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Abstract

Machine Trandation is defined as the task of
transforming an existing text written in a source
language, into an equivalent text in a different
language, the target language. The statistical
machine trandation approach uses two types of
information: a language model and a trandation
model. In this paper, trandation model is based on
the noisy channel model. We use Bayes rule to
reformulate  the trandation probability for
translating a foreign sentence f into English sentence
e. we use N-gram language model. In machine
tranglation, reordering is requiring to reorder target
phrases since different languages have different
word order requirements. In this paper, we present
Chunks-based reordering approach to reorder target
phrases. Reordering rules are automatically
generated by using bilingual corpus. The goal of this
paper isto improve the trandation performance for a
Satistical Machine Trandation of Myanmar to
English.

1. Introduction

Machine translation (MT) is the

statistical approach. In the statistical appro&th,is
treated as a decision problem: given the source
language sentence, we have to decide for the target
language sentence that is the best translatiom,The
Bayes rule and statistical decision theory are wsed
address this decision problem.

Statistical decision theory is a well understood
area which provides a way to combine several
knowledge sources into a global decision criterion
with the goal of minimizing the number of errors.
The model parameters are estimated from training
data. As more and more training data becomes
available, SMT systems get better and better.

This paper is structured as followings: a
description of statistical machine translation is
described in section 2. Section 3 explained Ngram
based phrase extraction, translation model, Wodd an
phrase penalty model and chunk-based reordering
model. Previous works in machine translation for
various languages are described in section 4.
Overview of Myanmar to English translation system
are presented at section 5 and the main propose of

task of our system is presented in section 6. We end with

automatically translating a text from one natural conclusion in section 7.

language into another.

There exist ffelient

approaches to address the problem of machine2. Statistical Machine Translation

translation. We will give a rough overview oversbe o . . .
different methodologies: In rule-based system, the In statistical machine _translat|on, we are given a
source language text is analyzed, e.g. using parsersource language sententg f, ... f.... f;, which
and/or morphological tools, and transformed into iS to be translated into a target Ianguage sentesice
intermediary representation. From this = €+ - . €. . . 2 . Among all possible target
representation, the target language text is geztbrat Ianguage sentences, we will choose the sentenbe wit
The rules are written by human experts. As a Iargethe highest probability:

number of rules are required to capture the
phenomena of natural language, this is a time
consuming process. As the set of rules grows over
time, it gets more and more complicated to exteénd i
and ensure consistency. In the data-driven approachthis decomposition into two knowledge source is
bilingual and monolingual corpora are used as mainknown as the source-channel approach to statistical
knowledge source. Often, a further distinction is machine translation. It allows an independent

made between the example-based approach, wher&hodeling of the target language modi (e:) and

the basic idea is to do translation by analogy,taed  the translation mod¥ (£ |ef) . The target language
model describes the well- formedness of the target

E =argmax, [Prie; | f 1]

=argmarx {Priel) . Prif|el)}



language sentence. The translation model links theuse existing Myanmar segmenter to segment source
source language sentence to the target languagéanguage (Myanmar) sentence. To extiiqgihrases,
sentence. The argmax operation denotes the searclve use Ngram and training corpus. The source
problem, i.e.., the generation of the output sexgen language sentence
in the target language. 29e00p5e3p6607E:03p60300030001  is segmented

An alternative to the classical source-channeljntq oge_2008 ©335_6om&:_00836_03_0cS_ 3 0008 i
approach is the direct modeling of the posterior 1 exiract phrases, we remove stop words such as

probability Prle:f’).Using a log-linear model we (00p5) in the middle of the sentence and then we use

obtain: LM 4 (E EN Ngram and corpus to determini§ phrases. We
Pr(E|F) = —2F {"‘-“'-_=f Al m T collect all aligned phrase pairs that are consisten
Yerexp (E L Ay (ELF)) with the word alignment. No smoothing is

performed. We extraci phrases are:
The denominator represents a normalization factor

that depends only on the source sentence 2901 93376 1607E:100836100532005
F. Therefore, we can omit it during the search
process. As a decision rule, we obtain: 3.3. Trandation modéd
E* = argmazx; {Z b {E.F]\'! The phrase-based translation model is the main
m=1 ) component of our translation system. The hypotheses

_ _ L are generated by concatenating target language
This approach is a generalization of the Source-phrases. A phrase is simply a contiguous sequeince o
channel approach. It has the advantage thatygrds The pairs of source and corresponding target
additional modeh (.) can be eaS|I_y integrated into phrases are extracted from the word-aligned bikihgu
the overall system. In our translation model, we US aining corpus. The phrase extraction algorithm is
source-channel approach for translation probability yescribed in Section 3.2. We use relative frequeenci

of Myanmar to English. We also use N-gram i, estimate the phrase translation probabilities:
language model.

) FU count (f. &)
3. Phrase-Based Transglation Priflel = ——=—

Lycount(f, &)
3.1 Motivation The number of co-occurrences of a phrase pair

One major disadvantage of single-word based | f.&)that are consistent with the phrase alignment

approaches is that contextual information is nieeta IS denoted a&’( f. €. If one occurrence of a target
into account. The lexicon probabilities are baselg o phrase# has N > 1 possible translations, we use
on single words. For many words, the translation WSD (Word Sense Disambiguation) model to handle
depends heavily on the surrounding words. One wayambiguous words. The relative frequency estimates
to the context into the translation model is torea typically overestimate the probabilities of rareets
translations for whole phrases instead of singledwo as most of the longer phrases occur only onceén th
[4]. A phrase is simply a sequence of words. Se, th training corpus. To overcome this problem, we use
basic idea of phrase-based translation is to segmerword and phrase penalty model to smooth the phrase
the given source sentence into phrases, thenatens| translation probabilities.

each phrase and finally compose the target sentence

from these phrase translations. In this paper, see u 3.4. Word and phrase penalty model

heuristic learning of phrase translations from word

based alignments. We use a word penalty and a phrase penalty:
3.2. Ngram-Based Phrase Extraction Mg (el sk gl) =1
hoolel, sk ﬁ_"-::' =k

We use existing word-based alignment model for
translation. This alignment model use IBM model 3, LK ool in
. o We have segmentaticfy” of a sentence paiff; . ;]
English-to-Myanmar Dictionary and Tree tagger to . 0 K ph . Each = (ie be. il | - " tripl
align the sentences. The basic idea of phrase—base'('iI 0 R phrase palfrs. Eac = (g % ;) IS @ Uripie

ntdA
translation is to segment the given source sentenc

gonsisting of the last positicn of the k" target
into phrases, then translate each phrase and finall’hraseé; and the start ar?d end positions of we
compose the target sentence from these phras&ource phrasg; areb; ang, respectively:
translations. We learn phrase pairs from word €z "= & 41 e €

alignments generated by this alignment model. We fo = Fo = iy



These two models affect the average sentence andearching. Brown et al. (1993) took the translation
phrase lengths. The model scaling factors can beprocess as a noisy-channel model. In terms of
adjusted to prefer longer sentences and '0ngermode|ing, Berger et al. (1996) appended context-
phrases. The word penalty is simply the targetghra based information based on the Maximum Entropy

length. If we set a negative scaling factor, longer =~ | ich th d-based models. |
sentences are more penalized than shorter ones, arfyinciple to enrich the word-based models. In terms

the system will favor shorter translations. Of training, EM algorithm (Dempster et al. 1977)
Alternatively, by using a positive scaling facttine dominated the parameter estimating process by
system will favor longer translations. Similar feet  taking word-level alignment of a parallel sentence
word penalty, the phrase penalty results in a @mst pajr as the latent variable. Phrase-based models
cost per produced phrase. The phrase penalty 6 Useemerged (Wang and Waibel 1998: Och et al. 1999;

to prefer either fewer and thus longer phrases N oehn et al. 2003; Och and Ney 2004). Wang and
more and thus shorter phrases. Our system prefers

longer sentence and longer phrases. So we use a/aibel (1998) first proposed an alignment model
positive scaling factor for word and phrase penalty based on phrase structures, which were automaticall

model. acquired from parallel corpus. Beam search
_ algorithm was used in (Och et al. 1999), which doul
3.5. Chunk-level Reordering Model make use of pruning strategies for balancing

. , . efficiency and accuracy. Och and Ney (2002) first
!n machine trans_lanon, _reorderlng is one of the introduced the log-linear model into SMT. Koehn et
major problems, since different languages have _ :
different word order requirements. Some approached?- (2003) suggested using features of lexical
have applied at the word-level, such as morphology,Weighting. In 2003, the famous phrase-based
POS tags and word classes. They are particularlydecoder, Pharaoh, was released to be a free SMT
useful for the language with rich morphology for toolkit by Philipp Koehn and further updated to
reducing the data sparseness. Other kinds of syntaxjoses (Koehn et al. 2007). These two systems are
reordering methods require parse trees. The pars%opularly used as baselines for system comparison i

tree is more powerf_ul_ to capture the Sentencethe SMT community. Phrase reordering is modeled
structures. However, it is expensive to create tree,

structures and building a good quality parserss al in terms of offset positions at thg wo_rd level (Ihqe
hard task. In our translation model, we use POS tag2004a; Och and Ney 2004), making little or no direc
and chunk as the basic unit for reordering. Itas n use of syntactic information. Philipp Koehn, Franz
only because chunks are with more syntax .than POSJosef Och, Daniel Marcu used noisy channel based
tags, but also they are closer to the definitioraof transjation model and beam search decoder. They
phrase_ in_phrase-based SMT and easy to US€.achieved fast decoding, while ensuring high quality
Reordering rules are automatically generated by S

They presented experiential result on many

using bilingual corpus [2]. ) ‘
To generate the correct word sequence thelanguages  (English-German,  French-English,

translation system needs to have strong restrictingSwedish-English, and Chinese-English) [1]. They
evidence of how to rearrange the words, this is thecompared the performance of the three methods for

approach taken in grammar-based systems, or it haphrase extraction, using the same decoder and the
to have weak evidence in the form of probabilities, ¢5me trigram language model. Learning all phrases
and th‘?” test_aII (or at Ieagt a Igrge humber) Ofconsistent with the word alignment (AP) is superior
reordering, as is the strategy in typical phrasseta .
statistical translation systems. to the joint model. The performance of IBM model-4
word-based translation system is worse than both AP
4. Related Work and Joint. Limiting the length to a maximum of only
three words per phrase achieves top performance [1]
In this section, previous works in Statistical Richard Zens and Hermann Ney proposed Phrase-
machine translation on different languages arebased Statistical Machine Translation based on log-
reviewed. Various researchers have improved thelinear model with componentsfi) and scaling
quality of statistical machine translation systegn b factorsi,,. They solve search problem using dynamic
using different methods on different language. programming and beam search with three pruning
(Brown et al. 1990; Brown et al. 1993), which methods. A comparison with Moses showed that the
creates probabilistic models for simulating the presented decoder is significantly faster at thraesa
translation process, in the models using bilingual level of translation quality [4].
corpora and then decoding a test sentence by



5. Overview of the Statistical Machine  words 6op5, [B:.q)) depend on input words. We use
Trangation of Myanmar to English source language model (Ngram) and corpus to
extract phrases for input words. After extracting
phrases for input sentence, translation model that
Alignment Model assigns a probabilit¥ (f]7 to any pair of English
and Myanmar strings. Our processing procedure of
the system is shown in Figure 2.

Input Sentence

; >
§< g N
£ 25 Source Language 3 Segmented
S8 Model ° Sentenc
= 0 o ¢
- corpus
Preprocessing
. Word Sense
Translation Model Disambiguation ¢
N-gram Language WSD (word
model > Sense
Disambiguation)
¢ model
Target Language Model
Translation
Reordering
Output Result (POS+Chunk)
Figure 1.M achir!etr andlation system of Myanmar Target languag
to English texd

In this system input sentence (source language) igrigure 2.System Ar chitecture of Translation
Myanmar language. We need to segment input M odel
sentence. So we use existing Myanmar Word
Segmenter. Source Language Model based on In our system, we estimate the phrase translation
Ngram. Alignment model use Myanmar-English probability distribution by relative frequency:
Dictionary and corpus to generate word alignment.
Translation model use segmented sentence, generate s count(f. &)
phrases by using ngram source language model and Frifle) =Y . count(F. )
corpus, looking up these phrases/words at corpus fo ' )
relevant target translation phrases/word. One sourc No smoothing is performed. If one occurrence of a

phrase/_wprd have more than one Target quds’.wetarget phrase ¢ has more than one possible
use existing Myanmar Word Sense D'Samb'guat'ontranslation we use WSD (Word Sense

(WSE;)ﬁmod;al.SMyanmar andhEnkgIt;sh v(\sord o:jde_rs Disambiguation) model to handle ambiguous words.
are different. S0 we Uuse chunk-based reordering,,,. multiply its phrase translation probability with

”Lethli)d in trtanslatlonttmodel. 'I;jarget Ianguagettmodelc,g]e language model probability for the generated
checks sentence patlerns and grammar patterns nglish phrases. We use ngram language model to

target language sentence. In this Myanmar to Bmglis computes (). Myanmar and English languages have

machine translation system, we focus on Translation ;.
. different word order. Therefore, we need to reorder
model. Translation model are central components of
the target phrases. In our proposed system,

any statistical machine translation system. reordering is based on POS tagging and English
. Chunk rules. These reordering rules are
6. Proposed Translation Model automatically extracted by using corpus and English

chunk rules.
In my proposed system, we need segmented

words as an input. But there is no boundary to
determine different words in Myanmar Language.
Thus, we use existing Myanmar Word Segmenter.
Then, Preprocessing includes removing stopping

s



Example: Phrases for this sentence
(opeoopdenzpbeomnondapbadondyaophi) are
201003p01607E0085pGI00532005
and alignment data is
[0]ope/[0]she[PP]
[1]oo236/[2]bo0oK[NN]
[2]eomE:/[2]good[IJ]
[3]oo63p6/[3]a[DT]
[4]ou532025/[1]bought[VBD]

A First bracket [0] is the index of source word;
second bracket [0] is the index of English word. We
get tags of source language by using tags of targe
language. A source sentence is firstly parsed into
chunks

<NC> <NC> <VC>

VSN
Pt

oo 30  eomd:  o0d3pd  00dF0d

These chunks will be reordered by some rules which
are automatically extracted by using corpus and
reordering rules  file. Myanmar  chunks

<NC><NC><VC> are reorder according to the

English chunk rule.

<NC><NC><VC>——» <NC><VC><NC>

Differences in word order can be local or global.
Local reordering is for example the swapping of
adjective and noun in language pairs like Myanmar
and English. For this global reordering rule, weéha
local reorder rules for English are

<PP>——>» <NC>

<DT><JJ><NN> —» <NC>

<VBD> ——p<VC>
By using local reordering rules and global reonalgri
rule, we get two sentences such as
290<NC>005520p5<VC> 008350 GomEs ezpb<NC>
0083366078z 0256 <NC> 00832005 <VC>000<NC>

We compute probability of position of <NC> noun
chunk by using corpus. Target sentence is

<I1 C>

<NC>

l

<\VC>

l

<PP> <VBD> <DT> <JJ> <NlN>
oo 00592005  00bmpb comEs @36

be du Vo

bo{ght ood Look.

7. Conclusion

In this paper, we have presented a translation
model based on n-gram language model, noisy
channel model, WSD model and chunk-based
reordering method. This system depends on training
corpus. If we get larger corpus size, we can get th
best translation result. We implement this system t
improve translation quality based on statistical
approach.
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