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More than 7,000 “languages” are spoken (Ethnologue, 2023).
Almost 300 writing systems exist (and many adopted ones)
Less than 4,000 languages have a written form

Latin

Cyrillic

Hangeul (featural)

Arabic

Other abjads

Devangari

Other abugidas

Greek

Syllabaries

Other alphabets

Chinese logographies

(Inuktitut)

(Cree)

(Cherokee)

Yup'ik

(Njuka)
(Vai)

(Nko)

(Tifinagh)

(Neo-Tifinagh)

(Arabic)

(Ethiopic)

(Hebrew)

(Greek)
(Armenian)

(Syriac)

(Mandaic)

(Georgian)

(Cyrillic)

(Ol Cemet')

(Thaana)

(Sinhala)

(Batak)

(Balinese)

(Sundanese)

(Javanese)

(Lontara')

(Hanuno'o)

(Baybayin Tagalog)

(Zhuyin)

(Kana & Kanji)

(Katakana)(Hangeul)

(Manchu)

(Mongol)

(Tibetan)

(Nagari)

(Burmese)

(Khmer)

(Thai)

(Lao)

(Nu Shu)
(Pollard)

(Chinese)

(Yi)

(Gurmukhi)

(Gujarati)

(Kannada)

(Malayalam)

(Tamil)

(Telugu)

(Bengal)

(Coptic)
 Μετ Ρεμνχήμι
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Context: Language is Text!

Resources, tools & applications in NLP heavily rely on text, e.g.:

Machine translation

Syntactic parsing

Large language models
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Context: Language is Text!

Resources, tools & applications in NLP heavily rely on text, e.g.:

Machine translation

Syntactic parsing

Large language models

Parser Demo

Enter a sentence to be parsed, or try one of our examples:

• She enjoys playing tennis.
• How are you doing today?
• Stock prices soared after the president's announcement.
• "A journey of a thousand miles begins with a single step," said Lao Tzu.

Berkeley Neural Parser GitHub Berkeley NLP

PARSE CLEAR RESULTS

Sentence:

Stock prices soared after the announcement.

Parse tree:

Stock prices soared

after

the announcement

.

S

NP

NN NNS

VP

VBD PP

IN NP

DT NN

.

Sentence:

"A journey of a thousand miles begins with a single step," said Lao Tzu.

Parse tree:

"

A journey of

a thousand miles

begins

with

a single step

, "

said Lao Tzu

.

SINV

`` S

NP

NP

DT NN

PP

IN NP

DT CD NNS

VP

VBZ PP

IN NP

DT JJ NN

, '' VP

VBD

NP

NNP NNP

.

Sentence:

She enjoys playing tennis.

Parse tree:

She enjoys

playing

tennis

.

S

NP

PRP

VP

VBZ S

VP

VBG NP

NN

.

Sentence:

Stock prices soared after the president's announcement.

Parse tree:

Berkeley Neural Parser
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Context: Language is Text!

Resources, tools & applications in NLP heavily rely on text, e.g.:

Machine translation

Syntactic parsing

Large language models

New chat

Upgrade to Plus NEW

Normalisasi Skrip Bahasa

CPR Πρωτόκολλο Εξήγηση

Demande de réponse candidatu

ChatGPT Discriminates by Lang

ChatGPT Language Discriminati

Welsh Thesaurus Development.

New chat

RNN for Article Title Generation.

NLP Postdoc Application.

Confirm Candidature, Request R

Middle Persian not Sumerian.

Semantic Web and Linked Data.

Get translations of "head"

Poste de Maître de Conférence

New chat

Kamaladdin Abedi Unknown.

No Middle Persian translation.

Change flight request.

Morpheme Interruption Explain

New chat

Wedding Decline with Best Wish

Cannot create title.

German Word Order Basics.

مدختسملا ةدعاسم .

Recommendation Requested

AI/NLP Job Inquiry.

New chat

What Ever

Write a poem about Wikimedia France

In France, there's an organization,

Dedicated to knowledge preservation

Wikimedia is its name

Their mission is far from mundane

They seek to collect and share

All the knowledge that is out there

From history to art, science and more

They strive to make it accessible for all

In the heart of it all is Wikimedia France

Their efforts and commitment to enhance

The power of information and education

Is the foundation of their dedication

They promote the freedom of expression

Écris un poème découvrant Wikimédia France

En France, une organisation est née

Wikimédia est son nom, une bibliothèque

Virtuelle, gratuite, pour tous les curieux

Découvrir, apprendre, échanger, audacieux

Leur mission est de partager

Les connaissances, les cultures, les idées

De rendre accessibles les savoirs

Afin que chacun puisse s'en emparer

En son sein, Wikimédia France

S'engage pour que chacun avance

Leur dévouement et leur passion

Sont à l'image de leur mission

La liberté d'expression est leur bannière

L'inclusion et la diversité leur prière

Et leur but ultime est l'éducation

Pour une société plus éclairée de toutes façons

Alors, amis curieux, rejoignez

Cette communauté de partage, de générosité

Et ensemble, créons un monde de savoirs

Où chacun peut s'enrichir et grandir sans détour.

Free Research Preview. ChatGPT may produce inaccurate information about people, places, or facts. ChatGPT May 3 Version

Regenerate response

Send a message.

Yesterday

Previous 7 Days

Previous 30 Days

April

New chat

Today

GPT-3.5
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Context: Language Communities

Most countries are X-lingual, but not all officially!

Pakistan:
→ Urdu and English

India:
→ Hindi, Kashmiri,
Sindhi and 20 more

Iraq:
→ Arabic and
Kurdish

Iran:
→ Persian!
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Context

And what if these languages
are written in the dominant

language’s script?
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Unconventional Writing

Sina Ahmadi (GMU) Unconventional Script Normalization May 12, 2023 8 / 26



Unconventional Writing

Unconventional writing
Unconventional writing refers to the usage of the script of another
language, presumably that of a dominant language.

Unsystematic writing

Not necessarily complying with orthography

Impact of donor language on code switching

No specific rule for mapping graphemes-phonemes

A few examples:

ana raye7 el gam3a el sa3a 3 el 3asr. (Ararbic in Latin script, aka
Arabizi)

Tora ti na sou po (Greek in Latin, aka Greeklish)

mer6 pr tn mess pr mn anif (French SMS language)
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Unconventional Writing: Perso-Arabic scripts
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Unconventional Writing: Perso-Arabic scripts

Traditionally used for Arabic

Used for over a millennium

A Reichssprache for centuries

Have been adopted:
Ajami, Wolofal, Pegon, Jawi, etc.
Perso-Arabic scripts:

Languages in Iran and Iraq
Languages in Pakistan and
India

ئ ا ب ت ج
ح خ د ذ ر ز
س ش ع غ
ف ق ل م ن

ه و ی

Arabic ي ة

اُ ث ؤ اِ  اَ  آ أ إ 
ص  ض ط

ظ ك
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ٹ
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ڑ 

ں 
ے

Arabic

Urdu
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ˇ
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ؠ
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 ٲ
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ھ ڙ
ڄ
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            ؽ وْ ۆ ۇ

Sindhi
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Persian

Kurdish
Gorani

ڕ ڤ ڵ ۆ ێ
ھ ہ

Kashmiri

ژ
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Unconventional Writing: Perso-Arabic scripts

Used for writing in more than 20 languages/varieties

Persian, Urdu, Kurdish, Uyghur, Kashmiri etc.
400M speakers in the Middle East and the Subcontinent
Discriminatory language policies (Sheyholislami, 2012)
→ pernicious sociolinguistic effects on language attitudes
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Unconventional Writing: Perso-Arabic scripts

Language Unconventional script Unconventional writing Conventional writing

Gilaki Persian یته زون نم هيسه گه گيلکن اون جی گب زنن یته زوؤن ٚ نؤم هيسه گه گيلکؤن اۊن ٚ جي گب زنن

Kashmiri Urdu
#"۔ $%
&
' (%) *+,"- .%/, . 0%1 "-2(%3 برٛور چھُ اکَھ وُرٲس4 جانوَر۔

Kurmanji Arabic قايمقام اامدي بةرثوا پارزكار دهوك دا قایمقامێ ئامێدیێ بەرسڤا پارێزگارێ دهۆکێ دا

Sorani Arabic هةر لة يةكةم شانؤوة ديارة فهديان دةويت هەر لە یەکەم شانۆوە دیارە فەهەدیان دەوێت

Sindhi Urdu
5
6 ٔ

8
%

9 
$
:%; <=%>'%? 

5
@",-A

B
%

C D
5
6
E F
GH
$%I 
G
JG%
K
- 
G
LA(
M
%

N <= OP $%Q,
$
R  
5
6 $

8 5
S

T

:%U
مديني ڏانهن ھجرت وقت فقط ھيء گھرواري ساڻن گڏ ھئي

Persian تمن دریژ و لش ساق بیت پیاگه سر برزکە تەمەن درێژ و لەش ساق بیت پیاگە سەربەرزەکە

Table 1: Examples of scripts used unconventionally for writing Gilaki, Kashmiri, Kurdish and Sindhi. The high-
lighted words contain unconventional characters.

tional one. For instance, writing Kashmiri or So-
rani Kurdish in a script like that of Urdu or Per-
sian, rather than in their own conventional scripts.
Although this task has much in common with data
cleaning, transliteration (Ahmadi, 2019), text nor-
malization as defined in (Sproat and Jaitly, 2016)
and spelling error correction (Hládek et al., 2020),
it is particular in a few ways: unconventional writ-
ing does not necessarily comply with orthographic
rules of the text’s language; when writing bor-
rowed or common words from the dominant lan-
guage, there is an influence of the orthography of
the donor language rather than writing in the recip-
ient language’s script or orthography; phonemes
and graphemes may not be represented according
to any specific rule, as in writing /S/ as ‘ch’, ‘sh’
or ‘$’ in Arabizi (Al-Badrashiny et al., 2014) fol-
lowing an erratic or obscure pattern among speak-
ers leading to a huge amount of noisy material. A
few examples of unconventional writing in Kur-
dish, Kashmiri and Gilaki are shown in Table 1.

In this paper, we focus on the script normal-
ization of a few under-resourced languages that
use variants of the Perso-Arabic script, as schema-
tized in Figure 1, and are spoken as minority
languages in bilingual communities with a domi-
nant language using a similar but different script.
These languages are Azeri Turkish (AZB), Mazan-
derani (MZN), Gilaki (GLK), Sorani Kurdish (CKB),
Kurmanji Kurdish (KMR), Gorani (HAC), Kashmiri
(KAS) and Sindhi (SND). Although these languages
have their own customized scripts with more or
less defined orthographies in their communities,
they are oftentimeswritten in the script of the domi-
nant language, notably Persian (FAS), Arabic (ARB)
and Urdu (URD) scripts. Furthermore, these lan-
guages have been lexically and, to a lesser ex-

tent, typologically influenced by the administra-
tively dominant languages. Akin to many other
multilingual and pluricultural societies, speakers
of these languages have faced language conflict
and linguistic discrimination in different educa-
tional, political, cultural and communicative do-
mains, and struggle with ethnolinguistic vitality
(Mohan, 1989; Shah, 1997; Bird, 2020; Sheyholis-
lami, 2022). Appendix A presents a summary of
the languages we study.

Contributions In this work, we aim 1) to shed
light on script normalization for under-resourced
languages with very limited progress in language
technology to facilitate the identification and col-
lection of relevant data in the future, 2) to lever-
age synthetic data for script normalization by map-
ping scripts based on rules and sequence align-
ment 3) to cast script normalization as a trans-
lation task where noisy text is “translated” into
normalized one using synthetic data generated.
We demonstrate that imposing different levels of
noise on the synthetic data is beneficial to train
more robust transformer-based models to normal-
ize scripts and also, improve the performance of
downstream tasks such as machine translation and
language identification of unconventional writing.

2 Related Work

Although some aspects of script normalization
have been previously addressed in related NLP
tasks, its definition is a rather subjective matter,
where a set of intentional or unintentional anoma-
lies are “normalized”. Therefore, script normaliza-
tion overlaps considerably with more well-defined
tasks such as spelling correction, lexical normal-
ization (van der Goot et al., 2021) where an utter-
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Unconventional Writing: Questions

Some questions to think about:
1 How does unconventional writing affect NLP?

2 How can this phenomenon be effectively remediated?
3 Do we always need to write a language?
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Normalization of a text written in an unconventional script based on
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Script Normalization: Selected LanguagesUnconventional Writing

4

Unconventional writing refers to the usage of the script of 
another language, presumably that of a dominant language.

Brahui, Punjabi, Kashmiri, Sindhi, Saraiki, Torwali

Balochi

Northern/Central/Southern Kurdish, Gorani

PERSIAN

URDU

ARABIC

Pashto, Gilaki, Azeri Turkish, Mazanderani

Arabic

DOMINANT
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Script Normalization: Approach

1 Data collection – Not easy!

2 Script mapping
- Common characters
- Visual resemblance
- Orthographic rules

3 Character-alignment matrix
→ sequence alignment based
on dictionaries

4 Synthetic data generation
→ randomly generate pairs
→ inject noise

5 Model
→ encoder-decoder with
self-attention

Language 639-3 WP script type diacritics ZWNJ Dominant

Azeri
Turkish

azb azb Abjad ! ! Persian

Kashmiri kas ks Alphabet ! ! Urdu
Gilaki glk glk Abjad ! ! Persian
Gorani hac - Alphabet ! ! Persian,

Arabic,
Sorani

Kurmanji kmr - Alphabet ! ! Persian,
Arabic

Sorani ckb ckb Alphabet ! ! Persian,
Arabic

Mazanderani mzn mzn Abjad ! ! Persian
Sindhi snd sd Abjad ! ! Urdu
Persian fas fa Abjad ! ! -
Arabic arb ar Abjad ! ! -
Urdu urd ur Abjad ! ! -

Table B.1: Selected languages studied in this paper. Columns 2 and 3 show the codes of the languages in ISO 639-3
and on their specific Wikipedia (WP). Diacritics refers to the usage of diacritics (Harakat) as individual characters,
dominant is the administratively dominant language in the bilingual community where the language is spoken.

SRC-TRG Noise %

20 40 60 80 100 All

AZBFAS
Pairs 517860 517860 517860 517860 517860 584229
Words 4266950 4266950 4266950 4266950 4266950 4987065

CKBARB
Pairs 1220386 1326715 1411998 1441641 1451201 6663362
Words 13522986 14554313 15183038 15381207 15457911 72697912

CKBFAS
Pairs 1186567 1325960 1408885 1435023 1442000 6491240
Words 12838133 14381425 15125839 15305707 15363441 70402972

GLKFAS
Pairs 16779 16779 16779 16779 16779 22215
Words 176602 176602 176602 176602 176602 240833

HACARB
Pairs 4718 4767 4802 4805 4802 23398
Words 49804 50244 50457 50476 50464 248025

HACCKB
Pairs 4668 4669 4672 4686 4687 6474
Words 49191 49195 49218 49417 49424 71246

HACFAS
Pairs 4712 4773 4798 4803 4802 23104
Words 49646 50232 50429 50469 50464 244911

KASURD
Pairs 4729 4729 4734 4761 4759 9463
Words 43907 43907 43925 44060 44064 96159

KMRARB
Pairs 10659 10963 11334 11417 11412 54430
Words 96441 98403 100463 100877 100874 490034

KMRFAS
Pairs 10631 10997 11336 11420 11417 53272
Words 95971 98474 100454 100906 100884 482298

MZNFAS
Pairs 36663 36663 36663 36663 36663 36665
Words 365428 365428 365428 365428 365428 365446

SNDURD
Pairs 122446 122537 122865 122908 122946 496239
Words 1328696 1329684 1333815 1334417 1334770 5581407

Table C.1: Number of words and aligned sentences (pairs) in the synthetic datasets
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Script Normalization: Approach

1 Data collection – Not easy!
2 Script mapping

- Common characters
- Visual resemblance
- Orthographic rules

3 Character-alignment matrix
→ sequence alignment based
on dictionaries

4 Synthetic data generation
→ randomly generate pairs
→ inject noise

5 Model
→ encoder-decoder with
self-attention

3.1 Data Collection

As the first step, we collect data written in the
conventional script of the selected languages. To
that end, we create corpora based on Wikipedia
dumps.2 Since Wikipedia is not available for
Gorani, we use Ahmadi (2020b)’s corpus for
Gorani. Unlike the Latin script of Kurmanji for
which there are corpora and Wikipedia, such as
Pewan (Esmaili et al., 2013), there is no corpus
for Kurmanji written in its Perso-Arabic script. In-
stead of relying on unreliable transliteration tools
to convert the existing Kurmanji data, we crawl
data from mainly news websites in the Iraqi Kur-
distan for Kurmanji using the Perso-Arabic script.3
It is worth mentioning that for Sorani Kurdish we
use a large existing corpus (Ahmadi and Masoud,
2020) instead of the (smaller) Wikipedia dump.

We clean raw text by removing hyperlinks,
email addresses, dates, non-relevant symbols
and zero-width non-joiner (ZWNJ), if not
systematically used in the script. Different
types of numerals, namely Eastern Arabic
<٠١٢٣٤٥٦٧٨٩>, Farsi <۰۱۲۳۴۵۶۷۸۹> and
Hindu-Arabic <0123456789>, are unified with
the later ones for consistency. We also deal
with script switching in some Wikipedia articles,
particularly in Sindhi and Kashmiri, using regular
expressions to only keep the Perso-Arabic data.

Following this, we extract vocabularies from the
corpora based on a frequency list; depending on
the size and quality of the data, we select words
appearing with a minimum frequency in the range
of 3 to 10. In addition to the vocabulary ex-
tracted from corpora, we also collect word lists and
bilingual dictionaries in the source and target lan-
guages from other sources online. We consulted
Wiktionary4 for Azeri Turkish, Kashmiri, Mazan-
derani, Sindhi and Sorani without finding any such
resources for the other languages. Additionally,
the lexicographical data provided by Ahmadi et al.
(2019) were used for Sorani.

3.2 Script Mapping

To simulate the process that leads to noisy data,
we create script mappings that map characters in
the conventional script of the source language to
that of the dominant language. To do so, we de-
fine mapping rules between the scripts based on

2Dumps of December 1, 2022.
3This corpus will be released along with the other data.
4https://www.wiktionary.org

the orthographies of the languages, as in the com-
pound characters <ئێ> in Kurdish (composed of
<ئ> (U+0626) and <ێ> (U+06CE)) that appear so
only at the beginning of a word and this can be
mapped to either <ا> (U+0627) or the same char-
acter but with the diacritic Kasrah as .<اِ> In ad-
dition, we take the closest candidates in the other
script into account according to Unicode normal-
ization as in <ک> (U+06A9) and <ك> (U+0643),
and visual normalization, i.e. resemblance of the
graphemes as in <ڎ> (U+068E) and <ذ> (U+0630).
Table 2 shows a few mapping rules.

Language Unconventional
script

Source Target

Azeri Turkish Persian چ چ

Sorani Arabic ز ز / ظ ض/ / ذ

Kashmiri Urdu ٲ ُ ا / ا

Sindhi Urdu ي ی / ي ے/

Table 2: An example of script mapping rules. In un-
conventional writing, we assume that a character in the
source language can be mapped to one or more charac-
ters in the target script. ‘/’ specifies different mapping
possibilities.

Using the rule-based script mappings, we also
determine words in the word lists and bilingual dic-
tionaries that are potential translations and written
similarly in the two scripts. We also consider re-
moving diacritics, also known as Harakat, as they
are not always included in writing. The follow-
ing words are collected this way: ’برنج‘ (‘rice’) in
Kurmanji and Persian, ’سویدی‘ (‘Swedish’) written
with <ی> (U+06CC) in Sorani and ’سويدي‘ written
with <ي> (U+064A) in Arabic, ’اَمریٖکی‘ (‘Ameri-
can’) in Kashmiri and ’امریکی‘ in Urdu and, ’بۆرج‘
(‘tower’) in Azeri Turkish and ’برج‘ in Persian by
removing <ۆ> (U+06C6). As such, we refer to the
set of words collected as spelling pairs.

3.3 Character-alignment Matrix
Although script mapping based on rules and mod-
ifications is effective, especially to retrieve com-
mon words or words borrowed by the two lan-
guages, it may lead to potentially false friends or
incorrect spelling pairs as well. Hence, to capture
information based on the spelling pairs, we rely
on the character alignment of words. To this end,
we employ Needleman and Wunsch (1970)’s algo-
rithm for sequence alignment that maximizes the
number of matches between sequences, i.e. words,
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2.3 Synthetic Data Generation

Using the script mappings, we mimic unconven-
tional writing by generating synthetic sentences
based on the ‘clean’ ones, i.e. sentences in the col-
lected corpora. This is carried out by randomly
substituting characters in the clean sentence with
an alternative in the target script using our map-
pings. In order to evaluate the impact of noise on
language identification, we synthesize data at var-
ious levels starting from 20% noise up to 100%,
where a certain level of noise is applied based
on the number of possible substitutions. Table 2
shows an example of a clean sentence in Northern
Kurdish and its synthetic noisy equivalents based
on the level of noise.
Therefore, the datasets are categorized as fol-

lows:
1. CLEAN: a dataset containing original sen-

tences from the corpora without injecting any
noise. This is equivalent to 0% of noise in
the data. This includes all the selected lan-
guages along with Urdu, Persian, Arabic, and
Uyghur.

2. NOISY: datasets of sentences having noisy
characters at various levels, starting from
20% of noise and gradually increasing 20%
up to 100%. Regardless of usage, detachable
diacritics are removed when the noise level is
100%, including for Kashmiri for which dia-
critics are strictly used. We combine all data
with all levels of noise in a separate dataset
called ALL. Given that Persian, Urdu, Arabic,
and Uyghur do not face unconventional writ-
ing, they are not included in the noisy data.

3. MERGED: the result of merging CLEAN and ALL
datasets.

The CLEAN and NOISY datasets contain 10,000
sentences per language, except for Brahui, Torwali,
and Balochi, for which only 549, 1371, and 1649
sentences are available in the corpora respectively.
Therefore, we included 500 sentences from those
languages in the test sets and upsample the remain-
ing sentences with a coefficient of four, i.e. dupli-
cating four times the remaining sentences, and con-
sider them as a train set. Similarly, for Kashmiri
and Gorani for which 6340 and 8742 sentences are
respectively available, 2000 sentences are added
to the test set while the remaining sentences are
upsampled to have 8000 sentences in the train set.
To avoid an imbalance of data for dominant lan-

guages for which there is no noise, i.e. Urdu, Per-

Noise % Sentence

Clean
دووەمین پێشانگەها فۆتۆگرافەرێن کورد ل بەلجیکا

Second Kurdish photographers’ exhibition in Belgium

20 دووهمین پێشانكهها فۆتۆكرافهرێن كورد ل بهلجیكا

40 دووه مین بشانكه ها فطكرافه رن كورد ل به لجیكا

60 دووة مين بشانكة ها فوتوكرافة رن كورد ل بة لجيكا

80 دووةمين بيشانكةها فؤتؤكرافةرين كورد ل بةلجيكا

100 دووهمين بيشانكهها فوتوكرافهرين كورد ل بهلجيكا

Table 2: A sentence in Northern Kurdish (Kurmanji)
along with its synthetically-generated noisy ones based
on different levels of noise.

sian, Arabic, along with Uyghur, 10,000 more in-
stances are added from their respective clean cor-
pora. As such, theMERGED dataset contains 20,000
clean and noisy sentences per language.

2.4 Benchmarking
We consider language identification as a proba-
bilistic classification problemwhere each sentence
is predicted to belong to a specific class, i.e. lan-
guage, with a certain probability. We use the 80/20
split of the sentences in the various datasets for the
train and test sets as described in the previous sec-
tions. Both sets are from the same data.
As a baseline system, we use fastText’s pre-

trained language identification model–lid.176
that is trained using data from Wikipedia, Tatoeba
and SETimes for 176 languages, including all the
selected languages except Balochi, Brahui, Gilaki,
Gorani, Northern Kurdish (in Perso-Arabic script),
Southern Kurdish and Torwali. In addition, we
train a model using fastText with word vectors of
size 64, a minimum and maximum length of char-
actern-grams of 2 to 6, 1.0 learning rate, 25 epochs
and a hierarchical softmax loss.
Other than the fastText-related baseline and our

own models, we also report precision, recall, and
F1 scores for benchmarking purposes for state-of-
the-art methods such as Google’s CLD3 (Salcianu
et al., 2020), Franc6 and Langid.py (Lui and
Baldwin, 2012). We also share two other base-
lines trained from scratch with character n-gram
features of sizes 2 to 4 - Multinomial Naive Bayes
model (MNB – non-uniform learned class priors,
no Laplace smoothing), and a Multilayer Percep-
tron (MLP) with maximum iterations of 500, one
hidden layer of size 500 and a batch size of 1000.

6https://github.com/wooorm/franc/
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دزي حذبة دةسةلاطدار و براوةكاني كوردسطان كار دةكةن

دژی حزبە دەسەڵاتدار و بڕاوەکانی کوردستان کار دەکەن
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Unconventional Central Kurdish in Arabic

Normalized Central Kurdish in Kurdish
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Script Normalization: Intrinsic Experiments

Baseline: a naive “copy” system

Ours: trained models on different levels of noise
Our models dramatically improve over the baseline
The more similar the scripts, the more difficult the
normalization!
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Figure 2: The performance of our models vs. the baseline in script normalization. See Figure D.1 for all languages.

most datasets (7 out of 12) the degradation for the
naive baseline is more rapid and pronounced. Our
model does seem to handle various levels of noise:
in Sindhi, for instance, we get 75.1 BLEU score vs.
19.7 of the baseline (see bottom right SND100

URD→SND
in Figure 2).
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Figure 3: BLEU scores of the baseline and our model
evaluated on 100% noisy data. The naive baseline out-
performs our model for the settings where the differ-
ences between the noisy and “clean” data are minimal,
i.e. when the script ratio (right y-axis) is high.

For five datasets, namely, AZBFAS→AZB,
GLKFAS→GLK, MZNFAS→MZN, KASURD→KAS and
HACCKB→HAC, the naive baseline outperforms our
models. We believe that this is explained by the
level of similarity of the source and dominant
scripts, which in turn determines the difficulty of
script normalization. To quantify our assumption,
we define RA:B as the script ratio of scripts A and
B, both as two sets of characters, as follows:

RA:B =
A ∩ B

A ∪ B
× A ! B

A ∩ B

where A ! B refers to the intersection of char-
acters in scripts A and B which are mapped in the
rule-based script mapping (see §3.2) without any
other alternative in the other script while A ∩ B is
the intersection of A and B regardless of the map-
ping. Intuitively speaking, the script ratio of two
identical scripts should be closer to 1 while more
different scripts with various mappings between
characters should get a lower value. Table A.1 pro-
vides the script ratios.

Figure 3 shows the BLEU score (left y-axis)
of the baseline and our model to normalize the
datasets containing 100% noise, e.g. GLK100

FAS →GLK
along with the script ratio for each language (right
y-axis). This indicates that the normalization
model (model100) performs better where the script
ratio is relatively low (<0.6, i.e. the two scripts are
not that similar). On the other hand, the baseline
performs better for higher script ratios, because in
general the two scripts are very similar and hence
there is less “noise”. We leave for future work an
exploration as to why our transformer models fail
to even simply learn to copy their input to perform
at least on par with the baseline.

4.2 Language Identification

Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:
1. CLEAN: identifying languages without inject-

ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.

2. NOISY: identifying languages with noisy data
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For five datasets, namely, AZBFAS→AZB,
GLKFAS→GLK, MZNFAS→MZN, KASURD→KAS and
HACCKB→HAC, the naive baseline outperforms our
models. We believe that this is explained by the
level of similarity of the source and dominant
scripts, which in turn determines the difficulty of
script normalization. To quantify our assumption,
we define RA:B as the script ratio of scripts A and
B, both as two sets of characters, as follows:

RA:B =
A ∩ B

A ∪ B
× A ! B

A ∩ B

where A ! B refers to the intersection of char-
acters in scripts A and B which are mapped in the
rule-based script mapping (see §3.2) without any
other alternative in the other script while A ∩ B is
the intersection of A and B regardless of the map-
ping. Intuitively speaking, the script ratio of two
identical scripts should be closer to 1 while more
different scripts with various mappings between
characters should get a lower value. Table A.1 pro-
vides the script ratios.

Figure 3 shows the BLEU score (left y-axis)
of the baseline and our model to normalize the
datasets containing 100% noise, e.g. GLK100

FAS →GLK
along with the script ratio for each language (right
y-axis). This indicates that the normalization
model (model100) performs better where the script
ratio is relatively low (<0.6, i.e. the two scripts are
not that similar). On the other hand, the baseline
performs better for higher script ratios, because in
general the two scripts are very similar and hence
there is less “noise”. We leave for future work an
exploration as to why our transformer models fail
to even simply learn to copy their input to perform
at least on par with the baseline.

4.2 Language Identification

Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:
1. CLEAN: identifying languages without inject-

ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.

2. NOISY: identifying languages with noisy data
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Script Normalization: Intrinsic Experiments
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Ours: trained models on different levels of noise
Our models dramatically improve over the baseline

The more similar the scripts, the more difficult the
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most datasets (7 out of 12) the degradation for the
naive baseline is more rapid and pronounced. Our
model does seem to handle various levels of noise:
in Sindhi, for instance, we get 75.1 BLEU score vs.
19.7 of the baseline (see bottom right SND100
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Figure 3: BLEU scores of the baseline and our model
evaluated on 100% noisy data. The naive baseline out-
performs our model for the settings where the differ-
ences between the noisy and “clean” data are minimal,
i.e. when the script ratio (right y-axis) is high.

For five datasets, namely, AZBFAS→AZB,
GLKFAS→GLK, MZNFAS→MZN, KASURD→KAS and
HACCKB→HAC, the naive baseline outperforms our
models. We believe that this is explained by the
level of similarity of the source and dominant
scripts, which in turn determines the difficulty of
script normalization. To quantify our assumption,
we define RA:B as the script ratio of scripts A and
B, both as two sets of characters, as follows:

RA:B =
A ∩ B

A ∪ B
× A ! B

A ∩ B

where A ! B refers to the intersection of char-
acters in scripts A and B which are mapped in the
rule-based script mapping (see §3.2) without any
other alternative in the other script while A ∩ B is
the intersection of A and B regardless of the map-
ping. Intuitively speaking, the script ratio of two
identical scripts should be closer to 1 while more
different scripts with various mappings between
characters should get a lower value. Table A.1 pro-
vides the script ratios.

Figure 3 shows the BLEU score (left y-axis)
of the baseline and our model to normalize the
datasets containing 100% noise, e.g. GLK100

FAS →GLK
along with the script ratio for each language (right
y-axis). This indicates that the normalization
model (model100) performs better where the script
ratio is relatively low (<0.6, i.e. the two scripts are
not that similar). On the other hand, the baseline
performs better for higher script ratios, because in
general the two scripts are very similar and hence
there is less “noise”. We leave for future work an
exploration as to why our transformer models fail
to even simply learn to copy their input to perform
at least on par with the baseline.

4.2 Language Identification

Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:
1. CLEAN: identifying languages without inject-

ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.
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For five datasets, namely, AZBFAS→AZB,
GLKFAS→GLK, MZNFAS→MZN, KASURD→KAS and
HACCKB→HAC, the naive baseline outperforms our
models. We believe that this is explained by the
level of similarity of the source and dominant
scripts, which in turn determines the difficulty of
script normalization. To quantify our assumption,
we define RA:B as the script ratio of scripts A and
B, both as two sets of characters, as follows:

RA:B =
A ∩ B

A ∪ B
× A ! B

A ∩ B

where A ! B refers to the intersection of char-
acters in scripts A and B which are mapped in the
rule-based script mapping (see §3.2) without any
other alternative in the other script while A ∩ B is
the intersection of A and B regardless of the map-
ping. Intuitively speaking, the script ratio of two
identical scripts should be closer to 1 while more
different scripts with various mappings between
characters should get a lower value. Table A.1 pro-
vides the script ratios.

Figure 3 shows the BLEU score (left y-axis)
of the baseline and our model to normalize the
datasets containing 100% noise, e.g. GLK100

FAS →GLK
along with the script ratio for each language (right
y-axis). This indicates that the normalization
model (model100) performs better where the script
ratio is relatively low (<0.6, i.e. the two scripts are
not that similar). On the other hand, the baseline
performs better for higher script ratios, because in
general the two scripts are very similar and hence
there is less “noise”. We leave for future work an
exploration as to why our transformer models fail
to even simply learn to copy their input to perform
at least on par with the baseline.

4.2 Language Identification

Language identification is the task of detecting the
language of a text, usually a sentence. It is mod-
eled as a probabilistic classification problem. As
the first downstream task, we carry out a few exper-
iments on language identification in three setups:
1. CLEAN: identifying languages without inject-

ing any noise in the datasets, i.e. the target
sentences in the parallel data. This is equiva-
lent to 0% of noise in the data.

2. NOISY: identifying languages with noisy data
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Script Normalization: Extrinsic Experiments
1 Language identification (LID)

Compare LID with and without normalization
Terrible performance by any existing model
Models trained on normalized datasets improve the F-scores
Closely-related languages (scripts) are confused!
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Script Normalization: Extrinsic Experiments
1 Language identification (LID)

Compare LID with and without normalization
Terrible performance by any existing model
Models trained on normalized datasets improve the F-scores
Closely-related languages (scripts) are confused!

at various levels, starting from 20% of noise
and gradually increase 20% up to 100%. We
combine all data with all levels of noise in a
separate dataset referred to as ALL.

3. MERGED: merging CLEANwith ALL dataset, i.e.
with all noisy data.

We use the Tatoeba sentence dataset5 for data in
Persian, Urdu and Arabic, with additional data for
Urdu from the TED corpus on Opus (Tiedemann,
2012). To tackle data imbalance, we downsampled
all the datasets to only include 6000 sentences for
each language6. In the MERGED setup where there
are 12,000 sentences per language (half noisy,
half clean), additional sentences (clean) in Persian,
Urdu and Arabic are added to avoid data imbal-
ance. Finally, we then split datasets into train
and test sets with an 80-20% split. To train su-
pervised language identification models, we use
fastText (Bojanowski et al., 2017) with subword
features with minimum and maximum character n-
gram sizes of 2 and 4, word vectors of size 16 and
hierarchical softmax as the loss function.

Noise % Model P@1 R@1 F@1 P@2 R@2 F@2

0 ours 0.54 0.54 0.54 0.32 0.64 0.32
fastText 0.69 0.69 0.69 0.39 0.78 0.39

20 ours 0.93 0.93 0.93 0.48 0.97 0.48
fastText 0.71 0.71 0.71 0.44 0.89 0.44

40 ours 0.9 0.9 0.9 0.48 0.96 0.48
fastText 0.56 0.56 0.56 0.38 0.76 0.38

60 ours 0.9 0.9 0.9 0.48 0.96 0.48
fastText 0.41 0.41 0.41 0.31 0.63 0.31

80 ours 0.9 0.9 0.9 0.48 0.96 0.48
fastText 0.37 0.37 0.37 0.28 0.57 0.28

100 ours 0.89 0.89 0.89 0.48 0.96 0.48
fastText 0.37 0.37 0.37 0.28 0.57 0.28

All ours 0.91 0.91 0.91 0.48 0.96 0.48
fastText 0.48 0.48 0.48 0.34 0.68 0.34

Merged ours 0.72 0.72 0.72 0.4 0.8 0.4
fastText 0.69 0.69 0.69 0.4 0.79 0.4

Table 3: The performance of language identification us-
ing the pretrained fastText model as the baseline in com-
parison to our model trained on our datasets with vari-
ous noise levels. Our model handles different levels of
noise (rows 20 to All) and outperforms the baseline that
is only trained on “clean” data. Models with the highest
F1 measure in first suggestions (F@1) are bold.

Table 3 presents the results of the performance
of our models in comparison to fastText’s lan-
guage identification model trained on data from
Wikipedia, Tatoeba and SETimes on 176 lan-

5https://tatoeba.org
6Kashmiri had only 4700 instances.

guages7, including, Persian, Arabic, Urdu, Sindhi,
Sorani and Mazanderani. Although Azeri Turkish
is supported, it is not clear which script it is trained
on in fasText. The results are reported based on
precision, recall and F1 score of the first and sec-
ond detection of the models, respectively denoted
by ‘@1’ and ‘@2’. SinceGorani andGilaki are not
among the Fairseq-supported languages, we focus
our analysis on the top-two predictions (@2) to en-
sure fairness against the baseline.
Our models outperform fastText in noisy condi-

tions, regardless of the level of noise. The baseline
performance degrades faster as the level of noise
increases. Our models perform less effectively on
clean data but recall that they are trained on a sub-
stantially smaller amount of data.

G
ol
d
La
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ls

Model Predictions

Figure 4: Language identification using the MERGED
model. The number of classifications is annotated.

Figure 4 illustrates the results of classification in
our MERGED model where the detected languages
(x-axis) are compared with the references (y-axis).
Although the model performs well in detecting
Arabic, Persian, Sindhi, Urdu and Kashmiri, the
other languages are often confused. The misclassi-
fied languages can be categorized into two groups
of [Azeri, Gilaki, Mazanderani] and [Sorani, Kur-
manji, Gorani]. This can be explained by the simi-
larity of scripts. Surprisingly, Sindhi and Kashmiri
represent a less salient overlap in classification.

4.3 Neural Machine Translation

Furthermore, we evaluate the performance of the
script normalization models in neural machine

7As of January 2023.

Sina Ahmadi (GMU) Unconventional Script Normalization May 12, 2023 21 / 26
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1 Language identification (LID)
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Conclusion
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Key Takeaways

1 Unconventional writing is more widespread than thought of.

2 It is an open problem and non-trivial to solve.
3 It negatively affects NLP for low-resourced languages.
4 We can effectively remediate it, but only to some extent...
5 Do we always need to write a language?

- Multi-modal NLP
- Multi-lingual NLP
- Multi-task NLP
- Better adaptation in NLP
We don’t know yet.
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