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Abstract In this paper we:

The parameters of statistical translation models are 1 pegcribe how the parameter estimation frame-
typically estimated from sentence-aligned parallel \york of Brown et al. (1993) can be adapted to
corpora. \We show that significant improvements in jncorporate word-level alignments;

the alignment and translation quality of such mod-

els can be achieved by additionally including word- 2. Report significant improvements in alignment
aligned data during training. Incorporating word- error rate and translation quality when training
level alignments into the parameter estimation of ~ on data with word-level alignments;

the IBM models reduces alignment error rate and
increases the Bleu score when compared to training =
the same models only on sentence-aligned data. On
the Verbmobil data set, we attain a 38% reduction

in the alignment error rate and a higher Bleu score 4. Show the importance of amplifying the contri-

with half as many training examples. We discuss  bution of word-aligned data during parameter
how varying the ratio of word-aligned to sentence- estimation.

aligned data affects the expected performance gain.
This paper shows that word-level alignments im-
1 Introduction prove the parameter estimates for translation mod-

_ _ .. .els, which in turn results in improved statistical
Machlng translation systems based on probabilisti¢.;\|ation for languages that do not have large
translation models (Brown et al., 1993) are genersentence-aligned parallel corpora.

ally trained usingsentence-aligneparallel corpora.
For many language pairs these _exist in abundany  parameter Estimation Using
quantities. H_oweverfor new domains or uncommon Sentence-Aligned Corpora
language pairs extensive parallel corpora are often
hard to come by. The task of statistical machine translation is to
Two factors could increase the performance ofchoose the source sentenegthat is the most prob-
statistical machine translation for new language@Ple translation of a given sentend, in a for-
pairs and domains: a reduction in the cost of cre£ign language. Rather than choosieg that di-
ating new training data, and the development offectly maximizesp(e|f), Brown et al. (1993) apply
more efficient methods for exploiting existing train- Bayes’ rule and select the source sentence:
ing data. Approaches such as harvesting parallel .
corpora from the web (Resnik and Smith, 2003) e = argm3Xp(e)p(f|e)~ (1)
address the creation of data. We take the second,
complementary approach. We address the probn this equatiorp(e) is a language model probabil-
lem of efficiently exploiting existing parallel cor- ity and isp(f|e) a translation model probability. A
pora by adding explicitvord-levelalignments be- series of increasingly sophisticated translation mod-
tween a number of the sentence pairs in the trainels, referred to as the IBM Models, was defined in
ing corpus. We modify the standard parameter estiBrown et al. (1993).
mation procedure for IBM Models and HMM vari-  The translation model,p(fle) defined as a
ants so that they can exploit these additional wordmarginal probability obtained by summing over
level alignments. Our approach uses both word- anavord-level alignmentsa, between the source and
sentence-level alignments for training material.  target sentences:

Demonstrate that the inclusion of word-level
alignments is more effective than using a bilin-
gual dictionary;



Since only some of the permissible alignments
make sense linguistically, we would like EM to use
p(fle) = > p(f,ale). (2)  the posterior alignment probabilities calculated in
a the E-step to weight plausible alignments higher
While word-level alignments are a crucial com- than the large number of bogus alignments which
ponent of the IBM models, the model parame-27€ mclud.ed. in the expected complete log likeli-
ters are generally estimated from sentence-alignel0d: This in turn should encourage the parame-
parallel corpora without explicit word-level align- L€r adjustments made in the M-step to converge to
ment information. The reason for this is that iNguistically plausible values.
word-aligned parallel corpora do not generally ex- Since the number of permissible alignments for
ist. Consequently, word level alignments are treatec sentence grows exponentially in the length of the
as hidden variables. To estimate the values ofentences for the later IBM Models, a large hum-
these hidden variables, the expectation maximizaber of informative example sentence pairs are re-
tion (EM) framework for maximum likelihood esti- quired to distinguish between plausible and implau-
mation from incomplete data is used (Dempster esible alignments. Given sufficient data the distinc-
al., 1977). tion occurs because words which are mutual trans-
The previous section describes how the transtations appear together more frequently in aligned
lation probability of a given sentence pair is ob- sentences in the corpus.

tained by summing over all alignmengfle) = Given the high number of model parameters and

> ap(f;ale). EM seeks to maximize the marginal jermissible alignments, however, huge amounts of

log likelihood, log p(f|e), indirectly by iteratively  ya¢4 will be required to estimate reasonable transla-
maximizing a bound on this term known as mf tion models from sentence-aligned data alone.
pected complete log likelihopdog p(f, ale)) (),

logp(fle) = log)_ p(f,ale) (3) 3 Parameter Estimation Using Word- and
a (£, ale) Sentence-Aligned Corpora
p\L,aje
= log) q(a) (4) _ _
a q(a) As an alternative to collecting a huge amount of
p(f, ale sentence-aligned training data, by annotating some
> log ——~ 5
= %:Q(a) € () (3)  of our sentence pairs with word-level alignments

we can explicitly provide information to highlight
plausible alignments and thereby help parameters
jconverge upon reasonable settings with less training
data.

= <10gp(f, a|e)>q(a) + H(Q(a))

where the bound in (5) is given by Jensen’s inequa
ity. By choosingg(a) = p(alf,e) this bound be-
comes an equality. Since word-alignments are inherent in the IBM
This maximization consists of two steps: translation models it is straightforward to incorpo-

) .. rate this information into the parameter estimation

e E-step: calculate the posterior probab_llltY procedure. For sentence pairs with explicit word-
under the current model of every permissi-jg| glignments marked, fractional counts over all

ble alignment for each sentence pair in thepermissible alignments need not be collected. In-

sentence-aligned training corpus; stead, whole counts are collected for the single hand

e M-step: maximize the expected log like- annotated alignment for each sentence pair which

lihood under this posterior distribution, has been word-aligned. By doing this the expected
(log p(f, ale))y(a), With respect to the model's complete log likelihood collapses to a single term,

parameters. the complete log likelihoodp(f, ale)), and the E-

o ) o ) step is circumvented.
While in standard maximum likelihood estima-

tion events are counted directly to estimate param
eter settings, in EM we effectively colledtac-
tional counts of events (here permissible alignment
weighted by their posterior probability), and use
these to iteratively update the parameters.

_ The parameter estimation procedure now in-
volves maximizing the likelihood of data aligned
S'only at the sentence level and also of data aligned
at the word level. The mixed likelihood function,
M, combines the expected information contained
in the sentence-aligned data with the complete in-
'Here( -),4(.) denotes an expectation with respect (o). formation contained in the word-aligned data.




explicit word-alignment information will be highly
effective in distinguishing plausible alignments in

N, .
N the corpus as a whole, we expect to see benefits by
M = ;ﬂ A){log p(fs; asles))qa.) setting A to amplify the contribution of the word-
J; aligned data set particularly when this is a relatively
4 Z Aog p(fu, alew) (6) small portion of the corpus.
w=1

4 Experimental Design

Heres andw index theN, sentence-aligned sen-
tences andv,, word-aligned sentences in our cor-
pora respectively. Thust combines the expected

To perform our experiments with word-level aligne-
ments we modified GIZA++, an existing and freely

lete log likelihood and th lete log likeli available implementation of the IBM models and
Eomdp el N og : tel oot alnth € fOtT“p € eto_% It'e " HMM variants (Och and Ney, 2003). Our modifi-
00d. In order to controt the relative CONtNbUtIons o ns inyolved circumventing the E-step for sen-

3:‘ the senttence-?llgnt(_ed and w(;)rd-allgngc: dgta Rences which had word-level alignments and incor-
€ parameter estimation procedure, we introduce Borating these observed alignment statistics in the
mixing weight that can take values between 0 andM-step. The observed and expected statistics were
1. weighted accordingly by and(1 — \) respectively
3.1 The impact of word-level alignments as were their contributions to the mixed log likeli-
The impact of word-level alignments on parameterhOOd' .
In order to measure the accuracy of the predic-

estimation is closely tied to the structure of the IBM as g
Models. Since translation and word alignment Ioa_'uons that the statistical translation models make un-

rameters are shared between all sentences, the pdigr Our various experimental settings, we choose
terior alignment probability of a source-target word the alignment error rate (AER) metric, which is de-

pair in the sentence-aligned section of the corpudn€d in Och and Ney (2003). We also investigated

that were aligned in the word-aligned section will Whether improved AER leads to improved transla-
tend to be relatively high. tion quality. We used the alignments created during

In this way, the alignments from the word-aligned ©Y" AER experiments as the input to a phrase-based
data effectively percolate through to the sentencedeCOder- We translated a test set of 350 sentences,

aligned data indirectlyconstrainingthe E-step of @nd used the Bleu metric (Papineni et al., 2001) to

EM. automatically evaluate machine translation quality.
We used the Verbmobil German-English parallel
3.2 Weighting the contribution of corpus as a source of training data because it has
word-aligned data been used extensively in evaluating statistical trans-

By incorporating)\, Equation 6 becomes an interpo- lation and alignment accuracy. This data set comes
lation of the expected complete log likelihood pro- with a manually word-aligned set of 350 sentences
vided by the sentence-aligned data and the complet&hich we used as our test set.
log likelihood provided by word-aligned data. Our experiments additionally required a very
The use of a weight to balance the contributiondarge set of word-aligned sentence pairs to be in-
of unlabeled and labeled data in maximum like-corporated in the training set. Since previous work
lihood estimation was proposed by Nigam et al.has shown that when training on the complete set
(2000). X guantifies our relative confidence in the of 34,000 sentence pairs an alignment error rate as
expected statistics and observed statistics estimatdow as 6% can be achieved for the Verbmobil data,
from the sentence- and word-aligned data respeawve automatically generated a set of alignments for
tively. the entire training data set using the unmodified ver-
Standard maximum likelihood estimation (MLE) sion of GIZA++. We wanted to use automatic align-
which weighs all training samples equally, corre-ments in lieu of actual hand alignments so that we
sponds to an implicit value of lambda equal to thewould be able to perform experiments using large
proportion of word-aligned data in the whole of data sets. We ran a pilot experiment to test whether
the training set: A = Nu]]\ﬁ;ng. However, having our automatic would produce similar results to man-
the total amount of sentence-aligned data be muchal alignments.
larger than the amount of word-aligned data implies We divided our manual word alignments into
avalue of\ close to zero. This means th&t can be  training and test sets and compared the performance
maximized while essentially ignoring the likelihood of models trained on human aligned data against
of the word-aligned data. Since we believe that thanodels trained on automatically aligned data. A




Size of training corpus Size of training corpus

Model .5k 2k 8k 16k Model .5k 2k 8k 16k
Model1 29.64 24.66 22.64 21.68 Model1 21.43 18.04 16.49 16.20
HMM 18.74 15.63 12.39 12.04 HMM 14.42 1047 9.09 8.80
Model 3 26.07 18.64 14.39 13.87 Model 3 20.56 13.25 10.82 10.51
Model4 20.59 16.05 12.63 12.17 Model 4 14.19 10.13 7.87 7.52

Table 1. Alignment error rates for the various IBM Table 2. Alignment error rates for the various IBM
Models trained with sentence-aligned data Models trained with word-aligned data

100-fold cross validation showed that manual andt.® and evaluated their AERs. Table 1 gives align-
automatic alignments produced AER results thamment error rates when training on 500, 2000, 8000,
were similar to each other to within 0.1%. and 16000 sentence pairs from Verbmobil corpus

Having satisfied ourselves that automatic align-without using any word-aligned training data.
ment were a sufficient stand-in for manual align- We obtained much better results when incorpo-

ments, we performed our main experiments whichrating word-alignments with our mixed likelihood
fell into the following categories: function. Table 2 shows the results for the differ-
ent corpus sizes, wheil of the sentence pairs have
1. Verifying that the use of word-aligned data hasbeen word-aligned. The best performing model in
an impact on the quality of alignments pre- the unmodified GIZA++ code was the HMM trained
dicted by the IBM Models, and comparing the on 16,000 sentence pairs, which had an alignment
quality increase to that gained by using a bilin-error rate of 12.04%. In our modified code the
gual dictionary in the estimation stage. best performing model was Model 4 trained on
_ _ 16,000 sentence pairs (where all the sentence pairs
2. Evaluating whether improved parameter esti-yre word-aligned) with an alignment error rate of
mates of alignment quality lead to improved 7 520, The difference in the best performing mod-
translation quality. els represents a 38% relative reduction in AER. In-

3. Experimenting with how increasing the ratio of terestingly, we achieve a lower AER than the best

word-aligned to sentence-aligned data affecte(Performing unmodified models using a corpus that
the performance IS one-eight the size of the sentence-aligned data.

Figure 1 show an example of the improved
4. Experimenting with ouA parameter which al- alignments that are achieved when using the word
lows us to weight the relative contributions aligned data. The example alignments were held
of the word-aligned and sentence-aligned dataut sentence pairs that were aligned after training on
and relating it to the ratio experiments. 500 sentence pairs. The alignments produced when
the training on word-aligned data are dramatically
5. Showing that improvements to AER and trans-petter than when training on sentence-aligned data.

lation quality held for another corpus. We contrasted these improvements with the im-
provements that are to be had from incorporating a
5 Results bilingual dictionaryinto the estimation process. For

this experiment we allowed a bilingual dictionary
_ _ _ ~to constrain which words can act as translations of
As a staring point for comparison we trained gach other during the initial estimates of translation
GIZA++ using four different sized portions of the propabilities (as described in Och and Ney (2003)).
Verbmobil corpus. For each of those portions weas can be seen in Table 3, using a dictionary reduces
output the most probable alignments of the testinghe AER when compared to using GIZA++ without
data for Model 1, the HMM, Model 3, and Model 3 dictionary, but not as dramatically as integrating
the word-alignments. We further tried combining a

X . dictionary with our word-alignments but found that
manually produced _allgnments. Probable allgnme_nts are Iarg?h dicti Its | | inimal i )
blocks of words which the annotator was uncertain of how to!N€ @lCtionary results in only very minimal improve
align. The many possible word-to-word translations implied by ments over using word-alignments alone.
the manual alignments led to lower results than with the auto-

matic alignments, which contained fewer word-to-word trans-  3We used the default training schemes for GIZA++, and left
lation possibilities. model smoothing parameters at their default settings.

5.1 Improved alignment quality

2Note that we stripped out probable alignments from our
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Figure 1. Example alignments using sentence-aligned training data (a), using word-aligned data (b), and a
reference manual alignment (c)

Size of training corpus AER when when

Model .5k 2k 8k 16k Ratio A =Standard MLE )\ =.9
Model1 23.56 20.75 18.69 18.37 0.1 11.73 9.40
HMM 15.71 12.15 9.91 10.13 0.2 10.89 8.66
Model 3 22.11 16.93 13.78 12.33 0.3 10.23 8.13
Model4 17.07 13.60 11.49 10.77 0.5 8.65 8.19
0.7 8.29 8.03
0.9 7.78 7.78

Table 3: The improved alignment error rates when
using a dictionary instead of word-aligned data to

constrain word translations Table 5: The effect of weighting word-aligned data
_ _ more heavily that its proportion in the training data
Sentence-aligned Word-aligned  (corpus size 16000 sentence pairs)
Size  AER Bleu AER Bleu

500 20.59 0.211 1419 0.233 , . ,
2000 16.05 0.247 10.13  0.260 using the 34,000 English sentences from the train-

8000 12.63 0.265 7.87 0278  Ingset _ _

16000 12.17 0.270 752 0.282 Table 4 shows that using WOfd-&llgnEd data leads
to better translation quality than using sentence-
aligned data. Particularly, significantly less data is

Table 4: Improved AER leads to improved transla-needed to achieve a high Bleu score when using

tion quality word alignments. Training on a corpus of 8,000 sen-
tence pairgvith word alignments results in a higher
Bleu score than when training on a corpus of 16,000

5.2 Improved translation quality sentence pairwithoutword alignments.

The fact that using word-aligned data in estimat- N .

ing the parameters for machine translation leads tg-> Veighting the word-aligned data

better alignments is predictable. A more signifi- We have seen that using training data consisting
cant result is whether it leads to improved transla-of entirely word-aligned sentence pairs leads to
tion quality. In order to test that our improved pa- better alignment accuracy and translation quality.
rameter estimates lead to better translation qualityiHowever, because manually word-aligning sentence
we used a state-of-the-art phrase-based decoder pairs costs more than just using sentence-aligned
translate a held out set of German sentences intdata, it is unlikely that we will ever want to label
English. The phrase-based decoder extracts phrasas entire corpus. Instead we will likely have a rel-
from the word alignments produced by GIZA++, atively small portion of the corpus word aligned.
and computes translation probabilities based on th#Ve want to be sure that this small amount of data
frequency of one phrase being aligned with anothetabeled with word alignments does not get over-
(Koehn et al., 2003). We trained a language modelvhelmed by a larger amount of unlabeled data.
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Figure 2: The effect on AER of varyingfor atrain-  Figure 3: The effect on AER of varying the ratio of

ing corpus of 16K sentence pairs with various Pro-word-aligned to sentence-aligned data

portions of word-alignments
0.29

Thus we introduced the weight into our mixed 0281
likelihood function. 027 .~
Table 5 compares the natural setting\ofwhere 0.26 ¢

itis proportional to the amount of labeled data in the
corpus) to a value that amplifies the contribution of
the word-aligned data. Figure 2 shows a variety of ©
values for\. It shows as\ increases AER decreases.
Placing nearly all the weight onto the word-aligned
data seems to be most effectivéote this did not 0.21
vary the training data size — only the relative contri- 02
butions between sentence- and word-aligned train-

ing material.

0.25 [,

leu Score

0.24
0.23

0.22 r 500 sentence pairs ——

2000 sentence pairs -
8000 sentence pairs -]
. 16000 sentence pairs

0 0.2 0.4 0.6 0.8
Ratio of word-alianed to sentence-alianed data

5.4 Ratio of word- to sentence-aligned data . . . .
) ) ] Figure 4: The effect on Bleu of varying the ratio of
We also varied the ratio of word-aligned to \ord-aligned to sentence-aligned data

sentence-aligned data, and evaluated the AER and

Bleu scores, and assigned high value\ i@ 0.9). .
Figure 3 shows how AER improves as morere_lnforces th(? fact that a small amount of word-

word-aligned data is added. Each curve on the grapﬁ“gned. data is useful. A corpus of 8’000 senf[ence
ion inairs with only 800 of them labeled with word align-

ents achieves a higher Bleu score than a corpus of

error rate as more word-aligned data is added. Fo . . ,
6,000 sentence pairs with no word alignments.

example, the bottom curve shows the performanc
of a corpus of 16,000 sentence pairs which start$ 5 Evaluation using a larger training corpus

W't.h an AER of just over 12% with no Word-al(l)gned We additionally tested whether incorporating word-
training data and decrea_ses toan AER 9f7'5/°Wh¢ vel alignments into the estimation improved re-
all 16,000 sgntence pairs are word-aligned. Th.'%ults for a larger corpus. We repeated our experi-
curve essentially levels off after 30% of the data IS ents using the Canadian Hansards French-English
word-al!gned. Th|§ shows that a Sma” amount Ofparallel corpus. Figure 6 gives a summary of the im-
word-aligned data is very useful, and if we Wantedprovements in AER and Bleu score for that corpus,

to achieve a low AI.ER’ we would on_Iy have to label when testing on a held out set of 484 hand aligned
4,800 examples with their word alignments rather

than th i sentences.
an the entire corpus. . On the whole, alignment error rates are higher
Figure 4 shows how the Bleu score improves as,

: : . nd Bleu scores are considerably lower for the
more word-aligned data is added. This graph aISCI’-Iansards corpus. This is probably due to the dif-

At A = 1 (not shown in Figure 2) the data that is only ferences in the corpora. Whereas the Verbmobil
sentence-aligned is ignored, and the AER is therefore higher. corpus has a small vocabulary. 10,000 per lan-




Sentence-aligned Word-aligned  corpus. Because of this significantly less data is re-
Size AER Bleu AER  Bleu quired to achieve a low alignment error rate or high
500 33.65 0.054 25.73 0.064 Bleu score. This holds even when using noisy word
2000 25.97 0.087 18.57 0.100 alignments such as our automatically created set.
8000 19.00 0.115 14.57 0.120 One should take our research into account when
16000 16.59 0.126 13.55 0.128 trying to efficiently create a statistical machine
translation system for a language pair for which a
parallel corpus is not available. Germann (2001)
describes the cost of building a Tamil-English paral-
lel corpus from scratch, and finds that using profes-
sional translations is prohibitively high. In our ex-
guage), the Hansards has ten times that many vocaperience it is quicker to manually word-align trans-
ulary items and has a much longer average sentendated sentence pairs than to translate a sentence, and
length. This made it more difficult for us to create aword-level alignment can be done by someone who
simulated set of hand alignments; we measured theight not be fluent enough to produce translations.
AER of our simulated alignments at 11.3% (which It might therefore be possible to achieve a higher
compares to 6.5% for our simulated alignments forperformance at a fraction of the cost by hiring a non-
the Verbmobil corpus). professional produce word-alignments after a lim-

Nevertheless, the trend of decreased AER and inted set of sentences have been translated.

creased Bleu score still holds. For each size of train- We plan to investigate whether it is feasible to
ing corpus we tested we found better results usingise active learningto select which examples will

Table 6: Summary results for AER and translation
guality experiments on Hansards data

the word-aligned data. be most useful when aligned at the word-level. Sec-
tion 5.4 shows that word-aligning a fraction of sen-
6 Related Work tence pairs in a training corpus, rather than the entire

Och and Ney (2003) is the most extensive ana|y1raining corpus can still yield most of the benefits
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towards improved alignments error rates, but the inlectively sampling which sentences are to be manu-
clusion of word-alignments is not considered. Ochally word-aligned we would achieve nearly the same
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