1

Tuning Syntactically Enhanced Word Alignment
for Statistical Machine Transglation

Yanjun Ma'

Patrik Lambert?

Andy Way'*

TNational Centre for Language Technology
iCentre for Next Generation for Localisation
School of Computing, Dublin City University

Dublin 9, Ireland
{yma, pl anbert, anay @computing.dcu.ip

Abstract

We introduce a syntactically enhanced
word alignment model that is more flex-
ible than state-of-the-art generative word
alignment models and can be tuned ac-
cording to different end tasks. First of
all, this model takes the advantages of
both unsupervised and supervised word
alignment approaches by obtaining anchor
alignments from unsupervised generative
models and seeding the anchor alignments
into a supervised discriminative model.
Second, this model offers the flexibility of
tuning the alignment according to differ-
ent optimisation criteria. Our experiments
show that using our word alignment in a
Phrase-Based Statistical Machine Trans-
lation system vyields a 5.38% relative in-
crease on IWSLT 2007 task in terms of
BLEU score.

I ntroduction

However, these models need a certain amount of
annotated word alignment data, which is often sub-
ject to criticism since the annotation of word align-
ment is a highly subjective task. Moreover, param-
eters optimised on manually annotated data are not
necessarily optimal for MT tasks. Recent research
attempts to combine the merits of both genera-
tive and discriminative models (Fraser and Marcu,
2007), or to tune a discriminative model according
to MT metrics (Lambert et al., 2007).

In this paper, we introduce a simple yet flexible
framework for word alignment. To take the ad-
vantage of the strength of generative models, we
use these models to obtain a set of anchor align-
ments. We then incorporate syntactic features in-
duced by the anchor alignments into a discrimi-
native word alignment model. The syntactic fea-
tures we used are syntactic dependencies. This de-
cision is motivated by the fact that if words tend
to be dependent on each other, so does the align-
ment (Ma et al., 2008). If we can first obtain a set
of reliable anchor links, we could take advantage
of the syntactic dependencies relating unaligned

Word alignment, which can be defined as %\/ordstoaligned anchor words to expand the align-

problem of determing word-level correspondence
given a parallel corpus of aligned sentences, is
fundamental component in Phrase-Based Statis
cal Machine Translation (PB-SMT). The dominantt
approach to word alignment are generative model
including IBM models (Brown et al., 1993) and
HMM models (Vogel et al., 1996; Deng and Byrne
2006). While generative models trained in an un

fent. Figure 1 gives an illustrative example. Note
fat the link (c2,e4) can be easily identified, but
{He link involving the fourth Chinese word (a func-
ion word denoting ‘time’)cy4, e4) is hard. In such
§ases, we can make use of the dependency rela-
tionship (‘tclause’) betweeny, andc, to help the

‘alignment process.

supervised manner can produce high-quality align-

ments given a reasonable amount of training data,
it is difficult to incorporate richer features into such
models. On the other hand, discriminative models

C: ﬁmﬂ—z Wjﬂzs ESJL4 ?ﬂ‘)ﬁs E@s o 7
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are more flexible to incorporate arbitrary features.
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Figure 1: Dependencies for word alignment



Our experiments show that using our word We can use the asymmetric IBM models for
alignment approach in a PB-SMT system can sighidirectional word alignment and derive the inter-
nificantly improve the system over a strong basesection. Using this approach, we can obtain a set
line. The experiments also show that syntax is berof anchor alignmentsin = {i|i € A}. Subse-
eficial in word alignment. Given that the intrinsic quently, the anchor model is estimated as follows:
guality of word alignment measured using F-score
does not correlate well with PB-SMT performance ) _ {04 if a; =7andi € A,
measured using Bu, we conducted experiments / 1‘Ta otherwise.
that can directly optimise the word alignments ac-
cording to B.EU score. Experiments show that we T he parametes can be optimised on the develop-
can achieve higher performance using such an oplent set. In our experiments we set= 0.9.

timisation procedure and our word alignment aps 5 » Syntactically Enhanced Word
proach is more flexible in a PB-SMT framework. Alignment

2 Syntactically Enhanced Word The syntactically enhanced model is used to
Alignment M odel model the alignment of the words left unaligned

after anchoring. We directly model the linkage be-
21 General Model tween source and target words using a discrimina-
Given a source sentend®@ = cf that consists tive word alignment framework where various fea-
of J Chinese wordgc;,--- ,cs} and target sen- tures can be incorporated. Given a source wgrd
tenceE = el which consists off English words and the target senteneg, we search for the align-
{e1,--- ,er}, we seek to find the optimal align- menta; such that:
mentA such that:

o J I -1

2 a; = argmax{p\m(a;lci,ej,a; ,Aa 5

A:argmaXP(A|c‘1],e{) 7 gaj { Ay (ajlet, e1, a1 )} (5)
A

M
We use a model (1) that directly models_th_e link-  — argmaX{Z Amhm (] el al, Ax, T., T,)}

age between source and target words similarly to L

(Ittycheriah and Roukos, 2005). The Chinese-to- his decisi | h ¢ hiahl

English word alignmentdc_p = {ila; = i} In this decision rule, we assume that a set of highly

is modelled as shown in (1). We decompose thiEEIiable anchor glignmentAA has been obtained,
model into an emission model and a tremsitior’?dec (resp.T) is used to denote the dependency

model (4). The emission model can be furtheP!™/C!"® for source (resp. tarﬁ?t) :angu_age. k'\”
decomposed into an anchor alignment model ( ueh a ramte)zwor ,(;/?nous machine learning teih_
and a syntactically enhanced model (3) by dis; du€S €an be USed for parameter estimation. The

tinguishing the anchor alignment from the non_f_eature functions we used are described in sec-

anchor alignment. tion 3.

J - 2.3 Transtion Modd
J Iy _ Nod T i
p(Alei,e) = Hp(%'Cl enar ) @) Given the anchor alignment, the first-order transi-
]1:0 tion probability model ( 4) can be defined as fol-
= 7 -pe(AA\cl‘],e{) . (2) lows:
- _
p(aj|6{>e{vaj1 >AA) (3) p(aj|aj—1,AA) _ 1A0 if € A>.
JEA plajlaj—1) otherwise.

plaglaj_1, An) () Such a definition _|mpI|es that an anchqr align-
i ment is always believed to be a correct alignment,
22 Emission Model maximum I|keI|hqod estimates obtained on a gold-

_ standard word alignment corpus are used when the
221 Anchor Word Alignment current wordf; is not involved in an anchor align-

The anchor alignment model.(Ax) aims to ment. The estimation gf(a;|a;—1) is calculated

find a set of high-precision links. Various ap-following the homogeneous HMM model (Vogel
proaches can be used for this purpose. etal., 1996). Under this model, we assume that the

—
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probability depends only on the jump width-i’),  English sentence! (resp. Chinese sentencg)
in order to make the alignment parameters indezan be represented as a tripte;, R, e;; > (resp.
pendent of absolute word positions. Using a set ofc;, R.,e;>). Given c¢f, el and their syntactic
non-negative parametefs(: — i’)}, the transition dependency tre@c{, Te{, if e; is aligned tac; and
probability can be written in the form: e, aligned toc;, according to the dependency cor-
o, respondence assumption (Hwa et al., 2002), there
plajlaj_1,An) = — c(i ! ) ‘ exists atriple<c;, Re,cj>. N
dine (i — 1) While we are not aiming to justify the feasibility
I\}Pf the dependency correspondence assumption by
proving to what extenR, = R, under the condi-
tion described above, we do believe thaandc;:
are likely to be dependent on each other. Given the

We use the refined model which extends the HM
network withl empty Wordsﬁﬂ’rl and adds param-
eterpy to account for the transition probability to

empty words (Och and Ney, 2003). anchor alignmentd, a candidate link(j,¢) and

If a zero-order dependence is assumed in a traﬂ{ .
" o A ._the dependency trees, we can design four classes
sition model, the emission models is the only in-

formation to guide the word alignment. of feature functions.
3.2.1 Agreement features

) ) The agreement features can be further classified
We interpolate the general alignment model (1) ag;;, dependency agreement features and depen-

2.4 Modé€ Interpolation

follows: dency label agreement features. Given a candidate
1 link (7,7) and the anchor alignmerita , the depen-
J o o 1 J 1=\ , » (Ne _
p(dlei,e) = — - pelAaler,e) dency agreement (DA) feature function is defined
- B .
H plajlc! el al™, Ap) . as follows:
jiA 1 if 3 <Cj,Rc,Cj/>, <ei,Re,€i/>
h = -yl
Hp(aj|aj—1>AA))\ DA—1 and(j’,i') € Aa,
j=1 0 otherwise.

We can use factok to weight the emission model By changing the dependency direction between the
and transition model probabilities so that the syswords c; and ¢y, we can derive another depen-
tem can be optimised according to different objecdency agreement feature:

tives.

i . 1 if3<Cj/7Rc,Cj>,<6i/7R576i>
3 Feature Functionsfor Syntactically

. h o = VY
Enhanced Word Alignment DA-2 and(j", ') € Aa,

0 otherwise.
The various features used in our syntactically en-
hanced model can be classified into two group3/Ve can define the dependency label agreement fea-
statistics-based features and syntactic featurégre as follows:

which are similar to those in (Ma et al., 2008)
1 if 3 <Cj,Rc7Cj/>, <€i7R676i’>

3.1 Statistics-based Features hppa_1 = and(j',i') € Aa,Re = Re,

The statistics-based features we used include IBM 0 otherwise.

model 1 score, Log-likelihood ratio (Dunning,

1993) and POS translation probability. We choos8imilarly we can obtairhpr4—2 by changing the
these features because they are empirically provelependency direction.

to be effective in word alignment tasks (Melamed

2000; Liu et al., 2005; Moore, 2005). 322 Sourceword dependency features

Given a candidate linkj, ) and anchor align-
3.2 Syntactic Features ment Aa, source language dependency features
The dependency relatioR, (resp. R.) between are used to capture the dependency label between a

two English (resp. Chinese) words and e; INote that we used the same dependency parser for source
(resp. ¢; andc;/) in the dependency tree of theand target language parsing.



source word:; and a source anchor worg € A. : Chinese| English
. . Train | Sentences 300
For example, a feature function relating to depen- Running words [ 2,231 | 2,704
dency type ‘PRD’ can be defined as: Vocabulary size| 636 709
Sure links 2773
) Dev. | Sentences 50
1 if3<ej, Re,c> Running words 445 451
_ s ) Vocabulary size| 205 212
hsre—1-PRD = andR. =PRD, Sure links 555
0 otherwise. Eval. | Sentences 152
Running words [ 1,107 1,149
. . . . Vocabulary size| 394 413
By changing the direction we can obtain Sure ”nksy 1400
hsrc—2—PRD- . . :
Table 1: Chinese—English word alignment gold-
3.2.3 Target word dependency features standard corpus statistics

Target word dependency features can be defined
in a similar way as source word dependency fea4_1_2 M achine Trandation

tures.
Training was performed using the default train-

3.2.4 Target anchor feature ing set (39,952 sentence pairs), to which we added
htge set devsetl (506 sentence pairs) and devset2
(500 sentence paird) We used devset4 (489 sen-

tence pairs, 7 references) to tune various param-

The target anchor feature defines whether t
target worde; is an anchor word.

. eters in the MT system and IWSLT 2007 test set
1 ifie€an, X .
hsre—1—PRD = ] (489 sentence pairs, 6 references) for testing. De-
0 otherwise. tailed corpus statistics are shown in Table 2.
4 Experimental Setting Chinese | English
Train | Sentences 40,958
4.1 Data Running words | 357,968 385,065
Vocabulary size| 11,362 9,718
The experiments were carried out using the | Dev. gentences = 714%89 (7 rfé')904
. 8 . . I unning words ) )
Chinese—English data_sets prowded within the Vocabulary size| 1143 1,786
IWSLT 2007 evaluation campaign (Fordyce, [Eval. | Sentences 439 (7 ref.)/489 (6 ref)
2007). We tagged all the sentences in the training Running words | 3,166 23,181
Vocabulary size 862 1,339

and devset3 using a maximum entropy-based POS
tagger, namely MpPOsT (Ratnaparkhi, 1996), Table 2: Corpus statistics IWSLT 2007 data set
trained on the Penn English and Chinese Tree-

banks. Both Chinese and English sentences are

parsed using the Malt dependency parser (Nivre dt2 Alignment Training and Decoding

al., 2007), which achieved 84% and 88% Iabelle% our experiments, we treated anchor alignment

ﬁttachmdent S(;OI’ES florbclhlnese and Elngllsh (€aghg syntactically enhanced alignment as separate
as 11 dependency labels) respectively. processes in a pipeline. The anchor alignments
411 Word Alignment are kept fixed so that the parameters in the syn-

tactically enhanced model can be optimiseWe

we manLIJIally annotated word allrt_:\jn_ments on d§jseqd the support vector machine (SVM) toolkit,
vse:j& i Following r?cent research In measuringy,\, |ight* to optimise the parameters in (5). Our
wor algnmen_t quality f_or SMT purposes, we S€hodel is constrained in such a way that each
all the word alignment links as sure (S) links (cf.
(Fraser and Marcu, 2007)). IWSLT devset3 con®More specifically, we chose the first English reference from
sists of 502 sentence pairs after cleaning. We usdhg 16 references and the Chinese sentence to construct new

he fi . .. h I sentence pairs.
the first 300 sentence pairs for training, the fo OWSNote that our anchor alignment does not achieve 100% pre-

ing 50 sentence pairs as validation set and the lastion. Since we performed precision-oriented alignment f

152 sentence pairs for testing. The various statjthe anchor alignment model, the errors in anchor alignment
) will not bring much noise into the syntactically enhanced

tics for the gold-standard corpus is listed in Tamodel.
ble 1. “http://svmlight.joachims.org/




source word can only be aligned to one target.4 Evaluation

word. . . We evaluate the intrinsic quality of the predicted
In SVM training, we transform each possiblegjignment 4 with Precision, Recall and the bal-

link involving the words left unaligned after an- ;nced F-score withy — 0.5 (cf. (Fraser and
choring into an event. Positive examples (alignegyc 2007)).

pairs) are assigned the target valueand nega-

tive examples (unaligned pairs) assignetl. Us- |ANS| . |[ANS|

ing this training data, we can build a regression ~ Recall= T8 Precision= A

model to estimate the reliability of alignment given

a pair of words. The value of functional margin 1

obtained by applying the regression model serve§-ScorgA, S, a) = > =

as the emission probability in our word alignment Precision(4,5) | Tecall(4,5)
model. Research has shown that an increase in AER does

For the first-order transition model, we estimate,ot necessarily imply an improvement in transla-
the transition probability on a gold-standard wordion quality (Liang et al., 2006) and vice-versa (Vi-
alignment corpus in training. In decoding, the bestar et al., 2006). Hereafter, we use a Chinese—
alignment path is searched out using a Viterbi-styl&nglish MT task to extrinsically evaluate the qual-
decoding algorithm. The interpolation factbran ity of our word alignment. The translation output
be optimised on development set. When a zergs measured using ilBuU (Papineni et al., 2002).
order transition model (a uniform transition distri-
bution) is used, we constrain the emission prob&g Experiments
bility by a threshold, which is set as the minimal
reliability score for each link. Agairt, can be op- 5.1 Word Alignment Results

timised according to the development set. We performed word alignment bidirectionally us-
The decoding is performed separately in twang our approach to obtain the refined alignments

directions (Chinese-to-English and English-to{koehn et al., 2003) and compared our results with

Chinese), and we then obtain the refined alignwo strong baselines based on generative word

ments as the final word alignment. alignment models. The results are shown in Ta-

ble 3. We can see that both the syntactically en-
4.3 Baselines hanced model based on HMM intersection anchors
431 Word Alignment and on IBM model 4 anchors achieved higher F-

scores than the pure generative word alignment

We used the @A++ implementation of IBM models. It is also can be seen that zero-order
word alignment model 4 (Brown et al., 1993; Ochsyntactic models are better in precision and first-
and Ney, 2003) for word alignment, and the heurisyyder models are superior in recall. The best result
tics described in (Koehn et al., 2003) to derive thgchieved 2.99% relative increase in F-score com-
intersection and refined alignment. pared to the baseline when we use IBM model 4

_ _ intersection to obtain the set of anchor alignments.
4.3.2 Machine Trandation

We use a standard log-linear PB-SMT model as _
. . . model Precision| Recall | F-score

a _basellne. &A++ |mpleme_ntat|on ofIBMword  wogert 6598 | 7064 | 6823
alignment model &, the refinement and phrase- +Syntax-zero-order  80.71 69.93 | 74.93
extraction heuristics described in (Koehn et al.,[__*Syntax-firstorder] 7284 | 7336 | 73.10

o . HMM refined 73.80 | 7386 ] 73.83
2903), m|n|mum—error—rate_ training (Och, 2003), a +Syntax-zero-orde]  83.65 | 70.14 | 76.30
trigram language model with Kneser-Ney smooth-| +Syntax-first-order| 77.17 | 76.07 | 76.62
ing trained with SRILM (Stolcke, 2002) on the En- | Model 4 refined 75.87 | 7814 76.99

glish side of the training data, and Moses (Koehn| *Syntax-zero-ordei 8459 | 74.50 | 79.29
et al., 2007) to decode +Syntax-first-order| 80.21 7757 78.87

—— Table 3: The performance of our syntactically en-
More specifically, we performed iterations of Model 15 i

iterations of HMM, 3 iterations of Model 3, ang iterations hanced word a“gnment approach

of Model 4.



5.2 Machine Trandation Results BLEU. The search graph of optimisation accord-
ing to BLEU is shown in Figure 2. The different

optimisation criteria do not have much impact on
For the first-order model, the best

Table 4 shows the influence of our word align
ment approach on MT qualif.From Table 4, we
can see that our zero-order syntactically enhancdge F-score.
model based on Model 4 anchors achieved 1.82 B
1 . LEU F-score

absolute ReEu score (5.38% relative) improve- dev 1 tesi | dev | test
ment compared to its baseline counterpart on theZero-order 8Escore gg.ﬁ ggél %.g% ;82253

: . ot R s LEU . X . X
tes_t set, whlch is statlsncally S|gn|f|cam<(0.002) Firstorder T OFscore 23.75 13432 T 76 4178 87
using approximate randomisation (Noreen, 1989) OBLEU | 2547 | 33.70| 70.75 | 72.33
for significance testing. However, the first-order o _
model suffers from overfitting problems, with aTe_lbIe 5: Optimising syntactically enhanced word
significant improvement on the development setlignment for PB-SMT

and no improvement on the test set.

dev test

Baseline-Model4 2413 33.85
+Syntax-zero-ordell 25.41 | 35.67
+Syntax-first-order| 25.47 | 33.70

@25-25.5
W24 .5-25
024-245
023.5-24
W23-23.5
H22.5-23

Table 4: Syntactically enhanced word alignment
for PB-SMT optimised according tol&u

Bleu Score

5.2.1 Different Optimisation Criteria

The parametet (threshold) for zero-order mod-
els can be optimised with either F-score (OFscordjigure 2: Search graph obtained when optimising
obtained on a gold-standard word alignment coBLEU
pus, or BEU score (OBREU) on a development
set of an MT system as the objective. Similarlyparameter setting i8._.. = 0.2, A._.. = 0.2 and
for first-order models, parameteksandp, can be po = 0.6 according to F-score. However, accord-
optimised according to these two criteria. Givenng to BLEU, itis A, = 0.9, Ac—.. = 0.3 and
that we have a very limited number of paramepy = 0.8. From Table 5, we can observe that pa-
ters to optimise (just two, i.et._.. for Chinese— rameters optimised according taBu suffer from
English andt._.. for English—Chinese in the zero- overfitting. The word alignment optimised accord-
order model, and three parameters, Ae..., \c—..  iNg to F-score not only yields a higher F-score,
and pg in the first-order model), we used a sim-but also achieves better performance on the test set
ple greedy search algorithm by search a predefingehen used in a PB-SMT system.
set of possible parameter settings. For example,
we tried different value combinations from the seb.2.2 Phrase Extraction

{-1.7,-16,---,0.0} for t... and foric—... Ta&-  To further investigate the impact of our word
ble 5 shows the results according to different Optialignment on SMT, we compared the extracted
misation criteria using Model 4 intersected align‘phrase table using our word alignment against the
ments as anchors. baseline phrase table. Figure 3 shows the size of
For the zero-order model, the best parameter sgfe phrase tables when the system use different
is tc~. = —1.0 andt... = —0.6 according t0 \ord alignment. We observed that using the zero-
F-score; however, according ta.Bu, the best pa- order syntactically enhanced word alignment tends

rameters aré... = —0.8 andtc.. = —0.9. g extract fewer phrase pairs (more word alignment
From Table 5, we can see that the# score ob- |inks) when optimised according toLBU. As an

tained when word alignment is optimised accordayception, the first-order word alignment which
ing to F-score is slightly inferior (not statistically syffered from overfitting extracted far more phrase
significant) to that when optimised according tg)airs (fewer word alignment links) when optimised

5Note that the only difference between our MT system and th@ccordmg to BEU. All syntactically enhanced
baseline PB-SMT system is the word alignment componentword alignments lead to larger phrase tables.



S00000 advantage of both generative and discriminative
400000 - word alignment models. (Ma et al., 2008) pro-
— ] H posed a similar word alignment framework; how-
ever, their word alignment was only tuned accord-
2000007 B ing to AER and the improvement for PB-SMT sys-
100000 | - tem was not statistically significant. We show that
by tuning word alignment according to PB-SMT

Model 4 Zero-order- Zero-order- Firstorder- Firstorder- performance we can achieve significanﬂy better
OF score OBleu OF score OBleu |t !
results.

Figure 3: A comparison of the number of phras .
pairs % Conclusionsand Future Work

No. Phrase Pairs

]

In this paper, we proposed a flexible syntacti-

5.2.3 Scaling Up cally enhanced word alignment model that can be

ned according to different end tasks. This model
in a further 130K sentence pairs from HIT cor- ake_s the advantgges of both unsupervised and. su-

pervised word alignment approaches by obtaining

pus provided for IWSLT 2008 evaluation Cam_anchor alignments from unsupervised generative
paign. We re-use the parameters obtained from the 9 P 9

IWSLT 2007 corpus in these experiments. Table gmdels and seeding the anchor alignments into a

.__supervised discriminative model. This model of-
shows the results. For the zero-order syntactlcal%rs the flexibility of tuning the alianment accord-
enhanced model optimised according tceB, we y 9 9

observed an increase of 1.69 absoluteB scores ing to different optimisation criteria.

over the baseline on the development set; on the Our model is superior to generative word align-

) . Hwent models in terms of both intrinsic and extrin-
test set, however, no improvement was achieved. . R
sic quality. We observed a 2.99% relative increase

For the first-order model, given the parameters we .
g P In F-score compared to the best baseline system.

obtained on IWSLT 2007 data set by optimising | . . .
L y op qumg our word alignment in a PB-SMT system
BLEU suffered from overfitting, the consequence’, T .
: : I){lelds a 5.38% relative increase inBu score.
can also be seen on the experiments using tHe . .
In the future, we first plan to conduct an in-

larger data set. From these results, we can see tckile th investiaation reaarding what ¢ word
limitation of the optimisation process and a more P estigation reg g what type of wo

: , o S . alignments are beneficial to MT. We also plan to
informative objective function is needed to achlev? fine th timisation criteria to avoid overfittin
better performance. efine the optimisation ctiteria fo avoid ove 9

problems. Finally, we will conduct experiments in

To test the scalability of our approach, we addet

dev | test other domains and on other language pairs.
Baseline-Model4 27.05 | 35.65
Syntax-zero-orderl OFscore| 26.93 | 35.35
OBLEU | 28.74 | 35.47 Acknowledgement
Syntax-first-order| OFscore| 27.05| 35.16 : : ; ; _
OBLEU | 2817 | 3405 This work is supported by Science Foundation Ire

land (O5/IN/1732 and 07/CE/I1142) and the Irish
Table 6: Scaling up syntactically enhanced worcentre for High-End Computing.We would like
alignment for PB-SMT to thank the reviewers for their insightful com-
ments.
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