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Will MT blow for full time on ./ —% A K (no side)?

Anthony Hartley

Rikkyo University, College of Intercultural Communication

1. Sport —a universal code?

If you get the metaphor in the title, then you have
probably devoted some of your leisure time to that
‘hooligan’s game played by gentlemen’ (and,
increasingly, women) called rugby football. If not,
then I hope you will find by the end of this rather
non-technical piece an explanation that hints at a
wider influence of MT on cultural exchange.

Japan is investing significant effort into MT — well
documented in the pages of this journal — in
preparation for the 2020 Olympics and Paralympics.
Quite rightly, priority is being given to ensuring the
personal safety, hassle-free travel and enjoyable
tourism of visitors from overseas who speak little or
noJ apaﬁese.

But what of exchanges about the sporting
disciplines themselves? After all, many spectators
come especially for the gymnastics, the track and
field, the swimming ... Can we assume a lingua
franca of sport that allows fan to talk freely with fan
about a shared passion? Given that Japanese has
assimilated ‘7FR— A5 " and ‘AT L& 7’ while
other languages have done the same with the judo
terms ‘ippon’ and ‘uki goshi’, can we conclude that
knowledge of the technical terms alone is enough to
enable meaningful conversation?

If my experience in the linguistic field of rugby is a
reliable guide, then the answer is ‘no’. Just ensuring

that < 7’ translates as ‘ruck’ and *®&—/L" as

‘maul’ is not enough. Let me outline the reasons for

this with some supporting evidence.

2. Why rugby?

In translation, the more you know about the subject
domain of the texts you deal with, the better; I played
my first game of rugby at age 11 and continue to play
within a veterans club in Tokyo. So for me it's a
familiar topic. This brings us to a second reason —
Japan has more registered rugby clubs and players
than any other country in the world except England.
Within this, it boasts an active veterans’ scene with
hundreds if not thousands of players from their 40s
into their 80s playing on a regular basis throughout
the year. So there is a sizeable pool of knowledgeable
players and ex-players.

The popular awareness of rugby soared with the
Brave Blossoms’ famous victory over South Africa in
the last Rugby World Cup in England in September
2015. And even if this interest has dipped in the
meanwhile, it is about to pick up. This brings us to
the third and final reason for taking an interest in the
language of rugby — Japan’s hosting of Rugby World
Cup 2019, which will kick off at Ajinomoto Stadium
in Chofu on 20 September. So there is a potentially
huge fan base.

This Autumn (2017) will see the launch of the

ScrumSourcing project!, which aims to produce an

! The lead participants are Dr Eiichiro Sumita and Dr



MT engine to support ‘rugby talk’ between Japanese-
and English-speaking fans during RWC 2019. The
plan is to deliver the service using the NICT engine
and the VoiceTra platform,® and to crowdsource the
post-editing of the MT output by volunteer rugby
fans in order to incrementally improve quality during
the training phase.

What, then, are the main challenges from a

linguistic perspective?

3. Contrasting writing conventions

The reporting of rugby in Japanese in the national
media is — in relative terms — rather sparse, the
pre-eminent outlet being Koichi Murakami’s column
for J-Sports.® In contrast, match reports proliferate in
the national and local press of Australia, New
Zealand, England, Ireland, Scotland and Wales. The
UK-based ‘Guardian’ alone has four regular rugby
writers. This means that writers compete not only on
perspective but also on style. As a result, there is a
marked asymmetry between the writing conventions
in the two languages.

Post-match reports in Japanese tend to consist of a
mix of interviews with players and coaches and of
factual move-by-move descriptions of the game. Here
is a typical example:

EDHK, 28 HZT—NLBIO AT T L6, SH NHE
WA FEEE VIR AR FLESINIELT2
DHD M7 A28, 36 FIZITT—NEIDT v 7126
LO E—F U MMBICHRRA PFIZ R A 2RO, 40

Masao Utiyama of the National Institute of Information and
Communications Technology (NICT), Professor Hitoshi
Isahara of Toyohashi University of Technology, and Rikkyo
University.

% http://voicetra.nict.go.jp/

3 https://www.jsports.co.jp/press/column/writer/26/

W7 A 7w b2 WTB dEIIAHA A L—TF
A r&MLEITH L, R — b L7z CTB BT/ S A
WY, B4 0HD FTA ERDT,

In contrast, many reports in English juxtapose such

factual descriptions with sustained figurative
passages, as here:
Saracens, so expressive against Northampton last
week, were lost for words in possession, muted by a
furious rush defence and the retrieval qualities of
Louw. They found their voice after Farrell replaced
Alex Lozowski, a move that allowed Goode, whose
first half was mired in mistakes, to roar.

Some of these metaphors become frozen as clichés
which recur in the live match commentaries and fans’
tweets to be found on sites like Ultimate Rugby.*

To investigate these linguistic trends more closely,
at Rikkyo we created comparable corpora of texts in
the rugby domain, totaling about 3.5M words in each
language. We used the SketchEngine® software
designed for lexicographers and which offers in-built
functions for identifying a wide range of
distributional patterns, including collocations and
relations, as well

thesaural as for extracting

domain-specific terms. Two tendencies can be
observed that distinguish the English from the
Japanese: synonymy and economy.

Even the most ardent rugby fan will concede, in all
honesty, that a typical match consists of many
repetitions of a relatively small number of action
types. For example, the ball is passed (backwards)
from player to player (running forwards) from one
side of the pitch to the other. But a writer who uses
always the same form of words to describe this
repeated event risks boring the reader. Hence the high

frequency of ‘spread the ball wide’, ‘spin the ball

# https://www.ultimaterugby.com/

5 https://the.sketchengine.co.uk/



wide’, ‘go through the hands’ or ‘go wide’ and other

synonymous expressions. Reports in Japanese,
however, draw on a more limited lexicon.

This concern for variety is accompanied by a need
for concision. Journalists are constrained by space,
live commentators by time, tweeters by the 140 text
characters limit. Thus, the ball being central to the
game, mention of it is often elided in text, hence:
*Smith spins it wide’ or ‘Jones carries @.” Similarly, in
our corpus ‘The referee blows the whistle’ is
significantly less frequent than ‘The referee blows.’

In this same respect, let’s consider the example of
‘to clear’. A fan reading ‘Brown clears’ can picture
Brown receiving (or ‘gathering’) the ball in a
defensive position within his/her own half of the field,
probably close to the goal line, and kicking it into or
towards the attackers’ half, or out of play. In Japanese
there is no single verb with the same semantics.
Instead, the translator can opt for simply the
underspecified ‘% » 7 Z§i%" or add a space- and
time-consuming supplementary phrase to make the

player’s location on the field explicit.

4. What are the implications for PE?

In the rugby domain we have found very little
parallel data to harvest for training — bad news for the
MT developer. Even on an international site like
World Rugby,® which has pages in Japanese as well
as English, the volume of segment-for-segment
translations is very small as a result of extensive
editing, most commonly deletion.

So the role of post-editing in accumulating high
quality bitexts becomes crucial. In our scenario, this
task is to be performed by volunteers who present the

disadvantage of being non-professional translators

6 http://www.worldrugby.org/

but the — overriding, we hope — advantage of being
rugby insiders.

Given the mis-match between rugby reporting
styles in Japanese and English, our Japanese
volunteer post-editors will face choices. In the jargon
of translation studies, they will find themselves
deciding — no doubt unconsciously — between a
‘foreignising’ option that imports novel words and
metaphors into Japanese and a “domesticating’ choice
that preserves the conservative norms of the target
language.

With this background, let’s return to the metaphor
in the title of this article. At the level of denotation
“full time” and ‘no side’, 7/ % A 4% and * / —H A
[* are synonyms: they all denote the end of playing
time. But the differences in their distribution in our
corpora are remarkable. While ‘full time’ occurs
18.01 times per million words (pmw), the frequency
of ‘no side’ is only 0.71 pmw. For Japanese the
picture is reversed: ‘7 /L&A . has a frequency of
8.2 pmw and * / —¥ 1 K’ 38.0 pmw.

At the level of connotation, however, * / —3# A |’
encapsulates the essential spirit of rugby, which at the
end of a hard-fought game sees the former opponents
enjoying celebratory refreshments together.

So what will happen? Will the Japanese yield
under statistical pressure from English, with ‘7 /L%
A 4" supplanting * / —4 1 K’ If so, will the former
take on the connotations of the latter? Or will the
current camaraderie after the final whistle that
sustains veteran players into their 80s start to fade? In
the reverse direction could Japanese influence a
convivial ‘no side’ to displace the prosaic “full time’?

If MT is to become more instrumental in bringing
about cultural change through contact — which it
surely is — then we prefer change for the better. The

outcome lies in the hands of the post-editors.
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Improving Statistical Machine Translation

with Target-Side Dependency Syntax
John Richardson

Google Japan

1. Introduction

Translation is particularly challenging for language
pairs with widely different grammatical structures,
such as English and Japanese. One of the more
popular approaches for successful handling of such
language pairs is syntax-based MT, a translation
paradigm based on the principle of abstracting
language with grammatical rules.

The majority of previous approaches to syntax-based
MT have employed only source-side grammar
(known as ‘tree-to-string’” MT). This is mainly
because syntactic analysis must be performed on both
source and target sides for training tree-to-tree
systems, and the resulting translation rules are in
general sparser than their string-based counterparts
(as the same string can be represented by multiple
trees). While there have been previous studies on
exploiting target-side syntax (or ‘tree-to-tree’ MT [1]),
results have not been promising. There are however a
number of potential benefits of using target-side
syntax, in particular assisting reordering and
language modeling, two important areas for
improving the fluency of machine translation output.
Lo BN =
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Figure 1: Sample dependency tree-to-tree translation with
colors showing each translation rule used to generate the
final translation.

Figure 1 shows an example translation with such a
tree-to-tree translation system, KyotoEBMT [2],
demonstrating how syntax can be useful in building
large translation rules covering distant parts of an
input sentence.
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Our aim is to analyze the effectiveness of target-side
syntax, in particular dependency grammar, and ask
whether the potential improvement in translation
quality is able to outweigh the increased complexity
of employing a structured target-side representation.

2. Dependency Tree Language Model

We begin by considering the task of language
modeling and how it can be improved by exploiting
target-side syntax. Long-distance agreement is a
tricky issue for string-based machine translation,
which is susceptible to errors such as incorrect
noun/verb agreements, and we hope to solve this
problem by considering target-side syntax.

Classic m-gram language models are effective at
capturing translation fluency at the word level,
however such approaches often fail at the syntactic
and semantic level. We abstract the traditional
definition of a classic n-gram to dependency trees and
show how our approach is able to improve more
challenging issues such as long-distance word
agreement. The primary motivation for using
structured language models is that we can reduce the
*distance’ between words that are interdependent on a
syntactic (and often semantic) level. While tree-based
models have more complicated structure than their
string-based counterparts, the sparsity of the most
important information is reduced, giving a more
compact and relevant representation of context.

Our first approach extends the linear context
described in the classic n-gram language model by
adding dependency tree structure [3]. We define ‘s
treelets” as all possible dependency tree structures
with ¢ nodes (words) and the ‘/-treelet context’ of a
node in a dependency tree as the set of all t-treelets
containing the node that are strictly to the ‘left’ of the
node. The notion of ‘lefiness’ is the tree-based
parallel of only considering previous words as
context in a traditional n-gram, and we define it a
node as ‘left’, or “context’, of another if it would be
reached first in a depth-first search starting from the
root node. Figure 2 shows an example of the t-treelets
extracted as context for an example sentence.



We now construct a language model similar to a
standard n-gram model by counting the frequency of
all t-treelets (within some maximum size) in the
parsed training corpus. The r-treelet language model
probability is similar to the n-gram case, however we
must consider the probability of all t-treelets (as there
are multiple r-treelets of the same size for any node).
We do this by taking their geometric mean.

<root> input sentance <moot> history of ‘mice’
Tam T ate
cal  achaly  mice yesiarday cat  acwally  mice

/ 7 / 7
the e the
|| e ok ” [ [ o
mice Sk e, S ey I _
| | mice mice cat mice | actually  mice

Figure 2: Example of t-treelet extraction. The left figure
shows a parsed example sentence and the right figure
highlights the context for the word 'mice’. The five possible
t-treelets of order < 3 are enumerated below.

To evaluate the potential of this method, we assessed
the improvement in translation quality attainable by
using our language model as a feature for reranking
parsed n-best translations. Our baseline was a strong
phrase-based baseline system (Google Translate, as
of late 2014) and we applied the language model to
rerank the 1000-best translations of English to a
variety of target languages. Table 1 shows the results
of our human evaluation, in which raters were asked
to give a score from 1-6 (higher is better) to the
translation quality of the baseline and proposed
(reranked) systems.

Slavie Uralic Germanic
Language | Czech | Russian | Hungarian | Dutch | German
CR 8.51 2.74 5.57 7.04 7.57
mean-diff | 0.08 0.10 0.06 -0.02 0.06
mean-sign | 0.08 0.08 0.06 -0.02 0.06
Romance Semitic
Language | French | Portuguese | Spanish | Hebrew
CR 4.71 10.21 4.98 6.18
mean-diff | 0.11 0.01 0.01 0.01
mean-sign | 0.11 0.01 0.03 0.02

Table I: Results of human evaluation. ‘mean-diff” is the
mean rating difference (0-6) between baseline and
proposed systems, ‘mean-sign’ is the mean sign difference
(diffs are normalized to -1, 0 or 1), and ‘CR’ (change rate)
is the percentage of sentences with different translations for
baseline and proposed svstems.

The results showed that the proposed model is most
effective for morphologically rich languages with
free word order, such as Slavic and Uralic families,
because they contain more examples of non-local
dependencies that affect fluency, and we saw no
significant improvement over a classic »n-gram
language model for groups such as Romance
languages with high baseline quality and few non-
local word agreements. On the positive side, we
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demonstrated that a syntax-based model is capable of
performing positively for some language pairs by
directly parsing string MT output.

3. Exploiting  Projected  Source

Dependencies

There remain a number of drawbacks to the first
approach. The first is the assumption of the
availability of a high-quality target-side parser,
especially since we are parsing potentially malformed
translations. The second disadvantage is that we do
not consider source-side context, which can be
important for preserving the intended meaning.

We now present a practical solution to solve these
two issues. The idea is to exploit relatively high
quality source-side English parses and to build a
projected language model that is independent of the
target language.

We trained the projected language model by parsing
the source side of the training corpus and projecting
the dependencies to the target side using word
alignment, then using the projected target side parses
to learn a maximum likelihood model. For inference
we parsed the source sentence and created projected
dependencies on the target side for all n-best
translations. Note that this method only requires one
parse, as opposed to n. See Figure 3 for an example
of how the projected language model was used for
post-editing at inference time.

prep
— det

SRC  name [of ] the
v : L e - 0.92 Hundes
TRG  Name [e] des e

Figure 3: Post-editing an incorrect word form. Firstly the
context is extracted for the word in question (‘Hund') on
both source (green) and target (blue) sides using mapping
based on the word alignment (shown with double-headed
arrows). ‘Hund'is replaced by ‘Hundes’, the word with the
highest probability of having the marked bilingual context
according to the projected dependency language model.

A potential downside of such a mapping approach is
that we assume the syntax of the source language is
sufficiently similar to the target language. We
therefore attempted to mitigate this issue by
considering only context of a limited size. We
restricted the language model to consider only a
hand-crafted subset of the r-treelets defined in the
previous section, designed specifically to capture



common word agreements such as noun-verb and
adjective-noun bigrams.

The improved method was evaluated with a similar
experimental setup and human evaluation to the
previous model. Table 2 shows the human evaluation
results.

CR | mean-diff | :ut_-sm—sign !
bg | 0.63 | 0.34[0.25, 0.42] | 0.28 [0.21, 0.35] I
ca | 0.76 | 0.15 [0.08, 0.22] | 0.14 [0.08, 0.20] |
cs | 4.34 | 0.12 [0.05, 0.18] | 0.10 [0.04, 0.17] |
[ da | 1.70 | 0.45 [0.38, 0.52] | 0.42 [0.35, 0.48]
| de | 2.82 | 0.2 [0.22, 0.37] | 0.24 [0.19. 0.30]
el | 110 | 0.07 [0.01. 0.13] | 0.06 [0.01. 0.11] |
es | 1.09 | 0.27 [0.18, 0.37] | 0.23 [0.17, 0.30]
fr | 1.51 | 0.10 [0.02, 0.17] | 0.10 [0.04. 0.16]
hr | 2.15 | 0.19 [0.12, 0.25] | 0.17 [0.11. 0.23]
it | 107 | 0.27 [0.17, 0.36] | 0.21 [0.15. 0.27]
It | 3.72 | 0.24[0.18, 0.31] | 0.21 [0.15, 0.27)
Iv | 3.76 | 0.11 [0.06. 0.17] | 0.11 [0.06. 0.16]
nl | 2,38 | 0.46 [0.38, 0.54] | 0.42 [0.34. 0.49|
'no | 134 ] 0.23[0.16. 0.31] | 0.22[0.16. 0.29
pl | 297 | 0.11 [0.03, 0.19] | 0.11 [0.04. 0.18] |
i pt | 2.02 | 0.29 [0.20, 0.39] | 0.24 [0.18. 0.31]
ru | 2.73 | 0.09 [0.02, 0.15] | 0.06 [0.01. 0.12] |
sl | 342 | 0.10 [0.05, 0.13] | 0.08 [0.04. 0.13] |
sv | L70 | 0.34 [0.26, 0.42] | 0.28 [0.22. 0.35]
uk 2.33‘0.07 [0.0L, 0.14] | 0.06 [0.01. 0.11]

Table 2: Human evaluation for projected language model.

We can see that the projection approach gives a
significant improvement in translation quality
compared to the baseline for all of the 20 languages
we tested. This reranking approach is simple,
efficient and decoder-independent, and unlike much
post-editing work does not require human post-edit
logs as we can train directly on the parallel corpus.

The projection approach was successful in terms of
precision, however the change rate was low for out-
of-vocabulary words and unseen #-grams, in
particular for languages that display rich case endings
and agglutination. To improve the coverage of our
approach for unseen n-grams we also considered an
extension to a more general delexicalized language
model. We mined word inflections from Wiktionary
for six languages (Czech, German, Spanish, French,
Portuguese and Russian), creating a mapping of word
forms to grammatical attributes including gender,
number and person. The language model was
retrained, replacing all context words with their
corresponding list of morphological tags from the
mined lexicon. At inference time, we backed off to
the original language model if no tags were found in
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the lexicon. This approach improved the coverage but
also reduced the translation quality by a comparable
amount, so it not clear this approach is better.

4. Applying Target-Side Syntax to
Reordering

Word order is one of the major challenges for
translating syntactically distant language pairs such
as English-Japanese. It is therefore also one of the
potentially most fruitful applications of systems
exploiting target-side syntax, and so we attempted to
apply the dependency language model described
above to this task.

Syntax-based reordering is relatively simple for
binarized constituency parses, as it is sufficient to
decide either to retain the order of children or to swap
them, however there has been little work on
reordering with dependency parses since standard
dependency nodes can have arbitrarily many children,
giving n! possible reorderings for n children. We
propose a solution for this more general setting.

Our baseline system was KyotoEBMT [2], a state-of-
the-art  dependency  tree-to-tree  syntax-based
translation framework. KyotoEBMT by default
combines translation hypotheses based on the
weighted sum of a number of hand-crafted features
including a classic #n-gram language model score.

We proposed the addition of a special type of non-
terminal symbol (known as a ‘flexible non-terminal’
[4]) that allows insertion of hypotheses at an arbitrary
number of positions in the parent hypothesis based on
the tree structure of the parent hypothesis, and
extended the hypothesis combination model by
adding three tree-based language model features.
These are shown in Table 3 as ‘Pref’, the preference
(probability) for joining a subtree as a left or right
child of the head of the parent hypothesis; ‘Ins’, the
probability of inserting a subtree into the parent
hypothesis; and ‘Rel’, the probability of inserting the
subtree at some position amongst the other child
nodes of the parent hypothesis. These probabilities
were also conditioned on the source token being
translated, and were trained with a simple maximum
likelihood model on aligned trees from the parsed
training corpus.

The following is an example of a translation
improved with the proposed method, as the
hypotheses are combined in a more natural order
considering the target-side structure. The constituent
translation hypotheses are shown in brackets.



Baseline: [U.S.A. promotes the superiority] [of the
domestic] [of international competitive power] [as a
strategic tool] [by the close cooperation of the
government and industry and university] [and] [.]

Flexible: [U.S.A. promotes the superiority] [of
international competitive power] [of each country]
[as a strategic tool] [and] [by the close cooperation
of the government and industry and university] [.]

JA-EN | EN-JA | JA-ZH | ZH-JA

Moses 18.09 | 2748 | 2796 | 34.65
Baseline 19.97 | 2841 | 28.13 | 33.51
Flexible 21.23¢ | 30.11% | 29.42f | 35.37f
+Pref 21.661 | 29.90t | 29.48f | 35.57%
+Preftlns | 21.47¢ | 30.03t | 29.64f | 35.71

+ Pref+ Ins + Rel [ 21.34f | 29.99t | 29.78} | 35.81}

Table 3: BLEU scores for our reordering experiment.
‘Flexible’ is the proposed system with no LM features.
Results marked 7/f are significantly higher than
baseline/ 'Flexible’at p < 0.05.

Table 3 shows the results of our evaluation
experiment. The proposed method gives an
improvement of the baseline by around 1-2 BLEU
points at the cost of only a 30% increase in decoding
time.

5. Conclusion and Future Work

In this article we have explored the potential of
exploiting target-side dependencies to improve
statistical machine translation. This has led to the
development of a number of new approaches to
important machine translation tasks including
language modeling, reordering, and post-editing.

There remain however a number of challenges.
Parsing quality is still a serious issue and remains the
major drawback to syntax-based translation
approaches. Many of our proposed methods are also
strongly influenced by the baseline translation quality,
as they mainly consider the target-side, and word
alignment quality affects mapping-based approaches.

Recently many of these issues have been mitigated by
neural network translation methods, which do not
explicitly use (or significantly improve the quality of)
parsing and alignment. It is therefore natural that
future work must consider whether it is possible to
integrate syntax-based approaches into neural
translation frameworks. While there is certainly
potential for hybrid models incorporating syntax, the
question is to what extent this information can be
useful. Recent approaches such as the ‘Transformers’
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attention-based model [5] have an arguably similar
motivation to tree-to-tree translation, selecting the
most important context for each word, however do
not explicitly use parsing as a preprocessing step,
instead learning similar representations jointly with
the translation model.

It remains to be seen whether our current linguistic
theories can express the optimal abstractions for
translation, and indeed recent advancements in neural
network research have hinted that linguistic theories
are already being learned and not taught. Once we are
able to understand abstractions learned using
unsupervised methods, we can aim improve existing
linguistic theories and their applications to MT.
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