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Abstract

Current statistical machine translation sys-
tems usually extract rules from bilingual
corpora annotated with 1-best alignments.
They are prone to learn noisy rules due
to alignment mistakes. We propose a new
structure calledveighted alignment matrix

to encode all possible alignments for a par-
allel text compactly. The key idea is to as-
sign a probability to each word pair to in-
dicate how well they are aligned. We de-
sign new algorithms for extracting phrase
pairs from weighted alignment matrices
and estimating their probabilities. Our ex-
periments on multiple language pairs show
that using weighted matrices achieves con-
sistent improvements over usingbest
lists in significant less extraction time.

I ntroduction

expectation maximization (EM) algorithm. In
contrast, discriminative methods (e.g., (Moore et
al., 2006; Taskar et al., 2005; Liu et al., 2005;
Blunsom and Cohn, 2006)) have the freedom to
define arbitrary feature functions that describe var-
ious characteristics of an alignment. They usu-
ally optimize feature weights on manually-aligned
data. While discriminative methods show supe-
rior alignment accuracy in benchmarks, genera-
tive methods are still widely used to produce word
alignments for large sentence-aligned corpora.
However, neither generative nor discriminative
alignment methods are reliable enough to yield
high quality alignments for SMT, especially for
distantly-related language pairs such as Chinese-
English and Arabic-English. The F-measures for
Chinese-English and Arabic-English are usually
around 80% (Liu et al., 2005) and 70% (Fraser
and Marcu, 2007), respectively. As most current
SMT systems only use 1-best alignments for ex-
tracting rules, alignment errors might impair trans-

Statistical machine translation (SMT) relies heav-ation quality.

ily on annotated bilingual corpora. Word align-

Recently, several studies have shown that offer-

ment, which indicates the correspondence being more alternatives of annotations to SMT sys-
tween the words in a parallel text, is one of thetems will result in significant improvements, such
most important annotations in SMT. Word-alignedas replacing 1-best trees with packed forests (Mi
corpora have been found to be an excellent sourcet al., 2008) and replacing 1-best word segmenta-
for translation-related knowledge, not only for tions with word lattices (Dyer et al., 2008). Sim-
phrase-based models (Och and Ney, 2004; Koehitarly, Venugopal et al. (2008) use-best align-

et al.,, 2003), but also for syntax-based modelgnents instead of 1-best alignments for translation
(e.g., (Chiang, 2007; Galley et al., 2006; Sherrule extraction. While they achieve significant im-

et al., 2008; Liu et al., 2006)).

Och and Ney provements on the IWSLT data, extracting rules

(2003) indicate that the quality of machine transla-from n-best alignments might be computationally
tion output depends directly on the quality of ini- expensive.

tial word alignment.
Modern alignment methods can be divided intoweighted alignment matrix to represent the align-
two major categorieggenerative methods andiis-
criminative methods. Generative methods (Browna weighted matrix, each element that corresponds
et al., 1993; Vogel and Ney, 1996) treat wordto a word pair is assigned a probability to measure
alignment as a hidden process and maximize thehe confidence of aligning the two words. There-
likelihood of bilingual training corpus using the fore, a weighted matrix is capable of using a lin-

In this paper, we propose a new structure named

ment distribution for a sentence pair compactly. In
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economy .. o phrase and (2) no words inside one phrase can be

T aligned to a word outside the other phrase.
China e - - - Af_ter all phrase pairs are extracted _f_r_om the
training corpus, their translation probabilities can
of - - - = be estimated a%lative frequencies (Och and Ney,
development ° 2004):
the . . N
iz count(f,é)
o o = g elf) = - 2
o ©° ¥ = M) = S o7, #) @
R
é{ - wherecount(f, €) indicates how often the phrase

pair (f, ) occurs in the training corpus.

Besides relative frequenciedexical weights
Figure 1: An example of word alignment between(Koehn et al., 2003) are widely used to estimate
a pair of Chinese and English sentences. how well the words inf translate the words in
é. To do this, one needs first to estimate a lexi-
caI translation probability distributiom(e|f) by
relative frequency from the same word alignments
in the training corpus:

ear space to encode the probabilities of exponen
tially many alignments. We develop a new algo-.
rithm for extracting phrase pairs from weighted
matrices and show how to estimate their relative count(f,e)

frequencies and lexical weights. Experimental re- wlelf) = S, count(f, e )
sults show that using weighted matrices achieves ‘ '

consistent improvements in translation quality andNote that a special source NULL token is added
significant reduction in extraction time over usingt0 each source sentence and aligned to each un-

n-best lists. aligned target word. )
As the alignment: between a phrase pdif, ¢)
2 Background is retained during extraction, the lexical weight

can be calculated as
Figure 1 shows an example of word alignment be-

tween a pair of Chinese and English sentences. <

The Chinese and English words are listed honzonpw elf H L 151G, 1) € a} Z w(eilf;) (4)
tally and vertically, respectively. The dark points

indicate the correspondence between the words in If there are multiple alignments for a phrase
two languages. For example, the first Chinesgair (f,é), Koehn et al. (2003) choose the one
word “zhongguo” is aligned to the fourth English with the highest lexical weight:

word “China”.

Formally, given a source sentenfe= f/ = Puw(e]f) = max {Pw(ﬂfﬁ)} ®)
fi,--, fj»- -+, fy and atarget sentenee= e! = _ . _ .
e1,...,€,...,er, we define a link = (j,) to Simple and effective, relative frequencies and

exist |f fi and ¢; are translation (or part of trans- lexical weights have become the standard features

lation) of one another. Then, an alignments a N modem discriminative SMT systems.
subset of the Cartesian product of word posltlons3 Weighted Alignment Matrix

acC{(ji):j=1,...,J;i=1,...,1} (1) We believe that offering more candidate align-
ments to extracting translation rules might help

Usually, SMT systems only use the 1-best alignimprove translation quality. Instead of usimg
ments for extracting translation rules. For exam-best lists (Venugopal et al., 2008), we propose a
ple, given a source phraseand a target phrase new structure calledeighted alignment matrix.
¢, the phrase paitf,é) is said to beconsistent We use an example to illustrate our idea. Fig-
(Och and Ney, 2004) with the alignment if and ure 2(a) and Figure 2(b) show two alignments of
only if: (1) there must be at least one word in-a Chinese-English sentence pair. We observe that
side one phrase aligned to a word inside the othesome links (e.g., (1,4) corresponding to the word
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Figure 2: (a) One alignment of a sentence pair; (b) anothignraent of the same sentence pair; (c)
the resulting weighted alignment matrix that takes the tlignenents as samples, of which the initial
probabilities are 0.6 and 0.4, respectively.

pair (“zhongguo”, “ China”)) occur in both align- where
ments, some links (e.g., (2,3) corresponding to the o
word pair (“de”,“of”)) occur only in one align- 5(a, j,i) = { L (1) Ca 8)
i i 0 otherwise

ment, and some links (e.g., (1,1) corresponding
to the word pair (zhongguo”, “the”)) do not oc- . . . .
cur. Intuitively, we can estimate how well two Note thaW IS ann-bgst list,p(a) is the p“’b‘?‘?"'
words are aligned by calculating its relative fre- 'Y Of an alignmenta in the n-best list,d(a, j. )
quency, which is the probability sum of align- indicates whether a Ilnkj,z) occurs in the align-
ments in which the link occurs divided by the mgnt a or not. We assign 0 to apy un.seen
probability sum of all possible alignments. Sup_allgnment. Asp(a) is usually normalized (i.e.,
pose that the probabilities of the two alignments in2—ac’ P(@) = 1), we remove the denominator in
Figures 2(a) and 2(b) are 0.6 and 0.4, respectlvel)}Eq ).
We can estimate the relative frequencies for every Accordingly, the probability that the two words
word pair and obtain a weighted matrix shown infﬁ ande; are not aligned is
Figure 2(c). Therefore, each word pair is associ- o .
ated with a probability to indicate how well they Pm(j5i) = 1.0 = pm(j;1) ©)
are aligned. For example, in Figure 2(c), we sayor example, as shown in Figure 2(c), the prob-
that the word pair (¢hongguo®, *China’) is def-  apility for the two words te” and “of” being
initely aligned, (zhongguo’, *the”) is definitely  zjigned is 0.6 and the probability that they are not
unaligned, and @e’, “of”) has a 60% chance t0 gjigned is 0.4.
get aligned. Intuitively, the probability of an alignment is

Formally, a weighted alignment matrix is a  the product of link probabilities. If a linkj, )
J x I matrix, in which each element storesigk ~ OCCUr'S ina, we usep,,(j,); otherwise we use
probability p,,,(j,7) to indicate how wellf; and  Pm(j,i). Formally, given a weighted alignment
e; are aligned. Currently, we estimate link proba-matrix m, the probability of an alignment can
bilities from ann-best list by calculating relative be calculated as

frequencies: J oI
:HHpm]> X5a]>)+
j=1i=1
(i) = 2aen P@) X 0(a,jii) g Pm(j,1) x (1= d(a,4,1)))  (10)
Eae./\/p(a) ]
_ Z pla) x 8(a, j,9) @) y .It' proves that thfa sum of all eTgnment proba-
Py ilities is always 1:3,c 4 pm(a) = 1, where A
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éf Pro%edur(ebPHRASEEXTRACT(fi]v e1,m, 1) Unfortunately, this algorithm cannot be directly
3 for?l — 1. Jdo use_d to manipulate a weighted al_ignment matrix,
4: jo2 — j1 which is a compact representation of all pos-
5 whilejs < JAj2 —j1 <1do sible alignments. The major difference is that
6: T<—{Z|3j :jl S] §]2/\PM(]vZ) >0} 1 gn J

7: i — MIN(T) the “tight” phrase that has both boundary words
8: ; — MAX(T) ] aligned is not necessarily the smallest candidate
9: orn+«<1...1do ; ; ; ; ;

10- for iy iy —m 1.0, do in a welgt]t_ed ”matrlx. For example, in Elgure
11: Gy — i +n—1 2(a), the “tight” target phrase corresponding to
12: R —RU{(f]}.e3)} the source phraseztiongguo de’ is “of China”.

ﬁ; endﬁ%? for According to Och’s algorithm, the target phrase
15: j2 < j2 +1 “China” breaks the alignment consistency and
16: end while therefore is not valid candidate. However, this is
17: end for f . h iahted ix sh .
18 return R nt_Jt true for using the weighte _matr_lx shown in
19: end procedure Figure 2(c). The target phras€Hhina’ is treated

as a “potential” candidat&, although it might be
Figure 3: Algorithm for extracting phrase pairs assigned only a small fractional count (see Table
from a sentence paitf{,ef) annotated with a 1).
weighted alignment matrix.. Therefore, we enumerate all potential phrase
pairs and calculate their fractional counts for

is the set of all possible alignments. Therefore, a{aliminating less promising candidates. Figure 3

weighted alignment matrix is capable of encodings‘how_S the algorthm for e'xtractlng phrases_from
the probabilities o”*! alignments using only a a weighted matrix. The input of the algorithm
J x I space is a source sentencg’, a target sentence!, a

Note thatp, (a) is not necessarily equal i) v_ve?ghte_d alignment_nja_ltri_m, and a phrase length
because the encoding of a weighted alignment ma{'-m't { (line 1). Aftgr mmahzmg R that st_ores cok-
trix changes the alignment probability distribu- lected phrase pairs (line 2), we 'de”“fY the cor-
tion. For example, while the initial probability of responding target phrases for all possible source

the alignment in Figure 2(a) (i.ep(a)) is 0.6, the Phrases (lines 3-5). Given a source phr#te we

probability of the same alignment encoded in theﬁ_nd the lower and upper bounds of target positions

matrix shown in Figure 2(c) (i.epm (a)) becomes (!.e., 'L.'l andi,) that have positive link probabili-.
0.1296 according to Eq. (10). It should be em-tes (lines 6-8). For example, the lower bound is
phasized that a weighted matrix encodes all pos3 and the upper bound is 5 for the source phrase

sible alignments rather than the inputbest list, “mongguTI de” in Fir?ure 2((;1)' Flilna”if' we eFu—
although the link probabilities are estimated fromMmerate all target phrases that allow for una igned

then-best list. boundary words with varying phrase Iengths (lines
9-14). Note that we need to ensure that iy < I
4 Phrase Pair Extraction andl < i3 < Iinlines 10-11, which are omitted
for simplicity.
In this section, we describe how to extract phrase
pairs from the training corpus annotated with4.2 Calculating Relative Frequencies
weighted alignment matrices (Section 4.1) andro estimate the relative frequency of a phrase pair,
how to estimate their relative frequencies (Sectionye need to estimate how often it occurs in the
4.2) and lexical weights (Section 4.3). training corpus. Given an-best list, the fractional
count of a phrase pair is the probability sum of
the alignments with which the phrase pair is con-
Och and Ney (2004) describe a “phrase-extract’sistent. Obviously, it is unrealistic for a weighted
algorithm for extracting phrase pairs from a sen-alignment matrix to enumerate all possible align-
tence pair annotated with a 1-best alignmentments explicitly to calculate fractional counts. In-
Given a source phrase, they first identify the targettead, we resort to link probabilities to calculate
phrase that is consistent with the alignment. Then,—; . ,
By potential, we mean that the fractional count of a

they expand the boundaries _Of the target phrase Hhrase pair is positive. Section 4.2 describes how to calcu-
the boundary words are unaligned. late fractional counts.

4.1 Extraction Algorithm
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economy [0 [0 [1.0[0 target phrase « 8 | count
) f China 1.0/ 0.36| 0.36
s [0 Jo.40.4] 0 °
China of China’s | 1.0] 0.36| 0.36
UL China’s | 1.0|0.24| 0.24
of 0 (0.4 China 1.0|0.24| 0.24
development [0 [0 |0 [1.0 'seconomy | 0.4| O 0
th
¢0f0fo]o Table 1. Some candidate target phrases of the
b% < % g source phrasezhongguo de’ in Figure 4, wherex
o0 :i § is inside probability, is outside probability, and
2 b count is fractional count.
N

i _ . i For example, the inside probability forztiong-
Figure 4. An example of calculating fractional guo de’, “of China’) in Figure 4 is 1.0, which

count. Given the phrase pairz{iongguo de”, * gf_ means that there always exists at least one aligned
China”), we divide the matrix into three areas: in- word pair inside.

side (heavy shading), outside (light shading), and  Accordingly, the outside probability of a phrase
irrelevant (no shading). pair is calculated as

counts efficiently. Equivalent to explicit enumera- B, 2, 11,12) = N H o Pm(3,1) (12)

tion, we interpret the fractional count of a phrase (4)Cout(f.g2,1,i2)

pair as the probability that it satisfies the two align- For example, the outside probability for

ment consistency conditions (see Section 2). (“zhongguo de’, “of China”) in Figure 4 is 0.36,
Given a phrase pair, we divide the elements ofvhich means the probability that there are no

a weighted alignment matrix into three categoriesaligned word pairs outside is 0.36.

(1) inside elements that fall inside the phrase pair, Finally, we use the product of inside and outside

(2) outside elements that fall outside the phraseprobabilities as the fractional count of a phrase

pair while fall in the same row or the same col- pair:

umn, and (3)irrelevant elements that fall outside o

the phrase pair while fall in neither the same row  count(ff7,e;?) = a(ji,ja,i1,i2) X

nor the same column. Figure 4 shows an exam- B(j1,j2,11,72)  (13)

ple. Given the phrase pair#iongguo de’, “ of

China"), we divide the matrix into three areas: in-  Table 1 lists some candidate target phrases of

side (heavy shading), outside (light shading), andhe source phrasefiongguo de” in Figure 4. We

irrelevant (no shading). also give their inside probabilities, outside proba-
To what extent a phrase pair satisfies the alignPilities, and fractional counts.
ment consistency is measured by calculating After collecting the fractional counts from the

side andoutside probabilities. Although there are training corpus, we then use Eq. (2) to calculate
the same terms in the parsing literature, they havEelative frequencies in two translation directions.
different meanings here. The inside probability in-  ©Oftén, our approach extracts a large amount of
dicates the chance that there is at least one wordr@se pairs from training corpus as we soften
inside one phrase aligned to a word inside thdh€ alignment consistency constraint. To main-
other phrase. The outside probability indicates thd@in & reasonable phrase table size, we discard any

chance that no words inside one phrase are aligndeirase pair that has a fractional count lower than
to a word outside the other phrase. a thresholdt. During extraction, we first obtain

Given a phrase paitf’2, ¢ ), we denote the in- & list of candidate target phrases for each source
o a Phrase, as shown in Table 1. Then, we prune the

side area asn(j1, j2,i1,42) and the outside area ’
list according to the threshold For example, we

asout(j1, j2,11,42). Therefore, the inside proba-

bility of a phrase pair is calculated as only retain the top two candidates in Table 1 if
t = 0.3. Note that we perform the pruning locally.
a(j1, 2, 01,42) = 1 — 11 Pm(j,4) (11) Although it is more reasonable to prune a phrase

(,0)€in(i1 g2si1iz) table after accumulating all fractional counts from
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training corpus, such global pruning strategy usu-+ 8.9M words) as the training data. For lan-
ally leads to very large disk and memory require-guage model, we used the SRI Language Mod-
ments. eling Toolkit (Stolcke, 2002) to train a 4-gram
) ) i model on the Xinhua portion of GIGAWORD cor-

4.3 Calculating Lexical Weights pus. We used the NIST 2002 MT evaluation test
Recall that we need to obtain two translation probset as our development set, and used the NIST
ability tablesw(e|f) andw(f|e) before calculat- 2005 test set as our test set. We evaluated the trans-
ing lexical weights (see Section 2). Following lation quality usingcase-insensitive BLEU metric
Koehn et al. (2003), we estimate the two distribu-(Papineni et al., 2002).
tions by relative frequencies from the training cor- - Tq gbtain weighted alignment matrices, we fol-
pus annotated with weighted alignment matricesjowed Venugopal et al. (2008) to produce
In other words, we still use Eq. (3) but the way of pest lists via GIZA++. We first ran GIZA++
calculating fractional counts is different now. to produce 50-best lists in two translation direc-

Given a source wordf;, a target worce;, and  tions, Then, we used the refinement technique
a weighted alignment matrix, the fractional count«gyow-diag-final-and” (Koehn et al., 2003) to all
count(fj, ;) i pm(j,7). For NULL words, the 50 » 50 bidirectional alignment pairs. Suppose

fractional counts can be calculated as thatp,o; andpyo, are the probabilities of an align-
r ment pair assigned by GIZA++, respectively. We
count(fj,e0) = [[Pm(5,1) (14 usedpss x prs as the probability of the result-
=1

ing symmetric alignment. As different alignment
pairs might produce the same symmetric align-
ments, we followed Venugopal et al. (2008) to
remove duplicate alignments and retain only the
alignment with the highest probability. Therefore,
there were 550 candidate alignments on average

J
count(fo,e;) = [[Pm(ii)  (15)
j=1

For example, in Figure 4ount(de, of) is 0.6,
count(de,NULL) is 0.24, andcount(NULL,0f) is

0.24. _for each sentence pair in the training data. We
Thﬁtn’ we adapt Eq. (4) to calculate lexical ghiaineds-best lists by selecting the topalign-
weight:

ments from the 550-best lists. The probability of
~ | 1 each alignment in the-best list was re-estimated
pw(é|lf,m) = H (({j|pm(j,i) =07 X by re-normalization (Venugopal et al., 2008). Fi-

i=1 nally, thesen-best alignments served as samples

Z pleil f) x pm(j,i)) + for constructing weighted alignment matrices.

él

Vjipm (G,i)>0 After extracting phrase pairs from-best lists
7 and weighted alignment matrices, we ran Moses
, S Koehn et al., 2007) to translate the development
p(eilfo) x T pm(ir1) (16)¢ ’ e the ¢
' ]1;[1 " and test sets. We used the simple distance-based

I reordering model to remove the dependency of
For example, for the target woraf” in Figure T .
lexicalization on word alignments for Moses.

4, the sum of aligned and unaligned probabilities

'S 5.2 Effect of Pruning Threshold

1
2 x (p(of|de) x 0.6 + p(of|fazhan) x 0.4) + Our first experiment investigated the effect of

p(of[INULL) x 0.24 pruning threshold on translation quality (BLEU
scores on the test set) and the phrase table size (fil-
tered for the test set), as shown in Figure 5. To
save time, we extracted phrase pairs just from the
first 10K sentence pairs of the FBIS corpus. We

Note that we take link probabilities into account
and calculate the probability that a target word
translates a source NULL token explicitly.

5 Experiments used 12 different thresholds: 0.0001, 0.001, 0.01,
) 0.1,0.2,0.3,0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. Obvi-
5.1 DataPreparation ously, the lower the threshold is, the more phrase

We evaluated our approach on Chinese-to-Englisipairs are extracted. When= 0.0001, the number
translation. We used the FBIS corpus (6.9Mof phrase pairs used on the test set was 460,284
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Figure 5: Effect of pruning threshold on transla- Figure 6. Comparison of-best alignments and
tion quality and phrase table size. weighted alignment matrices. We us€n) to de-
note the matrices that takebest lists as samples.

and the BLEU score was 20.55. Generally, both

the number of phrase pairs and the BLEU scorebtained higher BLEU scores than usingbest
went down with the increase of However, this lists with much less extraction time. We achieved
trend did not hold within the range [0.1, 0.9]. To a BLEU score of 0.2901 when using the weighted
achieve a good tradeoff between translation qualmatrices estimated from 10-best lists. The abso-
ity and phrase table size, we get= 0.01 for the lute improvement of 0.75 over using 1-best align-

following experiments. ments (from 0.2826 to 0.2901) is statistically sig-
' ' _ nificant atp < 0.05 by usingsign-test (Collins
5.3 N-best listsVs. Weighted Matrices et al., 2005). Although the improvements over

Figure 6 shows the BLEU scores and averbest lists are not always statistically significant,
age extraction time using-best alignments and weighted alignment matrices maintain consistent
weighted matrices, respectively. We used the enSuperiority in both translation quality and extrac-
tire training data for phrase extraction. When us1ion speed.
ing 1l-best alignments, Moses achieved a BLEU ) ) )
score of 0.2826 and the average extraction timg'4 Comparison of Parameter Estimation
was 4.19 milliseconds per sentence pair (see poirit theory, the set of phrase pairs extracted frem
n = 1). The BLEU scores rose with the in- best alignments is the subset of the set extracted
crease ofn for using n-best alignments. How- from the corresponding weighted matrices. In
ever, the score went down slightly when= 50.  practice, however, this is not true because we use
This suggests that including more noisy align-the pruning threshold to maintain a reasonable
ments might be harmful. These improvementdable size. Even so, the phrase tables produced by
over 1-best alignments are not statistically signif-n-best lists and weighted matrices still share many
icant. This finding failed to echo the promising phrase pairs.
results reported by Venogopal et al. (2008). We Table 2 gives some statistics. We us€10)
think that there are two possible reasons. Firstto represent the weighted matrices estimated from
they evaluated their approach on the IWSLT datal0-best lists. “all” denotes the full phrase table,
while we used the NIST data. It might be easier‘shared” denotes the intersection of two tables,
to obtain significant improvements on the IWSLT and “non-shared” denotes the complement. Note
data in which the sentences are shorter. Seahat the probabilities of “shared” phrase pairs are
ond, they used the hierarchical phrase-based sysifferent for the two approaches. We obtained
tem while we used the phrase-based system, whioh.13M and 6.34M phrase pairs for the test set by
might be less sensitive to word alignments becausasing 10-best lists and the corresponding matrices,
the alignments inside the phrase pairs hardly haveespectively. There were 4.58M phrase pairs in-
an effect. cluded by both tables. Note that the relative fre-
When using weighted alignment matrices, wequencies and lexical weights for the same phrase
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shared non-shared all
phrases| BLEU | phrases| BLEU | phrases BLEU
10-best| 4.58M | 28.35 | 1.55M | 12.32 | 6.13M | 28.47
m(10) | 4.58M | 2890 | 1.76M | 13.21 | 6.34M | 29.01

method

Table 2: Comparison of phrase tables learned frofmest lists and weighted matrices. We us€l0)

to represent the weighted matrices estimated from 10-isst |“all” denotes the full phrase table,
“shared” denotes the intersection of two tables, and “riearexd” denotes the complement. Note that the
probabilities of “shared” phrase pairs are different fa thvo approaches.

S—E F—E G—E

8538 Sentences | 1.26M | 1.29M | 1.26M
0270 Foreign words| 33.16M | 33.18M | 29.58M
g 0260 English words| 31.81M | 32.62M | 31.93M
2 0250
2 0240 Table 3: Statistics of the Europarl training data.
@ 0230 “S” denotes Spanish, “E” denotes English, “F” de-
8‘3?8 notes French, “G” denotes German.
0200 1-best| 10-best| m(10)
0 50 100150 200 250 S—E | 30.90| 30.97 | 31.03
trainingcorpussize(103) E-S | 31161 31.25 | 31.34

F—E | 30.69| 30.76 | 30.82
E—F | 26.42| 26.65 | 26.54
G—E | 24.46| 2458 | 24.66
E—G | 18.03| 18.30 | 18.20

Figure 7: Comparison of-best alignments and
weighted alignment matrices with varying training
corpus sizes.

Table 4: BLEU scores (case-insensitive) on the

pairs might be different in two tables. We found Europarl data. “S” denotes Spanish, “E” denotes
that using matrices outperformed usimgpest lists  English, “F” denotes French, “G” denotes Ger-
even with the same phrase pairs. This suggests th&tan.

our methods for parameter estimation make better

use of noisy data. Another interesting finding was;ok 2 Taple 3 shows the statistics of the train-
that using the shared phrase pairs achieved almoﬂg data. There are four languages (Spanish

the same results with using full phrase tables. French, German, and English) and six transla-
tion directions (Foreign-to-English and English-
to-Foreign). We used the “dev2006” data in the
To investigate the effect of training corpus size onkge,” directory as the development set and the
our approach, we extracted phrase pairs flem «est2006” data in the “devtest” directory as the
best lists and weighted matrices trained on fivgest set. Both the development and test sets contain
training corpora with varying sizes: 10K, 50K, 2 000 sentences with single reference translations.
100K, 150K, and 239K sentence pairs. AS Shown \ye tokenized and lowercased all the training,
in Figure 7, our approach outperformed both 1-qe\eiopment, and test data. We trained a 4-gram
best andn—bgst lists c_onsistently. More impc_)r_— language model using SRI Language Modeling
tantly, the gains seem increase when more training, o\t on the target side of the training corpus for
data are used. each task. We ran GIZA++ on the entire train-
ing data to obtaim-best alignments and weighted
matrices. To save time, we just used the first 100K

To further examine the efficacy of the proposed apsentences of each aligned training corpus to ex-
proach, we scaled our experiments to large datgact phrase pairs.

with multiple language pairs. We used the Eu-
roparl training corpus from the WMTO7 shared 2http://www.statmt.org/wmt07/shared-task.html

5.5 Effect of Training Corpus Size

5.6 Resultson Other Language Pairs
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Table 4 lists the case-insensitive BLEU scores/ Conclusion and Future Work
of 1-best, 10-best, and(10) on the Europarl .
data. Using weighted packed matrices continue(yve have presented a new structure called weighted

to show advantage over using 1-best alignments 0ﬂllgnment matrix that encodes the alignment dis-

multiple language pairs. However, these improve—t”bu“on for a sentence pair. Accordingly, we de-

ments were very small and not significant. We at_velop new methods for extracting phrase pairs and
estimating their probabilities. Our experiments

tribute this to the fact that GIZA++ usually pro- !
duces high quality 1-best alignments for cIoser-ShOW that the proposed approach achieves better
anslation quality over using-best lists in less

related European language pairs, especially whelf o : JITEe o
trained on millions of sentences extraction time. An interesting finding is that our
approach performs better than the baseline even
they use the same phrase pairs.

Although our approach consistently outper-
. forms using 1-best alignments for varying lan-
Recci)nt Sft.l:ciles hask'sho;?]/n that tStMT ;yst;am uage pairs, the improvements are comparatively
Ce.‘g .ene_l romkrrljaf mgt © atnn?ja;inbplptetlnesma”. One possible reason is that takimgpest
o s et o el 35 sampes somaties might charge -

i ) ment probability distributions inappropriately. A

segmentations (Dyer et al.,, 2008), amdbest P y Pprop y

more principled solution is to directly model the

alignments instead of 1-best alignments (VenuWeighted alignment matrices, either in a genera-

gopal et al., 2008). We propose a compact repre

tation of multiol d ali ts that enabl Ive or a discriminative way. We believe that better
ZT\;ITa |onto mLtj P el\(/vor ba;?nmen Sf a. enal' ©Sstimation of alignment distributions will result in
mentssys ems o make a betier Lise ot hoisy a Ign'more significant improvements.

) Another interesting direction is applying our ap-
Matusov et al. (2004) propose “cost matrices”

’ ML proach to extracting translation rules with hierar-
for producing symmetric alignments. Kumar et al. chicq) structures such as hierarchical phrases (Chi-
(2007) describe how to use “posterior probabil-

\ A > "ang, 2007) and tree-to-string rules (Galley et al.,
ity matrices” to improve alignment accuracy via 2006; Liu et al., 2006). We expect that these

a bridge language. Although not using the termgyniay hased systems could benefit more from our
"weighted matrices” directly, they both assign Aapproach.

probability to each word pair.
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