponding phrase in the gold standard. Starred items had fewer than 100 judgments and should not be
taken as reliable estimates.

Size 1-gram 2-gram 3-gram 4-gram Size 1-gram 2-gram 3-gram 4-gram
10k 48% 25% 10% 3% 10k 90% 67% 37% 16%
20k 60% 35% 15% 6% 20k 90% 69% 39% 17%
40k 71% 45% 22% 9% 40k 91% 71% 41% 18%
80k 80% 55% 29% 12% 80k 92% 73% 44% 20%
160k  86% 64% 37% 17% 160k  92% 75% 46% 22%
320k  91% 71% 45% 22% 320k  93% 7% 50% 25%

Table 5: The percent of the unique test set phras@able 6: The percent of the unique test set phrases
which have translations in each of the Spanishahich have translations in each of the Spanish-
English training corpora prior to paraphrasing English training corpora after paraphrasing

inforcing our belief that it is not an appropriate meathan 100,000 sentence pairs, or roughly three mil-
sure for translation improvements of this sort. lion words of text, without using paraphrases.

5.3 Increase in coverage 6 Related Work

As illustrated in Figure 1, translation models suffelPrevious research on trying to overcome data spar-
from sparse data. When only a very small parality issues in statistical machine translation has
lel corpus is available for training, translations ardargely focused on introducing morphological anal-
learned for very few of the unique phrases in a testsis as a way of reducing the number of types ob-
set. If we exclude 451 words worth of names, numserved in a training text. For example, Nissen and
bers, and foreign language text in 2,000 sentencé&ey (2004) apply morphological analyzers to En-
that comprise the Spanish portion of the Europadlish and German and are able to reduce the amount
test set, then the number of unique n-grams in texif training data needed to reach a certain level
are: 7,331 unigrams, 28,890 bigrams, 44,194 tref translation quality. Goldwater and McClosky
grams, and 48,259 4-grams. Table 5 gives the pg2005) find that stemming Czech and using lemmas
centage of these which have translations in each whproves the word-to-word correspondences when
the three training corpora, if we do not use paratraining Czech-English alignment models. Koehn
phrasing. and Knight (2003) show how monolingual texts and
In contrast after expanding the phrase table usingarallel corpora can be used to figure out appropriate
the translations of paraphrases, the coverage of tp&aces to split German compounds.
unigue test set phrases goes up dramatically (shownStill other approaches focus on ways of acquiring
in Table 6). For the first training corpus with 10,000data. Resnik and Smith (2003) develop a method
sentence pairs and roughly 200,000 words of text ifor gathering parallel corpora from the web. Oard
each language, the coverage goes up from less thaeinal. (2003) describe various methods employed
50% of the vocabulary items being covered to 90%or quickly gathering resources to create a machine
The coverage of unique 4-grams jumps from 3% ttranslation system for a language with no initial re-
16% — a level reached only after observing moreources.
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7 Discussion cal machine translation to larger corpora and longer
phrases. IfProceedings of ACL

In this paper we have shown that significant gainsin ) ) .
coverage and translation quality can be had by inté:-hlgger%alI'nggéBulglévgfdgtsm oﬁ,beoﬁgfg Ofgfeuﬁﬂ'lr'ﬁg_
grating paraphrases into statistical machine transla- chine translation. ||Proceedir?gs of EACL
tion. In eﬁeCt-’ p_araphra;e_s introduge some arjnoug[haron Goldwater and David McClosky. 2005. Improv-
el g St T g ool s,
gs of EMNLP

ticular word or phrase in the training set in order to
produce a translation of it, we are no longer tied t&
having seen every word in advance. We can exploit
knowledge that is external to the translation modef hgicl)ocl)f’3 thear:ir;'ticzrl?anhzrai?g;sgg2}aﬁ2gti2%ﬁ:e'\ggrcu'
about what words have similar meanings and use " i ' )
that in the process of translation. This method is Ings of HLT/NAACL
particularly pertinent to small data conditions, WhithfigFr)F:)r}fr(;zgnt.)azsg%.st::t?siirgglhr:n:\ckr)](ialfemtrzenirlgt]iodr?(;r?ggr
are plagued by sparse data problems. -

In future work, we plan to determine how much els. InProceedings of AMTA
data is required to learn useful paraphrases. The s¢&ulipp Koehn. 2005. A parallel corpus for statistical
nario described in this paper was very favorable to machine translation. IRroceedings of MT-Summit
creating high quality paraphrases. The large numb@&aniel Marcu and William Wong. 2002. A phrase-based,
of parallel corpora between Spanish and the otherjpint probability _model for statistical machine transla-
languages present in the Europarl corpus allowed tion. In Proceedings of EMNLP
us to generate high quality, in domain data. Whiléonja Nissen and Hermann Ney. 2004. Statisti-
this is a realistic scenario, in that many new official €& machine translation with scarce resources using
languages have been added to the European Uniongnoo(rzp)hféigtgzc analysisComputational Linguistics
some of which do not yet have extensive parallel cor-

pora, we realize that this may be a slightly idealize® Phillip Resnik, William Byrme, Sanjeeve Khudanpur,

scenario. ] David Yarowsky, Anton Leuski, Philipp Koehn, and
Finally, we plan to formalize our targeted manual Kevin Knight. 2003. Desperately seeking Cebuano.

evaluation method, in the hopes of creating a eval- In Proceedings of HLT-NAACL

uation methodology for machine translation that i?L'ranz Josef Och and Hermann Ney. 2002. Discrimina-

more thorough and elucidating than Bleu. tive training and maximum entropy models for statis-
tical machine translation. IRroceedings of ACL

hilipp Koehn and Kevin Knight. 2003. Empirical meth-
ods for compound splitting. IRroceedings of EACL

oug Oard, David Doermann, Bonnie Dorr, Daging He,
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