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Outline @6 650

® |[ntroduction to Transliteration
What are we trying to do?

® Machine Transliterations
How can computers transliterate?
What is our approach?

m Results obtained
Does it work ?1?
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What is Transliteration? @60 6T
olce
m Definition (short): -
“Converting from one orthography to another”

m Definition (longer)
“Replacing a word in the source language/script

with a phonetically identical word in the target
language/script”
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T%d = Namaste

IS a transliteration, whereas

T%d = Hello

IS a translation
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Transliteration in MT @606t
m Out-Of-Vocabulary Words o)

many (most?) OOV words are named entities
Named Entities should be transliterated

m Text alignment

identifying cognates (“obvious translations”) for
alignment of words and sentences
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“Iraq's Foreign Minister Hoshyar Zebari said...”

"R S0k & AW HAt SRR Sard ..”

“udhar irak ke videsh mentri hoshiyar zebari...”
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A closer look at the problem
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A closer look at language  @evsm
olce]

English
Grapheme
space

Phoneme space
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A closer look at language  geveim
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sh | English
th Y ee | Grapheme

space

Hindi
Grapheme
space

Phoneme space ‘-‘
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Direction of transliteration  gevem

oGt
®m Forward Transliteration N
Word does not exist in Target Language
results (usually) not in any dictionary/list

(usually) all phonetically close results ok

HET > Mina

- Minaa
- Meena
- Meenaa...
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Direction of transliteration  gevem
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m Backward Transliteration o
Word exists in Target Language
Correct form can be found in word lists
Only one form is acceptable

dcdd - London

- *Lundan
- *Lundon...
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PART II:
MACHINE
TRANSLITERATION

Namaste
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Machine Transliteration @ev 6T
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B most work on Chinese, Arabic, Korean, o
Katakana, Thai and Indic languages

B Three basic strategies:

1)Manually compiled rules/tables
(not discussed here)

2)Phonetic-based model (“6-fold path”)
(Knight & Graehl, 1998)

3)Direct Orthographical Mapping
(Al-Onaizan & Knight, 2002)
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Source Word — “Athens” @6V 6o0T
Dl g

Source Segments — “a” “th “e” "'n” “s” y oo,
The

‘Source Phonemes — /ae/ /0/ [al In/ Is/ I SiX-fOld

‘ Target Phonemes - /e/ /t" /el In/ /s/ I path

Target Segments — «w” “g” g “ii «g” {\(g@
‘ s
Target Word — gty
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Phonetic-based models @66t
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m initially: K. Knight, J. Graehl (1998): o
“Machine Transliteration”
m several other papers for different
languages, using
Hand-crafted Rules
Machine Learning from annotated data

B requires language-specific, linguistic
knowledge, or data about segmentation &
pronunciation
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® Y. Al-Onaizan, K. Knight (2002) S
“Machine Translation of Names in Arabic
Text”

® direct mapping between orthographic
souce- and target-segments

m Al-Onaizan & Knight: “[...] The spelling
based model was by far more accurate
than the phonetic-based model [...]"
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Our strategy: Qeost
olee
m Goals at MSRI: Transliteration which o

IS Language-neutral - no language-specific
knowledge or rules required,
“One code for all languages”

requires no annotated training data for
segmentation or pronunciation

m strategy: Direct Orthographic Modelling
with automated segmentation



£ 050 : Bl a Hara orp QoG L]
(0] Ele Edt Wiew Insert Format ook Data  Window  Help Type aguestion for help =/ @ X
D G 3 A8 B985 -3l @ Bl o B2 U ESSES % 0 M EE DDA
EEE v A dmrdo
B | D E -
| Khirwadkar ECEGEER] &eung s Daord.of
w7 Ghule ol &Gev o]
w8 Thipse feca $uGerv 33,
sl Jambhale ST & 10LGe0 252025083
w0 Mutatkar AR (ST 30F3, 0F
w1 Tungaare UL A 3)0Mm0
w2 Urdhvareshe R o HauCnGag ong FoeT
w22 Telang ceral 0&6v6TE 3U07F
w2 Gawarikar AR SHEUTN&IT No0030°
w25 Raverkar IGEGT nGeunam CoT3eBrOf
w5 Yavalkar BIGECN ILGUGLSIT a0, 0°
7 Kendurkar helel AL YN 30RR3FO°
w22 Hedgewar ERII B QamL Gaeur BB
w39 Wavde GIGL eumeuGs 900
s Mande FIE) Loevn GL Dod
am|Mendhe e GLIJI_'_I;G@ 20T
v/ Indapurkar SETIRY ALETEN QOTIRBFO° ,
W 4« » n\Sheetl / Shest? / Sheet3 / ¢ »

Ready




q.,-f ssinAauLée II-I'] II7
R R bombo UM

o

Our approach @606t

Uses “segments”: chunks of graphemes (usually Elaa,__\l__\

representing one or more speech sounds) e

e.g. ‘na’, ‘"

Expresses transliterations between a source- and a
target-word as sequences of segment pairs:

Namaste = dJH7Ed

as << ,na><#H ,ma>< Td, st> < ,e>

Calculates probabilities for transliterations between
source- and target words based on transliteration
probabilities for segment pairs

e.g. P(d| na)
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Our approach Qv
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= BUT: .

What are the segments?
What are the probabilities?

B Solution: Training through iterative alignment
(Viterbi Training)
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Generate Initial
Segment-Pairs

NG

nnnnnnnnnn I-I'] II7
ALY

mbmbo U
@6V 6o0T
clael

e |

[—— el



| a~  ihnwAduid
E: “ 117212
R R( nbmbo UJ.J

N

Training: Initialization Qeostm
ofcel
namaste

® \We only know two points: beginning of first
segment, end of last segment

m Assumption: source- and target segments
are at most n and m characters long

m \Ve can create n x m segment pairs as
hypotheses for first and last segment pair
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Training: Initialization
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namaste
<n, o>, <n, ddH>, <n, THIG>,

<na, >, <na, dHA >, <na, dHH >

<nam, >, <nam, dH >, <nam, ddHH >
m do for all word pairs, count segment pairs

® |dea: Good pairs like <na,=T> will have higher
counts than artefacts like <n,dH>

~ ssinAauLée I -I'] I I?
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Segment-Pairs

~_

Compute
Segment-Pair-
Probabilities

~
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Training: Probabilities @60 6au

= A mapping between a source- and a target word can bgla?r
represented through a sequence of n segment-pairs 20

<t.,s,> <t,s,>...<t . s>

e.g. <d ,na><H , ma> <&d, st> <,e>

® The probability of this sequence can be calculated as

= P(t,

m P(t |t

ﬂ P(t,|s )P, |t, )

n
s,) = count(<t_,s_>) [ count(s,)

1) is a (character-) bi-gram language model
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Compute
Segment-Pair-
Probabilities

Generate Initial
Segment-Pairs
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ilign segments
in word pairs,
count segment pairs
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Training: Alignment @60 6701
e
m [nput is Word-pairs: o
Source-words and their transliterations

m A Viterbi- type algorithm is used to find the

most probable segment-sequence for the
source-target-word pair
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Allgn JHED <>namaste  geosm
P(3le)
: P(c[t) o,
P(:>[s)
q P(H|ama)

P(‘-_‘ﬂﬂn)
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Allgn AATI <>namaste  @eosi

- P(le) [T
d
P(Ed|st)
H
H P(H|ma)
=1 P(<T|na)
n a m a S t e




MRS
.. . QMBOMLO
Training: Alignment @06t
B This is done for all examples in the o
training data

B Smoothing guarantees that previously
unseen segment pairs are also
considered

® Pairs used in the alignments are then
counted

B These counts are used to update
probabilities
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Generate Initial olcel
Segment-Pairs B

4.

Align segments
Compute in word pairs,

Segment-Pair- :
Probabilities count segment pairs

=

Decodig
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Decoding Qeostm
m Creates the best target-language o

transliteration for a given source-language
word

m Based on the pair-probabilities estimated
in training
m Uses a Viterbi-type algorithm
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Decoding @) 606571

Ranked list of FIE'FF
dr | | A results: o,
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PART lll: Results @ev 6T

Part IlI:
Results & Prototype-Demo

kn -= en Machine Transliteration

Model  Test LanguageModsl  Configuration

‘&ég@m@f} ‘From kn w

maicaraosaft | To len

- Transliterate

4E.875 ms

ENEN EN ECIEX EI EN P

-3.649 |-5.886 |-5.642 |-3.967 |-5.761 |-5.566 |-4.429 |-3.918 _4 84987799
|ma|| |ca |ra |o |s |a |ft \
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kn -= en Machine Transliteration Z E|E|

Model Test  Language Model  Configuration




kn -= en Machine Transliteration Z E@

Model Test  Language Model  Configuration

a0, BT,

Tranzliterate




kn -= en Machine Transliteration

Model Test  Language Model  Configuration

80T,

maicaraosaft

‘ Tranzlterate

46,375 mz

kn

To en

-4.84987799
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Comparison of candidates
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kn -= en Machine Transliteration Z E@

Model Test  Language Model  Configuration

a0, BT,

Tranzliterate




kn -= en Machine Transliteration Z Elfgl

Model Test  Language Model  Configuration

0, BTG,

microsoft

‘ Tranzliterate




kn ->= en Machine Transliteration

Model Test  Language Model  Configuration

a0, BT,

microsoft

‘ Tranzliterate

-5.48780517

To

kn

en




kn -= en Machine Transliteration Z E@

Model Test  Language Model  Configuration

a0, BT,

Tranzliterate




kn -= en Machine Transliteration Z Elfgl

Model Test  Language Model  Configuration

a0, BT,

bangalore

‘ Tranzliterate




kn ->= en Machine Transliteration

Model Test  Language Model  Configuration

a0, BT,

bangalore

‘ Tranzliterate

103,375 ms

-9.82518544
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100.0%

90.0%

80.0% - OExact BFuzzy

70.0%

60.0%

50.0% -

40.0% -

Hi->En: Hi->En: Hi->En: En->Ta: En->Ta: En->Ta:
Top1 Top5 Top10 Top1 Top5 Top10
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Results (2) :
MGal
Correct ﬁ N R
. . ) '::. ) -~ l'_‘_:l\l |
transliterations / e |
;:7 —{ = —
80.00% / / rop
0 =—==Top1 (fuzzy)
70.00% 7 / o
60.00% ——Top5 (fuzzy)
’ |:/ —&— Top10
50.00% —/—Top10 (fuzzy)
——
40.00% //tF 2 =
30.00% /
20.00% / —— —-
10.00% -—
0.00% ‘
0 1lterations 2 3
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Results (3)

140000

Segment
pairs

120000 -

100000 -

80000 -

60000 -

40000 -

20000 -

NG

126615

Number of Segment Pairs in Model,

for different iterations (hi-en data)

6067 4629 4508

! lterations 2 3

B @ s
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Current trends: @66t
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B Transliteration and Named Entity
Recognition (NRE) in translated text:

complementing NER and transliteration to
identify cognates in bi-text



The future . iy
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THE END @6V 6BuT
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Thank you!
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