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Abstract

This paper describes a lattice-based decoder

for hierarchical phrase-based translation. The
decoder is implemented with standard WFST
operations as an alternative to the well-known
cube pruning procedure. We find that the

use of WFSTSs rather than k-best lists requires
less pruning in translation search, resulting
in fewer search errors, direct generation of
translation lattices in the target language,
better parameter optimization, and improved
translation performance when rescoring with
long-span language models and MBR decod-
ing. We report translation experiments for

the Arabic-to-English and Chinese-to-English

NIST translation tasks and contrast the WFST-
based hierarchical decoder with hierarchical
translation under cube pruning.

Introduction

contain non-terminals, we use pointers to lower-
level lattices for memory efficiency. The pointers
are only expanded to the actual translations if prun-
ing is required during search; expansion is otherwise
only carried out at the upper-most cell, after the full
CYK grid has been traversed.

We describe how this decoder can be easily im-
plemented with WFSTs. For this we employ the
OpenFST libraries (Allauzen et al., 2007). Using
standard FST operations such as composition, ep-
silon removal, determinization, minimization and
shortest-path, we find this search procedure to be
simpler to implement than cube pruning. The main
modeling advantages are a significant reduction in
search errors, a simpler implementation, direct gen-
eration of target language word lattices, and better
integration with other statistical MT procedures. We
report translation results in Arabic-to-English and
Chinese-to-English translation and contrast the per-

Hierarchical phrase-based translation generaté@'mance of lattice-based and cube pruning hierar-
translation hypotheses via the application of hiera€hical decoding.

chical rules in CYK parsing (Chiang, 2005¢ube

pruning is used to apply language models at each 1 Related Work
cell of the CYK grid as part of the search for a

k-best list of translation candidates (Chiang, 20034ierarchical phrase-based translation has emerged
Chiang, 2007). While this approach is very effectiveas one of the dominant current approaches to statis-
and has been shown to produce very good qualitycal machine translation. Hiero translation systems
translation, the reliance on k-best lists is a limitaincorporate many of the strengths of phrase-based
tion. We take an alternative approach and describeti@nslation systems, such as feature-based transla-
lattice-based hierarchical decoder implemented wittion and strong target language models, while also
Weighted Finite State Transducers (WFSTSs). In ewallowing flexible translation and movement based
ery CYK cell we build a single, minimal word lattice on hierarchical rules extracted from aligned paral-
containing all possible translations of the source settel text. We summarize some extensions to the basic
tence span covered by that cell. When derivationspproach to put our work in context.



Hiero Search Refinementduang and Chiang lier and Rajman, 1998). Parsing follows the de-
(2007) offer several refinements to cube pruning tecription of Chiang (2005; 2007), maintaining back-
improve translation speed. Venugopal et al. (200)ointers and employing hypothesis recombination
introduce a Hiero variant with relaxed constraintavithout pruning. The underlying model is a syn-
for hypothesis recombination during parsing; speedhronous context-free grammar consisting of a set
and results are comparable to those of cube prulk = {R"} of rulesR" : N — (v",a") / p", with
ing, as described by Chiang (2007). Li and Khudan'glue’ rules, S — (X,X) andS — (S X,S X). Ifa
pur (2008) report significant improvements in transrule has probability”, it is transformed to a cost;
lation speed by taking unseen n-grams into accouhere we use the tropical semiring, o= — log p".
within cube pruning to minimize language model re/V denotes a non-terminal; in this papé¥, can be
quests. Dyer et al. (2008) extend the translation ddither S, X, or V' (see section 3.2)T denotes the
source sentences to translation of input lattices foterminals (words), and the grammar builds parses
lowing Chappelier et al. (1999). based on strings,« € {{S,X,V} UT}*. Each

Extensions to Hier@everal authors describe ex-cell in the CYK grid is specified by a non-terminal
tensions to Hiero, to incorporate additional syntactisymbol and position in the CYK grid:(N, z,y),
information (Zollmann and Venugopal, 2006; Zhangvhich spans2+t¥~! on the source sentence.
and Gildea, 2006; Shen et al., 2008; Marton and In effect, the source language sentence is parsed
Resnik, 2008), or to combine it with discriminativeusing a context-free grammar with ruléé — .
latent models (Blunsom et al., 2008). The generation of translations is a second step that

Analysis and Contrastive Experimemisliman et  follows parsing. For this second step, we describe
al. (2008) compare phrase-based, hierarchical agdnethod to construct word lattices with all possible
syntax-augmented decoders for translation of Ardranslations that can be produced by the hierarchical
bic, Chinese, and Urdu into English. Lopez (2008)ules. Construction proceeds by traversing the CYK
explores whether lexical reordering or the phrasgrid along the backpointers established in parsing.
discontiguity inherent in hierarchical rules explaingn each cell(N, z,y) in the CYK grid, we build a
improvements over phrase-based systems. Hierd@rget language word latticE(N,z,y). This lat-
chical translation has also been used to great effelége contains every translation ef ¥~ from every
in combination with other translation architecturesderivation headed byv. These lattices also contain
e.g. (Sim et al., 2007; Rosti et al., 2007). the translation scores on their arc weights.

WFSTs for Translatiofhere is extensive workin ~ The ultimate objective is the word lattice
using Weighted Finite State Transducer for machiné (S, 1, .J) which corresponds to all the analyses that
translation (Bangalore and Riccardi, 2001; Casac§OVer the source senteneg. Once this is built,
berta, 2001; Kumar and Byrne, 2005; Mathias an#€ can apply a target language model@, 1, /)
Byrne, 2006; Graehl et al., 2008). to obtain the final target language translation lattice

To our knowledge, this paper presents the first dé/llauzen et al., 2003). . _ _
scription of hierarchical phrase-based translation in We use the approach of Mohri (2002) in applying
terms of lattices rather than k-best lists. The nexfVFSTs to statistical NLP. This fits well with the use
section describes hierarchical phrase-based transf{-the OpenFST toolkit (Allauzen et al., 2007) to
tion with WFSTSs, including the lattice constructioniMplement our decoder.
over the CYK grid qnd pruning strategies. _SeCQ.l Lattice Construction Over the CYK Grid
tion 3 reports translation experiments for Arabic-to-

English and Chinese-to-English, and Section 4 codl €ach cell(N,z,y), the set of rule indices used
cludes. by the parser is denote®(N,z,y), i.e. for r €

R(N,z,y), N — (7",&") was used in at least one
2 Hierarchical Translation with WFSTs derivation involving that cell. .
For each ruleR",r € R(N,x,y), we build a lat-
The translation system is based on a variant of théce £(N, z,y,r). This lattice is derived from the
CYK algorithm closely related to CYK+ (Chappe-target side of the rule” by concatenating lattices
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LS X R X — (s1 & s3,h 1) L£(S,1,3) = £(S,1,3,4) @ L(S,1,3,5)
y & 24 R X — (sistrts) £(S,1,3,4) = L(X,1,3) = £(X,1,3,1) =
[ R X — (s3,1) = A(t1) @ A(t2)
3 | R%R®| R X R%: S — (X,X) £(8,1,3,5) = £(5,1,2) ® L(X,3,1)
y | RS — (SX,5X) £(S,1,2) = £(5,1,2,4) = £(X,1,2) =
4 2 =L(X,1,2,2) = A(t7) ® Alts)
S g X LX.3.1) = C(X.3.1.8) = Alts)
\» 0 L£(5,1,3,5) = A(t7) ® A(ts) ® Alty)
1 3
- - - > L(S,1,3) = (A(t1) ® A(t2)) ® (A(t7) ® A(ts) ® Alte))
s, S, S3

Figure 1: Production of target lattia& S, 1, 3) using translation rules within CYK grid for senteneg.s;. The grid
is represented here in two dimensidnsy). In practice only the first column accepts both non-ternsié] X). For
this reason it is divided in two subcolumns.

corresponding to the elements of = af...af,, . R?, R?) and the glue rulesk*, R®). Arrows repre-

If an o is a terminal, creating its lattice is straight-sent backpointers to lower-level cells. We are inter-

forward. If o] is a non-terminal, it refers to a cell ested in the upper-most S cél, 1, 3), as it repre-

(N',2',y") lower in the grid identified by the back- sents the search space of translation hypotheses cov-

pointer BP(N, z,y,r,i); in this case, the lattice ering the whole source sentence. Two rulgs, ()

used isC(N', 2/, y’). Taken together, are in this cell, so the lattic€(S, 1, 3) will be ob-

tained by the union of the two lattices found by the
L(N,z,y,r) = ® L(N,z,y,r,i) (1) backpointers of these two rules. This process is ex-
i=1.|a7| plicitly derived in the right-hand side of Figure 1.

. 2.1.2 An Example of Hierarchical Translation
. A(Oéi) if o; € T
L(N, @, y,r,i) = LN,z o) else Figure 2 shows a hierarchical scenario for the
(2) same sentence. Three rulg®, R, R8, are added
where A(¢), t € T returns a single-arc accep-10 the example of Figure 1, thus providing two ad-
tor which accepts only the symbel The lattice ditional derivations. This makes use of sublattices
L(N, z,y) is then built as the union of lattices cor-2alréady produced in the creation6fS, 1,3, 5) and
responding to the rules iR(N, z, y): L(X,1,3,1) in Figure 1; these are withifi}.

2.2 A Procedure for Lattice Construction
L(N,z,y)= P LNV,z,y,r) ()

reR(N,z,y) Figure 3 presents an algorithm to build the lattice
for every cell. The algorithm uses memoization: if
Lattice union and concatenation are performed lattice for a requested cell already exists, it is re-
using the® and® WFST operations respectively, asturned (line 2); otherwise it is constructed via equa-
described by Allauzen et al.(2007). If a ru& has tions 1,2,3. For every rule, each element of the tar-
a costc’, it is applied to the exit state of the latticeget side (lines 3,4) is checked as terminal or non-
L(N,z,y,r) prior to the operation of Equation 3. terminal (equation 2). If it is a terminal element
] (line 5), a simple acceptor is built. If it is a non-
2.1.1  An Example of Phrase-based Translation  terminal (line 6), the lattice associated to its back-
Figure 1 illustrates this process for a three worgbointer is returned (lines 7 and 8). The complete
source sentence;s,ss under monotone phrase- lattice £(N,z,y,r) for each rule is built by equa-
based translation. The left-hand side shows the statien 1 (line 9). The latticeC (N, z,y) for this cell
of the CYK grid after parsing using the rulég to is then found by union of all the component rules
R5. These include 3 rules with only terminalRY, (line 10, equation 3); this lattice is then reduced by
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wn

7.
pa— FoX— GasXaXiboXe) (s 1,5,4) = £(X,1,

\ X B2 ) £(S,1,3) = £(S,1,3,4) ®{L(S,1,3,5)}

5. 3) =
1 R% X — (X152 X2,X2 tio X1) ={L£(X,1,3,1)} ®L(X,1,3,7) eaz:( ,3, 8)
3| R RR X L£(X,1,3,7) = L(X,1,1,6) ® A(t10) ® £(X,3,1,3) =
= A(t20) ® A(t10) ® A(to)
, X L£(X,1,3,8) = A(te) ® A(t10) ® A(t20)
A
L£(5,1,3) = {(A(t1) ® A(t2))} &
1 RS \\$ R3 B(A(t20) @ A(t10) ® A(te)) & (A(te) ® A(t10) ® Al(t20))P
— T, T > S{(A(tr) ® A(ts) ® Alto))}

Figure 2: Translation as in Figure 1 but with additional su#,R”,R8. Lattices previously derived appear witHii.

standard WFST operations (lines 11,12,13). It ig(JV, x,y) which returns a unique tag for each lattice
important at this point to remove any epsilon arcin each cell, and use it to redefine equation 2. With
which may have been introduced by the variouthe backpointer(N’,2’,y') = BP(N,z,y,r,1),
WEFST union, concatenation, and replacement opethese special arcs are introduced as:

ations (Allauzen et al., 2007).

. . . .A(Oél) ifa; €T

1 | function buildFst(N,x,y) L(N,z,y,r i) = { A(g(N' 2/ /)) else

2 if 3L(N,z,y) returnL(N, x,y) Y @)

3 for "< RN, z,y), B : N = (7.0 The resulting lattice€ (N, x, y) are a mix of tar-

4 fqr i=1.|af , get language words and lattice pointers (Figure 4,

S if a; € T, LN, z,y,7,1) = Ala) top). However each still represents the entire search

6 else/ , space of all translation hypotheses covering the

! (N2, y/) ;BP(a?) L, span. Importantly, operations on these lattices —

8 LN, z,y,7,i) = bulldFs(N', ', y') such as lossless size reduction via determinization

9 LN, 2,9,7)7Qiz1. o) LN, 2,4, 7,1) and minimization — can still be performed. Owing
10 ﬁ(N"r’y)_ Drer(v.ay) LN, z,y,7) to the existence of multiple hierarchical rules which
11} fstRmEpsilonf(N, z, y) share the same low-level dependencies, these opera-
12 fsthtgrmlnlzeC(N, ,y) tions can greatly reduce the size of the skeleton lat-
13 fstMinimize L(N, z, y) tice; Figure 4 shows the effect on the translation ex-
14 returnL(N, z,y) ample. This process is carried out for the lattice at

Figure 3: Recursive Lattice Construction. every cell, even at the lowest level where there are
only sequences of word terminals. As stated, size
reductions can be significant. However not all redu-
dancy is removed, since duplicate paths may arise
Equation 2 leads to the recursive construction of lathrough the concatenation and union of sublattices
tices in upper-levels of the grid through the uniorwith different spans.
and concatenation of lattices from lower levels. If At the upper-most cell, the lattic&(.S, 1, .J) con-
equations 1 and 3 are actually carried out over fullyains pointers to lower-level lattices. A single FST
expanded word lattices, the memory required by theeplace operation (Allauzen et al., 2007) recursively
upper lattices will increase exponentially. substitutes all pointers by their lower-level lattices
To avoid this, we use special arcs that serve asitil no pointers are left, thus producing the com-
pointers to the low-level lattices. This effectivelyplete target word lattice for the whole source sen-
builds a skeleton of the desired lattice and delay®ence. The use of the lattice pointer arc was in-
the creation of the final word lattice until a singlespired by the ‘lazy evaluation’ techniques developed
replacement operation is carried out in the top celtby Mohri et al (2000). Its implementation uses the
(S,1,J). To make this exact, we define a functioninfrastructure provided by the OpenFST libraries for

2.3 Delayed Translation

To appear in proceedings of NAACL-HLT 2009



best decoder using cube pruning implemented as de-
scribed by Chiang (2007). In our implementation, k-
best lists contain unique hypotheses. The second de-
coder, FSTHiero (FSTH), is a lattice-based decoder
implemented with Weighted Finite State Transduc-
ers as described in the previous section. Hypotheses
are generated after determinization under the trop-
ical semiring so that scores assigned to hypotheses
arise from single minimum cost / maximum likeli-
hood derivations. We also use a variant of the k-best
decoder which works in alignment mode: given an
input k-best list, it outputs the feature scores of each
hypothesis in the list without applying any pruning.
This is used for Minimum Error Training (MET)
with the FSTH system.

These two language pairs pose very different
Figure_ 4: Delayed_translation WFST with der_iV?‘ti_O”Stranslation challenges. For example, Chinese-
f_rom Figure 1 and Figure 2 before [t] and after m'n'm'za'to—Eninsh translation requires much greater word
tion [b]. movement than Arabic-to-English. In the frame-
work of hierarchical translation systems, we have
found that shallow decoding (see section 3.2) is
as good as full hierarchical decoding in Arabic-
2.4 Pruning in Lattice Construction to-English (Iglesias et al., 2009). In Chinese-to-
English, we have not found this to be the case.

e e T, e contast e permance of FSTH
g P P ' d CPH under shallow hierarchical decoding for

fore apply a word-based language model, iaWFS] ;0 1o e nglish, while for Chinese-to-English we
composition, and perform likelihood-based prun- ; . )
. . perform full hierarchical decoding.
ing (Allauzen et al., 2007) based on the combine . . .

Both hierarchical translation systems share a

translation and language model scores. ) :
. . _common architecture. For both language pairs,
Pruning can also be performed on sublattices;.
. . . .._alignments are generated over the parallel data. The
during search. One simple strategy is to monlto]{

the number of states in the determinized lattice ollowing features are extracted and used in trans-

. . ation: target language model, source-to-target and
L(N,z,y). If this number is above a threshold, we 9 guag ' 9

) target-to-source phrase translation models, word and
expand any pointer arcs and apply a word-based lan- .
. " . ._rule penalties, number of usages of the glue rule,

guage model via composition. The resulting lattice .
) L . Source-to-target and target-to-source lexical models,
is then reduced by likelihood-based pruning, after L
which the LM scores are removed. This search rur?nd three rule count features inspired by Bender et
' Prun, (2007). The initial English language model is

ing can be very selective. For example, the pruning 4-gram estimated over the parallel text and a 965

threshold can depend on the height of the cell in the ., . .
. i . million word subset of monolingual data from the
grid. In this way the risk of search errors can b

eEnglish Gigaword Third Edition. Details of the par-
controlled.
allel corpus and development sets used for each lan-
guage pair are given in their respective section.
Standard MET (Och, 2003) iterative parameter
We report experiments on the NIST MT08 Arabic-estimation under IBM BLEU (Papineni et al., 2001)
to-English and Chinese-to-English translation taskss performed on the corresponding development set.
We contrast two hierarchical phrase-based decodeFor the CPH system, MET is done following Chiang
The first decoder, Cube Pruning Hiero (CPH), is a k(2007). For the FSTH system, we obtain a k-best list

delayed composition, etc.

3 Translation Experiments

To appear in proceedings of NAACL-HLT 2009



from the translation lattice and extract each featuré-150M words per language). In addition to the

score with the aligner variant of the k-best decodeMTO08 set itself, we use a development se02-05-

After translation with optimized feature weights, wetuneformed from the odd numbered sentences of the

carry out the two following rescoring steps. NIST MT02 through MTO5 evaluation sets; the even

. _ numbered sentences form the validation se92-

e Large-LM rescoring We build sentence- o5.test Themt02-05-tuneset has 2,075 sentences.
specific zero-cutoff stupid-backoff (Brants et The cube pruning decoder, CPH, employs k-best
al.: 2007) 5-gram Ianguag(—?- models, ?Stimateﬁists of depth k=10000 (unique). Using deeper lists
using ~4.7B words of English newswire text, resyits in excessive memory and time requirements.
and apply them to rescore either 10000-besh contrast, the WFST-based decoder, FSTH, re-
lists generated by CPH or word lattices genergires no local pruning during lattice construction
ated by FSTH. Lattices provide a vast searcky; thjs task and the language model is not applied
space relative to k-best lists, with translationnjl the lattice is fully built at the upper-most cell of
lattice sizes ofi0®! hypotheses reported in thehe cYK grid.
literature (Tromble et al., 2008). Table 1 shows results fomt02-05-tung mt02-

« Minimum Bayes Risk (MBRWe rescore the 05-testandmt08 as measured by lowercased IBM
first 1000-best hypotheses with MBR, takingBLEU and TER (Snover et al., 2006). MET param-
the negative sentence level BLEU score as th%terS arfa ?ptlm!z?d for the CPH decoder. As shown
loss function (Kumar and Byrne, 2004). |tr)1|erows a' and ‘b’, results after MET are compara-

3.1 Building the Rule Sets Search ErrorsSince both decoders use exactly the

, , . _same features, we can measure their search errors on
We extract hierarchical phrases from word align- ) .
sentence-by-sentence basis. A search error is as-

ments, applying the same restrictions as introduced

by Chiang (2005). Additionally, following Iglesias suanedt:]o O.n € O.Ir:r:e decodetrsFlf t?oezoégetr has found
et al. (2009) we carry out two rule filtering strate-2 "YPOMNESIS With Jower cost. Famtis-Us-tunewe

gies: find that in 18.5% of the sentences FSTH finds a hy-
pothesis with lower cost than CPH. In contrast, CPH
¢ we exclude rules with two non-terminals withnever finds any hypothesis with lower cost for any
the same order on the source and target side sentence. This is as expected: the FSTH decoder
requires no pruning prior to applying the language
e we consider only the 20 most frequent translamodeL so search is exact.
tions for each rule Lattice/k-best QualityRescoring results are dif-
rent for cube pruning and WFST-based decoders.
hereas CPH improves by 0.9 BLEU, FSTH im-
proves over 1.5 BLEU. Clearly, search errors in CPH
not only affect the 1-best output but also the quality
3.2 Arabic-to-English Translation of the resulting k-best lists. For CPH, this limits the

We translate Arabic-to-English with shallow hierar-POSSiPIé gain from subsequent rescoring steps such

chical decodingi.e. only phrases are allowed to be3S IargeILMs ‘an MsR' _ ¢
substituted into non-terminals. The rules used in this Translation Spee@PH requires an average of 1.1

case are, in addition to the glue rules: seconds per input word. FSTH cuts this time by half,
' ' producing output at a rate of 0.5 seconds per word. It

For each development set, this produces approx:
imately 4.3M rules in Arabic-to-English and 2.0M
rules in Chinese-to-English.

X = (ys,05) proves much more efficient to process compact lat-
X —=(V.V) tices contaning many hypotheses rather than to in-
V= (si) dependently processing each one of them in k-best
s, t € TT vs,a5 € {VIUT)T form.

For translation model training, we use all allowed The mixed case NIST BLEU-4 for the FSTH sys-
parallel corpora in the NIST MT08 Arabic track tem onmt08is 42.9. This is directly comparable to

To appear in proceedings of NAACL-HLT 2009



decoder| mt02-05-tune| mt02-05-test mt08

BLEU | TER | BLEU | TER | BLEU | TER
a| CPH 522 | 41.6| 515 | 42.2| 425 | 48.6
+bgram| 53.1 | 41.0| 525 | 41.5| 43.3 | 48.3
+MBR 53.2 | 40.8| 52.6 | 41.4| 43.4 | 48.1
b| FSTH 522 | 415| 51.6 | 42.1| 42.4 | 48.7
+bgram| 53.3 | 40.6 | 52.7 | 41.3| 43.7 | 48.1
+MBR 53.7 | 40.4| 53.3 | 40.9| 44.0 | 48.0
Decoding time in secs/word: 1.1 for CPH; 0.5 for FSTH.

Table 1: Constrative Arabic-to-English translation rés@bwer-cased IBM BLEU TER) after MET and subsequent
rescoring steps. Decoding time reportedrf@d2-05-tune

the official MTO8 Constrained Training Track eval-cased IBM BLEU and TER. The first two rows show

uation results. results for CPH when using MET parameters opti-
. . . mized over k-best lists produced by CPH (row ‘a’)
3.3 Chinese-to-English Translation and by FSTH (row ‘b"). We find that using the k-best

We translate Chinese-to-English with full hierarchidist obtained by the FSTH decoder yields better pa-
cal decodingi.e. hierarchical rules are allowed to berameters during optimization. Tuning on the FSTH
substituted into non-terminals. We consider a maxk-best lists improves the CPH BLEU score, as well.
mum span of 10 words for the application of hierarWe find consistent improvements in BLEU; TER
chical rules and only glue rules are allowed at uppealso improves overall, although less consistently.
levels of the CYK grid. Search ErrorsMeasured over theune-nwdevel-

For translation model training, we use all avail-opment set, FSTH finds a hypothesis with lower cost
able data for the GALE 2008 evaluatfgrapprox. in 48.4% of the sentences. In contrast, CPH never
250M words per language. In addition to the MTO&inds any hypothesis with a lower cost for any sen-
set itself, we use a development $ehe-nwand tence, indicating that the described pruning strategy
a validation settest-nw These contain a mix of for FSTH is much broader than that of CPH. Note
the newswire portions of MT02 through MTO5 andthat CPH search errors are more frequent for this
additional developments sets created by translatidanguage pair. This is due to the larger search space
within the GALE program. Theaune-nwset has required in fully hierarchical translation; the larger
1,755 sentences. the search space, the more search errors will be pro-

Again, the CPH decoder employs k-best lists ofluced by the cube pruning k-best implementation.
depth k=10000. The FSTH decoder applies pruning Lattice/k-best QualityThe lattices produced by
in search as described in Section 2.4, so that any I&STH yield greater gains in LM rescoring than the
tice in the CYK grid is pruned if it covers at leastk-best lists produced by CPH. Including the subse-
3 source words and contains more than 10k stateguent MBR rescoring, translation improves as much
The likelihood pruning threshold relative to the besas 1.2 BLEU, compared to 0.7 BLEU with CPH.
path in the lattice is 9. This is a very broad threshold’he mixed case NIST BLEU-4 for the FSTH sys-
so that very few paths are discarded. tem onmt08is 27.8, comparable to official results

Improved OptimizatiorTable 2 shows results for in the UnConstrained Training Track of the NIST
tune-nw test-nwand mt08 as measured by lower- 2008 evaluation.

IFull MTO8 results are available at http://www.nist.gov/ :
speech/tests/mt/2008/doc/mtOficial_resultsv0.html. It is 4 Conclusions

worth noting that many of the top entries make use of systerrthe lattice-based decoder for hierarchical phrase-
combination; the results reported here are for single syste - . ) ]
translation. based translation described in this paper can be eas-

2See http://projects.ldc.upenn.edu/gale/data/catatiod. ily implemented using Weighted Finite State Trans-
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decoder|| MET k-best tune-nw test-nw mt08
BLEU | TER | BLEU | TER || BLEU | TER

a| CPH CPH 31.6 | 59.7| 31.9 | 59.7 - -
b| CPH 31.7 | 60.0| 32.2 | 59.9| 27.2 | 60.2
+5gram FSTH 32.2 | 59.3| 32.6 | 59.4| 27.8 | 59.3
+MBR 324 | 59.2| 32.7 | 59.4| 28.1 | 59.3
c| FSTH 320 | 60.1| 32.2 | 60.0| 27.1 | 60.5
+5gram FSTH 32.7 | 58.3| 33.1 | 58.4| 28.1 | 59.1
+MBR 329 | 58.4| 334 | 58,5 289 | 58.9

Table 2: Contrastive Chinese-to-English translationlteglower-cased IBM BLEUTER) after MET and subsequent
rescoring steps. The MET k-best column indicates which decgenerated the k-best lists used in MET optimization.
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