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Abstract 2 Factored Phrase-Based MT to Czech

This paper describes our two contributions to ~~ Bojar (2007) describes various experiments with
WMTO8 shared task: factored phrase-based factored translation to Czech aimed at improving
model using Moses and a probabilistic tree-  target-side morphology. We use essentially the same
transfer model at a deep syntactic layer. setup with some cleanup and significantly larger
target-side training data:
, Parallel datafrom CzEng 0.7 (Bojar etal., 2008),
1 Introduction with original sentence-level alignment and tokeniza-

Czech is a Slavic language with very rich morphol—tion' The par_aIIeI corpus was taken as a monolithic
ogy and relatively free word order. The CzecHext source disregarding dlﬁerenqes between CzEng
morphological system (Haji¢, 2004) defines 4’0061ata sources. We use only 1-1 aligned sentences.
tags in theory and 2,000 were actually seen in a Word alignment using GIZA++ toolkit (Och and
big tagged corpus while the English Penn Treebarii€y. 2000), the default configuration as available in
tagset contains just about 50 tags. In our paralléf@ining scripts for Moses. We based the word align-
corpus (see below), the English vocabulary size i@€nt on Czech and English lemmas (base forms

148k distinct word forms but more than twice as big®f words) as provided by the combination of tag-
in Czech, 343k distinct word forms. gers and lemmatizers by Hajic (2004) for Czech and

Brants (2000) followed by Minnen et al. (2001) for

When translating to Czech from an analytic lan _ )
fghalish. We symmetrized the two GIZA++ runs us-

guage such as English, target word forms have A Sl
be chosen correctly to produce a grammatical seffld 9row-diag-final heuristic.
tence and preserve the expressed relations betweerdruecasing. We attempted to preserve meaning-
elements in the sentence, e.g. verbs and their modigaring case distinctions. The Czech lemmatizer
fiers. produces case-sensitive lemmas and thus makes it
This year, we have taken two radically differentS@Sy to cast the capitalization of the lemma back on
approaches to English-to-Czech MT. Section 2 ddle word form: For English we approximate the
scribes our setup of the phrase-based system Mosg¥ne effect by a two-step procedere.

Koehn l., 2007) an ion 3 f nasyss=y————
(Koehn eta 007) and Section 3 focuses on a s We change the capitalization of the form to match the

tem with probabilistic tree transfer employed at Jemma in cases where the lemma is lowercase, capitalized (uc
deep syntactic layer and the new challenges this afirst) or all-caps. For mixed-case lemmas, we keep the form
proach brings. intact.
2\We first collect a lexicon of the most typical “shapes” for
*The work on this project was supported by the grants FP&ach word form (ignoring title-like sentences with most gsr
IST-5-034291-STP (EuroMatrix), MSM0021620838,SMT capitalized and the first word in a sentence). Capitalizedl an
CR LC536, and GA405/06/0589. all-caps words in title-like sentences are then changetédiv t
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Decoding steps.We use a simple two-step sce-
nario similar to class-based models (Brown and oth- : :
ers, 1992): (1) the source English word forms are &, uedia . %e Pred N /
translated to Czech word forms and (2) full Czech ' ______ e |
morphological tags are generated from the Czech Figure 1: Sample treelet pair, a-layer.
forms.

Language models.We use the following 6 inde-

pendently weighted language models for the targ&f syntactic analysis, both formally captured as la-
(Czech) side: belled ordered dependency trees: ¥naLYTICAL

(a-, surface syntax) representation bears a 1-1 corre-
¢ 3-grams of word forms based on all CzEng 0.3pondence between tokens in the sentence and nodes
data, 15M tokens, in the tree; theECTOGRAMMATICAL (t-, deep syn-
tax) representation contains nodes only for autose-
e 3-grams of word forms in Project Syndicatemantic words and adds nodes for elements not ex-

section of CzEng (in-domain for WMTO7 and pressed on the surface but required by the grammar
WMTO8 NC-test Set), 1.8M tOkenS, (eg dropped pronouns)_

We use the following tools to automatically anno-
e 4-grams of word forms based on Czech Na: g y

. ) lai he t-layer: (1) T Qeska,
o Corpus (kocel e al, 2000), versonggc DX 1P 0 e ver () TorSbdee,
SYN2006, 365M tokens, , gging

tion see above, (3) parsing to a-layer: Collins (1996)
o three models of 7-grams of morphological tagdellowed by head-selection rules for English, Mc-
from the same sources. Donald and others (2005) for Czech, (4) parsing to t-
layer: Zabokrtsky (2008) for English, Klimes (2006)
Lexicalized reordering using the mono- for Czech.
tone/swap/discontinuous bidirectional model based o
on both source and target word forms. 3.2 Probabilistic Tree Transfer
MERT. We use the minimum-error rate training The transfer step is based on Synchronous Tree Sub-
procedure by Och (2003) as implemented in thstitution Grammars (STSG), see Bojar @bihejrek
Moses toolkit to set the weights of the various transt2007) for a detailed explanation. The essence is a
lation and language models, optimizing for BLEU. log-linear model to search for the most likely syn-
Final detokenization is a simple rule-based pro- chronous derivatiod of the sourcel’; and targefl’
cedure based on Czech typographical conventiondependency trees:
Finally, we capitalize the beginnings of sentences.

M
See BLEU scores in Table 2 below. §= argmax exp< 3 )\mhm(5)> 1)
m=1

4 s.t. source ig
3 MT with a Deep Syntactic Transfer
The key feature functiot,,, in STSG represents

3.1 Theoretical Background the probability of attaching pairs of dependency
Czech has a well-established theory of linguisti¢reeletst!., such as in Figure 1 into aligned pairs of
analysis called Functional Generative Descriptioffrontiers (™) in another treelet paif]., given fron-
(Sgall et al., 1986) supported by a big treebankinger state labels (e.gPred-VP in Figure 1):
enterprise (Hajic and others, 2006) and on-going

k
adaptations for other languages including English hsrsa(d) = 1Ong( i, | frontier statey  (2)
(Cinkova and others, 2004). There are two layers =0 '

typical shape. In other sentences we change the case only if aQther features include e.g. number of internal

typically lowercase word is capitalized (e.g. at the befjign : .
of the sentence) or if a typically capitalized word is alpsa nodes (drawn as in Figure 1) produced, number

Unknown words in title-like sentences are lowercased aftd Ie0?c _treelets produced, and more _importantly the tra-
intact in other sentences. ditional n-gram language model if the target (a-)tree
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is linearized right away or a binode model promot- Tree-based Transfer LM Type  BLEU
ing likely combinations of the governgte) and the gggg Z:g:zm 180'8%3?
child c(e) of an edge: € T»: 70,

epcp none 8F0.6
eaca none 6:60.5
B s 8 =1lo cle e 3 etca n-gram 6.3:0.6
medE( ) & ll p( ( ) | g( )) 3) etct factored, preserving structure binode 45066
€52 etct factored, preserving structure none 45036
The probabilistic dictionary of aligned treelet eact, targetSiol‘le atot;nic :inoc?e &3-3
e : etct, atomic, all attributes inode 26.3
- ++ ’ )
pairs is extracted from node-aligned (GIZA++ on etet. atomic. all attributes none 6.3

linearized trees) parallel automatic treebank as iNgict, atomic, just t-lemmas none 0.0.2
Moses' training: all treelet pairs compatible with the Phrase-based (Moses) as reported by Bojar (2007)

node alignment. Vanilla n-gram  12.9-0.6
Factored to improve target morphologygram  14.2:0.7

3.2.1 Factored Treelet Translation ,
. Table 1: English-to-Czech BLEU scores for syntax-based
Labels of nodes at the t-layer are not atomic byt o WMTO7 DevTest.

consist of more than 20 attributes representing var-

ious linguistic feature$. We can consider the at- WMTO07 WMT08
tributes as individual factors (Koehn and Hoang, Devlest NCTest News Test
2007). This allows us to condition the translation mgz:z' C2Eng data only 11;;:3 12::8:2 15:2&8:2
choice on a subset of source factors only. In order tQetct TectoMT annotation 4505  4.9-0.3  3.3:0.3
generate a value for each target-side factor, we use

a sequence of mapping steps similar to Koehn and ~ Table 2: WMTO8 shared task BLEU scores.

Hoang (2007). For technical reasons, our current

implementation allows to generate factored targetyles for t-layer parsing and generation instead of

side only when translating a single node to a singlgjimes (2006) and (Ptatek athbokrtsky, 2006).
node, i.e. preserving the tree structure.

In our experiments we used 8 source (English) 3.3.1 Discussion
node attributes and 14 target (Czech) attributes.

Our syntax-based approach does not reach scores
of phrase-based MT due to the following reasons:

) ) Cumulation of errors at every step of analysis.
Table 1 shows BLEU scores for various configura-

tions of our decoder. The abbreviations indicate be- Data lossdue to incompatible parses and node

. lignment. Unlike e.g. Quirk et al. (2005) or Huang
tween which layers the tree transfer was employegit al. (2006) who parse only one side and project the

(e.g. “eact” means English a-layer to Czech t-layer). .
o . e tructure, we parse both languages independently.
The “p” layer is an approximation of phrase-base . e
atural divergence and random errors in either of

MT: the surface “syntactic” analysis is just a left-to- .
. . L the parses and/or the alignment prevent us from ex-
right linear tree For setups ending in t-layer, we . .

tracting many treelet pairs.

use a deterministic generation the of Czech sentenceC bi il losion | q
by Ptatek andabokrtsky (2006). ombinatorial explosion in target node at-

For WMTO8 shared task, Table 2, we used a varifibutes. Currently, treelet options are fully built in

advance. Uncertainty in the many t-node attributes

ant of the “etct factored” setup with the annotatior] ds to t insignificant variati hil
pipeline as incorporated in TectoMTEZ#gbokrtsky, c€ads 10100 many insigniticant variations while €.g.
ifferent lexical choices are pushed off the stack.

2008) environment and using TectoMT internafj o ! .
) d While vital for final sentence generation (see Ta-

*Treated as atomic, t-node labels have higher entropple 1), fine-grained t-node attributes should be pro-
(11.54) than lowercase plaintext (10.74). The t-layer belit 4 ced only once all key structural, lexical and form
does not bring any reduction in vocabulary. The idea is thet t . )
attributes should be more or less independent and should mQECISlonS have be,en made. The same sort of explo
easier across languages. sion makes complicated factored setups not yet fea-

“Unlike Moses, “epcp” does not permit phrase reordering. Sible in Moses, either.

3.3 Recent Experimental Results
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Lack of n-gram LM in the (deterministic) gen- PavelCeska. 2006. Segmentace textu. Bachelor’s The-
eration procedures from a t-tree. While we support sis, MFF, Charles University in Prague.
final LM-based rescoring, there is too little varianceSilvie Cinkova et al. 2004. Annotation of English on the
in n-best lists due to the explosion mentioned above, {ectogrammatical level.  Technical Report TR-2006-

Too many model parametersgiven our stack .35'UFAL/(.:KL’ Prague, Czech Re.pl.Jb“C'
I . . . . Michael Collins. 1996. A New Statistical Parser Based
limit. We use identical MERT implementation to

o - on Bigram Lexical Dependencies. Rroc. of ACL
optimize A,,s but in the large space of hypothesesyan ping and Martha Palmer. 2005. Machine Transla-
MERT does not converge. tion Using Probabilistic Synchronous Dependency In-
sertion Grammars. IRroc. of ACL
332 Related Research Jan Hajic. 2004. Disambiguation of Rich Inflection
Our approach should not be confused with the (Computational Morphology of Czech)Nakladatel-
TectoMT submission by Zdenékabokrtsky with a stvi Karolinum, Prague.
deterministic transfer: heuristics fully exploiting theJan Hajic et al. 2006. Prague Dependency Treebank 2.0.
similarity of English and Czech t-layers. LDC2006T01, ISBN: 1-58563-370-4.
Ding and Palmer (2005) improve over word-base§ang Huang, Kevin Knight, and Aravind Joshi. 2006.
MT baseline with a formalism very similar to STSG. Statistical Syntax-Directed Translation with Extended

Thouah not exolicitly stated. thev seem not to en- Domain of Locality. InProc. of AMTA Boston, MA.
9 plicitly ' y Vaclav Klimes. 2006 Analytical and Tectogrammatical

code frontiers in the treelets and allow for adjunction Analysis of a Natural LanguagePh.D. thesisUFAL

(adding siblings), like Quirk et al. (2005), which sig-  MFF UK, Prague, Czech Republic.

nificantly reduces data sparseness. Jan Kocek, Marie Kopfivova, and Karel Kutera, edi-
Riezler and Ill (2006) report an improvement in tors. 2000.Cesk narodri korpus -Gvod a girutka

MT grammaticality on a very restricted test set: uzivatele FF UK -UCNK, Praha.

short sentences parsab|e by an LFG grammar W|tﬁ>hl|lpp Koehn and Hieu Hoang. 2007. Factored Transla-
out back-off rules. tion Models. InProc. of EMNLP

Philipp Koehn, Hieu Hoang, et al. 2007. Moses: Open

4 Conclusion Source Toolkit for Statistical Machine Translation. In
Proc. of ACL Demo and Poster Sessions

We have presented our best-performing factoredyan McDonald et al. 2005. Non-Projective Depen-
phrase-based English-to-Czech translation and adency Parsing using Spanning Tree Algorithms. In
highly experimental complex system with tree- Proc. of HLT/EMNLP 2005
based transfer at a deep syntactic layer. We hatido Minnen, John (_Zarroll, and _Darren Peqrce. 2001.
discussed some of the reasons why the phrase-basedPP!ied morphological processing of EnglisiNatu-

ral Language Engineerind/(3):207-223.
MT currently performs much better. Franz Josef Och and Hermann Ney. 2000. A Comparison

of Alignment Models for Statistical Machine Transla-
tion. In Proc. of COLING pages 1086—1090.
. Franz Josef Och. 2003. Minimum Error Rate Trainingin
Ondfej Bojar and Marti€mejrek. 2007. Mathematical  Statistical Machine Translation. Proc. of ACL
Model of Tree Transformations. Project EuroMatrix -jan pPtagek and Zdené«abokrtsky. 2006. Synthesis
Deliverable 3.2UFAL, Charles University, Prague. of Czech Sentences from Tectogrammatical Trees. In
Ondfej Bojar, ZdenékZabokrtsky, PavelCeSka, Peter Proc. of TSD pages 221-228.
Bena, and Miroslav Janicek. 2008. CzEng 0.7: Parakhris Quirk, Arul Menezes, and Colin Cherry. 2005. De-
lel Corpus with Community-Supplied Translations. In  pendency Treelet Translation: Syntactically Informed
Proc. of LREC 2008ELRA. Phrasal SMT. IrProc. of ACL, pages 271-279.

Ondrej Bojar. 2007. English-to-Czech Factored Machingtefan Riezler and John T. Maxwell Ill. 2006. Grammat-
Translation. InProc. of ACL Workshop on Statistical  jca] Machine Translation. IRroc. of HLT/NAACL
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