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Abstract

In this work we revise the application
of discriminative learning to the problem
of phrase selection in Statistical Machine
Translation.  Inspired by common tech-
nigues used in Word Sense Disambiguation,
we train classifiers based on local context
to predict possible phrase translations. Our
work extends that of Vickrey et al. (2005) in
two main aspects. First, we move from word
translation to phrase translation. Second, we
move from theblank-filling’ task to thefull
translation’ task. We report results on a set
of highly frequent source phrases, obtaining
a significant improvement, specially with re-
spect to adequacy, according to a rigorous
process of manual evaluation.

Introduction

t@lsi.upc.edu

We extend the work by Vickrey et al. (2005) in two
main aspects. First, we move froword transla-
tion’ to ‘phrase translation! Second, we move from
the‘blank-filling’ task to thefull translation’ task.

Our approach is fully described in Section 2. We
apply it to the Spanish-to-English translation of Eu-
ropean Parliament Proceedings. In Section 3, prior
to considering the ‘full translation’ task, we ana-
lyze the impact of using DPT models for the iso-
lated ‘phrase translation’ task. In spite of working
on a very specific domain, a large room for improve-
ment, coherent with WSD performance, and results
by Vickrey et al. (2005), is predicted. Then, in Sec-
tion 4, we tackle the full translation task. DPT mod-
els are integrated in a ‘soft’ manner, by making them
available to the decoder so they can fully interact
with other models. Results using a reduced set of
highly frequent source phrases show a significant
improvement, according to several automatic eval-

Translations tables in Phrase-based Statistical MH?‘“O” metrics. Interestingly, tre Eu metric (Pap-

chine Translation (SMT) are often built on the ba
sis of Maximume-likelihood Estimation (MLE), be-

ineni et al., 2001) is not able to reflect this improve-
ment. Through a rigorous process of manual eval-

ing one of the major limitations of this approach that'ation we have verified the gain. We have also ob-

the source sentence context in which phrases occ

is completely ignored (Koehn et al., 2003).

In this work, inspired by state-of-the-art Word
Sense Disambiguation (WSD) techniques, we s
gest using Discriminative Phrase Translation (DPT,

rved that it is mainly related to adequacy. These
results confirm that better phrase translation proba-
bilities may be helpful for the full translation task.

dicates that the integration of these probabilities

1%-Zi‘owever, the fact that no gain in fluency is reported

models which take into account a wider featurd™© the statistical framework requires further study.

context. Following the approach by Vickrey et al.2 Discriminative Phrase Translation
(2005), we deal with théhrase translation’prob-

lem as a classification problem. We use Suppoth this section we describe the phrase-based SMT
Vector Machines (SVMs) to predict phrase translabaseline system and how DPT models are built and
tions in the context of the whole source sentencéntegrated into this system in a ‘soft’ manner.
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2.1 Baseline System have applied a simplene-vs-allbinarization, i.e., a

The baseline system is a phrase-based SMT s VM is trained for every possible translation candi-

tem (Koehn et al., 2003), built almost entirely us- ateejt. Trf""n"llg texam_pleti are extra}clt\jfgrom dthle
ing freely available components. We use BRI Same training data as in Ine case o MOGELS,

Language Modeling Toolk{Stolcke, 2002) for lan- i.e., an aligned parallel corpus, obtained as described

guage modeling. We build trigram language modelt%: Section 2#' We use ea:ch sente?ce palr_tl_n which
applying linear interpolation and Kneser-Ney dis- & source phrash occurs to generate a positive ex-

counting for smoothing. Translation models aré;;\mple fpr the clf'assifier corresponding to_ the actual
built on top of word-aligned parallel corpora Iinguis—tranSIat'c.)n o.ffi in that sgntgnce, according to the
tically annotated at the level of shallow syntax (i_e_:automatlc alignment. .T.h'S will be as wgll a negative
lemma, part-of-speech, and base phrase Chun@?ampl_e for the cla_ssmers corresponding to the rest
as described by Giménez and Marquez (20055’. possible translations gf.

Text is automatically annotated, using ti$&/M-

Tool (Giménez and Marquez, 2008teeling (Car- 2.2.1 Feature Set

reras et al., 2004), arféhreco(Carreras et al., 2005)

packages. We used ti@&ZA++ SMT Toolkit (Och
and Ney, 2003) to generate word alignments.
apply the phrase-extract algorithm, as described
Och (2002), on the Viterbi alignments output b
GlzZA++ following the ‘global phrase extraction’
strategy described by Giménez and Marquez (200
(i.e., a single phrase translation table is built on to
of the union of alignments corresponding to dif-
ferent linguistic data views). We work with the
union of source-to-target and target-to-source alig
ments, with no heuristic refinement. Phrases up to

length five are considered. Also, phrase pairs a2.2 Decoding. A Trick.

pearing only once are discarded, and phrase pairs L . .

in which the source/target phrase is more than three At translation time, we consider every instance Of,
times longer than the target/source phrase are ig: as a separate case. In each case, for all possi-
nored. Phrase pairs are scored on the basis of e translations of;, we collect the SVM score, ac-

smoothed relative frequency (i.e., MLE) Regard9ording to the SVM classification rule. We are in

ing the argmax search, we used farachbeam fact modelingP(e;|f;). However, these scores are

search decoder (Koehn, 2004), which naturally fit p_t.probabilities.. We transform thgm into !oroba-
with the previous tools. ilities by applying thesoftmax functiordescribed

by Bishop (1995). We do not constrain the decoder
22 DPT for SMT to use the translatioa; Wit_h highest probability. In-

_ o stead, we make all predictions available and let the
Instead of relying on MLE estimation to score thejecoder choose. We have avoided implementing a

phrase palrs(:fi,e_j) in the trans_latlon table, wWe new decoder by pre-computing all the SVM pre-

suggest considering the translation of every sourGgctions for all possible translations for all source
phrase f; as a multi-class classification problem, nrases appearing in the test set. We input this in-
where every possible translation ffis a class.  formation onto the decoder by replicating the entries
We uselocal linear SVMS”. Since SVMs are bi- i, the translation table. In other words, each distinct
nary classifiers, the problem must be binarized. Wgccurrence of every single source phrase has a dis-

T ihttpowww fioch.com/GIZA++ html tinct list of phrase translation c_andldates with their
2\We use the SVN9"* package, which is freely available at correspondlng SCOres. Accordingly, the source sen-
http://svmlight.joachims.org (Joachims, 1999). tence is transformed into a sequence of identifiers,

We consider different kinds of information, al-
ways from the source sentence, based on standard
SD methods (Yarowsky et al., 2001). As to the
cal context, inside the source phrase to disam-
biguate, and 5 tokens to the left and to the right,

e usen-grams f € {1,2,3}) of: words, parts-

-speech, lemmas and base phrase chunking I0B
abels. As to the global context, we collect topical
information by considering the source sentence as a
rQag of lemmas.
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in our case a sequence (@b, i) pairs’, which allow phrase set| model | macro | micro
us to uniquely identify every distinct instance of ev- all MFT 0.66| 0.70
ery word in the test set during decoding, and to re- DPT 0.68| 0.76
trieve DPT predictions in the translation table. For frequent | MFT 0.76| 0.75
that purpose, source phrases in the translation table DPT 0.86| 0.86

must comply with the same format.
This imaginative trick saved us in the short run
a gigantic amount of work. However, it imposes a

severe limitation on the kind of features which the

DPT system may use. In particular, features froane is equivalent to selecting the translation candi-
the target sentence under construction and frorf%ate with highest probability according to MLE. The

the correspondence between source and target (i.é‘l?l,""cgo column SEOWS macro—?veragﬁd rr]esults over
alignments) can not be used. all phrases, i.e., the accuracy for each phrase counts

equally towards the average. The ‘micro’ column
3 Phrase Translation shows micro-averaged accuracy, where each test ex-

ample counts equally. The ‘all’ set includes results
Analogously to théword translation’ definition by for the 241,234 phrases, whereas the ‘frequent’ set
Vickrey et al. (2005), rather than predicting the sensimcludes results for a selection of 41 very frequent
of a word according to a given sense inventory, iphrases ocurring more than 50,000 times.

‘phrase translation, the goal is to predict the correct 5 priori, DPT models seem to offer a significant
translation of gphrase for a given target language, yoom for potential improvement. Although phrase
in the context of a sentence. This task is simpler thapsnsiation differs from WSD in a number of as-
the “full translation’ task, but provides an insight topects; the increase with respect to the MFT baseline

the gain prospectives. is comparable. Results are also coherent with those
We used the data from tH@penlab 200@nitia-  attained by Vickrey et al. (2005).

tive® promoted by the TC-STAR Consorti@mThis

test suite is entirely based on European Parliament
Proceedings. We have focused on the Spanish-to-
English task. The training set consists of 1,281,427 _ .
parallel sentences. Performing phrase extractionz °SE’:
over the training data, as described in Section 2.1, g
we obtained translation candidates for 1,729,191
source phrases. We built classifiers &irthe source
phrases with more than one possible translation and &
more than 10 occurrences. 241,234 source phrasef
fulfilled this requirement. For each source phrase,
we used 80% of the instances for training, 10% for G 50000 100000 150000 200000 250000 300000
development, and 10% for test. Fexamples

Table 1 shows “phrase translation” results ovegig,re 1: Analysis of “Phrase Translation” Results

the test set. We compare the performance, in termgs, ihe development set (Spanish-to-English).
of accuracy, of DPT models and the “most fre-

quent translation” baseline (MFT’). The MFT base- . _
Figure 1 shows the relationship between the accu-

3w is a word and; corresponds to the number of instancesracy7 gain and the number of training examples_ In

of word w seen in the test set before the current instance. : -
“We have checked that results following this type of decod-general' with a sufficient number of examples (over

ing when translation tables are estimated on the basis of MLE0,000), DPT outperforms the MFT baseline.
are identical to regular decoding results.

Shttp://tc-star.itc.it/openlab2006/

Shttp://www.tc-star.org/ "We focus on micro-averaged accuracy.

Table 1: “Phrase Translation” Accuracy (test set).

y(DPT) - accurac

-0.5
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4 Full Translation

In the “phrase translation” task the predicted phrase
does not interact with the rest of the target sentence.”
In this section we analyze the impact of DPT models
when the goal is to translate the whole sentence.

For evaluation purposes we count on a set of 1,008

sentences. Three human references per sentence are

available. We randomly split this set in two halves,
and use them for development and test, respectively.

4.1 Evaluation

Evaluating the effects of using DPT predictions, di-
rected towards a better word selection, in the full
translation task presents two serious difficulties.

In first place, the actual room for improvement
caused by a better translation modeling is smaller
than estimated in Section 3. This is mainly due to
the SMT architecture itself which relies on a search
over a probability space in which several models co-
operate. For instance, in many cases errors caused
by a poor translation modeling may be corrected by
the language model. In a recent study, Vilar et al.
(2006) found that only around 25% of the errors are
related to word selection. In half of these cases er-
rors are caused by a wrong word sense disambigua-
tion, and in the other half the word sense is correct
but the lexical choice is wrong.

In second place, most conventional automatic
evaluation metrics have not been designed for this
purpose. For instance, metrics sucheagu (Pa-
pineni et al., 2001) tend to favour longergram
matchings, and are, thus, biased towards word or-
dering. We might find better suited metrics, such
as METEOR (Banerjee and Lavie, 2005), which is
oriented towards word selectitnHowever, a new
problem arises. Because different metrics are biased
towards different aspects of quality, scores conferred
by different metrics are often controversial.

In order to cope with evaluation difficulties we
have applied several complementary actions:

and exhibits a potential absolute accuracy gain
around 11% (See Table 1).

2. With the purpose of evaluating the changes re-

lated only to this small set of very promis-
ing phrases, we introduce a new measurg,
which computes “phrase translation” accuracy
for a given list of source phrases. For every
test casea,: counts the proportion of phrases
from the list appearing in the source sentence
which have a validl translation both in the tar-
get sentence and in any of the reference trans-
lations. In fact, because in general source-to-
target alignments are not knowa,; calculates

an approximat® solution.

3. We evaluate overall MT quality on the basis

of ‘Human Likeness’. In particular, we use
the QUEEN!! meta-measure from the QARLA
Framework (Amigb et al., 2005)QUEEN op-
erates under the assumption that a good trans-
lation must be similar to all human references
according to all metrics. Given a set of auto-
matic translationsd, a set of similarity metrics
X, and a set of human referencBSQUEEN s
defined as the probability, ovét x R x R, that
for every metric inX the automatic translation
a is more similar to a referenaethan two other
references’ andr” to each other. Formally:

QUEENy y(a) = Prob(Vo € X : z(a,r) > z(r',r"))

QUEEN captures the features that are common
to all human references, rewarding those auto-
matic translations which share them, and pe-
nalizing those which do not. ThugUEENpro-
vides a robust means of combining several met-
rics into a single measure of quality. Following
the methodology described by Giménez and
Amigd (2006), we compute theUEEN mea-
sure over the metric combination with high-
estKING, i.e., discriminative power. We have
considered all the lexical metritsprovided by

1. Based on the results from Section 3, we focus *valid translations are provided by the translation table.

on a reduced set of 41 very promising phrases

%Current A,; implementation searches phrases from left to
fight in decreasing length order.

trained on more than 50,000 examples. This 1iqyEgEN is available inside the 1@ package for MT
set covers 25.8% of the words in the test se€valuation based on ‘Human Likeness’ (Giménez and Amigo,
2006). http://www.Isi.upc.edu/"nlp/IQMT
8METEOR works at the unigram level, may consider word *2Consult the I@t Technical Manual v1.3 for a detailed de-
stemming and, for the case of English is also able to perform scription of the metric sethttp://www.lsi.upc.edu/

lookup for synonymy in WordNet (Fellbaum, 1998).
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QUEEN Apt BLEU | METEOR | ROUGE
P(e) + Pure(fle) | 0.43]0.86] 059 0.77| 042
Ple) + Pyrelelf) | 045] 0.87] 0.62 0.77| 0.43
P(e) + Pppr(elf) 0.47] 089 0.62 0.78] 0.44

Table 2: Automatic evaluation of the ‘full translation’ téts on the test set.

IQur. The optimal set is: more robust system configurations ttereu (Lam-
bert et al., 2006). We exhaustively try all possible
{ METEORy5yn, ROUGE, 1 2 } 6). Wi y Uy ail p
o _ parameter configurations, at a resolution of 0.1, over
which includes variants ofMETEOR, and  the development set and select the best one. In order
ROUGE(Lin and Och, 2004). to keep the optimization process feasible, in terms of

42 Adjustment of Parameters time, the search space is prufiéduring decoding.

Models are combined in a log-linear fashion: 4.3 Results
logP(e|f) oc MimlogP(e) + AglogPrre(fle) We compare the systems using the generative and
+ XalogPyure(elf) + ApprlogPppr(elf) discriminative MLE-based translation models to the

] _discriminative translation model which uses DPT
P(e) is the language model probability. oragictions for the set of 41 very ‘frequent’ source

Puyrp(fle) corresponds to  the MLE-basedppiases. Table 2 shows automatic evaluation re-
generative translation model, whereBsizr(e|f) gyits on the test set, according to several metrics.

corresponds to the analogous discriminative modebp, e translation accuracy (over the ‘frequent’ set

Pppr(elf) corresponds to the DPT model whichyt hhrases) and MT quality are evaluated by means
uses SVM-based predictions in a wider featurgs yhe a , and QUEEN measures, respectively. For
context. In order to perform fair comparisoNSype sake of informativenesgLEU, METEOR sy

model weights must be adjusted. andROUGE,, 1 » scores are provided as well.
Because we have focused on a reduced set of €| nterestingly, discriminative models outperform

quent phrases, in order to translate the whole test sgt, (noisy-channel) default generative model. Im-

we must provide alternative translation probabilitieBrovement i, measure also reveals that DPT pre-
. . pt
l;lor all tEe source phrazgs_m the vc;lcabularydwhlc ictions provide a better translation for the set of
0 S,Ot, ave a DPT :ore 'ﬁt'on' (\jNT ave use _MLEfrequent’ phrases than the MLE models. This im-
pres |ct|l;)ns to complete ; € mode 'dHIOV\_/ever't;Interbrovement remains when measuring overall transla-
action between DPT and MLE models is pro ®Miion quality viaQUEEN. If we take into account that

atic. Problem_s e_lrise when, for a given _source phrasBPT predictions are available for only 25% of the
Ji, DPT predictions must compete with MLE P'€words in the test set, we can say that the gain re-

dictions for larger phraseg; OVe”apE'ng Wlllth or ‘{Z/O”ed by theQUEENandA,. measures is consistent
containingf; (See Section 4.3). We have alleviate ith the accuracy prospectives predicted in Table 1.

these problems by splitting DPT tables in 3 subtaMETEOansyn andROUGE, ; , reflect a slight im-

bles: (1) phrases with DPT prediction, (2) phraseﬁrovement as well. However, according BoEU

with DPT pred_iction only for supphrases of it, anOIthere is no difference between both systems. We
(3) phr.ases with no DPT_ pre_:d|ct|on_ for 'any SUb'suspect thaBLEU is unable to accurately reflect the
phrase; and separately adjusting their weights. Eossible gains attained by a better ‘phrase selection’

~ Counting on areliable automatic measure of quals e 5 small set of phrases because of its tendency
ity is a crucial issue for system development. Opti-
mal configurations may vary very significantly de- *3ror each phrase only the 30 top-scoring translations are

pending on the metric governing the optimizatiorvsed- At all times, only the 100 top-scoring solutions anetke
Wi timize th t t We also disabled distortion and word penalty models. There-
process. € opumize the system parameters ovf:c')'fe, translations are monotonic, and source and targdttten

the QUEEN measure, which has proved to lead tthave the same number of words (that is not mandatory).
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to reward longn-gram matchings. In order to clar- Adequacy | Fluency | Overall

ify this scenario a rigorous process of manual evaly-MLE > DPT 39 84 83

ation has been conducted. We have selected a subsbtLE = DPT 100 76 46

of sentences based on the following criteria: MLE < DPT 89 68 99
o sentence length between 10 and 30 words. e 3: Manual evaluation of the ‘full translation’
e atleast 5 words have a DPT prediction. results on the test set. Counts on the number of
e DPT and MLE outputs differ. translation cases for which the ‘MLE’ system is bet-

ter than ¢&), equal to €), or worse than <) the
T’ system, with respect to adequacy, fluency,
overall MT quality, are presented.

A total of 114 sentences fulfill these require-
ments. In each translation case, assessors mustjudl%g
whether the output by the discriminative ‘MLE’ sys-a d
tem is better, equal to or worse than the output by

the ‘DPT’ system, with respect to adequacy, fluencycuestbn’ as‘matter’, although acceptable, is break-
and overall quality. In order to avoid any bias in thang the phrasecuestbn de orden’of high cohe-
evaluation, we have randomized the respective posiion, which is commonly translated gmint of or-
tion in the display of the sentences corresponding i@er’. The cause underlying these problems is that
each system. Four judges participated in the evalugpT predictions are available only for a subset of

tion. Each judge evaluated only half of the caseghrases. Thus, during decoding, for these cases our
Each case was evaluated by two different judge®PT models may be in disadvantage.

Therefore, we count on 228 human assessments.

Table 3 shows the results of the manual syste Related Work
comparison. Statistical significance has been deter-
mined using the sign-test (Siegel, 1956). AccordingRecently, there is a growing interest in the appli-
to human assessors, the ‘DPT’ system outperfornggtion of WSD technology to MT. For instance,
the ‘MLE’ system very significantly with respect to Carpuat and Wu (2005b) suggested integrating
adequacy, whereas for fluency there is a slight ad¥SD predictions into a SMT system in ‘hard’
vantage in favor of the ‘MLE’ system. Overall, theremanner, either for decoding, by constraining the set
is a slight but significant advantage in favor of thedf acceptable translation candidates for each given
‘DPT’ system. Manual evaluation confirms our sussource word, or for post-processing the SMT sys-
picion that theBLEU metric is less sensitive than tem output, by directly replacing the translation of

QUEENto improvements related to adequacy. each selected word with the WSD system predic-
_ tion. They did not manage to improve MT quality.
Error Analysis They encountered several problems inherent to the

Guided by thegUEENmMeasure, we carefully inspect SMT architecture. In particular, they described what
particular cases. We start, in Table 4, by showthey called the'language model effect’in SMT:
ing a positive case. The three phrases highlightéd he lexical choices are made in a way that heav-
in the source sentencéiéne’, ‘sefiora’ and ‘una ily prefers phrasal cohesion in the output target sen-
cueston’) find a better translation with the help oftence, as scored by the language modéThis prob-
the DPT models‘tiene’ translates intthas’ instead lem is a direct consequence of the ‘hard’ interaction
of ‘i give’, ‘sefiora’ into ‘mrs’ instead oflady’, and between their WSD and SMT systems. WSD pre-
‘una cuestbn’ into ‘a point’ instead ofa ... motion’.  dictions cannot adapt to the surrounding target con-
In contrast, Table 5 shows a negative case. THext. In a later work, Carpuat and Wu (2005a) ana-
translation of the Spanish wotsefiora’ as‘mrs’ is  lyzed the converse question, i.e. they measured the
acceptable. However, it influences very negativelfWSD performance of SMT models. They showed
the translation of the following worddiputada’, that dedicated WSD models significantly outper-
whereas the ‘MLE’ system translates the phrastorm current state-of-the-art SMT models. Conse-
‘sefiora diputada; which does not have a DPT pre-quently, SMT should benefit from WSD predictions.
diction, as a whole. Similarly, the translation of Simultaneously, Vickrey et al. (2005) studied the
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Source tienela palabra lasdiora mussolini paraina cuestbn de orden .

Ref 1 mrs mussolinihasthe floor fora point of order .
Ref 2 you have the floor missusmussolini , fora questionof order .
Ref 3 msmussolinihasnow the floor fora point of order .

P(e) + Prnre(elf) igive the floor to thdady mussolini fora procedural motion .
P(e) + Pppr(e|f) hasthe floor themrs mussolini ona point of order .

Table 4: Case of Analysis of sentence #422. DPT models help.

Source séora diputada , éstao es una cuestin de orden .
Ref 1 mrs mussolini, that isnot a point of order .

Ref 2 honourable member, this isnot a questionof order .
Ref 3 my honourable friend, this isnot a point of order .

P(e) + Prre(e|f) honourable member, this isnot a point of order .
P(e) + Pppr(e|f) mrskaramanou, this isnot a matter of order .

Table 5: Case of Analysis of sentence #434. DPT models fail.

application of discriminative models based on WSDRhe impact of a larger set of phrases, covering over
technology to the'blank-filling” task, a simplified 99% of the words in the test set. Experiments with
version of the translation task, in which the targeenabled reordering and word penalty models should
context surrounding the word translation is availbe conducted as well. Second, automatic evalua-
able. They did not encounter the “language modgion of the results revealed a low agreement between
effect” because they approached the task isoft’ BLEU and other metrics. For system comparison, we
way, i.e., allowing their WSD models to interactsolved this through a process of manual evaluation.
with other models during decoding. Similarly, ourHowever, this is impractical for the adjustment of
DPT models are, as described in Section 8dfifly parameters, where hundreds of different configura-
integrated in the decoding step, and thus do not sufions are tried. In this work we have relied on auto-
fer from the detrimental “language model effect” ei-matic evaluation based on ‘Human Likeness’ which
ther, in the context of the “full translation” task. Be-allows for metric combinations and provides a sta-
sides, DPT models enforce phrasal cohesion by cohle and robust criterion for the metric set selection.
sidering disambiguation at the level of phrases.  Other alternatives could be tried. The crucial issue,
) in our opinion, is that the metric guiding the opti-

6 Conclusions and Further Work mization is able to capture the changes.

Despite the fact that measuring improvements in Finally, we argue that, if DPT models considered

word selection is a very delicate issue, we havifatures from the target side, and from the corre-
showed that dedicated discriminative translatiogPondence between source and target, results could

models considering a wider feature context provigdrther improve. However, at the short term, the in-
a useful mechanism in order to improve the qualgorporatlon of these type of features will force us to
ity of current phrase-based SMT systems, speciall?/ither build a new decoder or extend an existing one,

with regard to adequacy. However, the fact that n8" {0 MOVe to & new MT architecture, for instance,
gain in fluency is reported indicates that the integrd! the fashion of the architectures suggested by Till-

tion of these probabilities into the statistical frameManN and Zhang (2006) or Liang et al. (2006).
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