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Abstract

We propose a set of informative fea-
ture functions together with a log-linear
model framework for bilingual phrase-
pair extraction to improve phrase-
based statistical machine translation.
The base feature functions investigated
are phrase length model, phrase-level
centers’ distortion, lexicon translation
equivalence, bracketing constraints and
word alignment links. Two gener-
ative models show strong baselines
with these base features, illustrating
the effectiveness of the proposed fea-
ture functions. Strategies of extending
the features and a log-linear model of
learning the weighted combination of
them are proposed to effectively extract
phrase-pairs from parallel data. Exper-
imental results of TIDES’03 Chinese-
English small data track show improved
translation qualities.

1 Introduction

Bilingual phrase-pair extraction from parallel
data becomes a key component in today’s state
of the art phrase-based statistical machine trans-
lation systems. The significant advantages of us-
ing phrase-pairs over word level mixture mod-
els (Brown et al., 1993) are that both fertilities
and distortions above phrase level are simpler to
model and phrase-based approaches have flex-
ibilities of modeling local word-reordering and
are less sensitive to the preprocessing errors such
as word segmentations (e.g., for Chinese and
Japanese) and tokenization. These advantages are
observed and supported by the positive evidences
from many previous works such as (Wu, 1997;
Och and Ney, 2004; Koehn et al., 2003; Zens and
Ney, 2004; Vogel et al., 2003).
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In practice, a phrase-pair extraction based on
word alignment (Koehn, 2004; Tillmann, 2003;
Och and Ney, 2004) works quite well given sim-
ple heuristics and millions of parallel sentences
to cover enough instances needed for translation.
However, it is more or less difficult to extend
the heuristics to include more informative clues
for better phrase-pair extractions. We propose a
principled framework of combining a set of in-
formative feature functions via a log-linear model
for bilingual phrase-pair extraction. In particu-
lar, we introduce a few informative feature func-
tions in keeping the philosophy of phrase transla-
tions. The base feature functions are designed to
model three diverse aspects of a block (a phrase
pair): a phrase-level length model to approxi-
mate phrasal length relevance, a center distortion
model to model relative positions’ differences for
phrases in a given sentence pair and a genera-
tive phrase level lexical model to model trans-
lational equivalence. Furthermore, we extend
the base feature functions by symmetrizing with
noisy-channel models in two directions: source-
to-target and target-to-source. The utilities of
the proposed features are demonstrated using two
generative models establishing strong baselines;
together with constraints from word alignments,
these feature functions are combined in a log-
linear model to extract phrase pairs effectively;
improved translation qualities are achieved over
a state of the art system on TIDES’03 Chinese-
English small data tack.

The remainder paper is structured as follows:
in Section 2, statistical machine translation is
briefly reviewed with notations for Blocks; in
Section 3, base feature functions are explained;
Section 4 contains two novel generative models as
our baselines; our proposed log-linear model with
extended feature functions are in Section 5; in
Section 6, our experimental results; conclusions
and discussions are given in Section 7.



2 Statistical Machine Translation

Generally speaking, the task of statistical machine
translation (SMT) is to translate one sentence in
a source language F into a target language E. For
example', given a French sentence f with .J words
denoted as f{ = fi f2...fs, an SMT system auto-
matically translates it into an English sentence e
with I words denoted by e{ = ejeg...ey. The
SMT system first proposes English hypotheses in
its model space. Among all the hypotheses, the
system selects the one with the highest condi-
tional probability according to Bayes’s decision
rule as follows:

self-contained. Each of the feature functions cor-
responds to one special aspect of the block em-
bedded in the context of a given sentence pair.
These aspects are then quantified by the proposed
sub-models or our designed feature functions.

3.1 A Phrase-Level Length Model

Given the word fertility defined as in (Brown et
al., 1993), we can compute a probability to pre-
dict phrase length relevance between a pair of
phrases: given the candidate target phrase (En-
glish) el and a source phrase (French) fi of
length J, the model gives the probabilistic esti-
mation of P(J|el) via a dynamic programming

é{ = arg max P(e{|fi]) = arg max P(f1J|e{)P(e{)’alg0r1thm using the English word fertilities mod-

{el} {el}

(1
where P(f{|el) is called translation model and
P(el) is the language model. For most of the
phrase based machine translation systems, the
translation model are essentially a collection of
bilingual phrase-pairs extracted from parallel sen-
tence pairs. This paper focus on how to extract
high quality phrase-pairs from parallel data.

Each phrase pair is represented as a Block: X in
a given parallel sentence pair:
fj+l citk

X_)(])l

); 2

where is the source phrase with (I + 1)

f;—H

French words; its projection is eg ** in the tar-
get sentence with left boundary at the position
of i and right boundary at (i + k). We view
the phrase-pair extraction as a local search algo-
rithm: given a source phrase fj’ *+! search for the
projected boundaries of candidate target phrase
e;‘: +k according to a weighted combination of di-
verse feature functions in a log-linear model. The
log linear model then servers as a performance
measure to guide a local search (i.e., a stochas-
tic hill-climbing) to extract bilingual phrase pairs
from the parallel data.

3 Base Feature Functions

We introduce several informative base feature
functions, some of which are shown to be helpful
in our previous works (Zhao and Vogel, 2005).
They’ll be briefly summarized here to be more

'We follow the notations used in (Brown et al., 1993)
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els P(¢l|e;). Figure 1 shows an example fertility

3 3 3

el e2 e3

Figure 1: A trellis of an English trigram with
maximum fertility of 4 for dynamic programming

trellis of an English trigram, where each edge be-
tween two nodes represents one English word e;.
The arc between two nodes represents one candi-
date non-zero fertility for word e;. The fertility
of zero (i.e., generating a Null word) corresponds
to the direct edge between two nodes and thus,
the Null word is incorporated into this model’s
representation. Each arc is associated with a En-
glish word fertility probability P(¢;|e;). A path
¢! through the trellis represents the number of
French words ¢; generated by the English tri-
gram. Thus, the probability of generating .J words
from the English phrase along the Viterbi path is:

I
[[P@ile)  ©

=1

P(J|e1) =

max
{61, J=X1_1 #i}

The Viterbi path is inferred via dynamic pro-
gramming as follows:

¢[j; 1 — 1] + log Pnuu(0le;)
U — 10— 1] +log Py(1e:)
[ = 2,0 = 1] + log Py(2]e;)

olj. il = maz
@lj — 3,1 — 1] +log Py(3e;)



where Pyy;1(0|e;) is the probability of generating
a Null word from e;; Py(k = 1|e;) is the usual
word fertility model of generating one French
word from the word e;; ¢[j, 1] is the cost so far
for generating j words from e : eq,--- ,e;. Af-
ter computing the cost of ¢[J, I], we can trace
back the Viterbi path, along which the probabil-
ity P(J|el) of generating J French words from
the English phrase el as shown in Eqn. 3.

Thus, for each block, one can compute a fertil-
ity based score Eqn. 3 to estimate to how relevant
the phrase pairs’ lengths are to each other.

3.2 A Center-Distortion Model

As introduced in Section 1, the distortion model
above phrase level is usually easier to model. Em-
pirical observations show that most high quality
blocks are located close to the diagonal or the in-
verse diagonal in the alignment matrix of a sen-
tence pair. A simple distortion model is designed
to estimate how far away the phrase pairs are from
each other.

The center © i+ of the phrase f] is a nor-

malized relative position in the source sentence
defined as follows:

Z

Jj'=j

“)

fJ-H == l+ 1
The center of the English phrase is computed ac-
cordingly. Figure 2 shows histograms of the dif-
ferences between the centers: (® f]+z ® mc) of

30.8 K oracle phrase pairs extracted from 627 hu-
man word-aligned sentence pairs: for each source
phrase, find the left-most and right-most pro-
jected positions in the target sentence according
to both word alignment and the coherence con-
straint (Fox, 2002).

For phrase-pair extraction, the expected center
of the phrase e’+k is estimated for a given French
phrase’s center and then a local search starting
around it is carried out to get candidate target
phrases. The expected relative center for every
French word f;/ is first computed as follows:

SR p(f; ler).
z;:f’ P(fjlex)

where P(fj/|e;) is the word translation lexicon
estimated in IBM Models. 7 is the position in-

&)

1
Ok (fyr) =7
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Totally 30803 phrase pairs

Number of Phrase Pairs

ob—
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Differences between the centers of phrase pairs: (c'—cs)

Figure 2: Histogram of relative centers’ differ-
ences between oracle phrase pairs (blocks) ex-
tracted from 627 human word-aligned parallel
sentence pairs.

dex, which is weighted by the word level trans-
lation probabilities; the term of Zi[:l P(fjle:)
provides a normalization so that the expected cen-

ter is within the range of target sentence length.
i+k -

After this, the expected center of ¢, is simply a
average of © i+ (fj):
J+
z+k=l+1Z®z+k f] (6)

i'=J
Given the estimated centers of © ff+l and
©) ciths WE can compute how close they are
by the probability of P(®fj+z|®ez;+k). To
estimate P(@ﬁ#—ll@ez}k), one can start with

a flat gaussian model to enforce the point
of (® eiths ®fj+z) not too far off the diago-

nal and build an initial list of phrase pairs
and then compute the histogram to approximate
P(®f;+z ‘®e§+k)ﬁp(®fj+l —®e§+k). As shown
in Figure 2, this probability can be approximated
as a gaussian distribution.

3.3 A Phrase-Level Lexicon Model

Similar to IBM Model-1 (Brown et al., 1993), we
use a bag-of-word generative model within the
block. According to Bayes rule:

(f]+l| H—k)

I >

J' €L+ ¥ Eii+k]

f] |ez )P(ez |€H—k)7(7)
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Top-N, N is from 1 to 20
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