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An Online Relevant Set Algorithm for Statistical
Machine Translation
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Abstract—This paper presents a novel online relevant set 4
algorithm for a linearly-scored block sequence translatiom model. airspace ONOROEReON N N |
The key component is a new procedure to directly optimize the
global scoring function used by a statistical machine tranigtion Lebanese
(SMT) decoder. This training procedure treats the decoder a 000 Obg,. ® o
a black-box, and thus can be used to optimize any decoding violate OO 00O e@el0 O O
scheme. The novel algorithm is evaluated using different &ure bz
types: 1) commonly.used. probabilistic featlljygs, such as t.rasla- warplanes | @ @ Obo O O O
tion, language, or distortion model probabilities, and 2) bnary 1
features. In particular, encouraging results on a standardArabic- Israeli Q Q . Q Q Q Q
English translation task are presented for a translation sgtem
that uses only binary feature functions. To further demonstate A A At A A A
the effectiveness of the novel training algorithm, a detaéd 1 1 1 n 1 1 1
comparison with the widely used minimum-error-rate (MER) T H At m j 1
training algorithm [2] is presented using the same decoder rad A r s h j w b
feature set. The online algorithm is simplified by introducing ' b r k Ay n
so-called 'seed’ block sequences which enable the trainirtg be r Yy A 1 A
carried out without a gold standard block translation. While A P } n
the online training algorithm is extremely fast, it also improves t y y
translation scores over the MER algorithm in some experimets. }}

Index Terms—Statistical machine translation, online algo- P

rithm, discriminative learning.
Fig. 1. An Arabic-English block sequence translation ex@nphere the

EDICS Category: SLP-SSMT Arabic words are romanized. The following orientation smee is generated:
01 = N,o2 = L,03 = N,o4 = R.

I. INTRODUCTION

This paper employs a view of phrase-based SMT as a Sehere b

- i 8 ; is a block, b;_1 is its predecessor blocky; €
guential process that generates block orientation segseAc céf

(eft), R(ight), N (eutra) } is a three-valued orientation com-

block is a pair of phrases which are translations of eachroth onent linked to the blockh;, and n is the number of

For example, Figure 1 shows an Arabic-English translati ocks. f(b;,0;,b:-1) € RM is a high-dimensional feature

examplg that uses four blocks. _Durlng decoding, we V_'e}’lépresentation of the block orientation péir, o:, bi_ ), where
translation as a block segmentation process, where the iNRY gkt pe in the tens of millions. Most of the time the block
sentence is segmented from left to right and the targetlseatebi is generated immediately to the lefi; (= L) or the right

s _generated from bot’Fom to top, one block at a timg. A blo%i = R) of its predecessor block_;, where the orientation
orientation sequence is generated under the re§tr|ctatrtl1b 0,1 of the predecessor block is ignored. The neutral orien-
cpr;gat:ngted source phrase; Ofb?" Lhe blocks in the seUEAgion js ysed to handle blocks that are 'detached’ fromr thei
yield the input sentence. This block sequence is monotoge, e cessor blocks. This restricted reordering modeltgesu

except for the possibility to swap neighbor blocks. In thig, yecoding speeds while producing good translationgtses
local reordering model similar to [3], [4] a block with e Arabic-English translation task.

orientationo is generated relative to its predecessor bltick Th ¢ the discriminative traini fth
During decoding, we maximize the scorg(b?, o) of a block e paper Ocuselff on e discriminafive training of the
weight vectorw € R* in Eq. 1. The decoding process is

orientation sequenc@?’, o}): ) a
quencey’ of) decomposed into local decision steps based on Eq. 1, but
- T the model is trained in a global setting. The advantage of
sw(bf,of) = Z“’ < f(biy 04, bi-1), 1) this approach is that it can easily handle tens of millions of
=1 features, e.g. up t85 million features for the experiments in
* C. Tillmann is with the IBM T.J. Watson Research Center, Rfown th|s_ paper. MOVeOYeﬂ under this view, SMT be_comes quite
Heights, N.Y., 10598 USA, phone: 1-914-945-2705, fax: #-925-4490, e- Similar to sequential natural language annotation problem

mail: ctill@us.ibm.com. _ such as part-of-speech tagging and shallow parsing, and the
T. Zhang is with Yahoo! Research, New York City, N.Y. 10011A)$hone: | . | ithm in thi . . imil ke
1-646-351-5449, fax: 1-530-684-7183, e-mail: tongz@utgers.edu. novel training algorithm in this paper is quite similar to wo

A preliminary version of this paper was published as [1]. on training algorithms for these task, e.g. the online atgor
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for dependency parsing [5] and the perceptron algorithitmoundary’ block. Similar approaches to phrase-based SMT
for POS tagging [6]. The online relevant set algorithm ithat restrict the word reordering to local phrase reordgrin
capable of achieving good translation results on a standamly are presented in [3], [4], [7], [8].
translation task without using specialized probabilitatiees Rather than predicting local block neighbors as in [3], here
as in [2]. Furthermore, a detailed comparison of the noville model parameters in Eq. 1 are trained in a global
training algorithm with the widely-used minimum-errotga setting. Starting with a simple initial model, the trainidgta
(MER) training [2] is presented. Largely identical or eveiis decoded multiple times: the weight vectoris trained to
improved translation scores are obtained when comparimg tiscriminate block sequences with a high translation score
MER training and the novel online algorithm using the sameggainst block sequences with a high BLEU score. High
decoder and parameter setting. scoring block sequences may contain translation errons tha
The paper is structured as follows: Section Il presents thee quantified by a lower BLEU score. A 'true’ high BLEU-
baseline block sequence model and the feature represantatscoring block sequence as well as the high scoring block
Section IIl presents the discriminative training algamithhat sequences are represented by high dimensional featur@sect
learns a good global ranking function used during decodingsing the binary features defined below and the translation
In Section IV implementation details for the novel discrimprocess is handled as a multi-class classification probtem i
inative training algorithm are given. Section V introduaes which each block sequence represents a possible class. The
perceptron-style simplification with competitive resulthen effect of this training procedure can be seen in Figure 2 in
compared to the widely used MER training algorithm. Se&ection VI: each decoding step on the training data adds a
tion VI shows results on a standard Arabic-English traimtat high-scoring block sequence to the discriminative trajrand
task for all the discriminative training algorithms pressh the BLEU score on the training data is improved after each
in this paper. Finally, some discussion and future work aiteration (along with the test set BLEU score). A theordtica
presented in Section VII. justification for this training procedure in terms of the rbv
relevant set algorithm is given in Section Ill. The algomith
can be adapted to work with different evaluation metrics as
well, e.g. in Section VI-D the multi-reference word errotera
This paper views phrase-based SMT as a block sequeli@®VER) is used as training criterion. High BLEU scoring
generation process. A block = (5,T) is a phrase pair block sequences for each training sentence are obtained as
consisting of source phrageand target phras€. Within the follows: the regular phrase-based decoder is modified in a
block sequence generation process local phrase reordsring/ay that it uses the BLEU score as optimization criterion
handled explicitly by introducing block orientation as smo (independent of any translation model). Here, searchimg fo
below. Starting point for the block-based translation niasle the highest BLEU scoring block sequence is restricted talloc
a block set, e.g. abo@t5 million Arabic-English phrase pairs block swapping as is the model-based decoding (as shown
for the experiments in this paper. This block set is used o Figure 1). The BLEU score is computed with respect
decode training sentence to obtain block orientation secpge to the single reference translation provided by the pdralle
that are used in the discriminative parameter traininghihgt training data. A block sequence with an average BLEU score
but the block set and the parallel training data is used ¢ about54.2 % is obtained for each training sentence. The
carry out the training, i.e. while a translation and distort training BLEU score is computed for each training sentence
model is used in generating the block set, these translatioair separately (treating each sentence pair as a singtersm
probabilities are not used during the discriminative tiragn corpus with a single reference) and then averaged over all
During decoding, we maximize the scorg(by, of) of a block training sentences. Although block sequences are fourtd wit
orientation sequenc@’, ot) as defined in Eq. 1. In modelinga high BLEU score on average there is no guarantee to find
a block sequence, we emphasize adjacent block neighbibrs maximum BLEU block sequence for a given sentence pair.
that haveo = R (Right) or o = L (Left) orientation. As The target word sequence corresponding to a block sequence
is demonstrated in Figure 1 during the bottom up decodimipes not have to match the reference translation, i.e. marim
process each block; immediately follows blockb;_; in the BLEU scores are quite low for some training sentences. In
target sentence, and its orientation labgldepends on its order to make the comparison with the MER training [2]
source position relative t; ;. If the block b; appears left straightforward a simplification using so-called ‘seedodi
adjacent to the source phrase of blégk; its orientation label sequences is introduced in Section V. It enables the trgitain
is 0; = L. If the blockb; appears right adjacent to the sourcee carried out without an initial gold standard block seaaen
phrase of block;_1 its orientation label i®; = R. If the block Feature vector components in the block bigram feature
b; appears to the right of the source phraseé;of; but is not vectorf(b;,0;,b;_1) € RM in Eq. 1 can be both real-valued
adjacent it is said to have neutral orientatign= N. Here, and binary-valued. As real-valued feature vector comptmen
the source phrase of a single block must fill the source gae typically take the negative logarithm of some block model
between successor blodk and predecessor blodk ;. This probabilities (for details see Section VI-B). The binargtigre
way blocks with neutral orientation are less strongly '#ak functions are similar to feature functions used in common
to their predecessor block. If the initial blodk occurs at the phrase-based translation systems. While the use of POS-
sentence start it has right orientatian= R. Since there is no based features does not improve translation performaribein
predecessor block here, we assume the presence of a senteagent experiments, more sophisticated features wilekstetd

II. BLOCK SEQUENCEMODEL
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in future experiments. For illustration purposes, the binatraining is to find a weight vectar such that for each training
features do ‘fire’ on the example block sequence in Figure dentenceS;, the corresponding decoder outpuitse V(S;)
There arephrase-basedand word-based features: which has the maximum BLEU score among alE V (S;)
based on Eqg. 2 . In other words, 4f maximizes the scoring
function s,,(z), then z also maximizes the BLEU metric.
Based on the description, a simple idea is to learn the BLEU
scoreBl(z) for each candidate block sequerceThat is, we
, . , would like to estimatew such thats,,(z) ~ Bl(z). This can

1 ’Lebanese’ is a word |r3 the targ?t be achieved through least squares regression. It is eageto s
f2(biy0i,bi-1) = Esh;a\?veor?jf i?}'?ﬁ';’isiﬂfc :Ill;nAny that if we can find a weight vectar that approximateBl(z),

. PATASE " then the decoding-rule in Eq. 2 automatically maximizes the

0 otherwise BLEU score. However, in our experiments, this simple idea
Example featuref; is a 'unigram’ phrase-based feature capyields poor results. The main reason for its failure is duthéo
turing the identity of a block. Additional phrase-basedtieas difficulty of estimatingBl(z) reliably based only on a linear
include block orientation, target and source phrase bigrarambination of the feature vector as in Eqg. 1. Although it
features. Word-based features are used as well, e.g. exaniplnot possible to accurately approximate the BLEU metric
feature f, captures word-to-word translation dependenciessing the scoring functior,, (z) defined in Eq. 1, it is still
similar to the use of Model probabilities in [9]. Additionally, possible to obtain good translation performance. We naie th
we use distortion features involving relative source wora good decoder does not necessarily employ a scoring functio
position andn-gram features for adjacent target words. Thegbat approximates the BLEU score. Instead, we only need to
features correspond to the use of a language model, but theake sure that the top-ranked block sequence obtained by the
weights are trained on the parallel training data only. Felecoder scoring function has a high BLEU score. To formulate
the most complex model, the number of features is aB6ut this idea, we attempt to find a decoding parameter such that

1 block b; consists of target phrase
f1(bi,0i,bi-1) = 'violate’ and source phrase ’'tnthk’
0 otherwise

million (ignoring all features that occur only once). for each sentencB in the training data, sequences ¥(S)
with the highest BLEU scores should ggf(z) scores higher
[1l. A PPROXIMATE RELEVANT SET METHOD than those with low BLEU scores.

Denote byVk(S) a set of K block sequences iV (S)

Throughout Te nsectlon, we lat = (bl’ol).' Each bIocI§ with the highest BLEU scores. Our decoded result should lie
sequence = (b}, of) corresponds to a candidate translation,

o : . In this set. We call them the “truth”. The set of the remaining
In the training data where target translations are giveri,BUB : :
n o ; sequences i¥ (S) — Vk(S), which we shall refer to as the
scoreBl(z) can be calculated for each= (b}, 07}) against | A ; R
. . . - “alternatives”. We look for a weight vectar that minimize
the target translations. In this set up, our goal is to find

weight vectorw such that the highes,, (z) is, the higher the the following training criterion:
corresponding BLEU scor8l(z) should be. If we can find
such a weight vector, then block decoding by searching fr th
highests,, (z) will lead to good translation with high BLEU

N
1
i = argmin | — > d(w, Vi (8:), V(i) + )w? | (3)
score. Formally, we denote a source sentencespwgnd let b =1

V(S) be the set of possible candidate oriented block sequences 1

z = (b},0}) that the decoder can generate frdsn For o(w,Vg,V) = Ve > o oax Y(w,z,2')
example, in a monotone decoder, the Bé8) contains block z€ Vi *
sequencesb} that cover the source sentenen the same Y(w,2,2') = ¢(su(2z),Bl(z);s4(2), Bl(z)),

order. For a decoder with local reordering, the candidate SEhere N is the number of training sentence paits,is a

V(S) also includes additional block sequences with reorderﬁgn-negative real-valued loss function (whose specifigaeho
block configurations that the decoder can efficiently searc

. N . is not critical for the purposes of this paper),aad> 0
Therefore depending on the _specmc |mpIementat|on of tri‘ga regularization parameter. In our experiments, resarks
decoder, the sét’(S) can be different. In general/(S) is a : . :

N . obtained using the following convex loss
subset of all possible oriented block sequend®$, o7)} that
are consistent with input senten8eGiven a scoring function B(s,b;8",b) = (b—b)(1— (s — )7, (4)

sw(+) and an input senten& we can assume that the decoder . .
. . : ) where (z); = max(0,z), s is shorthand fors,(z), b is
implements the following decoding rule: shorthand forBl(z), and s’ and b’ are defined accordingly.

7(S) = arg max s,(z). (2) We refer to this formulation as 'Costmargin’ (cost-sensiti
z€V(S) margin) method: for each input senter8ehe 'Costmargin’
LetS;,...,Sxy be a set ofV training sentences. Each sen®(w, Vk(S),V(S)) between the 'true’ block sequence set

tencesS; is associated with a sé(S;) of possible translation Vi (S) and the ’alternative’ block sequence sBY(S) is
block sequences that are search-able by the decoder. Emeximized. Note that due to the truth and alternative setvep,
translation block sequence € V (S;) induces a translation, always haveb > b'. This loss function gives an upper bound
which is then assigned a BLEU scoi®d(z) (obtained by of the error we will suffer if the order of ands’ is wrongly
comparing against the target translations). The goal of tpeedicted (that is, if we predict < s’ instead ofs > &'). It
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. TABLE |

a|SO haS the property that |f fOI’ the BLEU SCOfBS b/ hO|dS, GENERICAPPROXIMATERELEVANT SET METHOD
then the loss value is small (proportionalite- v').

A major co_ntribution of this _WOI’!( _is a p_rocedure to solve for each data pointS
Eq. 3 approximately. The main difficulty is that the search initialize truth setV (S) and alternative se¥;.;(S)
spaceV (S) covered by the decoder can be extremely large. for ]?Of’:cga‘gﬁ";a‘ig‘g ('Jtiﬁ;gt'onk £=1,--,L
It cannot pe enumerated for practical purposes. Our idea is t select rele\f)ant point§z,.} € V(S) ()
replace this large space by a small subspdce(S) C V(S) updateV;..;(S) — Vi (S) U {zx}
which we callrelevant set. The possibility of this reduction is updatew by solving Eq. 5 approximately (**)

based on the following theoretical result.

Lemma 1: Let ¢ (w,z,2’) be continuous function ofv,
and letw be a local solution of Eq. 3. Let;(w,z) =
MaXy eV (S;)— Vi (S:) w(w,z,z'), and define

estimate them jointly using an iterative algorithm. Theibas
idea is to start with a decoding parameter and estimate
the corresponding relevant set; we then updatsased on the

Vea(Si) = {2 €eV(S;): 3z € Vk(S:) relevant set, and iterate this process. The procedurelis@adit
st(,z,7) = &, z) }. in Table I, where we usé/.; to denote an approximate
relevant set that approximates the true relevantisgt We
Thenw is a local minimum of intentionally leave the implementation details of the (s
1 X - and (**) step open. Moreover, in this general algorithm, wee d
N Z ®(w, Vi (Si), Veer (Si)) + Aw? | . (5) not have to assume thay (z) has the form of Eq. 1. A natural
i=1 guestion concerning the procedure is its convergence mhav

Proof: Let Q(w) = N~! ZN ®(w, Vi (Sy), V(S:)) + It can be shown that under mild assumptions, if we pick in
w?. Let  be a local solution of ), the(@) < Q(w) (7 an alternativez, € V(S) — Vi (S) for eachz € Vi (S)
in a neigbhorhood ofi. Due to the continuity, we may (¢ = 1.--., &) such that

choose the neigbhorhood small enough such thelt < V(w, 2y, 21) = max V(w, zg, 2 ), (6)
Veet(Si) — Vi(Sy), ¥(w,z,2") < &(w,z). This means z'eV(8)~Vk(8)

that ®(w, Vi (S:), Vre(Si)) = ®(w, Vi (S;),V(S;)) in this then the procedure converges to the solution of Eq. 3. More-
neigbhorhood ofo, implying the lemma. B over, the rate of convergence depends only on the property

If ¢ is a convex function ofv (as in our choice), then we of the loss function, and not on the size &f(S). This
know that the global optimal solution remains the same if thgoperty is critical as it shows that as long as Eq. 6 can
whole decoding spack is replaced by the relevant séf.;. be computed efficiently, then the Approximate Relevant Set

In many practical applications, each subspdGe;(S;) algorithm is efficient. Moreover, it gives a bound on the size
can be significantly smaller thaW(S;). This is because it of an approximate relevant set with a certain accuracy. One
only includes those alternatives with scores;(z’) close result of this kind is presented in the Appendix. It should
to one of the selected truth. These are the most importdsg pointed out that in practice exact computation of Eq. 6
alternatives that are easily confused with the truth. Bs&s8n may not be feasible. For example, in the machine translation
the lemma says that if the decoder works well on theggplication, this requires finding a sentence that optimize
difficult alternatives (relevant points), then it works Wweh the BLEU score. This optimization can only be performed
the whole space. The idea is closely related to active legrniover a restricted search space containing only a subset of al
in standard classification problems, where we selectivigl p sentences (e.g., including only local reordering), asiléetan
the most important samples for labeling in order to maximizgection IV. In this case, one may either view the solutionras a
classification performance. In the active learning seft@§ approximation to Eq. 6, or simply regakd(S) as the subset
long as we do well on the actively selected samples, we désentences that can be efficiently searched by the decoder.
well on the whole sample space. In our case, as long as weThe approximate solution of Eqg. 5 in (**) can be imple-
do well on the relevant set, the decoder will perform well. mented using stochastic gradient descent (SGD), where we

Strictly speaking, the transformation of the original desb  may simply updatev as:
into the new relevant set formulation does not necessarily K
make the problem easier a priori: t_he burden is moved from W—s W — nl Z Vot (w, 25, 7).
computing amax over a large collection of alternate hypothe- K~

ses (0 anargmax over the same collection. Both can be, parameter > 0 is a fixed constant often referred to as
intractable because the loss incorporates a non-decol]JiBost’;(\aaming rate. For simplicity, here we skip the regulaitat
BLEU factor. However, the importance of this transformatioterm (SGD Has an implicit’ reqularization effect when the

is due to the fact that this idea leads to a practical proeedyr_ . ; . oo
L earning raten is small), which can be easily incorporated.
that employs an approximation of relevant set as part of the S .
orithm. Under aporopriate assumptions. Using an a im onvergence results can be proved. For simplicity, we diap t
9 : pprop P X g an app analysis. Up to this point, we have not assumed any specific
relevant set ensures the convergence of the algorithmpagsh . L :
: . rm of the decoder scoring function in our algorithm. We
in the Appendix. Observe that the relevant set depends on the . . .
. .~ now consider Eq. 1 used in our model:
decoder parameter, and the decoder parameter is optimize
on the relevant set. In a practical algorithm, it is necessar 50(z) = w? - F(z),



TILLMANN et al.: AN ONLINE RELEVANT SET ALGORITHM 5

TABLE I : .
COSTMARGIN TRAINING ALGORITHM: L — 30 IS THE NUMBER oF  1able I, z;; is used as a short-hand notation for the feature

TIMES THE TRAINING DATA IS DECODED, R = 40 IS THE NUMBER  vector F'(z;;) representing the block sequeneg, where
OF ITERATIONS FOR THESGD TRAINING. THE LEARNING RATE IS F(z) =37 f(b;,0bi_1) is defined as previously. Each time
SET TO7 = le — 4. THE LOSS FUNCTIONI(Z', 2) IS DEFINED IN =17 \" 7,01 . '

SECTIONIV. the relevant set has been increased by a single element for al
input sentences§;, the weight vectom is trained using the
SGD-based online training algorithm described in Sectlbn |
carrying outR = 40 iterations over the relevant sets for each
training sentence;. The newly generated weight vector
which is used for the subsequent decoding step is trained

from scratch, i.e. starting with the zero weighg = {0.0}

for eachinput sentences;, 1 =1,--- , N
V5(S;) is the oracle truth
Vier(Si) < {20(S:)}

for each iterationt: £ =2,---,L
Online Training Step:
initial weight vectorw = wo

for each 'online’ iterationr =1,--- , R ) ) ] B .
for each input sentences; in random order and ignoring the weight vectors of any preceding iteration.
finds = ¥V (s, Bl(zim)) Since this training step is carried out on a single machine, i

findt = o, 500 (s,)y 1 (Zis) 2im) dominates the overall computation time. As each iteratatotsa

we—w+n - (xis — zit) - (Bl(zis) — Bl(zit))

Decoding Step: a single relevant alternative to the dét,;(S;), computation

for each input sentence8;, i =1,--- , N
compute top-scoring block sequenz€s;) and
updateVi.e;(S:) — Vier(S:) U {2(S:)}

time increases with the number of training iterations: the
initial model is trained in a few minutes, while training
the model after the30-th iteration may take a few hours

for the most complex models. The decoding of @88 000

" _ _ training sentence pairs is carried out in parallel Zin 64-
where F(z) = >_;_ f(bi,0i,bi—1). Using this feature rep- gjt opteron machines . Here, monotone decoding is much
resentation and the loss function in Eq. 4, we obtain thgsier than decoding with block swapping: it takes less than
following Costmargin SGD update rule: 0.5 hours while the decoding with swapping takes about an

n K T hour. Since the training starts with only the parallel tihain
W W g ) NABlkyk (1w yk)+~’ ) data and a block set, some initial block sequences have to

ABl, = Bl(zx) = Bl(2k), yrx = F(zx) — F(21)- be generated in order to initialize the global model tragnin

This method is related to some other formulations proposf)f €ach input sentence a simple bag of blocks translation
in the machine learning literature for solving structured-p 1S generated. For each input interval that is matched by some
diction problems such as [10] and [11]. However, the earli®lock b, a single block is added randomly to the bag-of-blocks
approaches cannot be directly applied to our problem un|ég%nslat|onz0(S). The_(_)rder in which the blocks are generated
modifications are made. In this context, both the geneiglignored. For the initial block sequence only block andavor

algorithm presented in Table | as well as its analysis in thdentity features are generated, i.e. features of tfjpend f>
appendix are novel. in Section Il. This step does not require the use of a decoder.

This way, the initial relevant set for each training sen&enc
contains just a single alternative. After each decoding,ste
feature vector representing the top scoring block sequeisce
written in binary format to disc. This binary representatiigts

In this section, we present implementation details for thal the indexes of binary features that are active for thatkl
online relevant set training algorithm presented in Sactib  sequence, e.g. several hundred feature indexes are lmted f
The Costmargin training algorithm shown in Table Il is usetypical block sequence. In additional experimenis-best list
to train translation models based on binary features. It Wgas generated instead of just using the single top-scotoukb
carried out by runnind. = 30 times over the parallel training sequence. While no improvements in translation performanc
data each time decoding all of the training sentences aasl measured by the BLEU score were obtained, using the
generating a single block sequence which is added to thiegle-best block sequence only is important for the folfayv
(approximate) relevant s&f..;(S;) of each input sentence pairreasons: 1) decoding time is increased by about a factor of
Si, wherei = 1,--- /N = 230000 (training data details 3 when non-best lists are generated, 2) the usensbest
are presented in Section VI). A block sequence generatesds significantly increases the disc space requiremehistw
at decoding stefd; is used in all subsequent training steps proportional to the size of the relevant set, i.e. assgmin
¢s > {1. The training data after théth decoding step is the generation of d00-best list abou3 000 feature vectors
given as| V5(S;), VTel(Si)]f;l, where the sizéV,..;(S;)| of need to stored per training sentence pair as opposed to at
the relevant alternative set isafter thel-th decoding step. most30 when generating a single-best block sequence. Even
V5(S;) is the set of the five highest BLEU scoring oraclevhen writing just a single feature vector for each iteration
block sequences that are computed up-front for all trainiradl the relevant sets cannot be kept in memory and the SGD
sentence pair$; and are stored separately as described @gorithm requires constant re-reading of feature vedroms
Section Il. Given the training sétV;(S;), Vi, (S;) ]f\;l the disc such that efficient binary reading procedures have been
highest BLEU scoring block sequeneg for each relevant set implemented.
Ve1(S;) is computed. Given the block sequenge a block Although in order to achieve fast convergence with a
sequence;; is computed which minimizes the loég;, z;;), theoretical guarantee, we should use Eq. 6 to update the
wherel(z’,z) = —(BI(z') — Bl(z)) - (s(z) — s(z) — 1). In relevant set, in reality, this idea is difficult to implement

IV. PRACTICAL IMPLEMENTATION OF RELEVANT SET
METHOD
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TABLE Il - .
PERCEPTRONSTYLE TRAINING ALGORITHM: I — 30 IS THE labeled training data in terms of gold standard phrase-to-

NUMBER OF TIMES THE TRAINING DATA IS DECODEQ R =401s  phrase translations is needed to initialize the training, i

THE NUMBER OF ITERATIONS FOR THESGDTRAINING, no oracle BLEU computation as described in Section Il is
N = 1043 IS THE NUMBER OF DEVSET SENTENCESTHE

LEARNING RATE IS SET TOn = le — 5.

for each input sentences;, 1 = 1
Vier(Si) < {20(8:), 21(S:)
for eachiteration¢: £ =3,--- | L
Online Training Step:
initial weight vectorw = wo
for each 'online’ iterationr =1,--- | R
for each input sentenceS; in random order

find s = me{lffg'ﬁ;;(si)\} Bl(zim)
find t = ’

N

MLy 5 [Vper (89)]3 5w (Zim)
we—w+n-(Tis — Tit
Decoding Step:
for each input sentence8;, i =1,--- , N
compute top-scoring block sequenz€s;) and
updateV;.i (Si) — Vyer(S:) U {z(S:)}

needed. Based on the observation that a ’flat’ weight vector
w already results in surprisingly good translation scorgs, i

in Table VII the perceptron trained weight vector achieves
a BLEU score 0of44.7 (as shown in linell) while the

flat weight vectorw; achieves a BLEU score of3.1, two
different translations per input sentence are generatadhwh
are used as ’'block sequence seeds’. Here, two weight vectors
wy andws are generated independently of the training data,
i.e. a flat weight vectorv; = {0.1}7 and an almost flat
vector wo which is generated fromw; by adding a small
random numbep € [-0.01,0.01]. As shown in Table IlI,
the initial two weight vectorss; andw, are used to generate
two block sequencesy(S;) and z1(S;) per input sentence

S;. These block sequences are used to initialize a simple
labeling scheme: for each iterationand relevant set(S;)
because it requires a more costly decoding step. Thereftiie online training algorithm computes theh decoder output
in Table Il, we adopt an approximation, where the relevamts with the highest BLEU score and thieth decoder output
set is updated by adding the decoder output at each stagezinwith the highest translation score. Each time a candidate
this way, we are able to treat the decoding scheme as a blaekV (S;) is processed, the cost-insensitive perceptron weight
box. One way to approximate Eqg. 6 is to generate multiplector updatew — w + (z;5 — x4) iS used to update the
decoding outputs and pick the most relevant points based weight vectorw € R” on this candidate set. The perceptron
Eqg. 6. Since , as mentioned above, théest list generation algorithm iteratively enlarges the candidate set by titired
is computationally costly, only a single block sequence ®&ach sentence of the development data 2 times, where
generated for each training sentence pair. Although we ate= 30.
not able to rigorously prove fast convergence rate for this The MER training [2] tries to find a parameter vectol! €
approximation, it works well in practice, as Figure 2 show®R to optimize the development set BLEU score of a log-
Theoretically this is because points achieving large aine linear model Pr(el|f;{), where f/ is a source sentence of
Eq. 6 tend to have higher chances to become the top-rankenigth J and ¢! is a target sentence of lengthand M is
decoder output as well. the number of probability features. The model is defined as
follows:

exp Zn]\f: Whm (el £
P (elIf) = Z L) }(8)

, M I e

Table Il presents a simplification of the relevant set algo- Ze/{ P [Zmzl wmhm (€32 1)
rithm in Table II. In Section VI-B, this perceptron-stylegat where h,,,(e!, f/) is a global feature function. In the MER
rithm is compared empirically to the widely used minimumimplementation [12] the feature function’s,,(el, f{) are
error-rate (MER) training, carrying out translation expegnts obtained by summing probability features along the final
using the same decoder and the same decoder paramaéeoder path. Using a block-based decoder this is equivalen
setting. The MER training is the Perl implementation predd to summing the probability features over the final block
by the NAACL 2006 SMT workshop [12]. The perceptrorsequence, i.e. if a block sequencaepresents a translation
algorithm is aC++ implementation. Both algorithms sharefrom the input sentencg;’ into the target sentence then
the same data presentation for a candidate translatiorwa fine m-th component of the global vectdr(z) is taken as
dimensional feature vector € R is computed, where the the feature valué:,,(-). Here, the sum in the denominator
feature components; are obtained by summing variousof Eq. 8 is not computed as it is assumed to be constant
probability features over all blocks in given block sequendor a given input sentencé;. A disadvantage of the MER
z1 F(z) =1 f(bi,0b;_1), wheref(b;,0b;_1) € R” isa training algorithm is that by updating the weight vector
'dense’ feature representation of the block orientatiaggrdsn component-wise carrying out a one-dimensional line sefarch
f(bi,0.b;,—1) andz is a shorthand for the feature vectBfz). each dimension of the weight vector, it cannot handle a high-
The actual probability features are defined in Section VI-Blimensional feature space. Since the BLEU [13] evaluation
While the MER training explicitly tries to minimize test setmetric is computed on the test set level, the MER training als
level translation error, the perceptron-style algorithorke by optimizes the parameters” on the test set level. On the other
iteratively carrying out a simple ranking task on a sentenchand, the perceptron algorithm optimizes the weight veetor
by-sentence basis. Apart from using simple perceptrole-stypy computing BLEU on the sentence level only. At least for
weight updates, the algorithm in Table Il is also simplifiedhe feature set in this paper, the results show no degradatio
by introducing so-called 'seed’ block sequences. No bloék performance due to this simplification.

V. PERCEPTRONSTYLE ALGORITHM AND MER TRAINING
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. . . TABLE IV
For the experiments in Section VI-B, the seed block ap- tgainiNG AND TEST SET STATISTICS FOR THEARABIC-ENGLISH

proach is also used in connection with the Costmargin weight TRANSLATION EXPERIMENTS PRESENTED IN THIS PAPER
vector updates to allow direct comparison of the differesitt

ing algorithms, i.e. no oracle block sequences are genkiate | [ Arabic | English |
the development data. When handling real-valued 'informa- Train Sentences 229 247
tive’ features the perceptron algorithm performs as wethas Words | 5519768 | _ 6761083

. . . DEV MTO02 Sentences 1043
Costmargin algorithm Whlch_demonstrates tr_le usefulness of Words | 26049 | 110176 (4 fefs)
the relevant set approaéhWhile the Costmargin, perceptron, TEST MTO3  Sentences 663
and MER training algorithms result in largely comparable Words | 16264 [ 92647 (4 refs)

performance on a standard Arabic-English translation, sk

online training algorithms have the following advantagesro ) _

the MER training: 1) By not having to generate a comput&@ining sentence pair for each of these phrases. The irgsult
tionally expensiven-best list during training decoding speedMT03-specific’ training data contains abo20 000 sentence

is increased by a factar: an almost identical translation per-Pairs. Contrary to the pre-filtering of the training datae th
formance is achieved by generating a single top scoringkblo@o‘?k set us_ed in the experiments is npt pre-filtered acogrdi
sequence on each iteration over the training data. Since fRe@ny particular test data and consists of ab@G82 000
online algorithms compute only sentence-level BLEU scor&4ocks. Experiments where the block set was also pre-fitere
they are conceptually simple and fast. 2) Compared to tAgcording the MTO3 test set resulted in a decreased BLEU
MER training, improved translation performance is obtdineScore by abous %. The block set is derived using a phrase-
when including a non-probabilistic feature component thiw  Pair selection algorithm similar to [9], [14]. Blocks thataur
feature vectorr, e.g. the target phrase length. Additionallyonly once in the training data might be included as well.
in the case that the evaluation criteria used during trginiftdditionally, some heuristic filtering is used to increasegse
and testing differ (cf. Table VIII) the perceptron algorith translation accuracy. In all the experiments reported,dwor
outperforms the Costmargin algorithm. 3) The online tragni casing is added as a post-processing step using a statistica
algorithm can handle millions of features on top of an aI;eaandel (details are omitted here). Translation performance

strong baseline system using probabilistic features asnshoterms of BLEU is typically improved by abott % ignoring
in Table 1X. the case information. Translation results in terms of two

automatic evaluation metrics for SMT, namely the BLEU
evaluation metric [13] and the METEOR evaluation metric
o ) [15] are used in this paper. METEOR has been shown to
The discriminatively trained block sequence model for SMEighly correlate with human quality assessment and it can be

presented in this paper is tested on an Arabic-to-EngligBmputed fast which is important for carrying out the decode
translation task. The training data consists of the offid&ta pased experiments in section VI-B.

available for the NIST2004 MT evaluation. About92 000
sentences2(8 million words) come from newswire data, and ) ) )
3.77 million sentence pairsi(5 million words) come from UN A EXperiments with Binary Features
proceedings. The language model used during the expesmentTable V presents experimental results in terms of uncased
is trained on IBM proprietary data consisting bfl5 bilion BLEU and METEOR for a model that uses binary feature
English words. Some punctuation tokenization and some nufanctions. Two reordering restrictions are tested, i.enatone
ber classing are carried out on the English and the Araldecoding (MON’), and local block reordering where neighbo
training data. Translation results in terms of the automathblocks can be swapped (SWAP’) ( see Figure 1 for an
cased BLEU evaluation metric [13] are presented on tkxample). While the 'SWAP’ reordering is quite restrictive
MTO3 Arabic-English DARPA evaluation test set consisting allows for the decoding step in the training algorithm in
of 663 sentences with6 264 Arabic words andi reference Table Il to be carried out fast. In order to obtain the results
translations. For some of the experiments using 'speeidliz in Table V, the following binary feature types are used which
probabilistic features in Section VI-B a development text sare listed separately according to whether they are defined o
is used which is the development data provided by LDC fdhe word level or on the phrase level. The following word-
the 2002 DARPA Arabic-English MT evaluation. This datdevel features are used: 'Modél type features as defined
consists ofl 043 sentences witl26 049 Arabic words andd in Eq. 2, distortion type features, features on target laggu
reference translations as well. A summary of the trainind atrigrams, and a special word bigram feature for boundary
test data statistics is shown in Table IV. words of adjacent target phrases. The phrase-based feature
Currently, in order to be able to carry out the discrimiinclude block unigram features (as defined in Eq. 2), block
native training algorithm the original training data isdiéd orientation features, target and source phrase bigrararfesat
according to the MTO3 test set: all the Arabic substrings s well as a phrase length features:
to length 12 that occur in the test set are computed and

the parallel training data is sampled to include at least one 1 block bi'con3|sts of t-he targ,et
Fo(bs, 01, bi_1) = phrase 'Lebanese airspace’ and the
1y Yy Vi — -

10n the contrary, the perceptron algorithm results in sigaiftly lower source_phrase i3 words long
BLEU scores when used with binary features only. 0 otherwise .

V1. EXPERIMENTS
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TABLE V 0s ‘ ‘
BLEU TRANSLATION RESULTS ON THE TRAINING DATA(230 000 TRAINNG SETBLEY =
SENTENCEQ AND THE MTO3 TEST DATA (663 SENTENCES USING 045 -

BINARY-VALUED FEATURES.
04
Re- Feature training test
ordering types training test bleu | test meteor 035 -

1 '"MON’ oracle bleu 54.2 - -

2 phrase 41.6 28.2 59.1 03

3 word 42.3 34.0 60.8

4 all 45.8 34.7 61.1 0z

5 all & LM 34.1 36.5 60.4 oal

6 'SWAP’ | oracle bleu 59.4 - - L

7 phrase 43.9 30.5 59.7 oist ./ |

8 word 449 344 61.0 N

9 all 44.4 35.4 61.3 o1 / g

10 all & LM 36.6 38.7 62.9 !

0.05 L L L L .

0 5 10 15 20 25 30
Fig. 2. Training and test learning curves for the Costmagjgorithm in

In addition to the features mentioned above, POS-basedle Il corresponding to liné in Table V. The upper graph shows the
features have been tested but did not improve transiatBff< g BLEL sores i s svge reference e ovepty
performance. For the results with word-based features, orﬁyraﬂonL
the decoder still generates phrase-to-phrase transtathort
all the scoring is done on the word level.

Line 2-4 and line 7-9 in Table V present results for a
translation system that is based on binary features ariljne
fourth column shows translation performance on the trginin
data in terms of averaged sentence-level BLEU score whereFigure 2 shows the BLEU score for the model correspond-
the length penalty is not taken into account. Column five amalg to line9 in Table V as a function of the number of training
six show BLEU and METEOR translation results on the teserations: thez axis is the number of training iterations
set level where for the BLEU test score the length penalty= 1,... L = 30, the y axis shows the BLEU scores on
is taken into account. The best performing system in finethe training and test data. By adding top scoring altereativ
achieves a BLEU score 86.4 3. Line 1 and line5 of Table V in the training algorithm in Table II, the BLEU score on the
show the averaged sentence-level BLEU score obtained thyining data improves from abow.0 for the initial model to
searching for the highest BLEU scoring block sequence fabout46.0 for the best model afte30 iterations. After each
each training sentence pair as described in Section IIwAllg training iteration the test data is decoded as well. Here, th
local block swapping in this search yields a much improveBILEU score improves frons.0 for the initial model to about
BLEU score 0f59.4. The experimental results show that word35.5 for the final model (the test data block sequences are not
based models significantly outperform phrase-based modeised in the training). The learning curve in Figure 2 is tgpic
the combination of word-based and phrase-based featuf@sthe experiments in Table V: the training BLEU score is
performs slightly better in terms of BLEU and METEORmuch higher than the test set BLEU score despite the fact that
translation scores. Swap-based reordering seems to perfade test set uses reference translations. Additionally, lirie
slightly better than monotone decoding. For all experirsgntand line10 in Table V show that a significant improvement in
the training BLEU score remains significantly lower than thganslation quality can be obtained by including a singkd-re
maximum obtainable BLEU score shown in liheand line5. valued feature into the discriminative training, i.e. thigram
In this respect, there is significant room for improvements language model probability for predicting all the targetras
terms of feature functions and alternative set generafibe. in the target phrase of a block (here, feature (c) and (d) from
word-based models perform surprisingly well, i.e. the mlodehe itemization in Section VI-B are merged into a single fea-
in line 8 uses only three feature types: 'Modetypes features ture). The language model feature is included as a component
like fi001 in Section Il, distortion features, and target languagato the global feature vectoF'(z) = >.", f(bi, 0, bi—1).
m-gram features up te: = 3. Training speed varies dependingd constant weightwr; = 0.1 is assigned to the language
on the feature types used: for the simplest model shown rifodel feature during decoding and training. Figure 3 shows
line 2 of Table V, the training takes abou® hours, for the that by including a language model a much faster convergence
models using word-based features shown in linand line of the online training is achieved, i.e. the Costmargin athm
8 training takes less thai days. Finally, the training for the converges afteB iterations rather than afte5 iterations as
most complex model in lin8 takes about days where up to shown in Figure 2. The trigram language model does improve
35 million feature weights are trained. translation performance significantly in the 'SWAP case, i.

from 35.4 to 38.7 in BLEU test score. Interestingly, when
2The results in lings and line 10 include a single language model featureusing the language model feature the BLEU score on the

as explained below. _ __training data is actually lower while test score is impraved
SWith a margin of41.4 %, the differences between the results in lin

3-4 and line 8-9 are not statistically significant, but the other BLEU resuﬁIhe smgle Iangua_tge model featl.”_e seems prevent the bmary
differences are. model from overfitting on the training data.
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0s ‘ ‘ TABLE VI
TRAINNG SETBLEY ARABIC-ENGLISH TRANSLATION RESULTS USING THE7 REAL-VALUED
045 | ] FEATURES(A)-(G) DEFINED IN SECTIONVI-B, INCLUDING THE
"NON-PROBABILISTIC' (G) FEATURE. HERE, THE MER TRAINING
04| . e = RESULTS IN A LOWERBLEU SCORE
0.35
Line | Training | n-best| training test
osl |} 1 Method size | dev bleu | test bleu | test meteor
‘ 2 flat - 29.5 43.1 64.7
o5 | 3 mer 1 30.0 125 64.5
N 4 3 30.6 43.2 65.7
0z 4 ,r’ 5 10 31.8 44.0 66.7
el U | 6 100 315 437 66.3
' ¥ 7 cost- 1 31.9 44.8 66.9
01l ] 8 margin 3 31.6 44.6 67.6
9 10 32.2 44.9 68.6
0.05 . . . . . 10 100 32.1 44.3 68.8
0 5 10 15 20 25 30
11 percep- 1 31.6 44.7 67.0
Fig. 3. Training and test learning curves for the Costmagjgorithm in 12 -tron 3 31.8 44.6 67.2
Table Il corresponding to liné0 in Table V. When including the LM feature 13 10 32.1 45.7 67.8
the online training algorithm converges much faster. 14 100 32.2 44.6 68.7

ARABIC-ENGLISH TRANSLATION RESULTS USING THEG REAL-VALUED

TABLE VI

FEATURES(A)-(F) DEFINED IN SECTIONVI-B. THE RESULTS ARE

OBTAINED WITH A SMALL CONSTANT LEARNING RATE OF ¢ = 107°.

B. Experiments with Specialized Features. Comparison with

MER Training

In this section a detailed empirical comparison between
the widely used MER training in [2] and the online training
methods presented in this paper is given. As for the minimum
error-rate training a Perl implementation of the algorithm
is used which has been provided to the participants of the
NAACL 2006 Workshop on Statistical Machine Translation
[12]. This Perl implementation is modified in such a way that i
can be carried out using the same block-based decoder as used
for the experiments in Section VI-A. Since the algorithm in °
Table Il is implemented in C++ no direct comparison in terms
of CPU time is possible: the algorithms are analyzed in terms
of convergence behavior and the size of théest list used
during the discriminative training. For the experimentshis

training data and a test set specific block set for a phraseeba
machine translation system typically result in ab®ét BLEU
score improvement on the test data: even better translation
results can be expected in future experiments using actstri

Line | Training | n-best| training test h g
1 Method | size [ dev bleu | test bleu | test meteor block set. The following real-valued features are used during
2 flat - 26.8 40.0 60.8 the experiments:

i mer ;’ gg:g ﬁ:g gg:g « (a) Direct .Mode!: the 'direct’ translation probability for
5 10 32.8 147 6.7 a block b is defined agp(b) = N(b = (S,T))/N(T),
6 100 32.6 44.9 66.8 where N (b) is the block unigram count ant¥ (T') is the
4 cost- 1 31.2 44.0 67.0 target phrase unigram count for the target phrase

8 margin 3 31.1 44.7 66.6 getp 9 getp

9 9 10 313 170 673 « (b) Lexical Weighting: the lexical weightp(S | T') of

10 100 31.4 145 67.2 a blockb = (S,T) is computed similarly to [9] and
11 | percep- 1 30.9 4.1 67.0 depends on the Model translation model probability
12 -tron 3 30.1 13.7 65.5 [16]

13 10 30.9 145 66.3 . .

14 100 30T R 66E « (c)-(d) Trigram language model: Two language model

features are computed: 1) probability of the first target
word in target clumpT; for block b; given the final
two words of the predecessor target cluffip,, and 2)
probability of predicting the rest of the target words in
target clumpT;.
« (e)-(f) Distortion Weighting: A block reordering model
with word-based distortion probabilities is used. The
distortion model is computed from word-aligned training
data [17]. Similar to the block orientation model, so-
called inbound and outbound scores are assigned to a
block pair (b;—1,b;) based on their source positions
relative to each other.
(g) Target Phrase Length: The negative number of
words in the target phrasg of a blockb. This feature
is used to control the total number of words in the final
translation.

section a larger block set containi2g 732 807 blocks is used. C. Effect of Feature Choice

This block set and the feature components described belw arFor comparison purposes, experiments are carried out with
trained on a slightly larger training data consisting4063 different sub-sets of th& features defined above. The results
million training sentences including some IBM proprietaryn Table VI are obtained using thé features (a)-(f), while
data. Here, the block set used is not specific to any test ddta.the results in Table VIl the non-probabilistic (g) feedus
This has the advantage that development set and test set wsed additionally. Results for three algorithms are preegsen

be decoded using the same block set. Using test set spedhie Costmargin algorithm presented in Table I, the peroept
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! 0.46 ‘
TEST SET BLEU ——
TRAINING SET BLEU --—+---
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TEST SETBLEU ——
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Fig. 4. Training and test learning curves for the Costmaedgorithm in  Fig. 6. Training and test learning curves for the MER aldponitcorrespond-
Table Il corresponding to ling in Table VII. After the two 'seed’ block ing to line 3 in Table VI. Unlike the learning curves presented in Figurer 4
translations have been generated, performance drops abuilt the8-th  Figure 5, good performance is already achieved after theférg decoding
iteration when appropriate alternatives have been gesterat train a good steps.

weight vector.

TEST SETBLEU ——

TRAINING SET BLEU graph generation.

05 q
Figure 4, and Figure 5, and Figure 6 show learning curves
on training and test data for the three different algorithms
Here, thex axis is the number of training iteratiors €
{1,---,L = 30} (L = 20 for the MER training), and the
y axis is the BLEU performance on the training and test data.
In Figure 4, the averaged sentence-level BLEU score on the
training data is improved from29.5 for the initial model to
31.9 after30 iterations. Simultaneously, on the MTO03 test set,
the BLEU score improves from3.1 to 44.8. The learning
curve in Figure 4 is typical for the experiments in Table Vian
in Table VII: it is less smooth than the one shown in Figure 2
where only binary feature are used. This is particular true
Fig. 5. ~ Training and test learning curves for the percep@igorithm in for the cost-insensitive perceptron weight vector upda®es
Table Ill corresponding to liné1 in Table VII. The cost-insensitive perceptron . . . .
update results in a less smooth learning curve, but tramslaerformance is shown in Figure 5. To obtain the scores shown in Table VI and
nearly identical. Table VII the online training algorithm is carried out to alvt
a weight vectorw; for each iteration/. The weight vector
w; which corresponds to the highest development set BLEU
algorithm shown in Table lll, and the MER training. Wherscore is used to decode the MTO03 test set as well. Although
using the Costmargin algorithm, the block sequence 'seatie learning curves corresponding to the perceptron trgini
simplification from Section V is employed, i.e. the trainiisg are not as smooth as the ones obtained from the Costmargin
initialized with two 'flat’ weight vectors as for the perceph training, after carrying ouL = 30 iterations, translation per-
algorithm. All three algorithms train the same low dimemsib formance does not seem to be effected significantly. Figure 6
weight vectorw € RM, where M € {6,7}. In both tables, shows the learning curve corresponding to the MER training.
the second column reports the training algorithm used. Lifi&ven so the MER training conceptually maximizes the corpus-
2 shows the surprisingly good BLEU score obtained whesvel BLEU score the averaged sentence-level BLEU score is
decoding with a "flat’ weight vectow, = {0.1}*. The third reported for direct comparison purposes. The MER learning
column shows the size of the-best list, the fourth column curve is much smoother, but the MER training algorithm
reports the averaged sentence-level training BLEU séoreis more complex than the online training algorithms which
the fifth and sixth column show the MTO3 test set BLEUheed only a few seconds of CPU time to run on the small
and METEOR score$. The three algorithms are analyzedievelopment set. Contrary to [2] where the use o20&-
in terms of translation performance and size of thbest list. best list is reported, the results in Table VI and in Table VI
N-best lists are generated using the algorithm in [18]. [1$how that a good translation performance can be obtained
gives details on the block-based decoder and the translatising al-best list even in the case of the MER training. In
the case of the Costmargin and the perceptron algorithm an
“While the averaged sentence-level BLEU scores are ar@ongh , the almost identical performance is obtained using-best list.
i LG Sren oy 55 4T %% When usings real-valued features, Table VI shows that the
MER training obtains the best BLEU score on training and

5The margin for significant BLEU differences is abotitl.5 % on the o - S
MTO3 test set. test data. Although the MER training achieves a signifigantl

0.4

03 | *+-

01

0 L L L L L
0 5 10 15 20 25 30
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. . TABLE VI
higher BLEU score on the training data (a BLEU score of = aragic-ENGLISH TRANSLATION RESULTS USING THE MULTIPLE

32.8 (line 5) vs. a BLEU score of31.4 (line 10) for the WORD-ERRORRATE (MWER)AS TRAINING CRITERION. HERE, THE

Costmargin training), the performance difference on the te’ERCEPTRON TRAINING RESULTS IN SUBSTANTIALLY BETTEBLEU TEST
. ' . . SCORES

data is much smaller4{.7 vs. 44.5), i.e. while the MER- RE

trained weight vector fits the training data better no acxget Method | n-best| training test
is obtained on the test data. Moreover, when including a non- size [ dev mwer | test bleu | test meteor
probabilistic feature the MER training achieves a signiftba cost- 1 38.2 42.9 66.3
. margin 3 37.9 41.5 64.4
lower BLEU score as shown in Table VII. Here, performance 10 383 179 651
can be improved significantly by increasing the size ofithe 100 38.2 1.7 65.2
best list. On the other hand, the Costmargin and the peaeptr percep-| 1 38.0 15.3 66.4
algorithm achieve a close to optimal BLEU score by producing tron 3 36.4 44.3 65.5
. ] 10 37.8 445 66.6
a l_-pest list (_)nly. Here, the percgptro_n and th_e Costmargln 100 567 13 656
training algorithms have a nearly identical run time whish i
not effected by the different weight vector updates. A tabic TABLE IX

run over the MT02 development data takes ab@gtseconds ARABIC-ENGLISH TRANSLATION RESULTS DEMONSTRATING THE USE OF
BINARY FEATURES TO IMPROVE A BASELINE SYSTEM BASED ON

on a single Opteron machine (using a trigram language model) REAL-VALUED FEATURES.

Generating am-best list slows down decoding by about a _

factor of 3, where the size: of the n-best list does not effect | Line | Setof Features | training test

he decoding time significantly. Online training time is ywnl dev bleu | test bleu | test meteor
the decoding gnificantly. Or 9 ynl 7 features 319 1138 66.9
about(0.43 seconds per iteration, i.e. less tharfo percent 2 7 features & binary| 31.6 45.1 67.8

of the total training time is needed for the online training | 3 binary & 7 features| 31.7 45.6 67.8

step in Table Il and in Table Ill. The online training time is

close to being linear in the size of thebest list as can be ) ) _
expected from the description of the algorithm in Tablettie USing the? real-valued features (a)-(g) described in Section VI.
complexity of theargmax operations in the inner-most loop 1N baseline system is the one corresponding toife Ta-

is linear in the sizdV (S)| of the relevant set. ConsequentyP!€ VI, i.e. the weight vector is trained using the Costnirarg
when using al0-best list training time is increased &5 algorithm with al-best list. The training is carried out in two

seconds per online iteration. Usingsagram language model s_tages: either_the Weight for th_e real-valued _featureaieed
in the experiments corresponding to limeand line 11 in first and kept fixed while the weights for the binary featunes a

Table VII improves the BLEU test score by abaut % to trained or the binary feature weights are trained first fo#d
47.3 and 46.9 respectively. Since using &gram language by the trgining of the weig_hts for the re_al—valued features.
model increases decoding time by more than a fabfioonly The binary feature weights are trained on the parallel

a 3-gram language model is used for the experiments in tH[&ning data consisting of the30 thousand sentence pairs
paper. used for the experiments in Section VI-A. The weight vector

for the real-valued feature components is trained on the MTO

D. Effect of Evaluation Metric Qevelopment set. Table VI shows_ that a small improvement
' in BLEU and METEOR scores is obtained on top of an
Table VIII shows the effect of Using a different eVaIUatiO%“'eady good baseline System, i.e. the MT03 BLEU score

metric during training. Here, the multi-reference wordeer ig improved from44.8 to 45.6 and the METEOR score is

rate (MWER) [20] replaces the averaged sentence-level BLEHproved from 66.9 to 67.8 (line 3 of Table IX). These

score during training. The MWER is based on a simple worgksylts are obtained by training the binary feature weitjrgs

matching algorithm and can be computed efficiently. In ordgyaining the real-valued feature weights first (i.e. reagsine

to apply the Costmargin training algorithm, a reverse mWEReights from linel) results in a worse BLEU score as shown

e is defined:e =1 —¢, wheree is the regular MWER which jn jine 2. Training the weights for both binary and real-valued

is computed on a sentence-by-sentence basis. The revessgures simultaneously is future work as the current imgin

MWER is used as a replacement for the BLEU score in tite nstable in this case.

Costmargin algorithm. Again, experiments are carried out f

different sizesn of the n-best list. The results in Table VIII VII. COMPARISON AND FUTURE WORK

show that using the reverse mWER as a training CrltenonThe work in this paper substantially differs from previous

decreases BLEU and METEOR test scores when using W " o rase-hased SMT [9], [21], [22] which is based
Costmargin training algorithm: this ‘is due the evaluatlogn components which are estimated using generative models
metric mis-match on training and test data. On the other hand P 99

. . . similar to the noisy channel approach in [16]. While error-
for the cost-insensitive perceptron algorithm the perfamoe . o ; . o .
ST . driven training techniques like the MER training algorithm
degradation is minor compared to the results in Table VII.

[2] are commonly used, this paper presents a sequentiak bloc

o _ segmentation approach to SMT that is similar to part-oespe

E. Combination of Real-valued and Binary-valued Features  tagging or shallow parsing. The novel approach treats the
Table IX demonstrates the improvement obtained frodecoding process as a black box and is capable of optimizing

including binary-valued features on top of a baseline sgsteens of millions of parameters automatically, which makes i
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: . TABLE X
app“cable tO Othel’ pr0b|emS as We” A|th0ugh at thIS Stage APPROX”\/IATE RELEVANT SET METHOD WITH EXACT
the system performance based on binary feature functions is MINIMIZATION

not yet better than previous approaches, improvementsean b

expected in the future, e.g. training weights for phrasgeta [ initialize weight vectorwg «— 0

features discriminatively might have advantages oveningi | for each data points; .

phrase-based weights generatively as in [23]. The choioewof | Z';téﬂ'ﬁeeééﬁﬂgﬁéf‘a&oi”f Z"t:‘fffét{\{eV% (Si) = {}
formulation is convex. However, the loss functionin Eq. 4mg V(s,) — v (Si). T

not be optimal, and using different choices may lead to BItUr 5, each data poirﬁfsli andzy, € Vic(Si)

improvements. Another important direction for performang select an alternativéy (S;) € V(S;) — Vi (S;) such that
improvement is to design methods that better approximate Y(we_1,2k, 74 (S:)) = max,s cv(s,)—vi (s;) Y(We—1, 2k, ")
Eq. 6. While the global training approach presented in this updateV, " (S;) — V7 (8:) U {2 (S:)}

paper is simple, aftet5 iterations or so, as can be seen fro let Qp(w) = N=1 20, ®(w, Vi (S:), V" (8:)) + Aw? and
the learning curves in Figure 2 and Figure 3, the alternativie—UPdatew: we — arg miny, Qe (w)

that are being added to the relevant set differ very little

from each other, slowing down the training considerablyhsuc

that the set of possible block translatioh¥S) might not
be fully explored. As is shown extensively in Section VI

Lemma 2: Consider Table X, and assume thiatw, V, V')
_gs a convex function ofv. Let

the current approach is able to handle models based on real- 0

. ) M,y = S Vw 1, %k, Z1(S; Awl|a.
valued features as well. The perceptron algorithm predente ¢ i,zkzl\gj(si) IVt (wer, 2k 2(S:)) + Mooz
Table Ill is conceptually simple, fast and achieves perfamoe
comparable to the MER training algorithm. DefineQ(w) = N1 vazl & (w, Vi (S;), V(S;)) + Aw?, and

Two perceptron-like algorithms that handle global feature, = inf,, Q(w) — Q¢(wy), then
in the context of re-ranking are presented in [24] whereltesu -
comparable to the MER training are achieved. The results in 0 < d0¢ < max(0.50¢-1, 01 — 0.25AM, "6;_).
that paper are based on re-rankingest lists and the run
time complexity of these algorithms is quadratic in the size
of the n-best lists, where: = 1000. On the other hand, the
complexity of the online algorithms in this paper is onlydar
in the size of the alternative s&'(.S)|. Another perceptron-
style discriminative training algorithm for SMT is presedt _ :
in [25]. Unlike the current work, the perceptron algorithm i Qelwer) = Qwe—) 2 I Q(w) 2 Qer (we-n).
[25] is restricted to handle only source sentences of leRgth  Therefore if we letl; = Qu(wy—1)—Qo—1(ws—1), thend,_; <
words, and it still uses so-called blanket probability éeas in 7, |ett, = Q,(w,)—Q,_1(we_1), thenb, = 6,1 —5,. Since
all its experiments. Additionally, [25] raises the issueeliter ¢ o, | (w, ;) =0, we can use convexity and obtain
a reference translation is reachable for a given block sét an
decoder and modifies its update strategy accordingly. The=Q,(w;) — Q¢—1(we—1)
problem of reachability within the Costmargin approach is >Qu—1(we) — Qu1(we_1)
handled by the fact that the gold standard block sequence is T
generated by the same decoder that is used during training,ZQ"‘l(w") — Qea(we-1) = VuQe-1(we-1)” (we — we—1)
i.e. the updates are carried out towards a block sequenceﬁ/\HWA — welf3-
which is guaranteed to be reachable. On the other hand
when training weights for real-valued features the perogpt
algorithm performs as well as the MER training without takin T
re%chabilig/ concerns into account. The usegof ’seed’é?)(lock Qe(we-1) = Qe(we) < VuQelwe-1)” (we-1 = we).
sequences in Section V is related to the use of the 'seeds rufeherefore
in [26]. The direct translation model presented in [27] can
also be compared to the current paper. A MaxEnt model is dp — be =Q(we—1) — Qe(we)
trained which is capable of handling millions of featurehisT <V Qe(we—1)T (we—1 — wy)|
MaxEnt model still relies on a set of specialized featured an
binary features are manually crafted to fit the Arabic Ermglis

Moreover, letw = arg min,, Q(w), then||w,—w||2 < 1/J¢/ .

Proof: Since for eachw, Q(w) > Qe(w) > Q—1(w),
we have the following inequalities:

Similarly, by convexity,

<My|lwe—1 — wel|2

direct translation model. In contrast, the discriminatianing SMen/be/ A
algorithm presented in this paper treats the decoder ascé bl . _
box and allows features to be more freely defined. Riow usingde—y < dg andbe = de—1 — d,, We havedy <
de — by < Mg/ (001 — 5@)//\ . That is,
APPENDIX

) ) ) Op < p_1— )\M[Qég.
We present an instance of the generic approximate relevant
set method in Table I, for which we can prove a convergentée thus either havel, < 0.56,_1 or §, < dp_1 —

bound. 0.25AM, 262 ,. This proves the first claim. For the second
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claim, we note that the first order conditidn,, Q¢(w¢) = 0
holds. Therefore by convexity, we have

Qe(w) — Qe(we)
Qu() — Qr(we) — Ve Qe(we) " (b — wy)

Mlwe — 3.

[20]

(11]

> [12]

[13]
This implies thats, = Q(w) — Q(we) > Mwe — 0|3
Lemma 3: Assume that for > 1,

[14]
¢ < max(0.56,_1,00—1 — 0.25AM, %67 _,).

Let A = 2sup,;, M2/ and, = max(0, log(do/A)). Then [

when/? > ¢,

50 < 24/(L— 0, +2). .

Proof: If §, > A, thend, < 0.56,_1--- < 0.5%5. This
implies thatd,, < A. We now prove the lemma by induction.
When/ = /., the claim holds. Whed > /.., we assume that
the claim holds for,_1, then

[17]

(18]

8¢ <601 — 6;_1/(24) [19]
2A/(6 — Ly +1) —2A/ (L — £, +1)?
=2A[(l — L) (L — b +2)/({ — L + 1T /(0 — £, +2) 120
<2A4/(0 — 0, + 2).
This proves the lemma faf,. m [21]

Theorem 1. Under the conditions of Lemma 2, and let
A = 2sup,c;, M7 /X and/, = max(0,log,(Q1(0)/A)). Then [22]
whent > ¢,, 5, <2A/(¢ — L. +2) and

|we — o < /2A/N( — €, + 2). (23]

Proof: We note that, = inf,, Q(w) — Qo (0) < Q1(0) — [24]
Qo(0) = Q1(0). The claims are now direct consequences of

Lemma 2 and Lemma 3.
[25]
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