1

The paper presents a novel algorithm for ex-

A Beam-Search Extraction Algorithm for Comparable Data

Christoph Tillmann
IBM T.J. Watson Research Center
Yorktown Heights, N.Y. 10598
ctill @s.ibmcom

Abstract

This paper extends previous work on ex-
tracting parallel sentence pairs from com-
parable data (Munteanu and Marcu, 2005).
For a given source sentence a max-
imum entropy (ME) classifier is applied
to a large set of candidate target transla-
tions . A beam-search algorithm is used
to abandon target sentences as non-parallel
early on during classification if they fall
outside the beam. This way, our novel
algorithm avoids any document-level pre-
filtering step. The algorithm increases the
number of extracted parallel sentence pairs
significantly, which leads to a BLEU im-
provement of about 1 % on our Spanish-
English data.

Introduction

the number of extracted sentence pairs is more
than doubled which also leads to an increase in
BLEU by about 1 % on the Spanish-English data.

The classification probability is defined as fol-
lows:

exp(w? - f(c,S,T))

p(clS.T) 751

, (D)

whereS = s{ is a source sentence of lengfrand
T = t! is a target sentence of lengihc € {0, 1}
is a binary variable p(c|S,T') € [0,1] is a proba-
bility where a valuep(c = 1|5, T') close tol.0 in-
dicates thats andT are translations of each other.
w € R™ is a weight vector obtained during train-
ing. f(c,S,T) is a feature vector where the fea-
tures are co-indexed with respect to the alignment
variable c. Finally, Z(S,T) is an appropriately
chosen normalization constant.

Section 2 summarizes the use of the binary clas-
sifier. Section 3 presents the beam-search algo-
rithm. In Section 4, we show experimental results.

tracting parallel sentence pairs from comparabl
monolingual news data. We select source-target
sentence pair¢S,T) based on a ME classifier 5
(Munteanu and Marcu, 2005). Because the set of
target sentence% considered can be huge, pre- The classifier in Eg. 1 is based on several real-
vious work (Fung and Cheung, 2004; Resnik andralued feature functiong; . Their computation
Smith, 2003; Snover et al., 2008; Munteanu ands based on the so-called IBM Model-1 (Brown et
Marcu, 2005) pre-selects target senterifest the  al., 1993). The Model-1 is trained on some paral-
document level . We have re-implemented a parlel data available for a language pair, i.e. the data
ticular filtering scheme based on BM25 (Quirk etused to train the baseline systems in Section 4.
al., 2007; Utiyama and Isahara, 2003; Robertsom(s|T) is the Model-1 probability assigned to a
et al.,, 1995). In this paper, we demonstrate a difsource words given the target senten@e, p(¢|.S)
ferent strategy . We compute the ME score in-is defined accordinglyp(s|t) andp(t|s) are word
crementally at the word level and apply a beam+ranslation probabilities obtained by two parallel
search algorithm to a large number of sentencedModel-1 training steps on the same data, but swap-
We abandon target sentences early on during claping the role of source and target language. To
sification if they fall outside the beam. For com- compute these values efficiently, the implementa-
parison purposes, we run our novel extraction altion techniques in (Tillmann and Xu, 2009) are
gorithm with and without the document-level pre- used. Coverageandfertility features are defined
filtering step. The results in Section 4 show thatbased on the Model-1 Viterbi alignment: a source

inally, Section 5 discusses the novel algorithm.

Classifier Training
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word s is said to becovered if there is a target pairs(S,T},) since|©| can be in tens of thousands
word ¢t € T such that its probability is above a of sentences . Instead, we use a beam-search algo-
thresholde: p(s|t) > e . We define thdertility rithm to search for the sentence p&l,7") with
of a source words as the number of target words the highest matching scote’ - f(1, 5, T) 2. The
t € T for which p(s|t) > e. Target word cover- ’light-weight’ features defined in Section 2 are
age and fertility are defined accordingly. A large such that the matching score can be computed in-
number of ‘uncovered' source and target positionscrementally while processing the source and target
as well as a large number of high fertility words sentence positions in some order. To that end, we
indicate non-parallelism. We use the following maintain a stack of matching hypotheses for each
N = 7 features: 1,2) lexical Model-1 weight- source positionj. Each hypothesis is assigned a
ing: > . —log( p(s|T) ) and)_, —log( p(t|S) ), partial matching score based on the source and tar-
3,4) number of uncovered source and target poget positions processed so far. Whenever a partial
sitions, 5,6) sum of source and target fertilities,matching score is low compared to partial match-
7) number of covered source and target positiongng scores of other target sentence candidates, that
These features are defined in a way that theyranslation pair can be discarded by carrying out
can be computed incrementally at the word levela beam-search pruning step. The search is orga-
Some thresholding is applied, e.g. a sequence afized in a single left-to-right run over the source
uncovered positions has to be at ledgiositions positions1 < j < .J and all active partial hypothe-
long to generate a non-zero feature value . In thees match the same portion of that source sentence.
feature vectorf(c, S,T), each featuref; occurs There is at most a single active hypothesis for each
potentially twice, once for each classe {0,1}. different target sentenc®;, and search states are
For the feature vectof(c = 1, 5,7), all the fea- defined as follows:
ture values corresponding to class= 0 are set
to 0, and vice versa. This particular way of defin-
ing the feature vector is needed for the search itHere,m € {1,---,|©]} is a target sentence in-
Section 3: the contribution of the 'negative’ fea- dex. j is a position in the source senteneg,and
tures forc = 0 is only computed when Eq. 1 is u; are the number of uncovered source and target
evaluated for the highest scoring final hypothesigositions to the left of source positighand tar-
in the beam. To train the classifier, we have manuget position: (coverage computation is explained
ally annotated a collection 24 sentence pairs . above), andi is the partial matching score . The
A sentence pair is considered parallel if at leastarget position corresponding to the source posi-
75 % of source and target words have a corretion j is computed deterministically as follows:
sponding translation in the other sentence, other- j
wise it is labeled as non-parallel. A weight vector io= [I- jl : (2)

2*N . . . o .
weR is trained with respect to classification where the sentence lengtiisand J are known

accuracy using the on-line maxent training algo-for a sentence paiiS. 7). Covering an additional
rithm in (Tillmann and Zhang, 2007). pais, T). g

source position leads to covering additional target
positions as well, and source and target features
are computed accordingly. The search is initial-

We process the comparable data at the sentené&d Py adding a single hypothesis for each target
level: sentences are indexed based on their publf€ntence’, € © to the stack foy = 1:

cation date. For each source sentefica match- [m,j=1,u;=0,u;=0;0].

ing score is computed over all the target sentences _ N

T, € © that have a publication date which differs During the left-to-right search , state transitions of
less thar7 days from the publication date of the the following type occur:

source sentence We are aiming at finding the [(m, j,uj, uisd] —

with the highest probability(c = 1|5, T"), but we
cannot compute that probability for all sentence

- 2This is similar to standard phrase-based SMT decoding,

!In addition, the sentence length filter in (Munteanu andwhere a set of real-valued features is used and any sentence-
Marcu, 2005) is used: the length ratieaz(J, I) /min(J, I) level normalization is ignored during decoding. We assume
of source and target sentence has to be smallerzhan the effect of this approximation to be small.

[m7]7u]7ulad]

3 Beam Search Algorithm

[m, j+1,u;, u;d],
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where the partial score is updated a&:= d +

wT - f(1,].i) . Here, f(1,5.7) is a partial fea- Table 1: Corpus statistics for comparable data.

ture vector computed for all the additional source | Spanish | English |
and target positions processed in the last extensionl Sentences 19.4 million 47.9 million
step. The number of uncovered source and targef Words 601.5 million 1.36 billion
positionsu’ is updated as well. The beam-search ‘ \ Portuguese \ English \
algorithm is carried out until all source positiofns Sentences 366.0 thousandl 5.3 million
have been processed. We extract the highest scort \words 11.6 million | 171.1 million

ing partial hypothesis from the final stagk= J
. For that hypothesis, we compute a global feature
vectorf(1,.S,T) by adding all the locaf (1, j,4)’s
component-wise. The ‘negative’ feature vectorpairs from Europarl and FBIS parallel data. We
£(0,8,T) is computed fromf(1, S,T) by copy- @also present results for a Portuguese-English sys-
ing its feature values. We then use Eq. 1 to comiem: the baseline has been trained on Europarl and
pute the probability(1|S, T) and apply a thresh- JRC data. Parallel sentence pairs are extracted
old of # = 0.75 to extract parallel sentence pairs. from comparable news data published 2006.
We have adjusted beam-search pruning techniqué_@l’ this data, no document-level information was
taken from regular SMT decoding (Tillmann et al., available. To gauge the effect of the document-
1997; Koehn, 2004) to reduce the number of hylevel pre-filtering step, we have re-implemented
potheses after each extension step. Currently, onlgn IR technique based on BM25 (Robertson et al.,
histogram pruning is employed to reduce the num-1995). This type of pre-filtering has also been used
ber of hypotheses in each stack. in (Quirk et al., 2007; Utiyama and Isahara, 2003).
The resulting beam-search algorithm is similarVVe split the Spanish data into documents. Each
to a monotone decoder for SMT: rather then in-Spanish document is translated into a bag of En-
crementally generating a target translation, the de@lish words using Model- lexicon probabilities
coder is used to select entire target sentences out Rined on the baseline data. Each of these English
a pre-defined list. That way, our beam search algobag-of-words is then issued as a query against all
rithm is similar to algorithms in large-scale speechthe English documents that have been published
recognition (Ney, 1984; Vintsyuk, 1971), where Within a7 day window of the source document.
an acoustic signal is matched to a pre-assigned lii/e select the20 highest scoring English docu-

of words in the recognizer vocabulary. ments for each source document . The@elocu-
ments provide a restricted set of target sentence
4 Experiments candidates. The sentence-level beam-search al-

gorithm without the document-level filtering step
The parallel sentence extraction algorithm pre-searches through close tdrillion sentence pairs.
sented in this paper is tested in detail on all of theFor the data obtained by the BM25-based filtering
large-scale Spanish-English Gigaword data (Graffstep, we still use the same beam-search algorithm
2006; Graff, 2007) as well as on some smallerbut on a much smaller candidate set of onfy4
Portuguese-English news data . For the Spanishbillion sentence pairs. The probability selection
English data , matching sentence pairs come fronthresholdé is determined on some development
the same news feed. Table 1 shows the size et in terms of precision and recall (based on the
the comparable data, and Table 2 shows the eflefinitions in (Munteanu and Marcu, 2005)). The
fect of including the additional sentence pairs intoclassifier obtains an F-measure classifications per-
the training of a phrase-based SMT system. Heregprmance of abou85 %. The BM25 filtering step
both languages use a test set with a single refleads to a significantly more complex processing
erence. The test data comes from Spanish angipeline since sentences have to be indexed with
Portuguese news web pages that have been trangspect to document boundaries and publication
lated into English. Including about35 million  date. The document-level pre-filtering reduces the
sentence pairs extracted from the Gigaword datagverall processing time by abod® % (from 4 to
we obtain a statistically significant improvement2.5 days on a00-CPU cluster). However, the ex-
from 42.3 to 45.7 in BLEU. The baseline system haustive sentence-level search improves the BLEU
has been trained on abowt8 million sentence score by about % on the Spanish-English data.
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. . . . con Extraction via Bootstrapping and EM. Rnoc,
Table 2: Spanish-English and Portuguese-English of EMNLP 2004, pages 57—63, Barcelona, Spain,

extraction results. Extraction threshold s = July.

0.75 for both language pairs. # cands reports theD Graff. 2006.LDC2006T12: Spanish Gi q
. . Dave Graff. . : Spanish Gigawor

size of the overall search space in terms of sen Corpus First Edition. LDC.

tence pairs processed .

Dave Graff. 2007.LDC2007T07: English Gigaword

‘ Data Source ‘ # Cands‘ # pairs\ Bleu ‘ Corpus Third Edition. LDC.
Baseline - 1.826 M | 42.3 Philion Koehn. 2004. Ph b aB s D
: ilipp Koehn. . araoh: a Beam Search De-
* G!ga 999.3 8 | 1.357 M | 45.7 coder for Phrase-Based Statistical Machine Transla-
+ Giga (BM25) 254 B | 0.609 M | 44.8 tion Models. InProceedings of AMTA' 04, Washing-
Baseline - 2999 M | 45.3 ton DC, September-October.
+ News Data 2006 77.8 B 56 K | 47.2
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The search-driven extraction algorithm presented using Comparable Corpora. Froc. of EMNLPOS,
in this paper might also be applicable to other P2ges 856-865, Honolulu, Hawaii, October.
NLP extraction task, e.g. named entity extraction.Christoph Tillmann and Jian-Ming Xu. 2009. A Sim-
Rather then employing a cascade of filtering steps, ple Sijelzntence-Level Extraction IAlgorithm for Com-
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