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Abstract

Thi paper irrestigates the tise of morpho-syobactc indformation o redhice
data-sparseness in statistical machine translhfion from Spamish to English.
In parbicular, word-alignment traming is performed by applying diflerenk
word tramsformations using lemmmas and stemes. [t has been obsetved that
stetr based fraimng & betbzr than lkemma-baszed faining when up b 1 mil
lion rmmig words of daka are ussd. In this paper a new word-aligmme ok
traming techniqie is poposed by exploibing snfackcally mobiated comr
straints to the patalle]l data. Preliminary experimental remilts show that
stetr based fraimog with syobackcally motivated comstraints gives sigmf-
cant improrement in tramslabion performance. Fmally, a techmiqiie bo re
chice the fmpact of oib-ofrocabillary words is discusssd. The commiderad
tazk iz the translation of Plenaty Sessions of the Eiropean Parlisment.

1 Introduction

In this work we investigabs the uss of
morpho-gyntactic information to improve
pxformance of a phrase-based statistical
machine translation (SMT) system. The
considerad task is the translation of Ple-
nary Sssmions of the European Parliament
(EFPS) from Spanish to English.

Becent results on this topic are reported
in Popovié B Mey (2004), Popovié = Mey
(2005), and Popovié, Vilar, Mey, Jovieie, &
Sarie (2005) where stem-suffix and lemma-
Part-of-Spesch ( POS) infor mation were used
for translating German, Serbian, Spanish
into English and vice versa. DLoreover, in
Gigpert (2005) lamma-POS information re-
stricted to verbs was ussd in a translation
task from Spanish to English. As a dif-
ference with respect to previous work, we
investigate word transformations which are
blindly applisd to all word cabegories and
under different data sparsensss conditions.
Ioreover, morpho-syntactic knowladge is
cnly applied during training of the ST ays-
tem, and is not directly exploited during
translation. As an exception, stems of Span-

isgh words have been also used for translating
out-ofvocabulary (O0V) wards in the test
aat.

The crganization of the paper is as fol-
lows, Section 2 introduces different lesi-

con transformations. Section 3 gives details
about the data and the SKT system. Ss=c-
tions 4 and § describe techniques to reduce
data-sparseness in ST and discuss exper-
imental results. Section & explains a tach-
nigque to reduce the impact of OOV words.
Finally, Section 7 contains concluding re-
marks.

2 Lexicon Tranzsformations

We applied two kinds of lecdicon transforma-
tions, lemmatization and stemming, both on

Lemmatization: we employed the
FreeLing! tool, a POS tagger for English
and Spanish, which also provides the base
form or lemma for each input word. Figure
1 shows an example of the cutput of Freel.-

ing.
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| Input sentence: ; hay alguna obeervacicn 7 |

Original Lemma, base  POS tag+
word form morpho-attributes
L L Fia
hay haber VAIP3S0
alguna, alguno DIOFS30
observacicn  obssrvacicon MCF3300
| 7 7 Fit |

Figure 1: Example of FreeLing cutput on Spanish. The complex tag "VAIP230™ for word hep means:
verh(V), awciliary verb(A), indicative mode (1), present{F), third person (3], sngular mimber (S) and

no gender|0)

| Spanish Santance |

| Criginal © 1 hay alguna obesrvacicn 7 |

| Stemmed: | hay algun observ 7 |

| English Sentence |
Original:  are there any comments 7

Stemmed: ar there ani comment 7

Figute 2 Frample of sbeimimed texd=.

Stemming: we usaed the Snowhall stem-
mer- for English and Spanish. Tt is bassd cn
the Porter’s algorithm which truncates and
replaces suffives of words., Figure 2 shows
the output of the stemmer for Spanish and

English.
3 EPPS Ta=k

Data

Data for the task was prepared by and is
available from the TC-STAR project®. Ta-
ble 1 provides statistics about increasing
portions of the parallel corpus used for train-
ing, and about the test data. The average
length of sentences iz 16.7 for Spanish and
153 for English. From Table 1 it results
that Spanish shows higher rates of singleton
words which is an indicator of data sparse-

ness. The percentage of out-of-vocabulary

(0OV) words cn the test data is also re-
portad.

SWT system

Fiven a string f in the source language,
the [T CHirst SMT system (Cettaln, Fedarica,

':hﬂp:_.f_."v.'v.'v.'.mm"b.u]].tutm E-:-:E',"
*hitp:, /tc-star ite.it.

Bertldi, Catteni, £z Chen, 2005), locks for
the target string e maximizing the posterior
probability Prie,a | £) over all possible word
alignments a. The conditional distribution
is computed with the log-linear model:

R
pA[E:alf] s E'T.P'[Z. ':I"'rhTI:E:f:E':I}':
7]

where A, (e,f,a),r = 1... B are real valuad
feature functions.

The log-linear modd is used to score

translation hypotheses (e,a) built in terms
of strings of phrases, which are zimpls n-
grams of words. The phrasebassd transla-
tion (Koehn, Och, £ Marcu, 2003) process
works as follows (Federico fz Bartaldi, 2005).
At each step, a target phrase iz addsd to
the translation whoss corresponding source
phrass within f is identified through thres
random quantitiss: the feréilify which es-
tablishes its length: the permumdation which
setz its first position: the fablef which tells
its word string. Motice that target phrasss
might have fertility equal to zaro, henece they
do not translate any soures word . Moreover,
untranslated weords in £ are also moddled
through some random variables.
The above process is modelled with sight
feature functions (Cettola et al, 2005)
whose parameters are either estimated from
data (e.g target language models, phrase-
based lexicon models) or empirically fixed
(e.g. permutation models). While feature
functions exploit statistics extracted from
monalingual or word-aligned texcts from the
training data, the scaling factors A of the
log-linear model are estimated on the devel-
opment data by applying a minimum error
training procedure (Och, 2004).



| Training data

| werds lammas stems |

| sent. | run. words | vocab. | sings. | OOV | vocah. | sings. | vacah. | sings. |
Spanish | 7.5k | 126,761 | 7A70 | 1,723 |8.29% | 4803 | =91 | 3930 | 650
English 118,348 | 5402 | 1,019 ; 4204 | 724 | 3676 | =7
Spanmish | 15k | 253,513 | 10,220 | 1,593 | 6.14% | &,134 | 824 | 5,108 | &71
English 235241 | 783 | @1 ; 5537 | 728 | 4810 | 579
Spanish | 30k | 502,556 | 16862 | 4,248 | 3.82% | 10002 | 2,352 | 7,760 | LA3T
English 475,107 | 11,549 | 2482 ; 2014 | 1@6L | 7543 | 1514
Spanish | @0k | LO0GGTS | 254836 | 7.066 | 2500 | 15256 | 4730 | LLOZL | 2,744
English 956 006 | LEGLY | 4,311 ; 12863 | 3,338 | LOG98 | 2623
Spanish | 120 | 2,007 490 | 36,162 | 11,344 | 1.83% | 22313 | 7394 | 15,168 | 3,949
English 1908891 | 22,717 | 5910 ; 17800 | 4,727 | 14,705 | 3,739

| Test st |

| Spanish | sent. | run. words |1.'-xa.b. | gings. | avg. sent. len. | max. zent. len. |

| | LoO8 | 27883 | 3649 | 2030 | e | 112 |

Table 1: Statistics of diffsrent training corpus sizes (number of senbence pairs) for the EFFS tadk,
eti-ofrocabilary (0 CV) rabe in the best data and statiskics of the test data.

The phrasebased lexicon model is com-
puted from a paralld corpus provided with
word-alignments in both directions, ie.
from scurce to target positions, and vicew-
ersa. Word alignments are computed with
the GIZA4++ toolldit (Och & Mey, 2003).
Translaticn pairs of phrasss are extractad in
a way to pressrve the original word align-
ments (Cetbolo et al., 2005).

The target langusge modsl exploits a 3-
gram langusage models estimated om 394
million words from the EPPS corpus. Fi-
nally, the ssarch algorithm that computes
the most probable translatiom is imple-
mentad with a beam-ssarch algorithm ex-
plainsd in Faderica £ Bertoldi (2005).

The following ssction addresses data
sparsensss issuss and investigates the use of
word transformations.

4 Reduction of Data Sparse-
ness

Spanizh is a morphologically richer language
than English. However, all inflected forms of
Spanish are not relevant for translation into
English. For instanee, the adjective “bonfo™
(beantiful ‘pretty) has four inflected forms
i bonita™, ™bonitas™, "bomito”, " bonifos™)
according to the gender and number of the

noun it modifies. This is not the case of En-
glish adjectives, which only have cne form.
Therefore, it might be possible that all in-
flectad forms of Spanish adjectives are not
required for translation. Similar cases are
possible to a limited extent with other words
alzao, such as nouns, verbs ete.

In this work we imvestigate if batber word
alignment is achieved by transforming words
in the training data either with lemmas or
stems. When 7.5 sentences pair of training
data are used, Spanish vocabulary reduces
approcimately by 38% using lemmas from
TATO to 4,603 and by 47% using stems from
TATD to 3980, Table 1 shows reduction in
the vocabulary size for other training data
gizea.

DOnee the training corpus is transformed
by using either lammas or stems, word-
alignment is performed in both directions.
After, lammas and stems are replaced again
with words and phrass-ectraction is per-
formed. To evaluate translation quality
we used well Inown translation measures:
ELUE, NIST, Word Errar Rate (WER) and
Position-independent Errer Rats (PER).
Automatic scores were computed by explaoit-
ing two reference translations for each test
gentencea.

Table 2 meports experimental results on



| Alignment | Train | ELEUY%) | NIST | WER(Y%) | PER(Y%) |
Word-hasad 30.35 7.2 5055 41.15
Lemmarbased | 7.5k 3L.76 7.52 49.39 39.69
Stem-bassd 32.33 T.62 49.17 39.15
Word-hasad 35.39 8.06 4771 37.42
Lemma-based | 15k 36.12 §.22 47.25 36.7
Stem-bassd 36.26 8.27 47.01 36.41
Word-bhasad 39.65 8.62 45.16 34.54
Lemma-based | 30k 39.77 8.75 45.10 34.33
Stem-basad 40.03 8.77 .84 3.21
Word-basad 42.37 9.08 43.50 32.81
Lemmarbased | 60k 42.21 9.05 43.56 33.22
Stem-basad 42.37 9.07 43.41 33.01
Word-basad .37 9.29 42.08 3L.65
Lemma-based | 120k 43.38 9.24 42.08 3L.65
Stern-based 43.98 9.23 42.59 32.10

Takle 2: Tramlation with different word-alignments and amounts of s=nbenc= pairs.

all different training corpus sizes. For in-
shance, performing lemmarbased alignment
on 7.5 parallel senmtences gives relative
improvernents of 1.6% BLUE, 3.8% NIST,
2.20% WER and 3.55% PER. Using stems
instead gives improvements of 6. 4% BLUE,
6.2% MIST, 2.73% WER and 4.8% FPER.
In general, stam-based alignment gives more
consistent improvements than lemma-based
training. However, after about GOF sen-
tence pairs, both stem- and lemma-bassed
alignments do not improve translation scores
with respect to word-basaed alignment. The
reason could be that beyond a given ameount
of training dats, the reduction of data
sparsensss doss not compensats for the loss
of information caused by the word transfor-
mation.

To compensate this loss of information,
we investigabed word alignment training au-
sumentad with syntactically motivated con-
straints. The better results obtained with
stam-basad alisnment have motivated us to
use thizs method in the subsequent experi-
ments.

5 Algnment with Syntactic
Clonstraints
One difficulty of word-alignment iz related

to the length of sentences, which deber-
mines the space of possible word alignments.

It iz also known from commeon practice
that alignment quality can be improved by
adding a bilingual dicticnary to the train-
ing datsa. In fact, from & Bayesian point
of view, a dictionary can be considered as
prior knowledge supplisd to the alignment
model, which somehow constraints the pos-
gible word-to-word mappings.

However, finding rdiable constraints is
not always possible Im this work, we have
investigated the use of syntactic knowladgs
to generats constraints from the training
corpus itself

Moun-part Translation Constraints

One peculiarity of Spanish-English transla-
tion is the almeost preservation of noun parts
and prepositions. In other words, a Spanish
word which is either a determiner, noun, ad-
jective, posssssive pronoun, or article will be
very lilely translated into an English word
whose POS belongs to the same group. Ev-
idence of this property was obearved in the
EFPF3 data, too. This property has been
used to salect phrase-pairs from the parallsl
corpus to beusad as prior knowledge for the
alignment model,

For each sentence pair in the training
data, the sub-strin gs containing only words
of the noun-preposition group were ex-
tracted, from both source and target sides.
Hence, alignment was parformed and most



Alignment Train | BLEU(Y) | NIST | WER(%) | PER (%)
+constraints

Word-basad | 7.5k 20.74 7.30 50.11 40.52
Stem-basad 32.26 7.60 4880 38.93
Word-basad | L5k 2566 211 47.04 26.94
Stem-basad 36.81 8.34 45,99 3568
Word-basad | 20k 40.23 877 44,79 24.06
Starn-basad 40.78 287 43.78 23.45
Word-basad | 60k 43,37 Q.15 4247 22.06
Starn-basad 43.15 Q.17 4244 22.30
Word-basad | 120k d4.41 Q.29 41.7 21.34
Starn-basad d4.92 9,33 4144 21.36

Table 3: Experimental resilts of word-aligrment: training with corstraints.

reliable (frequent] phrase pairs were ex-
tracted. Motice that resulting phrase-pairs
are not necessarily meaningful, given that
words in-bebwesn can be missing,

Such frequent phrase-pairs were then
added to the training data as an additional
parallel corpus. In particular, each entry
was weighted by its frequency and all entries
were scaled by an empirically set factor.

Alignment was again performed on the
angmentad data according to the word-
bassd and stamn-bassd medalitiss.  Motics
that final phrasepairs used to estimate the
translation model were only built on the

alignments of the original training corpus.

Table 3 shows translation results with the
two alisnment methods. It appears that
the use of constraints improves translation
seores in almeost all data-sparseness condi-
tions. Only in the case of 7.5 sentences
pairs, there is a marginal reduction in the
ELUE and NIST scores when stem-based
alignment is performed. MMost significant im-
provements ocour in the two largest training
gats with the stam-based alignment. A pos-
gible explanation is that the introduction of
constraints reduces the alignment ambigu-
ity, and compenzates for the loss of informa-
tion caused by word stemming.

S0 far we have discussed methods to im-
prove word alignment training. The subse-
quent section discusses a method to reduce
the impact of OOV words during transla-
tion.

6 Transzlation of
Words by Stems

0oV

DCuring translation, we replace OOV words
in the test s=t with their stems. The ra-
tionale is that stems of OOV words could
correspond to stems of obesrved words, for
which a correct or almost correct translation
iz indesd available. For instance, this should
work for Spanish adjectives, for which all
inflections correspond to the same English
form. However, in this investigation we ap-
pliad this concept to all words indistinetly:
Phrasepair statistics used to build the
translation model were augmentsd with
Spanish-stem to English-word translation
pairs extractsd from the aligned training
corpus.  In particular, stem-hassd align-
ment was employed, with all English stems
replaced with the original words. In this
way, during decoding, the ssarch algorithm
iz able to resort on stem-to-word transla-
tions for the out-cf-vocabulary words found
in the test sentences. We can se== in Fig-
ure 3 that for 7.5 sentence pairs training
data, the lexicon augmentation gives a rel-
ative OOV rate reduction of 22.2% (from
2.39% to 6.53%), whils for 120K ssntence
pairs, the reduction is 49.2% (from 1.83% to
0.93%).
Figure 4 comparss performance, in terms
of BELET score, of the main ST systems
proposad in this work, namely: the bass-
line trainad en word-bassd alignment (base-
line], the system using stem-based align-
ment (stem|, the one also using constraints,
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and the system also using lexicon augmen-
tation. Performance improvements were ob-
tained by lexicon augmentation under all
training data conditions, but the 130k sen-
tence corpus which indesd has the lowest
OO rake,

For the 15K sentence-pair condition , the
final ELEU improvement is of 5.91% (from
25.20% to 37.48%). PFrom Figure 4), it can
be clearly obsarved that the improvements
of all proposed methods are almost addi-
tive, and more effective as data sparssness
increasss,

-

7 Clonclusion

In this paper, we have systamatically inves-
tigatad the impact of word-based, lemma-
basad and stem-bassd word alignment train-
ing on translation performance under dif-
ferent training data sizes. We have shown

that stem-bassd alignmernt training gives
better results than lemmarbased and word-
based training. We have also improved word
alignment training b exploiting syntacti-
cally motivated constraints. Our results
showed consistent improvement in transla-
tion performance when stem-based align-
ment training is applisd. Finally, we have
propossd a method to cope with the trans-
latiom of OOV words found in the source
string. OO0V words occurring in the in-
put string are replaced with their stems,
and the phrase-hased lexicon modd is ang-
mentad with stem-to-word translation pairs
erctracted from the aligned corpus.

Ongoing research is exploring syntactic
constraints with other syntactic groups and
their combinations in word alignment train-
ing.
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