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Abstract steps such as translation step (on the phrasadl),leve
generation step (for each word). Each step is neadel
Factored machine translation models extendPy one or more feature functions that are combined

traditionalPhrase  Based  Statistical Machine by means of a log-linear model with a weight foctea
Translation (PB-SMT) by taking into account notonly feature. Furthermore, order of mapping steps is
the surface form of the words, but also linguisticchosen to optimize search.

knowledge such as the dictionary form (lemma),-part

of-speech (POS) and morphological tags. In thisIn this paper our focus is on low-resource langsage
paper, we used POS tagsas a factor and builiVe expect factored models to be effective hereesin
factored machine translation models with variousfactors can mitigate issues arising from data
translation configurations for Myanmar to English, sParseness. On the other hand, thereis also lack of
Japanese translation and vice versa.The experimentalata for the factors themselves. Therefore thigystu
results show an improvement in translation quality@ims to provide some insight into how these two
for Myanmar to English and Myanmar to Japanesefactors interact, in other words, can factored nede

language pairs. be effective for low resource languages, in spite o
incomplete/inaccurate labeling of the factors
1. Introduction themselves.

Although factored models have been successfull)?’- Related Work

used in several rich resource language pairs to

improve translation quality, to the best of our Koehn and Hoangcarried out factored machine
knowledge,there is no prior research targeting thdranslation experiments on English-German, English-
application of factored models to the machineSpanish, English-Czech and  English-Chinese
translation of low resource languages. In this pape language pairs by using linguistic information and

we attempt to increase machine translation@utomatically generated word classes [1]. They used
performance for a low resource language, Myanmar20,000 to 750,000 sentences of legal and jourilist

by applying a factored machine translation domain training data and reported gain up to 2% in

without factors. Another factored machine transiati
2. Overview experiment done on English-Czech language pair

(with acorpus twice as large as the one used in [1]

As in standard PB-SMT, the main source of datavas reported byBojar, O.[2]. Their results alsovgho
for training a factored model is a parallel corpus.that factored machine translation outperformed a

However, the corpus can be factored: each word 0liraditional PB-SMT approach.Moreover,similar gains
token can be tagged with arbitrary linguistic could be achievedas the corpus size was increased

information such as lemma, POS, morphology an 3l- .I'!'he factored ma((j:hme i tLansIatlond_bgtyveen
word class [1]. For this reason, the phrase maﬁpingBraZ' lan Portuguese and English was studied in [4]

can be extracted for each factor and broken up int(-)rhey reported that factore_d tra_mslatmn_ modelgtbun
with POS and morphological information achieved



better results than a system without factored nmdel

but the same gain in performance was not achievdapanese:

when flat syntactic tags derived from parse treefs|[BsEGA\V < & |4 A CF BB BhE, e’
information were used.Experiments carried out with

factored models in both directions for a Russianiiyanmar:

English translation task[5] found gains in both [ ]|PRN.Question! [ (]|Part.Support
directions. "[J|Part.Support] [ |SF.Interrogative | |UNK

Motivated by the successes in the prior researchpere are many “UNK” (Unknown) tags contained in
above, we set out to investigate the effectiveridss the POS tagged Myanmar data. 30.57% of the tokens
factored machine translation for low resourcein the training data were labeled with UNK; 30.63%
languages where the parallel training data, anal tat inthe development data, and 31.36% in the test data

annotate the factors are both in short supply. ) )
As mentioned earlier, these POS tags are not only

incompletely annotated but also can be expectée to
4. Methodology inaccurate due to the limited amount of trainingada
available to train the models used to annotate them

In this section, we will present pre-processingThis is to be expected in a low-resource language,

for factored translation. obstacle.

4.2. Language M odels
For parallel data, we used English, Japanese and guag

Myanmar language data from the multilingual Basic Modified Kneser-Ney discounted language models
Travel Expressions Corpus (BTEC), which is a \y were built from monolingual corpora using

collection of travel-related expressions [6]. Insth |RSTLM toolkit version 5.80.01 [13].Along with the
paper, we used 131,698 sentences for training0R0,0 regular 3-gram LM based on word forms, we also
sentences for development and 4,341 sentences fased a second 3-gram LM that was trained on POS

testing. tags.

4.1. POS Tagging 5. Experiments and Results

The original English BTEC datawere POS Al parallel corpora  (Myanmar-Japanese,
taggedusing the TREE-TAGGER [7]. We used theJapanese-Myanmar, —Myanmar-English,  English-
MeCab Part-of-Speech and Morphological AnalyzerMyanmar) were aligned with thegrow-diag-final-and
for Japanese POS tagging [8]. heuristic from GIZA++ alignments [14].Both phrase-

For Myanmar, both word segmentation and podased translation models and factored translation
tagging are necessary because the language ibisylla models were built with MOSES [15].All of the log-
and therefore naturally not segmented into words. W linear model weights were optimized on development
used 2,713 Myanmar sentences (24,129 words)taggeédpta using the MERT algorithm [16].The decoding
with UCSY (University of Computer Studies, for PBSMT system (for both baselines) and the
Yangon) POS tags data for word segmentation anépctored SMT (for factored translations) was done
POS tagging of the Myanmar part of the BTECUSing MOSES version 0.91 [15].
corpus [9].A Maximum Matching Word segmentation !N our  experiments,  the  translation
method was used with unique 2,478 wordsextracte@erformancewas measured by using a case-sensitive
from the UCSY POS tagged data [10], [11].We thenBLEU metric [17]. The significance testing was
used the KyTea text analyzing toolkit for buildiag Performed by paired bootstrap re-sampling and
model for POS tagging with UCSY POS tags [12].  computed with the mteval-v13a.pl script provided by
Examples of POS tagged data are given below, in th&IIST [18], [19].
format “word|POS-tag”:

5.1. Basdline Systems
English: We used two baselines;one was a typical PB-SMT
How|NP much|RB is|VBZ it|PP ?|SENT and the otherwas PB-SMT with POS tags annotated



to both source and target worélst both baselin
systems we built a translation model us/ 131,698
parallel sentence pairs.rigram language mode
were builtusing training dataf denglish (987,22:
words), Japanese (1,128,42®rds) and Myanmar
(1,368,710 words).

In the first baseline systenwé¢ will call PE-SMT),
each word is representday its surface fori; the
translation architecture from source to target leagg
is as in Figure 1.

Source : Target
1
1 Word
O+«
1
Word 1 Word

|
Figurel. Trandationin PB-SMT

The second baseline (PB-SMPIGS was identical to
the first, but used®OS tagged words (words/PC
instead of the surface formas tokens during th
translation proces3.he language modwasalso built
using POS tagged wordshe translation architectu
this baseline is shown ifrigure2 This baseline
incorporates similar information into the model,
the factored models, but directly without add
additional model features. However, = approach
may result in sparser models.

Source

Word/POS
O+~

Word/POS | Word/POS
|

Target

Figure2. Trandation in PB-SMT-POS

To llustrate the differences between the
baselines weshow example phrase pairs taken fr
the respective phrase tables, below.

Example phrase pairs (PB-SMy&seline:
|l cafe |||

||| cafeteria |||
||| coffee , please ? |||

Example phrase pairs(PB-SMABS baseline
/NN.Food ||| cafe/NN |||

/NN.Food ||| cafeteria/NN
/INN.Food ||| coffee/NN ,/, please/UF

Table 1 is populated with the resufrom the PB-
SMT and PB-SMT-POSbaseline. Although the
BLEU scores of the PBMT-POS baseline on
Myanmar to Japanese and Japanese to Myaare
comparable to those from tiRB-SMT baseline, they
are considerablyower for Myanmar to English ar
English toMyanmar translatior (-0.92 BLEU score
for my-en and0.37 BLEU score for emy). We will
discuss this in the next section

Tablel. BLEU scores of two baselines

Source-Target PB-SMT PB-SMT-POS
my-ja 27.7¢ 27.64
ja-my 24.7(C 24.66
my-en 21.11 20.19
en-my 23.2¢ 22.88

5.2. Factored Trandation Configurations

Our experimentscan be divided into two grot
experiments inthe first grougseonly one translation
path, and experiments in tilsecond groujused two
translation pathsetween a subset of fact. We
employ a similar notatioas in [2to refer to factored
translation models as follows:

“t" stands for “translation”

(TP}

g” stands for “generation”

“W” standsfor “surface or word

“P” stands for “Part-oSpeech (PO
“+” standsfor “adding one more factc

For example, tW-W is &ranslatin factor for “word”
to “word” translation; tWWP is a translation factor
for “words” to “words and PO tags”; tW-W+tP-P is
a translation factothat usestwo translation paths,
one is W-W (ords to words) and another P-P
(POS tags to POS tags)n this paper, we
experimented with foulifferenttranslation factors in
thefirst group (tW-W, tWWP anc tWP-W, tWP-WP)
and eightdifferent translation factors W-W+tP-P,
tWP-W+tP-P, tW-WP+tP-P tWP-WP+tP-P, tW-
WHWP-W,  tW-W+HWPWP,  tWP-WP+tW-W
andtWP-W+tW-W) in theecond groujin addition,
we also used generation factcqgW-P for creating
generatio tables between target factors foi of the
factored experiments. Note that this genera
mapping is between target factorsot between
source and target factors [1H).addition,all factored
models contained a language model over
generated POS tag sequence. Therefore, the fa
model “tW-W” is identical to the baseline SMT,
except for the target POS tag generatitep and the



target POS tag language model fea Word
alignment for all factored translati models was
carried out on thesurface form.Based on the
mapping of translation factarghe translationrocess
will be changed (see Figure 3 and Fi¢ 4).

Source Target

Word
LM

POS

Word

Figure 3. Trandation in factored SMT with tW-
WP, gW-P translation factor

Source

|
| Target
1
1
1

Figure4. Trandation in factored SMT with tWP-
W+tP-P, gW-P trandation factor

Phrase mapping and tieamber of phrastables also
depend on the translation factoFor example, there
is only one phrase tableseto map “word” to
“word|POS” in the tWWP factored model (see
Figure 3). However, there ateo phrase tables, one
for mapping “word|POSto “Word” and the other
for mapping “POS” to “PO$n the model illustrate
in Figure 4.

5.3. Results

The results displayed ifable 2 shw that some
factored SMT systems Gfop 1 (using one
translation path) for Myanmar to Jaese (my-ja)
and Myanmar to Englishtranslation gave higher
BLEU scores thanboth of the baselines. The
translation performance tfie factored models iall-
but-one of theMyanmar to English exjyriments are
significant improvementsa(l reported significanc
tests are at p<0.05)over thePB-SMT-POS
baseline.Moreover Myanmar to Japanese factol
translation with “tW-WP translatiin pathalso
achieves significanimprovementoverboth of the
baselines.On the other handBLEU scores of
translation fromJapanese, English to Myanmar
lower than the PEBMT baselin.Although BLEU
scores of Japanese to Myanmar translations are
than PB-SMTPOS, English to Myanm translation
with “tW-W”, “tW- WP” and “tWF-W" translation
paths can give higheBLEU scores than F-SMT-
POS.

Table2. BLEU scoresof factored SMT experiment (Group 1)
for Myanmar to Japanese (my-ja), Japanese to Myanmar (ja-my),
Myanmar to English (my-en) and English to Myanmar (en-my)
* means BLEU comparison is significant over PB-SM T-POS with p<0.05 and
** means BL EU comparison is significant over both PB-SMT and PB-SM T-POS with p<0.05

Src-Tar tW-W tW-WP tWP-W tWP-WP
my-ja 27.73| 28.17* 27.64 27.63
ja-my 24.47 24.40 24 .45 24.40
my-er 20.63* 21.16* 20.70% 20.74
enmy 22.90 22.91 23.1( 22.71

Table3. BLEU scoresof factored SMT experiment (Group 2)
* means BLEU comparison is significant over PB-SM T-POS and
** means BL EU comparison issignificant over both PB-SMT and PB-SM T-POS

Src-Tar tW-W tWP-W tW-WP | tWP-WP twW-W tW-W tWP-WP | tWP-W
+tP-P +tP-P +tP-P +tP-P HWP-W | #tWP-WP | +tW-W HW-W
my-ja 27.94* 27.71| 28.02* 23.85 27.74 27.84 27.8%| 27.92*
ja-my 24.24 24.4; 24.23 24.34 24.57 2432 23.9i 24.44
my-en 20.84* 20.67 20.78* 20.88* 20.82* 20.95% 20.9% 15.54
en-my 22.48 22.9¢ 22.92 22.94 15.55 2291 17.1% 17.46




The factored experiment results with Group 2 (using From the evidence above, we can believethat
two translation paths) can be seen in Table 3.1&mi “tW-WP” translation path is useful feature for
tothe Group 1 results, Myanmar to English transfati Myanmar to English and Myanmar to Japanese
results with “tW-W+tP-P”, “tWP-W+tP-P”, “tW- factored translation. We concludethat the POS tag
WP+tP-P”, “tWP-WP+tP-P”, “tW-W+tWP-W", “tW- factors of English and Japanese are making an
WH+HWP-WP” and “tWP-WP+tW-W" are significant effective contribution.

better than the PB-SMT-POS baseline. Moreover,

Myanmar to Japanese with “tW-W+tP-P” also gives a The results in Table 2 and Table 3 also indicate
significant improvement. The translation performanc that in Japanese to Myanmar and English to Myanmar
of Myanmar to Japanese with translation paths “tW-factored translation it is difficult to get an ingwed
WP+tP-P” and “tWP-W+tW-W” are significantly performance over both of the baselines. For example
better than both baselines. On the other hand, thtne BLEU score 23.10 of English to Myanmar
Japanese to Myanmar language translation res@ts atranslation tWP-W decreases to 22.71 for tWP-WP
lower than both of the baselines. Although the BLEU(when adding POS tag information to target side
scores of English to Myanmar are lower than both oMyanmar). Another example is, in Japanese to
the baselines, four translation paths “tWP-W+tP-P”,Myanmar translation, BLEU scores are the same for
“tW-WP+tP-P”, ““(WP-WP+tP-P” and “tW-W+tWP- both tW-WP and tWP-WP. One possible reason is the
WP” gave higher BLEU scores than the PB-SMT-quality of the Myanmar POS tagger. As we

POS baseline. mentioned in Section 4.1, we used only 3000 lirfes o
POS tagged data for building a model and the
6. Discussion percentage of unknown tags is nearly 40% in the

training data. Another important factor is that dom

In this section, we discuss the results preseinted Of the BTEC corpus is travel and the training data
Table 1 (two baselines), Table 2 (factored trarmiati POS tag modeling was from the general domain.

of Groupl) and Table 3 (factored translation of
Group?2). For two translation paths, English to Myanmar

translation with “tW-W+tWP-W", “tWP-WP+tW-W"

Table 2 shows the results of the simplestand “tWP-W+tW-W" give very low BLEU scores
experiment. In column 2 of the table the factoredcompared to other translation paths. Currently ree a
model is “tW-W". This is the closest factored model Unsure of the causes of this degradation in
to the PB-SMT baseline and includes a standar@erformance. The explanation remains future
word-token-based phrase-table. The factored modekgsearch.
in columns 3-5 all include POS tags in the tokens o
the source side, the target side or on both ses. There seems a tendency for translations between
were concerned that these POS tags may have caus¥yanmar and Japanese to be improved by adding a
issues with sparseness in the model, but this does Second generation step that generates POS tags or
seem to be the case. All of the experiments gav¥Vord/POS tags from the same. Whereas in the
similar levels of machine translation performance,English/Myanmar translation experiments, adding
and in fact the best performing factored modelthis second generation step tended to degrade
appears to be “tW-WP” which beat both baselines fopperformance. We believe the explanation lies in the
my-ja. Moreover, in Table 2 and Table 3, for my- similarity of the Myanmar language to JapanesehBot
jathe best two factored translation systems contwin languages are syllabic, and often word tokens th bo
“W-WP” translation factor. languages have similar grammatical functions (for

In Table 3, for experiments where Myanmar is theexample the Japanese function word™™ (ga)
source language, there appears to be tendency feprresponds to the Myanmar function work™(ka),
factored models with “tWP” on the source side towhereas there is no such word in the English
give low performance. For example in Myanmar tolanguage). Therefore, due to the more direct
English with factors “tWP-WP”, “tWP-WP+tP-P”, correspondence, we believe that mappings involving
and “tW-W+tWP-W”, we observed that: tw-WP > POS tags between the languages, are likely to be
tWP-W, tW-WP > tWP-WP, tW-WP+tP-P > tWP- more effective between Myanmar and Japanese than
W+tP-P. with English and Japanese.



Although factored SMT can give higher BLEU Translation”, In Proc. of the 3rd Workshop on SMT
scores for Myanmar to Japanese and Myanmar to ACL, Columbus, Ohio, USA,June 2008, pp.143-146
English translation, decoding (and thereforel4] Helena de Medeiros Caseli and Israel AonoNunes,
tuning)takes 2 to 5 times longer than with typiea- “Factored Translation between Brazilian Portuguese

. . . d English”, In Proc. of the 20th Brazili
SMT. The computational expense was especially high an ngush', In rroc. o N razian

h lati h h d Conference on Advances in Atrtificial Intelligence
when two translation pat S approaches were used. (SBIA 2010’) Bernardo do Campo, Brazil, 2010,

pp.163-172
7. Conclusion [5]StephaneHuet, Elena Manishina and FabricelLefré,e
“Factored Machine Translation Systems for Russian-
The experimental results show that factored ~ English” In Proc. of the 8th Workshop on SMT, ACL,
machine translation for the low-resource language S‘?f'a_ Bulgar.|aAugu§t 2_013' pp.154-157 o
. . AG]GenIChII’OKIKUI, Seiichi Yamamoto, Toshiyuki
Myanmar gave higher translation performance tha

ical b ken i Takezawa, and EiichiroSumita (2006), “Comparative
typical PB-SMT. However, care must be taken in study on corpora for speech translatitm”,|EEE

choosing the type of factored model used. Due ¢o th Transactions on Audio, Speech and LangudgHs),
lack of training data for the POS tag factor, the pp.1674-1682

Myanmar annotations for this factor tended to be[7] Helmut Schmid, “Probablistic Part-of-Speech Gy
incomplete, and potentially inaccurate (we assume Using Decision Trees"In Proc. of International
this, but did not measure it). We found that using Conference on New Methods in Language Processing
Myanmar POS tag factor on the source side, did not ~Manchester, UK,1994, pp. 44-49 )

seem degrade performance, but did degradéB] 1"‘akqudo, Kaor_u. Yamamoto and_ Yuji Matsumoto,
performance when used on the target side. On the Applying Conditional Random Fields to Japanese

. . . Morphological Analysis”,In Proc. of the EMNLP
other hand, we found that using factors involving 2004, pp. 230-237

POS-tags on the target side where the target was [@phyyHninnMyint, Tin MyatHtwe and Ni LarThein,
high-resource language, could result in improved  “Bjgram Part-of-Speech for Myanmar Languagef,
performance. Proc. of thelCICM Singapore, October 2011, pp.147-
We plan to extend our study on factored machine 152
translation in the futurewithhigher quality POS [10] Yuan Liu, Qiang Tan, and Kun XuShen,“The Word
tagged Myanmar data. Based on our experimental ~Segmentation Methods for Chinese Information
results, we are optimistic that for similar langesg Processing ('n_ Chlnese)",QumgHua University Press
. and Guang Xi Science and Technology Press, 1994,
such as Japanese, factored models will become

. . . Page 36.
gﬁectlve as the quality of the annotation of thetbrs [11] Pak-kwong Wong and Chorkin Chan, “Chinese Word
improves.

Segmentation based on Maximum Matching and Word

Binding Force”,In Proc. of the 18 Conference on
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