The Case of

UNIVERSITY of

FLORIDA

Rayyan Merchant!, Kevin Tang?!

1University of Florida, 2Heinrich Heine Universitit
rayyan.merchant@ufl.edu, kevin.tang@hhu.de

Translating through Transliteration

Heinrich Heine
Universitat
Dusseldorf .

R

Tajik Persian h h U

Speech

Lexicon
and
Modeling
Lab

Background

» The Persian language 1s written in two different scripts

<+« (Jopcu

Tajik-Cyrillic

Perso-Arabic

e Mutual intelligibility between standard dialects 1s high in
spoken form, but falls to zero in written form

 Tajikistan, a country of ~10 million, cannot access written
media from the greater Persian-speaking world (~100 million
people

« Roughly 2.2% of the Internet is written in Persian
e Less than 0.1% 1s written in Cyrillic, the rest is in Arabic

 The scripts do not have a simple one-to-one correspondence,
obfuscating typical transliteration

e Can a model be trained to “translate” between the two
dialects through transliteration?

Challenges

e Script Comparison

* The Perso-Arabic script 1s an abjad
* Vowels are often unwritten, and sometimes ambiguous

* The speaker must know how to pronounce the word
already

* The Tajik-Cyrillic script is an alphabet
« All sounds are (generally) written as they are pronounced

» The speaker does not require prior knowledge to learn how
to pronounce a word

e Case Sensitivity

e The Arabic script does not implement case, while Cyrillic
does

* When converting from Arabic to Cyrillic, case must be
inferred

 Unwritten Grammatical Particle: “Ezafe”

Previous Work:
* Proposed a statistical model for machine transliteration,
but lacked a true parallel corpus with which to fully verify

model performance (Davis, 2012)
Model:

Neural network-based Grapheme-to-Phoneme (G2P)
Why G2P:

G2P models are typically used in Text-to-Speech (TTS)
systems, converting graphemes (letters) to phonemes
(pronunciations)

Typical transliteration models do exist, but G2P may be
more suited to this task, as it greatly resembles TTS

The Arabic standard does not accurately represent

pronunciation, but the Cyrillic standard does
We seek to apply such a model (Yolchuyeva et al., 2020)
in one direction: Arabic (Grapheme) to Cyrillic (Phoneme)

Corpus: the very first aligned digraphic Persian corpus,
manually collected from blogs and articles online

~5400 sentences, ~42,000 words

» The “Ezafe” links two words together, and can be used to
denote: possession, adjective-noun relationships, noun
linkage, and given name

* Despite being so common, it is often unwritten in Perso-
Arabic text, but always written in Tajik-Cyrillic

* When transliterating from Arabic to Cyrillic, the location of
the“Ezafe’”’must be inferred and inserted where necessary

* Non-bijective Alignment and Letter Ambiguity

» Several syllables and letters have one rendering in Cyrillic,
but several in Arabic

« When transliterating from Cyrillic to Arabic, the correct
option must be chosen

Perso-Arabic Tajik-Cyrillic

MaH KMTOOPO XOHAaM

v

man kitobro xondam

il sa )y QS (s

v

mn ktob ro xwondm

Results and Conclusion Script Example Sentence (errors marked in red)
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Model Hyperparameters: Arabic 2P i sed 3 Sle shae ail S Ll i BG4l

e Learning Rate: 0.00044 , Dropout Rate: 0.2 Al o

e Individual Word Error Evaluation: Cyrillic  Wmpy3 Ho3upoHY GaitHanMuanit KoHGPOHCH MaTOyOTR 1ap Maxpy
) ragoOe 0apry3op MeHaMOSH/I
* 39.2% of words predicted correctly (Expe.ct.ed) Ay prYZoP
, , o o Cyrillic MMPY3 HO3apOH GeHH JIMIIA KaH(PapOHC MAaTOyLOTH Jap Maxp
When including predictions 1 and 2 edit-distances (Predicted) nymanGe Gapry30p MaHAMIHT

away, this becomes 66.7% and 82.2%, respectively
BLEU Score Evaluation
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e BLEU Score: A Corpus-Based Metric (Papineni et al., 2002)
e Number from 0 to 1 that measures similarity of machine-
translated text to reference translations
e Phrase length of N determines how many N-grams match
their counterpart in the reference translation
e Analysis
* Some vowels successfully predicted, others unsuccessfully
e Vowel insertion partially successful
e Model proves unable to detect ezafe
e Conclusion
e (2P approach presents a viable approach to transliterating
Persian from Arabic to Cyrillic
e Further improvements required before our model becomes
usable
¢ Future Work
e Increase model attention to account for case sensitivity
e Supplement corpus with manually-added “ezafe” tags
e Continue hyperparameter testing
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