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Abstract

Phrase-Based Statistical Machine Translation (PB-SMadlgerly the leading paradigm
in the field today. Nevertheless—and this may come as sonpeiseito the PB-SMT
community—most translators, and somewhat more surpfisipgrhaps, many experi-
enced MT protagonists, find the basic moeefremelydifficult to understand.

The main aim of this paper, therefore, is to discuss why thghirbe the case. Our
basic thesis is that proponents of PB-SMT do not seek to addney community other
than their own, for they do not feel ameedto do so. We will demonstrate that this
was not always the case; on the contrary, when statisticaletacf translation were
first presented, the language used to describe how such d magl¢ work was very
conciliatory, and inclusive. Over the next five years thioganged considerably; once
SMT achieved dominance particularly over the rule-baseddigm, it had established a
position where it did not need to bring along the rest of the ddimmunity with it, and
in our view, this has largely pertained to this day.

Having discussed these issues, we will provide three aahditiobservations: firstly,
we will discuss the role of automatic MT evaluation metridsen describing PB-SMT
systems; secondly, we will comment on the recent syntantizedlishments of PB-SMT,
noting especially that most of these contributions haveetmm researchers who have
prior experience in fields other than statistical modelgariglation; and finally, we will
briefly comment on the relationship between PB-SMT and atiedels of translation,
suggesting that there are many gains to be had if the SMT caiitynwere to open up
more to the other MT paradigms.

1 Introduction

It is clear that Phrase-Based Statistical Machine TraiosigPB-SMT) is by far the most
dominant paradigm in our field today, at least with respetitédesearch community. Younger
readers, newcomers to the field and ‘dyed in the wool’ priacigrs of SMT may not realise it,
but 'twas not ever thus. In the early 1980s, the struggle totetheway that MT was done
focussed on two rule-based (RBMT) strategies: transfgr (Arnold and des Tombe, 1987,



Bennett and Slocum, 1985]), and interlingual MT (e.g. [Cexdll et al., 1992, Rosetta, 1994])).
Even before SMT was propounded as a possible competitor MTRExample-Based MT
(EBMT) had been proposed in [Nagao, 1984].

At the time SMT was proposed in [Brown et al., 1988a], theref®@BMT was the preva-
lent paradigm, which according to some researchers, waar pmessure from EBMT, which
“set out to supplant [‘traditional’] rule-based MT” [Niréurg et al., 1993].

Interestingly, when we asked recently whether at the tintedgereally thought that EBMT
could take over from RBMT, Nagao noted:

“Yes. | thought that RBMT had a limitation because we canndttera complete
grammar of analysis, transfer and generation consistamitycompletely, and
that improving an RBMT system is quite difficult because ne @ confident
about what grammar rules are to be changed in what way to @angihrticular
expression, etc. in order to improve a system.

In contrast, EBMT has a kind of a learning function by addimgvriranslation
pairs to handle new expressions. It is a very simple prdcess.

With RBMT being dominant, and EBMT having had a few years k&atl, SMT was,
therefore, truly the new kid on the block back in 1988.

In Section 2, we will address the issue of the nature of thguage used by the IBM
team in seeking to put across their views, starting with tB88lpaper, and moving via
[Brown et al., 1990] and [Brown et al., 1992] to [Brown et d1993], perhapshe most cited
paper on (S)MT even today. As an aide-memoire, we have tdieehberty of asking some
of the MT protagonists of the time for their recollectionstioé presentations which accom-
panied some of these papers, and as a result contrast tletohthe papers with the more
provocative language used in the accompanying conferamsemtations. It is apparent that
the MT community at the time were less than welcoming to thvecoeners, and that the lan-
guage used to purvey their displeasure regarding the peddeshniques was itself somewhat
rich!

Nonetheless, at this juncture, it suffices to say that weebelihere was a real sea change
in the language used between the earliest paper of [Browin é988a], and the well-known
Computational Linguistics article of [Brown et al., 19931.is by no means surprising that
[Brown et al., 1992] was presented at a conference subtBexgpiricist vs. Rationalist Meth-
ods in MT”. That is, the tide was already turning at this ppamtd by the time the 1993 paper
was published the SMT developers had (largely) won the deynREhis point on, SMTwas
mainstream, and no longer had to appeal to the remaindee dfiThcommunity to justify its
acceptance; if you couldn’t keep up, you were left behind.céfetend that this pertains right
up to the present day, where for many PB-SMT is completelyemegrable.

Of course, when you are a member of any dominant group, yol deed to appeal to
outsiders; you may choose to, or instead you may look inwadt preach to the converted
using a language only they understand. With respect to PB; 8N by no means clear that
today’s protagonists are evawarethat a sizeable community exists for whom their research

Wwhile Nagao’s paper dates from 1984, its contents weree@/in a presentation back in 1981.
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is unintelligible; nor is it clear that even if thedid know that this was the case, that they
would necessarily know how to communicate their ideas to8bT peoplée?

We aim to make three further contributions in this paperstrof all, in Section 3 we out-
line the basic models of SMT, followed by a short discussioM® evaluation. In particular,
given the influence of automatic MT evaluation metrics noayagl we address the question as
to whether the tail is wagging the dog; instead of lookinghatautomatic evaluation scores
per se not enough emphasis is placed on whether translationtgustctually increasing.
We conclude this section by examining what's good and noosalgvhen it comes to SMT.

Secondly, in Section 4 we provide comment on the recent syratambellishments of
PB-SMT, noting especially that many of these contributibase come from researchers
who have prior experience in fields other than statisticadefof translation.

Thirdly, in Section 5 we relate PB-SMT to other models of slation. We expect this to
be of interest not only to the previously mentioned constitties, but also to the PB-SMT
community itself, many of whom do not seem to be aware thaethee indeed other ways,
and a vast untapped literature out there for them to avaihofgs are not necessarily ‘novel’
just because they've been ‘discovered’ in an SMT framework.

Finally, in Section 6 we conclude with what are in our opiniba lessons to be learnt by
all of us as a community from our observations.

2 (In)accessibility of Statistical Models of MT

It is clear from the previous section that we are critical oivh\SMT researchers present
their work. In this section, we will set out our argument atay we believe appropriate

explanations of today’s mainstream statistical modelsasfdlation are currently lacking for

the constituencies mentioned at the outset of this paper.

2.1 Adopting a Conciliatory Tone

In the original exposition of SMT [Brown et al., 1988%4ihe language used in places is note-
worthy for its conciliatory tone (our italics):

“We wrote thissomewhat speculatiygaper hoping to stimulate interest in ap-
plications of statistics to translation and $eek cooperatioin achieving this
difficult task.”

“the proposal may seem radi¢al

°Notable exceptions are Philipp Koehn and Kevin Knight, whgehgiven many lucid tutorials on SMT at
various conferences.

3This paper was followed ten weeks later by [Brown et al., 1)8Bote that [ten Hacken, 2001] incorrectly
observes that [Brown et al., 1988b] was “probably the firsispntation of the ground-breaking IBM project”.
Apart from the slightly different titles (cf. also the sirilty of the title in [Brown et al., 1990]), the content of
the papers barely differs at all. One (probably!) wouldt gway with this nowadays . ..



“Very little will be said about employment of conventionabgnmars. This omis-
sion ... may only reflect ... our uncertainty about the degfegrammar sophis-
tication requiredWe are keeping an open mirid!

“Not to interrupt the flow ofintuitive ideas we omit the discussion of the corre-
sponding algorithms”.

That s, in the written records at any rate, the intentiomset® be one of appealing to the
remainder of the (mostly rule-based) community, pointingthat this is new and that they
might not like this competing approach (the authors are awathe“many weighty objec-
tions to our ideas), but also that they would not be able to achieve the goalgti-gjuality
translation without the help of the (mostly) linguisticaged experts already operating in the
field. Perhaps most apposite for today’s practitionersaesfitmal sentence, where they state
that they feel their results are hopeful “for future statettranslation methodscorporating
the use of appropriate syntactic structure informati¢ef. [Chiang, 2005])*

If we are permitted a quick aside, it is remarkable that theepavas accepted at all for
Coling in 1988. Peter Brown, first author on the IBM papersidky forwarded to us the
original review of the paper that appeared as [Brown et 8B8b], which despite his working
for the past 14 years in statistical finance, still takesegpdtiplace on his office wall:

Original Review of SMT for Coling 1988

The validity of statistical (information theoretic) appah to MT

has indeed been recognized, as the authors mention, by YWeave
as early as 1949. And was universally recognized as mistaken
1950. (cf. Hutchins, MT: Past, Present, Future, Ellis Haydjo
1986, pp 30 ff. and references therein).

The crude force of computers is not science. The paper is
simply beyond the scope of COLING.

Given the content of this reviewthe programme chair Eva Hajicova (as well as, interest-
ingly, Makoto Nagao, who as one of Eva’s “five advisors” prasbly was responsible for
reading the MT abstracts) must have been at least a litiieerdgtin allowing the paper to

“However, a portent of what was to come is the observatiort‘fitatiminary experiments ... indicate that
only a very crude grammar may be neede8¢€e section 2.3 for more on this topic.

5f one consults [Hutchins, 1986], as the reviewer invitesaudo, one notes, for example, that “Weaver’s
own favoured approach, the application of cryptanalytihitéques, was immediately recognised as mistaken”
(section 2.4.1). However, Weaver also expounded the w@afi&he probabilistic foundations of communication
theory” (as [Hutchins, 1986] puts it), so while it was rigbtday that the cryptanalytic approach was mistaken,
it was far from correct to say that the ideas of [Shannon anawale 1949] had no potential for application in
MT.



proceed to publication; given the situation today, we mast aommunity complement them
retrospectively on their open-mindedness in acceptingodper and helping kick-start the
new paradigm.

[Brown et al., 1988a] was presented as part of a panel at TMPamadigms for MT”,
with contributions from Jaime Carbonell, Peter Brown, WicRaskin and Harold Somers.
The recollection of those present is very interesting.rBitgabelle recalls:

“Peter Brown is pretty good at being provocative and at THEIF& was at his
best. If | remember correctly, he went as far as saying tladistical approaches
were just about to eradicate rule-based MT research (thedbmad butter of
everyone except him in the room) in the same way it had alreeatjicated rule-
based speech research. Peter Brown definitely made thaetuaristatement in
public, but I am not 100% sure it was at TMI-88. In any evens, talk at TMI
did indeed start and end with hugely provocative statem@otghe time). As
for the technical substance of the talk, few if any peoplehmroom were then
in a position to understand it in any depth.

We were all flabbergasted. All throughout Peter’'s presemtaipeople were
shaking their heads and spurting grunts of disbelief or efdmostility.”

Pierre goes on to say that the usual question and answeris@sss “a big mess”, because:

“1) nobody had understood Peter’s talk well enough to comevitip technical
guestions or objections; and 2) in the heat of the momentydyplvas able to
articulate the general disbelief into anything like a redne response to Peter’s
incredible statements.”

Harold Somers, sitting next to Peter Brown on the panel,s1ote

“My recollection is that he knew very well that people woule $hocked, and
his presentation was more ‘you ain’t gonna like this but....’

The audience reaction was either incredulous, dismisgivestile. Someone
probably said ‘Where’s the linguistic intuition?’ to whithe answer would have

been ‘Yes that's the point, there isn’'t any’.

Walter Daelemans recalls that “the Leuven Eurotra peoptemievery impressed by the talk
and laughed it away as a rehash of ‘direct’ (word-by-wordh#lation, which was probably
a fair comment at the time.”

With respect to the above comments, Peter Brown unsurghsitas a somewhat different
recollection of these early presentations:

“While it is my style to be provocative, a statement such aadeating rule-
based MT’ would not be provocative but simply antagonistid &hat is not my
style. | was very much aware that what we were saying wouldopéraversial,
and that our goal was to show that mathematically what we wereg was
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correct. However, what | believed then and believe todahas while there is
an enormous role for linguistics in translation, the actraislation itself should
be done in a mathematically coherent framework. Our goaltegsesent that
framework and to show how far you could get with only minimaguistics and
then to excite people into imagining how far we could get wiitbre linguistics
incorporated in a mathematically coherent system.

As for starting and ending with ‘hugely provocative’ statarts, my goal was
to provoke debate and discussion not to be antagonistidnd ity antagonize
others just isn’'t my style. | checked with with my colleagwéiso attended the
TMI conference and they agreed that it is just not somethimguld have done.”

In order to better understand the tensions between congpptinadigms at the time,
[ten Hacken, 2001] contains a couple of appropriate obsensregarding the climate around
this period:

“In the research programme predominant at Coling 1988 a eumbsigns of

a crisis can be recognizedn MT, one of the main problems was that despite
large-scale investment in terms of time and money, promtsidered as state-
of-the-art failed to produce solutions which could be useddtual practice. As
far as MT was available, the technology it used was outda(gdl1, our italics)

Of course, what ten Hacken says about the lack of useablersgdiit's fairly obvious
that he’s speaking about Eurotra here, partly from his owgegrnce on the project) is com-
pletely true. However, today’s rule-based proponents ditake issue with the latter point,
presumably ...

He also, somewhat more controversially still, observes‘thast of the MT researchers at
Coling 1988 belonged to the first group”, namely “a group eéstists who refuse to consider
the problem seriously”. [ten Hacken, 2001] notes furthat thy the mid 1990s the crisis had
reached such proportions that we even find an explicit detsani of it in [Melby, 1995]. The
tone of this work is highly pessimistic in the sense thiat as it had been attempted for a
long time was a hopeless enterprise and should be givefiligl., our italics). Of course, in
the intervening period, it largelyasbeen abandoned.

With respect to [Brown et al., 1988b], [ten Hacken, 2001]ludes them in “a group of
scientists who explore the borderlines of the researchrarome in order to find out whether
non-mainstream versions might be bettabid.). Their approach was in direct contrast to
the common view of the time that “the obstacles to trangigtin means of the computer are
primarily linguistic” [Lehrberger and Bourbeau, 1988] {p® [ten Hacken, 2001] observes
that already by 1998, “the statistical approach to MT hafa@hgd prominent status at the
cost of the previously dominant linguistic approach” (ps?) the ‘non-mainstream’ had very
much become thde factostandard. We address some of the reasons why statisticalsnod
of translation became so dominant in section 3.2 below.

SInterestingly, this is perhapsoretrue nowadays than it was 20 years ago! See section 4 for nsvesd
sion. Note that as has been made plain here, the dichotordyhysgen Hacken, 2001] to explain the various
approaches was not one shared by the IBM team. Rather, invikei, linguistic insight would be necessary
once the model had been given an adequate mathematicaldiescr
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2.2 Describing SMT for Non-Specialists

Moving on, the first of the two Computational Linguisticsielés [Brown et al., 1990] intro-
duces most of the terminology we all use today in SMT: worgratient, language and trans-
lation models, parameter estimation, decoding, fertilitigtortion, and perplexity, among
others. The ideas in this paper are decidedly more fully edrut, and far from omitting
“complete mathematical specification[s] to a future repa@s in the 1988 papers, this 1990
paper provides the basic equations necessary for SMT torbedaut. Nonetheless, these
are explained in language likely to be understood by newesneeprobability theory. And
again, the last sentence offers the hand of friendship tadkebased practitioners: “We hope
to ... construct grammars for both French and English ancse uture translation models
on the grammatical constructs thus defined” (p.84).

In [Brown et al., 1992], the IBM team provide a somewhat weti&mapt at casting SMT
as transfer. Notwithstanding our evaluation of this pajids obvious that even trying to
couch SMT in terms of transfer may appeal to rule-based gooiiats. Indeed, Peter Brown’s
recollection is that “by that time people were interestethm statistical approach and were
listening to the talk without simply writing it off as someatly completely inane”. This is
confirmed by [Somers, 2003], who observes that by now SMT “s&en (by some) as a
serious challenge to the by now traditional rule-basedagg, this challenge typified by the
(partly engineered) confrontational atmosphere at TMIrOZlontreal” (p.323).

It was in such an atmosphere that around this time, Fredelelthe head of the IBM
team, uttered his (in)famous remark “Every time | fire a liisgumy system’s performance
improves”. While many people believe this to have been etten the context of MT, it
seems instead to have been quoted in the area of speechiterogrNonetheless, it was
clear that linguistic proponents of MT could see that theyeaeext in the firing line . ..

2.3 Mathematical Formulation of SMT

Clearly by this time the tide was turning in favour of corpassed models of translation,
including EBMT. Somers notegb{d.) that EBMT was also seen—as we have noted above—
as a significant challenger to RBMT. Interestingly, [Way02Pnotes that similar trends in
the language used can be seen in EBMT papers at the time:

“At the very same conference where SMT was first proposedrovf et al., 1988a],
[Sumita and Tsutsumi, 1988] note that for them, two itemsfibure work in-

volved using “deeper analysis” and focussing on “rule asitjon”. However,

within three years, one of the same authors felt able to whi the fact that

“EBMT has no rules” was one of the main advantages over RBMif{& and lida, 1991]".

"This is confirmed by Peter Brown, who informed us that “Jéiieefamous for that statement and made
it many times but with regard to speech recognition not {edim).” Seeht t p: // en. wi ki quot e. or g/
wi ki / Fred\ _Jel i nek, where one particular source is given as a Workshop on Etiafuaf NLP Systems,
Wayne, Pennsylvania, US, December 1988. Note that [tenéta@001] erroneously attributes this quote to
Peter Brown (p.10).



Nonetheless, given that the nature of EBMT sub-senterit@giments are more linguis-
tically motivated than those of SMT, EBMT has remained magpraachable to those of a
less statistical bent (cf. the last paragraph before se@tib for other reasons as to why this
might be the case).

Returning to SMT, in [Brown et al., 1993], any pretence ayisig in touch with the non-
statistical disappears completely. While they note that

“Today, the fruitful application of statistical methods ttee study of machine
translation is within the computational grasp of anyonehvatwell-equipped
workstation”

this is soon followed by:

“We assume the reader to be comfortable with Lagrange nhieltsp partial dif-
ferentiation, and constrained optimization as they aregried in a typical col-
lege calculus text, and to have a nodding acquaintance amitham variables”.

Of course, we are taking these quotes somewhat out of comatectthe title of the paper
by [Brown et al., 1993] is, after all, “The Mathematics of ®&tcal Machine Translation:
Parameter Estimation”. To provide a more balanced viewgtbee, in a recent email con-
versation, Peter Brown noted:

“As for the language, our goal was to explain what we were glais clearly as
possible. None of us had any background in linguistics, ljustwe have no
background in finance, so we just wrote it using the languagkterminology
of statistics with which we are familiar. | imagine that weve to write a paper
on finance today, some of the finance guys might complain alauterminol-
ogy also. For what it's worth | think it's very important to gghe mathematics
straight when doing linguistics but once it is straight thieguistic knowledge
will be what matters. In other words, it's not math linguistics, but matrand
linguistics. Our goal was to establish the mathematicahéaork for MT so
that the linguistically-minded could proceed with the aash. | gather from
your note that that has not happened and it's unfortunatgtgremath guys or
linguistic guys working on MT but not both working togettier.

Given the title and topic of the paper, it would be churlishéap all the blame on the pio-
neering IBM group; indeed, one of the reasons why this pagpso well-regarded nowadays
is that it's particularly clearly written. As a successfaper, perhaps [Brown et al., 1993]
was seen atheway to put across ideas from the SMT community, rather thamggest one
way in which this innovative research could be communicated

Whether this was done intentionally or not, it’s true thainfr 1993 onwards, attempts to
engage the established MT community had indeed fallen byé#yside, and certainly by the
new millennium SMT had become the dominant paradigm withneemtive to engage with
researchers from older/other paradigins.

8As a brief aside, around 1996 the IBM SMT team broke up, and weework for Renaissance Technolo-
gies applying their statistical models to predict stock keafluctuations. Fortunately, around the same time,
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Finally, while we can accept Peter’'s words at face valus,diear that neither the SMT
community (at least not until recently, and only then wheseegchers from outside the main-
stream SMT community started to demonstrate the effe@s®mf syntax) nor the more
linguistically-oriented researchers—who along with tinguists, have to take their fair share
of the blame for allowing SMT to become so dominant despigedbntents of these early
SMT papers—took from the IBM research the fact that once ththematics had been prop-
erly sorted out, “then linguistic knowledge will be what neas”; if they had, we'd probably
have had the syntax-based systems that are coming on-staanen years earliér.

3 Phrase-Based Statistical Machine Translation

We have complained that papers on PB-SMT are somewhat Esgénspicuous for the gen-
eral MT audience. It's well outside the scope of this papentao explain the various com-
ponents of such systems (corpus preparation, word alighmérase extraction, language
and translation model induction, system tuning, decodimgj@ost-processing) in a manner
that is not overly loaded with terminology and formulae, ahdrt on intuition. However, we
will point the interested reader to two companion paperstlyirin [Hearne and Way, 2009a],
we do try to achieve exactly that, by providing an explanation dfTSfor non-specialists;
secondly, in [Hearne and Way, 2009b], we discuss the impbrtde of translators and lin-
guists in the SMT process, whose contribution is often @aktd by SMT developers, but
nonetheless remains an absolute prerequisite for SMT asnow k today, as well as for any
extensions going forward.

In a nutshell, the goal of PB-SMT s to find the most likely stationT of a source
sentenceS. We say “most likely” as many possible candidate target aigg translations
may be proposed by the system. The most likely translatichasone with the highest
probability (hence “argmax”) according 1&(S | 7). P(T'), as in (1):

(1) argmaxy P(S|T).P(T)

whereP (S | T') is thetranslation modelwhich attempts to ensure that the meaning expressed
in S is also captured i, i.e. thatT is anadequatetranslation ofS; and P(T) is the
language modelwhich tries to ensure that the candidate translafiois actually a valid
sentence in the target language, i.e. thas fluent This is the ‘noisy channel’ model of
SMT [Brown et al., 1990, Brown et al., 1993], and the language translation models are
(usually) inferred from large monolingual and bilinguabaled corpora respectively.

Hermann Ney took on four PhD students in Aachen—Franz Odplain Vogel, Cristoph Tillmann, and Sonja
NieBen—and Alex Waibel also took on YeYi Wang as an SMT studeKarlsruhe/CMU, both as a result of
their participation in the Verbmobil project [Wahlster,@). It's interesting to speculate about what would have
happened to SMT if this fresh (and clearly significant) inpatl not come on-stream at that time; it's possible
that SMT would have disappeared from view, for a while attleas

SFurthermore, while the latter point regarding the void keiwthe statistical and linguistic camps is largely
true even today, we address it in more detail in section 4.



It is commonplace today to use phrases rather than wordsedsasis of the statistical
model (hence ‘phrase-based’). A phrase is defined as a gf@apice words that should be
translated as a group of target word3 he ‘log-linear’ model of PB-SMT [Och and Ney, 2002]
(rather more flexible than the ‘noisy channel’ model) is thaR):

(2) argmazy M N h(T, S)

The uninitiated reader should note that the leftmost pdrte@equations in (1) and (2)
are identical, i.e. the task is the same; the only differaadew each candidate translation
(out of theT possible translations) output by the SMT system is to beestor

In (2), there arelV! feature functions, whose logarithms should be added tegéktience
the>" in (2), as opposed to the multiplication in (1); the typicalues for each feature are in
practice so small than multiplying them becomes imprakttasathe product of each of these
probabilities approaches zero quite quickly) to give therall score for each translation.
Typical feature functions for a PB-SMT system include theagk translation probabilities
in both directions (i.e. source-to-targBtt | 5) and target-to-sourc®(3 | t)) between the
two languages in question, a target language model (exastin (1)), and some penalty
scores to ensure that sentences of reasonable length/isgtie input string are generatéd.
Note that if only the translation model and language modatuies were used, then the
log-linear model in (2) would be identical to the noisy chahmodel in (1). Typically the
A Weights for each featurk,, in (2) are optimized with respect to some particular scoring
function (usually a specific evaluation metric, cf. sect®m for further discussion of this
topic) on a development (or ‘tuning’) set using a techniqgated Mimimum Error Rate
Training (MERT, [Och, 2003]) to try to ensure optimal perfance on a specific test set
of sentences, which is hopefully as ‘similar’ as possibl¢hi® development set. We again
refer the interested reader to [Hearne and Way, 2009a] favra atetailed description of the
components of these models in language we hope is moreiwettat them than is usually
seen in SMT papers.

In [Hearne and Way, 2009b], we make the following (hopefuligful) observation:

“RMBT and EBMT dwell on the process via which a translationnasbe pro-
duced for each source sentence, whereas SMT dwells on helwhich is the
better of two or more proposed translations for a sourceesest Thus, RBMT
and EBMT focus on the best way to generate a translation fdr ggout string,
whereas SMT focuses on generating many thousands of hyjpathieanslations
for the input string and working out which one is most likelly.seeking to un-
derstand SMT in particular, this is a key distinction: whike means by which
RBMT and EBMT generate translations usually look somewlaigble to us
humans, the methods of translation generation in SMT arentatively plau-
sible. In fact, the methods used are not intended to be ditimuistically or

10As stated, most developers of PB-SMT systems, includirgyahthor, refer to the model in equation (2)
somewhat loosely as the ‘log-linear’ model. This is, of @@jrnot entirely accurate; rather, it is a method
whereby linear combinations of logarithms of probabititeay be combined. Of course, when things like word
and phrase penalties are used as feature functions, onelicktycsee that not even this is strictly true.

10



cognitively plausible (just probabilistically plausibland holding onto the no-
tion that they somehow are or should be simply hinders utaleilgg of SMT”.

Not everyone would agree with us regarding this latter paamid we return to this in
section 3.3.

3.1 Evaluation

While we've excluded any discussion here of the pre-praogsand runtime stages in PB-
SMT, one stage that does warrant a few words here is evatuatio

[ten Hacken, 2001] makes the following observation:

“Whereas the architecture of the system and the choice oailtic theory as
a source of knowledge to be applied are the subject of comtsal discussion,
the assumptions on the nature of translation and the prep&ration of the MT
system are not questioned in the late 1980s” (p.13).

We will argue below that while the introduction of automagi@luation metrics in MT—
where MT system output is compared against one or more refetteanslations produced by
humans—has largely been beneficial, they have to a largateaieen on too much impor-
tance, especially since real translation quality is whashauld be concerned with.

In our view, today’s automatic MT evaluation metrics areitady useful for three tasks:

1. for system developers to check that different incarmatiof thesamesystem are im-
proving over time;

2. to comparglifferentsystems when trained and tested on the same data sets, @ayiis to
large-scale MT evaluation campaigns such as NfSWMT 2 [Callison-Burch et al., 2007,

Callison-Burch et al., 2008, Callison-Burch et al., 2008]SLT*3 [Paul, 2006, Fordyce, 2007,

Paul, 2008] etc.;

3. for MERT [Och, 2003], i.e. customising (tuning) one’s &8 to perform as well
as it can on the current data usioge particular MT evaluation metric (e.g. BLEU
[Papineni et al., 2002], NIST [Doddington, 2002], WER [Lesgétein, 1966], Meteor
[Banerjee and Lavie, 2005], F-Score [Turian et al., 2008]) et

In the original exposition of BLEU, the main use envisagedbgh automatic evaluation
metrics concerned the first task above, namely incremesgtihy of one particular system
on a defined test set of example sentences. There is no dayetially on small-scale
evaluation tasks (such as IWSLT, where only 20,000—40,6410ihg examples of parallel

INational Institute of Standards and Technololt p: / / www. ni st . gov/ speech/ t ests/ nt/

2\Workshop on Statistical Machine Translation. For the 20@i8ian seeht t p: / / www. st at nt . or g/
wit 09/ .

Binternational Workshop on Spoken Language TranslationtH2008 edition selt t p: / / www. sl c.
atr.jp/ 1 WSLT2008/ .
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text are available), that these evaluation metrics arecepeuseful, as changes to the code
base can be evaluated very quickly, and quite often.

What they arenot so useful for is telling potential users which system is Bestheir
purposes, i.e. if someone were considering purchasing asydiem, and wanted to know
how to discern the performance of one system against the, atleewould not necessarily
advise their doing so on the basis of the systems’ compar8iMEU scores. While that’s
exactlywhat’s done in the second task above, users should reatisthttse scores represent
the systems’ scores trained onedata set folonelanguage pair ironelanguage direction
and tested oone(small) set of sentences, all of which may or may not bear afation to
theactual scenario that the user has in mind in which the system is teeptoged. Caveat
emptot

With respect to the third scenario outlined above, theraayenumber of automatic eval-
uation metrics, from string-based (e.g. BLEU, NIST, F-&¢dreteor) to dependency-based
[Liu and Gildea, 2005, Owczarzak et al., 2008]. MERT is caoned with the optimisation
of one’s system performance ¢mesuch particular metric on a development set, and hoping
that this carries forward to the test set at hand. Whabigusually) performed in this de-
velopmental phase is any examination as to whether incgeaseoring with the particular
automatic MT evaluation metrictuallyimprove the output translations as measured by real
users in real applications.

While most developers of MT evaluation metrics cite someatation with human judge-
ments, manyeal improvements in translation quality do not result in imprdBLEU (or
any other) score. For instance, consider the example irffr(Bh([Hassan et al., 2009]).

Ao afl=l) 3 1Sy A alhla 5 0 (A= HlaStal) asi

(3) Source
Reference The two sides highlighted the role of the World Trade Orgatitn ,
Baseline: The two sides on the role of the World Trade Organization ( WTO

CCG: The two parties reaffirmed the role of the World Trade Orgatian ,

Omitting verbs turns out to be a problem for baseline PB-SkBteans. Given the amount
of morphological variants possible, the language modef bak a few occurrences of each
possible verbal inflected form in order to try to decide whathput string it most prefers.
Accordingly, very often it prefers amgram which does not contaanyverb, as opposed to
including a verb that has been observed only rarely. Thatith, respect to (3), the baseline
system prefers the bigrasies orover any combination witeidesplus some (relevant) verb
(highlighted here).

[Hassan et al., 2009] note that this is particularly the a@lsen translating the notorious
verbless Arabic sentences, as in (3); while the refereraeskation contains the vetibgh-
lighted, as there is no verb in the Arabic sentence, it is hardly ssingythat the baseline sys-
tem outputs a translation with no verb. However, the systefHassan et al., 2009], which
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incorporates supertatjsiBangalore and Joshi, 1999] from Combinatory Categoriansr
mar (CCG: [Steedman, 2000]), contains a more grammatissiigt language model than a
standard word-level Markov model, and so exhibits a prefezeor the insertion of a verb
with a similar meaning to that contained in the referencésse®. Nonetheless, esaffirmed

is not contained in the reference translation, this cle@ranvement in translation quality does
not carry over to an improvement according to any stringetavaluation metric. However,
in the recent IWSLT-07 evaluation, the supertag-based i&r&inglish system described in
[Hassan et al., 2007] was adjudged to be ranked first by somgimmia the human evalua-
tion, despite this clear advantage of more readable outgutarrying over to the automatic
evaluation scores.

In sum, then, increased automatic evaluation scores doewassarily reflect any actual
improvements in translation quality. Furthermore, [He 8vad/, 2009] point out that there is
no guarantee that parameters tuned on one metric (e®U)Bvill lead to optimal translation
scores on the same metric; rather, the score can be impray@ficantly by tuning on an
entirely different metric (e.g. MTEOR), especially where just a single reference translation
is available (in WMT evaluation tasks, for instance). [Hel &ay, 2009] also observe that
tuning on combinations of metrics can lead to more robustopmance. Of course, for
general-purpose MT systems, optimising settings via MERinhot be done at all, given
the lack of a standalone test set; rather, the system hasnabhbst in the face oéany user
input. Considering all these factors, then, we believetilnaging one’s system to a particular
evaluation metric is very much a case of the tail wagging thg, dather than the other way
round. Automatic evaluation metrics continue to have thkce, but in our view they have
taken on rather too much significance, to the possible detrirof real improvements in
translation quality.

3.2 What's Good about PB-SMT

While much of this paper is critical of a number of issuesteslato statistical models of
translation, it would be altogether remiss of us if we weratoid any mention of some of
the benefits that PB-SMT has brought to the wider MT commuiikese include resources
such as:

e Sentence-aligned corpara.g. Europarl [Koehn, 2005];
e Toolssuch as:

— word and phrase alignment software (principally Giza¥pch and Ney, 2003));
— language modelling toolkits (e.g. SRILK [Stolcke, 2002));

— decoders (freely available, such as Pharaoh [Koehn, 2@24]more recently
open-source, such as MosefKoehn et al., 2007]);

4without going into unnecessary detail, a supertag essigrdisscribes lexical information such as the Part-
of-Speech tag and subcategorisation information of a word.

Bhttp: // ww. fj och. coml G ZA++. ht

®ntt p: // ww. speech. sri.com projects/srilm

Yhtt p: // ww. st at it . or g/ noses/
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— evaluation software (e.g. BLEU [Papineni et al., 2002], N[Boddington, 2002],
GTM [Turian et al., 2003], Meteor [Banerjee and Lavie, 2Q05]

In addition, as SMT is rooted in decision theory, it's absely clear why the system
outputs a translation as the most probable, namely bechaseutput string maximizes the
product of the translation modé&l(S | 7') and the language modgI(7") in the noisy channel
model (cf. (1)), or the joint probability of the target anduste sentences in the log-linear
equation [Och and Ney, 2002] (cf. (2), and section 3 abovenfore discussion).

It is also very clear that the evaluation campaigns (such I& NWSLT, WMT etc.)
have enabled systems to be compared against one anothéandard training, develop-
ment and test data are made available for each campaign. é&hém areas of language
processing, this competitive edge has caused groups to tipgrove their systems, and
such campaigns have without doubt resulted in advancesisttte-of-the-art. However,
[Callison-Burch et al., 2006] demonstrate clearly thahgsstring-based evaluation metrics
are decidedly unsuitable for comparing systems of quiterint types—SMT vs. RBMT,
say—which is why the ultimate arbiter of system performaimcthe WMT tasks remains
human evaluation, although a whole host of automatic etialuacores are also provided for
each competing system.

3.3 What'sLess Good about PB-SMT

For all these reasons, newcomers to the field of MT can builgstem very quickly which
is competitive compared to those systems of much more eqpEsd groups in the field.
Given the enormous ramp up in terms of resources neede@, tbgsurces (especially now
that Moses is open-source) have been a huge help to newctodiE as well as to more
established groups.

However, in our view it remains to be seen whether PB-SMTeasd¢hding method because
it's the bestway of doing MT, or because the toa@sistwhich facilitate the rapid prototyping
of systems on new language pairs, and different data sets.

While the provision of parallel training corpora (not justuse in SMT, of course) and
decoders is very much appreciated by the community, one &rsritbw much we are now
reliant on Philipp Koeht? coming up with more data sources and (open-source) software
in order for the field to make further advances? For instaitsenot clear that enough is
being done (a) to fix things that need fixing; and (b) to makefexeg whichhavebeen made
available to the wider community.

As an example, consider the case of alignment templates §@dtNey, 2004], which is
quite closely related to the use of generalized templatdsBMT. As many others have
shown (e.g. [Brown, 1999, Cicekli and Guvenir, 2003, Wag &@ough, 2003]), the use of
generalized templates can improve the coverage and qoaEBMT systems. What’'s more,
researchers such as [Maruyama and Watanabe, 1992] statéthtfre is no essential differ-
ence between translation examples and translation rulemnslation examples are special
cases of translation rules” (cf. section 2.3 for an alteveatiew at the time).

8philipp maintains a rich source of information on SMThatt p: / / www. st at nt . or g.
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Nonetheless, quite clearly the use of alignment templagsslot caught on in PB-SMT
anywhere near as much as templates/rules in EBMT and RBMMis is not because they
are not useful; [Och and Ney, 2004] demonstrated theityfitiur years ago. Rather, in our
view it is simply because the developers of PB-SMT decodave hot (yet) made provision
for their use in the code-base.

This is just like the situation with the use of phrases (cfctise 5) and syntax (cf.
section 4.1) in other paradigms. Years before they were showbe of benefit in PB-
SMT, practitioners in RBMT and EBMT had been incorporatifggses and syntax into
their systems? from its very inception [Nagao, 1984], EBMT has sought toslate new
texts by means of a range of sub-sentential data—both leaivdphrasal—stored in the
system’s memory. As regards syntax, EBMT systems have be#nuking dependency
trees (e.g. [Watanabe, 1992, Menezes and Richardson,)2@®dBjotated constituency tree
pairs (e.g. [Hearne, 2005, Hearne and Way, 2006]), and pbattribute-value matrices (e.qg.
[Way, 2003]), among other methods. In much the same way, thercontend that align-
ment templates will become incorporated into mainstrearSRHE in the near future (cf.
[Zhao and Al-Onaizan, 2008] in hierarchical phrase-baseéq [@hiang, 2005]), at which
pointeveryonewill use them.

Finally, while it’s clear that statistical models of traasbn are modelled on a well-defined
decision problem, there is undoubtedly a lack of perspyaunitPB-SMT when it comes to
explaining the data. Back in the bad old days of MT, [ten Ha¢c2®01] observed that most
researchers “take linguistic phenomena as discussed anetieal linguistics as a basis for
the identification of topics in MT” (p.2). While we agree thae never want to go back
to that way of doing things, today’s preoccupation with thee ©f one’s BLEU score has
gone too far in the opposite direction, so that most PB-SMsEaechers would be unable to
tell you whether their systems were able to cope with pddiotases of ‘hard’ translational
phenomena (e.g. headswitching, relation-changing ee[l5earne et al., 2007] for a recent
example of what’s possible using this tried and tested teotogy), and even if they could,
they would find it difficult to be able to tell yobhowsuch constructions were handid.

On arelated point, [Galley et al., 2006] state (our italics)

“the broad statistical MT program is aimed at a wider goahttiee conventional
rule-based program — it seeksunderstand and explain human translation data
and automatically learn from it.”

®For a novel application, see [Sanchez Martinez, 2008] ugas PB-SMT alignment templates to bootstrap
the acquisition of transfer rules in the open-source ApertRBMT platform ftt p: // www. aperti um
or g) . If our comments in section 5 are accurate, given the titlehisf work, these interesting findings will
remain largely undiscovered by the SMT community.

20For the uninitiated, many people have criticised the ust@térm “phrase” to describe the basic units of
translation in PB-SMT. We will not add to this here, but wilenely note that the term as used in PB-SMT has
a quite different meaning to that used in traditional lirggigis.

2INote that in one particular corpus, [Dorr et al., 2002] réploat 10.5% of Spanish sentences and 12.4% of
Arabic sentences have at least one such translation diveegehile in another, divergences relative to English
occurred in around one third of Spanish sentences. [Haliadh 2009] observe that “there is often overlap
among the divergence types ...with the categorial divergertcurring almost every time that there is any
other type of divergence”.
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This just seems to us to be so far from the truth, that it wowdd /e recognised at
all by people from outside SMT. For starters, there’s anrertibdy of research dedicated
to this—corpus-based translation studies—which [Galieal.e2006] seem to have missed
completely. As we stated in [Hearne and Way, 2009b] (cf.ise@ above), we believe there
to be no linguistic or cognitive plausibility in the statts#tl model of translation. What'’s
more, in our view a statistical approach is almost ldestappropriate way to go about un-
derstanding and explaining human translation data.

4 Extending the Basic Model

Until very recently, it proved difficult to incorporate syutic knowledge in order to obtain
better quality translation output from PB-SMT systems a@gddbenchmark test suites. Worse
still, [Koehn et al., 2003] actually demonstrated that addyntactic constraints harmed the
quality of their PB-SMT system.

4.1 Adding Syntax Helps PB-SMT

As we stated in the last section, however, a number of relseextave recently shown that
the basic model of PB-SMT can be improved by the integratiosyatax. The first paper
to demonstrate this on a large benchmark translation tasf@@ang, 2005]. However, his
derived transduction grammar does not rely on any linguatnotations or assumptions, so
that the formal syntax induced is not linguistically mote@and does not necessarily capture
grammatical preferences in the output target sentences.

More recently, [Galley et al., 2006] and [Marcu et al., 20@p8¢sent two similar exten-
sions of PB-SMT systems with syntactic structure on theetdanguage side. Both employ
tree-to-string (so-called xRS) transducers, but theitho@s$ of acquiring the xRS rules and
training them are somewhat different (cf. [Hassan et aD92@or a discussion of these dif-
ferences).

In a different strand of work, other researchers have detrattes that lexical syntax in the
form of ‘supertags’ can be used to improve translation qualn a range of language pairs
[Hassan et al., 2009] (cf. (3) and resultant discussion @bov

4.2 Some Observations

It is evident that given the importance of statistical lirgjic processing in NLP in general,
many researchers have crossed over from statistical gaigsiBMT, and these individuals
have contributed enormously to syntactic models of SMTsT$ia good thing, as until re-
cently the parsing and MT communities have largely beerndist

However, such researchers are themselves more likely te ¢éam a mathematical, sta-
tistical or computer science background, with much of thguistics surfacing as annotated
data. One could argue that they have been able to enter ttedie contribute to improve-
ments in the area, because current SMT discourse is morssiglesto them.
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Nonetheless, the fact that syntax has been shown to be of (3&-EMT is in stark con-
trast to prominent members of the community—albeit thogh wo linguistic background to
speak of—stating in invited talks at recent large MT gathgsithat integrating syntax would
not be beneficial, nor that linguists and translators hadaleto play in the development of
today’s state-of-the-art MT systems. You don’t have tokhwo long to see how ironic this
is, when SMT (and other corpus-based) systems are entieglgralent on parallel text gen-
erated by human translators (see [Ozdowska et al., 2009rfanteresting investigation of
the effect on translation quality of training SMT system#wguch more or less appropriate
sets of training data).

One might, therefore, hope that these statements havermptioemselves to be ill-founded
and have since been largely put to bed. However, more rgcgfilimann et al., 2008]
demonstrated on arange of Arabic—English tasks that tharstgcal model of [Chiang, 2005]
and the syntax-augmented model of [Zollmann and Venug@p&6] do not show consistent
improvements over a baseline PB-SMT system which is alloaoegss to reorderings up to
12 words apart, so perhaps the debate will continue for aewfeit . . .

5 PB-SMT and other Models of Translation

At the time of writing, statistical models of MT have beenuwand for 20 years, but MT in
general has been around for much longer.

In the previous sections, we noted that syntax had beenratiggyjinto models of RBMT
and EBMT long before showing itself to be of use in PB-SMT, awdn here, most of the
breakthroughs have come about from those MT researchdrawitoader NLP background.

Furthermore, we predicted that the use of templates/rideg,since useful in EBMT and
RBMT, will, as [Och and Ney, 2004] demonstrated, but whicls nat led to widespread
adoption in SMT so far, prove beneficial in phrase-based isoaletranslation also (cf.
[Zhao and Al-Onaizan, 2008] for a first step in this directiontree-based models).

Even here, though, if one consults the list of reference©ih[and Ney, 2004], naine
EBMT or RBMT citation is to be seen. Prior to [Marcu and Won@02], the primarynodus
operandiin SMT was word-based [Brown et al., 1990, Brown et al., 1993jat graduating
to phrase-based models led to improvements in quality isnpnising given that from the
very beginning [Nagao, 1984], EBMT has used both word ands#halignments to translate
new input strings. However, try to finghy attributions in the SMT literature to EBMT and
you'll (largely) be wasting your time.

The pointis, of course, that the PB-SMT community is remalkaward-looking. Again,
this is due to its dominance in the field of MT; not only is it tteese that many SMT people
do not see the need to provide access to their work to nonadiséx because they do not
think they have anything to contribute, but also SMT pramtiers feel that there is little to
be gained from accessing the wider MT literature. For thdses mot operating solely in the
mainstream, we are forced to consult the primary SMT litegags it constitutes by far the
bulk of what is published in our field today. Accordingly, m&BMT and RBMT papers
do contain references from SMT. Regarding the situation perg at ACL-COLING 1998,
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already eleven years ago, [ten Hacken, 2001] stated th@ang§$researchers still clinging to
the old values ... have included at least a token referentieetmew [statistical] values in
order to increase their chances of being accepted” (p.Ib)ut view, rather than an act
of ‘tokenism’, in most cases non-SMT practitioners needelate their work to the main-
stream statistical models of translation in order to haveasonable chance of getting their
papers published, given (a) the relative lack of publistesgarch in other areas, and (b) the
preponderance of SMT-trained reviewers of conference amuhal submissions.

There is much to be learned by the SMT community from the gbeadigms. It should
also be noted that novelties are not so just because theg®r liscovered’ in an SMT
paradigm. One such example is [Chang and Toutanova, 200d,discuss the difficulties
associated with projecting dependency trees from sourtarget sentences, without men-
tioning in the text the terrtransfer, nor referring to any such works in the bibliography. More
recently, [Lopez, 2008] finds that “Translation by Patteratthing” avoids the problem of
computing unfeasibly large statistical models in PB-SMTdxyracting from the bilingual
training corpus stored in memory only those source phraseégsreir aligned target equiv-
alents suitable for translating the current input stringisTis anexactdescription of pretty
much any EBMT system. To be fair, [Lopez, 2008] does cite oBMIE paper, but the steps
taken to avoid the term ‘EBMT’ are remarkable.

In [Way, 2009], we observed that “there has undoubtedly e@olossal move away
from RBMT to more statistical methods, but now the pendulsmswinging back (slowly)
in the opposite direction ...As a community we are moving lup ‘Vauquois Pyramid”
[Vauquois, 1968] just like people were trying to do in the alte-based times, but eventu-
ally, we will doubtless still need more than can be inferremhf ‘just looking at annotated
text pairs’.” If this is true, then SMT practitioners will )@ to take these comments on board
if they do not want to be left behind, in much the same way thetihguistic proponents of
MT were left behind by the SMT movement.

6 Conclusion

In this paper, we have argued that today’s predominant Magigm is largely incomprehen-

sible to translators, and more surprisingly, to many exgpexéd MT protagonists who are not
statistically trained. This is largely an artefact, we iaof how PB-SMT practitioners have

chosen to present their work (cf. [Hearne and Way, 2009a4 feomewhat more accessible
description of SMT).

We showed that this was not always the case; when the oritBih&lresearch was pre-
sented, the language used was much more inclusive. Hoves/8MT becaméhe principal
way of doing MT, this conciliatory tone soon changed, to tbhmptoday where many people
who wantto understand have been lasib far behind that they feel that it is impossible to
ever catch up. We expressed the view that linguists andlétans have to share the blame
in allowing the field to move almost entirely in the statiatidirection, especially when the
seminal IBM papers very much left the door open for collaborawith the linguistic com-
munity.
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However, in our view SMT researchers will soon have to albeirtposition, if the use
of syntax (and later, once a further ceiling has been readedantics)s to become main-
stream in today’s models. These syntactic improvements lagely come about from those
practitioners with a wider background than is the norm in SWAose without a linguistic
background, then, appear to have two choices: (i) to attémipclude the linguists, so that
they may be of help; or (ii) to continue to exclude linguisthile at the same time trying to
make sense out oheir writings.

We also discussed the overly important role nowadays ofnaatic evaluation metrics, to
the exclusion ohctualimprovements in the translations output by our systems asuned
by real users in real applications. The organisers of the W&SK, in particular, are to
be applauded for maintaining human evaluation as the pyimegans by which translation
quality is measured.

Finally, we have pointed out that there is much to be gainewh fconsulting the research
literature from the other MT paradigms. RBMT and EBMT practiers have learnt much
from SMT, and those communities will, we are certain, be \yegpy for SMT practitioners
to learn from them also.
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