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Abstract
While the Latin script is used informally by speakers of many languages with different native scripts, high quality
Latin script corpora for such languages that reflect actual natural romanizations are scarce and often difficult to
collect. In this work, we propose a method for mining romanized language corpora in languages for which we do not
have any pre-existing samples of naturally romanized text, focusing on Tigrinya as a test case. First we examine the
efficacy of learning romanizations for a language based on observed romanizations in other languages that use the
same native script. We then extrinsically assess such methods by using a romanization model trained on Amharic
data to bootstrap coverage of romanized Tigrinya in a language identification system. Manual evaluation by two L1
and one L2 Tigrinya speakers suggests our method extracts romanized Tigrinya text with acceptably high precision.
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1. Introduction

Natural language models are trained on text in the
languages being modeled. Natural text is a re-
source that is more plentiful in some languages
than in others, as documented in, for example, Si-
mons et al. (2022). Even in languages for which
training text is available, not every common mode
of language use may be covered by available text,
resulting in a continued lack of coverage (see, e.g.,
Joshi et al., 2019). For example, some languages
are written natively in more than one script. Pun-
jabi is written (largely in Pakistan) in Shahmukhi,
a Perso-Arabic script, and (largely in India) in Gur-
mukhi, a Brahmic script (Murphy, 2018). This can
and does lead to asymmetries in what kinds of
natural language systems are available to Punjabi
speakers, depending on the script they use to write
it. Another very common (and commonly under-
supported) use scenario in many languages is in-
formal romanization, wherein speakers of the lan-
guage use the Latin script to write the language
instead of the native script, even though there
is no orthography for the language in the Latin
script (Brandt, 2020).

Finding text samples for training natural lan-
guage models typically involves use of automatic
language identification (LID) systems, which them-
selves depend on collections of text samples in
the languages of interest for training. For many
even relatively under-resourced languages, open
resources such as Wikipedia can provide a start-
ing point for training LID systems. For informally
romanized text, however, such datasets are not
typically available. To cover these romanized text
scenarios in LID systems in the absence of pre-
existing text corpora, training data is typically syn-
thesized (Madhani et al. 2023a; Benton et al. 2025)

by automatically transliterating text from the native
script of the language to the Latin script (automatic
romanization).

Due to the large number of regional languages
and diversity of scripts, South Asian languages
have been the predominant focus of recent work
on informally romanized text. Many South Asian
languages have publicly available romanization
lexicons (Roark et al., 2020; Madhani et al.,
2023b), which can be used to train transliteration
models for synthesizing romanized text from na-
tive script text (Madhani et al. 2023a; Kirov et al.
2024; Benton et al. 2025). Such approaches, thus,
assume some initial romanization resources suffi-
cient to enable data synthesis.

What about languages for which such romaniza-
tion resources are not available? Building a new
resource requires native speakers of the language
to transliterate a corpus of words or sentences writ-
ten in one script to their counterparts in another
script. The corpus may originally be in the native
script of the language, in which case the native
speakers must romanize the text to produce the
parallel resource; or the corpus may originally be
in the Latin script, in which case the native speak-
ers must transliterate the text to the native script.

The quality of the resulting resource will de-
pend both on the quality of the native speaker
transliterations, as well as the quality of the in-
put corpus. There are pros and cons to using ei-
ther originally native or originally Latin script texts.
As stated earlier, native script corpora are gener-
ally more common. However, elicited romaniza-
tions of native script text may lack the naturalness
of spontaneously romanized text, which is often
produced under informal conditions in many lan-
guages. While text originally in the Latin script may
provide coverage of common informal registers,
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transliteration of this to the native script may be a
more challenging task than romanization, particu-
larly if the words or sentences are presented in iso-
lation, outside of the broader context within which
they occurred. Resources that include translitera-
tions derived from both native and Latin script texts
are likely to provide better coverage of the corre-
spondences between the scripts.

In this paper we examine the use of existing ro-
manization data/models covering other languages
that use the same native script as the means for
mining initial romanized seed corpora in a lan-
guage. These seed corpora can be used to elicit
romanization lexicons or as further input to im-
prove LID systems.

Before addressing cases lacking any parallel ro-
manization data, we first perform some preliminary
controlled experiments looking at multiple South
Asian languages using the Devanagari and Ben-
gali scripts, for which we have parallel romaniza-
tion lexicons. These lexicons allow us to intrinsi-
cally assess the quality of romanizations derived
from models trained on related languages versus
those derived from models trained on the same
language. During these preliminary experiments,
we present an alternative romanization approach
that better generalizes romanization performance
across languages.

We then provide an extrinsic evaluation of our
approach via language identification of roman-
ized Tigrinya, which, like several neighboring lan-
guages spoken in the Horn of Africa, is natively
written in the Ge‘ez script and is commonly infor-
mally romanized (Yaqob, 1997; Bernal, 2005; Con-
rad, 2010; Afeworki, 2018). Tigrinya has a small
Wikipedia but lacks an available romanization lex-
icon to train a transliteration model for synthesiz-
ing text for LID training, hence we rely on parallel
Amharic romanizations included in the XTREME-
UP benchmark (Ruder et al., 2023) for automatic
romanization from the Ge‘ez script. The result-
ing synthesized dataset is added to a language
identification model which is used to label Com-
mon Crawl text extracted from the MADLAD-400
dataset (Kudugunta et al., 2023). Samples of text
labeled as romanized Tigrinya are then assessed
to determine whether they are actually romanized
Tigrinya. Results under various conditions show
precision of 90% or higher, with general language-
agnostic filtering yielding very high precision at the
expense of some recall.

2. Background

Romanization Spontaneous, informal use of the
Latin script can occur in languages that use other
scripts for many reasons, such as lack of (or un-
familiarity with) available native script keyboards.

Although formal romanization systems are widely
used for text entry in some languages,1 for many
languages and cultures, adoption of formal sys-
tems is modest, so that romanizations can take
many forms. The lack of orthography in the Latin
script and corresponding spelling variability can
make processing – or even identifying – Latin
script text challenging. Romanization lexicons can
help model these informal romanizations.

Romanization lexicons, e.g., the Dakshina
(Roark et al., 2020) and Aksharantar (Madhani
et al., 2023b) datasets, provide one or more pos-
sible romanizations for each given native script
word. For example, the Aksharantar romanization
lexicon for Hindi contains four distinct entries for
the word “सवेरा” (meaning dawn): savera, saveraa,
sawera, and saweraa. Key distinctions here in-
clude whether the final long vowel is represented
with a single or double Latin script vowel, and
whether the second syllable starts with a conso-
nant best represented by ‘v’ or ‘w’. Given a paral-
lel resource of this sort, a sequence-to-sequence
model can be trained to convert strings in the na-
tive script to strings in the Latin script. This sort of
romanized text synthesis has been used to dramat-
ically improve language identification of informally
romanized text (Benton et al., 2025).

Absent such language-specific resources, one
might try using a universal romanization system,
which is typically defined for the script, to pro-
vide a canonical Latin script spelling for each word.
This canonical spelling does not necessarily corre-
spond to what speakers of the language are likely
to produce spontaneously, and lacks the variabil-
ity of naturally occurring romanizations. Neverthe-
less, a universal romanization system may be use-
ful absent any alternatives. Both the uroman (Her-
mjakob et al., 2018) and uconv2 systems provide
such universal romanizations.

With respect to the Ge‘ez script, general
Ethiopic romanization systems have been pro-
posed, including Firdyiwek and Yaqob (1997),
which is used within the HornMorpho morpholog-
ical system (Gasser, 2011) for three regional lan-
guages, including Tigrinya. In practice, Tigrinya
speakers do not follow this formal ASCII roman-
ization scheme. The use of romanization can vary
widely, even between language communities. For
example, Fallon (2006, 2008) discusses Blin, a vul-
nerable Cushitic language of Eritrea that exists in
the state of digraphia. Despite an official Latin or-
thography introduced for the language by the Er-
itrean government, the Ge‘ez script is preferred
within the diaspora as the means of better integrat-
ing into Tigrinya speaking communities abroad.

1Such as pinyin in Chinese.
2uconv is part of the ICU libraries provided by the

Unicode Consortium: https://icu.unicode.org.

https://icu.unicode.org
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Mining Romanized Text Previous work on min-
ing informally romanized corpora has largely fo-
cused on languages or dialectal variants without
established orthographies. The need for such cor-
pora is acute (Blaschke et al., 2023; Ramponi,
2024). Millour and Fort (2020) provide many ex-
amples of the use of informal orthographic regis-
ters in “newly written languages” from across the
world. Beyond manual language preservation or
crowd-sourcing based approaches to corpus col-
lection, such as the corpus of Gronings, a Low
Saxon dialect (Sekeres et al., 2024), prior work has
mined under-resourced Latin text using automatic
pipelines consisting of a series of filtering steps.
Examples include the mining pipeline for Swiss
German (Linder et al., 2020) and a system for col-
lecting romanized Hindi lyrics (Gupta et al., 2012).
Relying on lists of high precision allow/block lists
has been used to identify various French creoles
(Dent et al., 2025). The method we propose here
is complementary to word list filtering approaches.

We are unaware of existing work focused
on mining informally romanized text for native
Ge‘ez script languages, including Tigrinya. The
XTREME-UP benchmark (Ruder et al., 2023) in-
cludes informally romanized Amharic text, which
was manually elicited from native speakers by re-
questing romanization of Ge‘ez script Wikipedia
text. The GeezSwitch (Gaim et al., 2022) lan-
guage identification system solely applies to text
written in the Ge‘ez script. Recent Ethiopia-centric
large language models (LLMs) and benchmarks
such as EthioLLM (Tonja et al., 2024) also do
not appear to include informally romanized training
text,3 nor do recent large-scale, broad-coverage
harvested datasets, such as GlotCC (Kargaran
et al., 2024), FineWeb2 (Penedo et al., 2025) or
DCAD-2000 (Shen et al., 2025).

Before moving on to examine romanized
Tigrinya, we first present the romanization meth-
ods we use throughout the paper, along with some
preliminary experiments to intrinsically assess
the usefulness of romanization models trained on
related languages.

3. Romanization Methods

In this paper, our experiments require romaniza-
tion from three native scripts: Devanagari, Bengali
and Ge‘ez. In this section, we present the meth-
ods we use for the specific languages and scripts
included in the experiments.

3The three Latin script languages included as pre-
training data in EthioLLM are English, Oromo, and So-
mali, all of which are formally written in the Latin script.

3.1. Universal Romanizers
As baseline romanizers, as well as for the pre-
processing discussed in Section 3.2.2 below, we
use the two universal romanization methods men-
tioned in Section 2: uroman and uconv. The
uroman system produces undiacritized Latin script
output for all of the scripts, with certain distinc-
tions such as vowel length or gemination indicated
by doubling. In contrast, most romanization sys-
tems4 provided by uconv use diacritics to make
such distinctions. For example, our earlier exam-
ple Hindi word “सवेरा”, which had four different ro-
manizations in the Aksharantar lexicon, is roman-
ized by uroman as “saveraa” and by uconv as
“savērā”. Stripping all diacritics from the base char-
acters (e.g., converting savērā to savera) results in
something closer to naturally occurring romaniza-
tions, though such a conversion leaves phenom-
ena such as schwa deletion unaddressed. We will
refer to uconv romanizations stripped of diacritics
as uconv′. Note that both the uroman and uconv′

romanizations (saveraa and savera) are in the set
of this word’s romanizations in the Aksharantar lex-
icon, alongside two others.

3.2. Romanization Data
The transliteration models that we use for roman-
ization in this paper (see Section 3.3) are trained
from parallel romanization lexicons. These roman-
ization lexicons are sourced differently for the Brah-
mic scripts (Bengali and Devanagari) from Ge‘ez.

3.2.1. Brahmic Scripts

Brahmic script romanization lexicons for this study
come from the Aksharantar dataset5 (Madhani
et al., 2023b), which contains romanization lexi-
cons for 20 of the 22 scheduled languages of In-
dia, including 7 languages natively using the De-
vanagari script and 2 natively using the Bengali
script. Each language’s lexicon is divided into train-
ing, validation and testing partitions, and here we
evaluate solely on validation partitions after train-
ing romanization models on training partitions.

The seven languages (ISO 639-3 codes shown
in parantheses) that use the Devanagari script
mostly come from the Indo-Aryan language family:
the modern languages Hindi (hin), Konkani (kok),
Maithili (mai), Marathi (mar) and Nepali (nep); and

4For two of the scripts we investigate in this pa-
per, Devanagari and Bengali, uconv provides a single
romanization system. For the Ge‘ez script, however,
there are multiple supported romanization systems avail-
able in uconv, and for this work we use the Ethiopic-
Latin/BGN transliteration.

5https://huggingface.co/datasets/
ai4bharat/Aksharantar

https://huggingface.co/datasets/ai4bharat/Aksharantar
https://huggingface.co/datasets/ai4bharat/Aksharantar
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the historic language Sanskrit (san). The Tibeto-
Burman language Bodo (brx) also uses Devana-
gari. Two Indo-Aryan languages use the Bengali
script in their native writing systems: Assamese
(asm) and Bangla (ben). The lexicon sizes vary—
Bodo is the smallest, with under 34k unique native
script words in the training partition.

3.2.2. Intermediate Universal Romanization

In addition to using universal romanization meth-
ods as baselines for the Brahmic script roman-
ization experiments in Section 4, we also assess
their use as intermediate representations for data-
driven romanization. In such an approach, the na-
tive script string is first passed through a universal
romanization system (in our experiments uconv),
which is then transliterated using models trained
on romanization lexicons, with the universal ro-
manization produced by uconv on the source side.

The rationale for using such a Latin script inter-
mediate representation is that different languages
can and do use different character subsets of the
scripts that they share, impacting coverage. The
Brahmic and Ge‘ez scripts are abugidas, where a
character generally represents a consonant-vowel
sequence—often referred to as orthographic syl-
lables or aksara in the case of Brahmic scripts—
and conversion first to an alphabetic represen-
tation, where vowels and consonants are sepa-
rate characters, may allow for easier generaliza-
tion. This is particularly acute for Ge‘ez, where
each grapheme is represented by a single unicode
codepoint. In contrast, the Brahmic scripts use a
range of vowel diacritics, so that even if a particular
consonant/vowel combination is not observed in
training, some generalization can be drawn based
on observation of the diacritic in other contexts.
In Ge‘ez, each grapheme is atomic, hence such
cross-grapheme generalization is challenging. For
instance, the orthographic syllable for /mu/ is rep-
resented as ሙ (U+1219) in Ge‘ez, whereas it is
represented as मु (two codepoints: U+092E and
U+0941) in Devanagari. After universal romaniza-
tion, however, the consonant and vowel are repre-
sented separately, yielding improved opportunities
for generalization.

To operationalize such an approach, one takes
an existing romanization lexicon and replaces the
native script word with the uconv romanized word.
This modified lexicon can then be used to train
a transliteration model using whatever method is
used with the original dataset. Then, at time of in-
ference, the input string is romanized using the uni-
versal romanization system prior to being translit-
erated using the model.

3.2.3. Ge‘ez Script

For the lone Tigrinya Ge‘ez script condition, we do
not have a pre-existing romanization lexicon at our
disposal. Rather, we construct a romanization lex-
icon for Amharic from the full sentence manually
romanized Amharic data provided in the XTREME-
UP benchmark (Ruder et al., 2023).6 This consists
of 2,120 parallel sentences in aggregate.

We constructed a romanization lexicon from
this by performing a (whitespace-delimited) word
alignment between words in the original native
script strings with their romanized counterparts.
This word alignment involved several steps of pre-
processing. First, whitespace normalization was
performed, since the Ethiopic Wordspace char-
acter (U+1361, ፡) was used inconsistently in the
data, even on the Latin script side of the paral-
lel sentences. All whitespace, including Ethiopic
Wordspace, was replaced with a single ASCII
space character. Ethiopic number representation
differs from common decimal digit notation (Chri-
somalis, 2010; Meyer and Wakjira, 2023) and di-
rect uconv romanization fails to romanize these
correctly. For example, the string “፫፻፹፯” was ro-
manized as “3100807” (independently romanizing
each of the characters) instead of the correct nu-
merical value “387”. Further, both Ethiopic and
decimal digit representations were used inconsis-
tently on the Ge‘ez script side of the parallel data,
so a custom conversion to decimal values was ap-
plied to all Ethiopic number strings.

Passing the Ge‘ez side of the parallel sentences
through uconv yielded an additional intermediate
universal romanized version of each example. For
ease of word alignment, we discarded sentences
where the number of whitespace-delimited words
in the uconv romanized string differed from the
number of words in the human produced roman-
izations. This resulted in 440 sentences being
discarded, i.e., yielding 1,680 sentences with a
one-to-one word mapping as provided in a roman-
ization lexicon. From this resource, models can
be built to romanize either directly from the Ge‘ez
script or using the uconv intermediate representa-
tion, as discussed in Section 3.2.2.

3.3. Transliteration Modeling
In this work, we follow Benton et al. (2025) in using
pair 𝑛-gram models (Bisani and Ney, 2008) in ro-
manization systems for synthesizing training data
for language identification (LID) of romanized text.
As with that work, we use methods described in

6Available by following the download instruc-
tions at https://github.com/google-research/
xtreme-up. The training, validation and test splits are
from Ethi2Latn.am.jsonl files under translitera-
tion subdirectory.

https://github.com/google-research/xtreme-up
https://github.com/google-research/xtreme-up
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Kirov et al. (2024) for training pair 𝑛-gram models
from lexicons of paired source/target words. Kirov
et al. (2024) showed that such models are compet-
itive even with vastly more expressive pretrained
neural models for romanization, and Benton et al.
(2025) showed that sampling from such models
yields LID improvements, likely due to the spelling
variability resulting from a lack of orthography.

We infer character alignments between source
and target words in the lexicon via expectation
maximization (Dempster et al., 1977). Words are
constrained to align monotonically, and characters
on either side are optionally allowed to align to the
empty string 𝜖 (e.g., in the case that one word con-
tains more unicode codepoints than the other). For
example, in the XTREME-UP transliteration train-
ing set, the Amharic word “ማዕዘን” is realized as
“maizen” in the Latin script. A possible alignment
between these two strings would be, for example:

ማ:m 𝜖:a ዕ:i ዘ:z 𝜖:e ን:n.

Since Ge’ez character codepoints generally repre-
sent orthographic syllables, they may be implicitly
associated with more than one Latin script char-
acter (a consonant followed by a vowel). This will
require use of 𝜖 in the alignment, as with ማ in this
example. Exceptions in the above example are “ዕ”,
corresponding to IPA /Q/, which may not be repre-
sented explicitly in a natural romanization (some-
times indicated by an apostrophe), and “ን” which
is in a form that suppresses the inherent vowel. If
using uconv output (mā↪ǝzan) as an intermediate
representation, a possible alignment would be:

m:m ā:a ↪:𝜖 ǝ:i z:z a:e n:n

Models can be trained from either sort of align-
ment, allowing a straightforward exploration of the
utility of such an intermediate representation.

After alignment, each source/target character
pair is treated as a single token, each string of pair
tokens is treated as a separate sequence, and an
𝑛-gram language model is fit over this corpus of
pair token strings. We represent the resulting pair
𝑛-gram model as a weighted finite state transducer
(WFST), by treating each pair’s source-side char-
acter (including 𝜖) as input, and each target-side
character (including 𝜖) as output. This transducer
is our learned transliteration model, mapping from
source to target words. At inference time, we can
decode transliterations based on the likelihood of
producing the output conditioned on the input, un-
der the weights of the pair 𝑛-gram language model.
Shortest-path algorithms—including for extraction
of 𝑘-best paths—are efficient, and for inference we
make use of the OpenFst library (Allauzen et al.,
2007). See Kirov et al. (2024) for further details
and links to code for training and inference.

4. Romanization Experiments

For Aksharantar validation sets of languages using
Bengali and Devanagari scripts, we assess intrin-
sic performance of various romanization systems,
including baseline universal romanization systems
and those based on data-driven romanization,
trained on different languages. Among other
things, we find that (1) trained data-driven sys-
tems outperform baseline universal romanization
systems; and (2) a two-stage approach, which first
performs universal romanization followed by data-
driven transliteration, achieves the best cross-
lingual transfer. Extrinsic validation is in Section 6.

4.1. Evaluation
We noted above that the quantity of training
data available in Aksharantar differs between lan-
guages, with all languages having at least 33k
unique native script words in their lexicons. To
improve comparability across conditions, for each
language, we independently train 10 romaniza-
tion models as follows: 30k words are randomly
selected from the language’s Aksharantar train-
ing lexicon, and all romanizations for the selected
words are included in the training data used to train
a pair 𝑛-gram romanization model as described in
Section 3.3. Then, for each condition we run 10 tri-
als using these independently trained models and
report the mean performance across trials.7

Using these romanization systems, words in the
validation partition for each language that shares
the same native script are romanized by finding the
most likely (shortest path) romanization. We follow
Kirov et al. (2024) in evaluating romanization us-
ing minimum character error-rate percentage over
the set of reference romanizations included in the
validation partition for that word. For each refer-
ence romanization, character error rate percent-
age (CER%) is calculated for the system roman-
ization, i.e., the Levenshtein distance per 100 ref-
erence characters. The smallest CER% over the
reference set is the minimum CER% (mCER%).

4.2. Results
Table 1 presents mCER% for a range of condi-
tions. The upper Table 1(a) presents methods tak-
ing the native script word directly into the roman-
ization system. For each row, representing a tar-
get language for romanization, we show results
for romanization systems trained on languages us-
ing the same native script, along with two univer-
sal romanization baselines. Unsurprisingly, the er-
ror rates along the diagonal (trained on the target
language) are the best for each language (hence

7Variances are reported in Appendix Section C.
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(a) native script input:

Lang Script romanization system
brx hin kok mai mar nep san asm ben uconv′ uroman

brx 4.8 31.1 38.7 32.1 31.6 33.2 53.6 42.9 54.4
hin 29.6 8.1 15.1 11.6 11.5 12.0 27.4 24.5 31.1
kok 32.0 13.3 11.0 15.4 11.7 17.0 18.1 20.6 23.9
mai Deva 29.4 9.9 12.6 7.1 11.5 11.2 16.4 N/A 20.9 21.3
mar 25.0 5.6 7.3 8.9 3.8 9.4 23.8 14.8 30.4
nep 26.2 8.8 12.8 10.8 9.4 3.9 23.5 15.1 26.0
san 37.2 15.3 11.1 13.9 14.0 15.5 3.5 13.6 10.2
asm

Beng N/A 4.7 30.7 39.3 48.9
ben 21.1 7.8 22.6 32.7

(b) uconv intermediate:

Lang Script romanization system
brx hin kok mai mar nep san asm ben

brx 5.2 31.1 38.5 32.6 31.5 33.7 53.7
hin 28.3 7.9 13.4 11.5 9.9 11.6 27.4
kok 30.5 12.8 10.7 14.5 11.6 15.9 17.8
mai Deva 28.9 9.3 11.5 7.0 9.9 10.8 16.7 N/A
mar 23.4 5.1 7.2 7.8 3.6 8.0 23.5
nep 25.4 8.1 11.7 10.8 8.5 3.9 23.6
san 37.3 13.6 9.5 13.0 13.1 15.2 3.6
asm

Beng N/A 5.4 24.6
ben 19.4 7.4

Table 1: Minimum character error-rate percentage (mCER%) for romanization of languages written in ei-
ther Devanagari or Bengali using systems trained on romanization lexicons in different languages. Table
(a) contains results when romanizing directly from native script input, and includes two general roman-
ization system baselines: uconv′ is the output of the ICU uconv utility, stripped of any diacritics; and
uroman universal romanization system (Hermjakob et al., 2018). Table (b) presents romanization results
when the native script input is first romanized via uconv, then further transliterated via models trained on
romanization lexicons of various languages.

bolded). For the modern Indo-Aryan languages—
i.e., excluding Bodo (brx) and Sanskrit (san)—
training on another modern Indo-Aryan language
always provides substantially lower error rates
than either of the universal baselines. From this we
can conclude that learning a transliteration model
on data, even with a language mismatch between
train and inference time, provides utility for gener-
ating natural romanizations. This holds across lan-
guages written in both Devanagari and Bengali.

Bodo error rate is very degraded when training
on other languages. Some of this likely comes
from gross linguistic differences, as Bodo belongs
to a different language family. However, we also
note that certain common vowel romanizations
in Bodo are quite different from other languages.
For example, for the Sanskrit-origin word “आरो¹य”
(meaning health), all six of the modern languages
using Devanagari have this word in their roman-
ization lexicon, and in Bodo it is romanized as “ar-
wgyo” in contrast to the other languages, which
all have “arogya” in their set of romanizations.
Bodo was originally written using the Latin script
(Sarmah, 2014), and conventionally ‘w’ is used to
indicate a close, back, unrounded vowel. The com-
mon use of ‘w’ for vowel romanizations does not
appear in the other languages, hence cannot be
learned from data in those other languages.

Sanskrit, interestingly, is best served by the
uroman universal romanization system, which indi-
cates that Sanskrit romanizations are more formal
in representation of, say, vowel length and gemina-
tion. Since it is primarily a liturgical language, this
increased formality is unsurprising.

The lower Table 1(b) presents error rates when
using uconv output as an intermediate represen-
tation. This does not change performance much
when training on the target language itself, but pro-
vides modest improvements to most other condi-
tions. For the Bengali script, Assamese shows
large error rate reductions with this method. This
is largely due to differences between Bengali and
Assamese in their use of various ‘Ra’ letters in the
Bengali script. A complete lack of coverage in the
Bengali romanization lexicon of two ‘Ra’ variants
used heavily in Assamese (and also romanized by
uconv as ‘ra’) was fixed by the intermediate univer-
sal romanization. Beyond improvement in the face
of such gross mismatch, however, this technique
mostly helps and, at least for related modern lan-
guages, never hurts transfer.

These results demonstrate that being within the
same language family does improve transfer ver-
sus across language families, but that is no guar-
antee of good performance. Assamese, for exam-
ple, even with the uconv intermediate representa-
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tion, has a mCER% around 25. Still, it seems clear
that using such an intermediate representation is
helpful for improving transfer.

5. Romanized Text Mining Methods

We now describe our methods for extracting ro-
manized text for under-resourced languages from
a generic text corpus (Figure 1). We begin by de-
scribing each of the ingredients necessary to ex-
ecute the recipe, both models and datasets. We
follow by practically describing each of these ingre-
dients for each of the languages in this work.

Necessary Ingredients Let TL be the target lan-
guage for collecting naturally romanized text, and
let HRL be a higher resource (linguistically related)
language written in the same native script. We as-
sume access to the following resources:

• An HRL romanization lexicon: a list of words
written in the native script, paired with the same
word written in Latin script, as described in Sec-
tion 3.2. The romanizations should be repre-
sentative of natural romanizations produced by
native speakers.

• A universal TL script romanization system, as
described in Section 3.1. This is to permit an
intermediate representation closer to the de-
sired natural romanization that the native script,
which was shown to be beneficial in Section 4.

• TL native script sample sentences. In our ex-
periments, these are on the order of 1000s
of Wikipedia sentences. At the time of writ-
ing, Wikipedia covers 342 languages (of which
Tigrinya is ranked number 337 based on article
count).

• A wide coverage LID training set that does not
already cover TL in the Latin script. Several
publicly available datasets can be used to this
end, including OpenLID (Burchell et al., 2023),
GlotCC (Kargaran et al., 2024), and DCAD-
2000 (Shen et al., 2025), although the latter two
are the result of applying an existing LID model
to web documents.

• Finally, we assume access to a general web
text corpus. Various corpora are publicly avail-
able, and are typically derived from the Com-
mon Crawl repository,8 e.g., MADLAD-400
(Kudugunta et al., 2023) or multilingual C4 (Xue
et al., 2021). This constitutes the set to be
mined, and documents need not be filtered by
an existing LID model.

Our method is sketched in Figure 1.

Preprocessing Details Preprocessing of the ro-
manization lexicons and Wikipedia native script
Tigrinya examples was performed as described in
Section 3.2.3.

The web text upon which we will attempt to ex-
tract romanized Tigrinya samples is drawn from
the noisy partition of MADLAD-400, which has not
been filtered with language identification. This
dataset includes a de-duplicated union of all of the
Common Crawl snapshots available in August of
2022. We perform newline segmentation, so our
extraction is at the paragraph rather than docu-
ment level. We designed a system, which we call
Common Scrawl, consisting of a series of filters
that allow us to focus on a script of interest (in this
case Latin) and avoid common sources of noise
in web text, such as non-linguistic text or boiler-
plate and other classes of text that are not rep-
resentative of spontaneous natural language. All
paragraphs accessed for these experiments were
minimally filtered to consist predominantly of Latin
script text.

For the current experiments, it suffices to con-
sider two disjoint paragraph subsets: text which
makes it through all of the filtering stages (clean),
and text which is discarded by some filtering stage
(discarded). This allows us to compare the preci-
sion of extracted text before and after filtering. Full
details of the filtering stages are described in Ap-
pendix Section A.

Tigrinya In the case of the TL Tigrinya, we con-
sider the HRL to be Amharic. We make use of
uconv for intermediate universal romanization.

We collected a 5,005 sentence sample of
Tigrinya, containing a total of 77,493 tokens from
Wikipedia for use as a native script sample.9 This
we then romanized by: (1) extracting the 𝑘-best ro-
manizations for each token; (2) softmax normaliz-
ing the scores from the transliteration model over
the 𝑘-best list; and (3) sampling from this list ac-
cording to the resulting distribution. We made ten
passes over the native script corpus, resulting in
ten distinctly sampled corpora. These were con-
catenated to form the synthetic romanized Tigrinya
training set for our LID filter.

For the LID training set, we also included
100,000 English and 10,000 sentences from each
of the 303 Latin script non-English languages
from the MADLAD-400 dataset. We also included
10,000 sentences of synthetically romanized train-
ing data for the twenty romanized South Asian
languages provided in the Bhasha-Abhijnaanam
South Asian LID task (Madhani et al., 2023a), as
these languages are frequently written in the Latin
script on the web but have poor coverage and qual-

9https://ti.wikipedia.org/

https://ti.wikipedia.org/


3003

HRL Romanization
Lexicon

ብመሰረት bmeseret
ቀዳመይቲ qedameyti

… …

TL ICU
Transliterator

TL ICU Romanization
Lexicon

ብመሰረት bǝmasarat
ቀዳመይቲ qadāmayǝti

… …

TL ICU-to-Natural
Lexicon

bǝmasarat bmeseret
qadāmayǝti qedameyti

… …

TL Native Script
Sample

TL ICU
Transliterator

Pair 6-gram
ICU-to-Nat

Transliterator
TL Latin Script

(Synthetic)

LID Train Set
(excludes TL Latin)

LID

Web Text

TL Latin Script
(Natural)

Train Train

Figure 1: Flow chart of the proposed mining method. Cylinders indicate transliteration lexicons, tape
symbols indicate text document(s), and models are indicated by rectangles. Gray indicates a preexisting
resource, blue indicates derived, and green indicates the resulting product: naturally romanized text from
the target language.

ity issues in MADLAD.10 We train a fastText LID
filter (Joulin et al., 2016) on this set, and apply it to
a cleaned subset of the MADLAD noisy partition to
identify Tigrinya sentences with at least 50% con-
fidence, and finally pass only the most confident
sentences for annotators to rate.

Language Identification Model In this work, we
train a LID model to filter naturally romanized
Tigrinya. While large language models can also
perform admirably as LID models, they are expen-
sive to run in practice, and lower capacity models
have been shown to perform well as web-scale fil-
ters (Kargaran et al., 2023; Benton et al., 2025).
We strip punctuation from any text before train-
ing/inference and set fastText LID hyperparame-
ters to those used in Benton et al. (2025).

Post-filtering Details After LID filtering, we ap-
plied some light cleaning to spare annotators from
rating noisy text, or text that was clearly not nat-
ural language. Sampled sentences had to con-
tain at least three words observed in the synthetic
Tigrinya training set, have at least 70% ASCII
characters, and no more than 10% of the space-
delimited tokens could be hashtags or usernames.
In addition, we removed any sentence with low
character trigram entropy relative to the set of sen-
tences identified as Latin script Tigrinya (in the sec-
ond decile or less). This was to avoid unnaturally
repetitive texts that may have passed the LID fil-
ter. We also filtered out any string that contained
a spam-indicative word, e.g., mp3, download.

10For instance, Kudugunta et al. (2023) highlights sev-
eral quality issues for these languages in Appendix 4,
“Monolingual Data Details”.

Corpus 𝑁 Majority Unanimous

all 100 95 93
clean 100 99 96
discarded 100 84 84

Table 2: Number of sentences agreed to be ro-
manized Tigrinya by human annotators, either by
majority vote or unanimously. Note that the dis-
carded and clean corpora are proper subsets of
all.

Tigrinya Manual Evaluation We worked with
three annotators who were familiar with Tigrinya.
Two were native speakers, and the third was a
native speaker of a related language and fluent
enough to be able to identify whether a piece of
text was actually romanized Tigrinya.

We mined the 100 most confident Tigrinya para-
graphs from (a) the entire preprocessed Web Text
corpus (all); (b) the filtered corpus (clean); and
(c) what was discarded by filtering (discarded),
which is the complement of the clean subset. We
took the union of these newline-delimited para-
graphs, resulting in 204 paragraphs total, and pro-
vided these to annotators, who coded whether
each sentence was actually romanized Tigrinya.
We considered each of these sets as a base web
text corpus in order to additionally extrinsically val-
idate for our web text filtering pipeline, offering a
rough estimate of recall lost due to filtering.

Annotator instructions and a selection of anno-
tated sentences and comments are presented in
Section B.

6. Tigrinya Mining Evaluation

Table 2 breaks down the proportion of genuine ro-
manized Tigrinya sentences examples by source
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corpus and annotator reconciliation method. Of
the 204 most confident Tigrinya sentences mined,
annotators unanimously agreed that 183 (89.7%)
were Tigrinya, with majority agreement on 186
(91.2%) sentences; 17 (8.3%) were unanimously
agreed to not be Tigrinya. The remaining four sen-
tences with annotator disagreement were typically
sentences mixing words from different languages.
For example, the use of “habibi”, a borrowing from
Arabic, in “Korchach nay benay eka habibi”, or
“Yew tse’ ana eyu kabzi’atom” which one annota-
tor deemed to mostly contain Amharic even though
they agreed that “kabzi’atom” was Tigrinya.

Although our initial filtering throws away text con-
taining legitimate romanized Tigrinya sentences
(as evidenced by 84% unanimous agreement on
the discarded set), this precision may not be
acceptable for subsequent consumption. The
benefit of filtering is evidenced by the precision
on the clean set. There, 99 out of 100 sen-
tences were deemed Tigrinya by majority vote,
with unanimous vote disgreement driven by pos-
sible borrowings and code mixing. Many of the
false positives on the discarded corpus are egre-
giously unnatural, including strings of URLs (“web-
net.gov.bz webnet.net.bz webnet.org.bz webnet.bj
webnet.gouv.bj webnet.mil.bj”) and nonsensical
cycling through character n-grams (“zta-ztz : zte
ztg ztl ztm ztn ztp ztq zts ztt ztu ztx zty”). While the
recall in our filtering process could be improved,
the mining procedure we describe here is indepen-
dent of the form of the web corpus. Depending on
the precision required, one can apply more or less
strict quality filtering constraints.

7. Discussion and Conclusions

In this paper, we have demonstrated the utility of
synthetic romanizations taken from models trained
on related languages for training language identifi-
cation systems for romanized text. We presented
evidence in support of using intermediate univer-
sal romanization to improve such cross-lingual
transfer. The precise conditions for successful ro-
manization model transfer remain unclear: even
related regional languages Assamese and Bangla
yielded relatively poor cross-lingual transfer.
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A. Common Scrawl Web Text
Filtering

Here we describe the filtering that we applied to the
MADLAD noisy document collection before mining
for romanized Tigrinya. We do not start from the
MADLAD “clean” collection as this set has already
been filtered at the document level by a language
identification model that does not cover romanized
Tigrinya (Kudugunta et al., 2023). In other words,
much of the web text we are interested in has al-
ready been removed from MADLAD “clean”.

Text selection occurs in several stages. First,
some subset of documents are excluded based
on broad document-level constraints. Second,
newline-delimited paragraphs are filtered to en-
sure they are mostly Latin script and not from al-
ready highly resourced languages. Finally, a se-
ries of filters are designed to remove non-linguistic
and lower quality (e.g., boilerplate) text. By apply-
ing these filters, we aim to produce a corpus of nat-
ural text from underrepresented languages, which
are typically excluded by pipelines that heavily rely
on language ID filtering.

Next we describe the document- and paragraph-
level filters, and then present a manual validation
of the filters targeted at non-linguistic and low qual-
ity paragraphs.

A.1. Document-level Filters
Entire documents containing either (1) a copy-
right line, (2) some number of low-quality indica-
tor phrases (e.g., indicating gambling or pornog-
raphy), or (3) Lorem Ipsum-like strings were
removed before subsequent processing. The
presence of such indicators in a document was
deemed sufficient to remove the entire document
from consideration.
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A.2. Paragraph Filter Descriptions

We segment retained documents naïvely by new-
line delimiter, and consider each of these text
blocks to be a paragraph.

Paragraph filters are presented in the order that
they were applied. The first four filters ensure that
the paragraph is both (a) not labeled by a language
identification system as one of a set of high re-
source languages; and (b) that the sample con-
sists primarily of Latin script words likely encod-
ing language. Other filters attempt to remove low
quality text that is unlikely to correspond to spon-
taneous natural language production, e.g., spam
or boilerplate text, non-linguistic text, and general
noise.

A.2.1. High-resource language removal

Our focus is in mining underrepresented text, so
paragraphs that were confidently labeled as be-
longing to common Latin script languages were
discarded. Text labeled by a proprietary language
ID engine with the following ISO-639-2 codes were
removed: af, az, ca, cs, da, de, en, es, et, eu,
fi, fil, fr, gl, hr, hu, id, is, it, la, lt, lv, ms,
nl, no, pl, pt, ro, sk, sl, sq, sv, tr, uz, or vi.
For the current paper, paragraphs labeled as one
of the above languages with confidence greater
than 0.7 were discarded.

A.2.2. Minimum word count

Paragraphs with less than a minimum count (in this
paper, 5) of whitespace-delimited words, each con-
sisting of at least one non-punctuation, non-digit
Latin script character were discarded.

A.2.3. Minimum word percentage

Paragraphs with less than a minimum percentage
(in this paper, 90%) of whitespace-delimited words
containing at least one non-punctuation, non-digit
Latin script character were discarded.

A.2.4. Maximum non-Latin script

Paragraphs with more than a maximum percent-
age (in this paper, 10%) of characters falling out-
side of the Latin script (ignoring whitespace and
punctuation) were discarded.

A.2.5. Standard word form count

We label whitespace-delimited words “standard
form” if they meet all of the following conditions:
(1) do not begin with a hashtag symbol; (2) have at
least 50% of their characters in the Latin script, not

counting punctuation or digits; and (3) have stan-
dard casing patterns, i.e., either all lowercase, all
uppercase or initial letter only capitalized.

Paragraphs with less than a minimum count
(in this paper, 3) of “standard form” whitespace-
delimited words were discarded.

A.2.6. Standard word form percentage

Following the definition of “standard form” words
above, paragraphs with less than a minimum per-
centage (in this paper, 30%) of “standard form”
whitespace-delimited words were discarded.

A.2.7. Maximum word length

Paragraphs containing one or more whitespace-
delimited words that consist of more than a maxi-
mum character count (in this paper, 100) were dis-
carded.

A.2.8. Maximum mixed word length

Define a “mixed” word as a whitespace-delimited
word with both Latin script letters (not punctuation
or digits) interspersed with one or more punctua-
tion, digits or non-Latin-script characters. Para-
graphs containing one or more mixed words that
consist of more than a maximum character count
(in this paper, 30) were discarded.

A.2.9. Looks like list

Paragraphs that appeared to consist of a list of rel-
atively short, delimited items were discarded.

A.2.10. Looks like code

Paragraphs that appeared to be code or are heav-
ily marked-up were discarded.

A.2.11. Looks like Lorem Ipsum

Paragraphs that matched on Lorem Ipsum strings
were discarded. Note that there was also a
document-level constraint applying similar filtering
to discard whole documents.

A.2.12. Maximum paragraph length

Paragraphs consisting of more than a maximum
number of Unicode code points (for this paper,
36,000) were discarded.

A.2.13. Maximum length between delimiters

Paragraphs containing spans without any text de-
limiters (e.g., punctuation such as comma or pe-
riod) consisting of more than a maximum number
of Unicode code points (for this paper, 4,100) were
discarded.
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A.2.14. Boilerplate / low quality

Paragraphs that match repeatedly on words from
a small manually curated vocabulary associated
with broad classes of low quality (e.g., spammy)
web content were discarded. Note that there was
also a document-level constraint applying similar
filtering to discard whole documents.

A.2.15. ACTG percentage

Paragraphs with more than a maximum percent-
age (in this paper, 90%) of whitespace-delimited
words consisting only of the characters ACTG
were discarded. These generally represent biose-
quences. ACUG is also tested, to cover RNA se-
quences.

A.2.16. Maximum alphanumeric words

Define an “alphanumeric” word as a whitespace-
delimited word with both digits and letters but no
punctuation, e.g., C3PO. Paragraphs with more
than a maximum number of alpha-numeric words
(in this paper, 100) without any punctuation were
discarded.

A.2.17. Percentage in top length bin

Let 𝐿̂ be the maximum length in unicode code
points of any whitespace delimited-word in a para-
graph. For paragraphs with more than some min-
imum number of words (in this paper, 100), if the
percentage of words in the paragraph with length
𝐿̂ is greater than some maximum percentage (in
this paper, 95%), the paragraph was discarded.

A.2.18. Minimum type/token ratio

For paragraphs with more than some minimum
number of whitespace-delimited words (in this pa-
per, 100), if the ratio of the number of word types
in the paragraph to the number of word tokens in
the paragraph falls below some minimum (in this
paper, 0.02), the paragraph was discarded.

A.2.19. Repetitive paragraph pattern

For paragraphs with more than some minimum
number of whitespace-delimited words (in this pa-
per, 10), if either (1) every other word – even or
odd – is the same word; or (2) every word consists
of the same single character, the paragraph was
discarded.

A.2.20. Pct words w/same first character

For paragraphs with more than some minimum
number of whitespace-delimited words (in this pa-
per, 10), if the percentage of words in the para-

graph that start with the same initial character (re-
gardless of character identity) rises above some
maximum (in this paper, 95%), the paragraph was
discarded.

A.2.21. Pct words w/same first symbol

For paragraphs with more than some minimum
number of whitespace-delimited words (in this pa-
per, 10), if the percentage of words in the para-
graph that start with the same initial punctuation
or non-alphanumeric symbol (e.g., @ or #) rises
above some maximum (in this paper, 80%), the
paragraph was discarded.

A.2.22. Hashtag word and symbol

Paragraphs that include the substring “hashtag”
and also have whitespace-delimited words begin-
ning with a hashtag (#) were discarded.

A.2.23. Standard form language removal

Using the definition of a “standard form”
whitespace-delimited word given in Section A.2.5,
we rerun the language identification system on the
paragraph with only standard form words retained.
Using the same confidence threshold and list of
languages shown in Section A.2.1, paragraphs
that are labeled as a language in the list were
discarded.

A.2.24. URL affix percentage

Paragraphs with more than a maximum percent-
age (in this paper, 30%) of whitespace-delimited
words either prefixed by “www.” or suffixed by
“‘.com”’ were discarded.

A.2.25. Max pct single character words

Paragraphs with more than a maximum percent-
age (in this paper, 90%) of whitespace-delimited
words consisting of a single character were dis-
carded.

A.2.26. Boilerplate prefix or suffix

Paragraphs with a prefix substring from a curated
list of prefixes associated with boilerplate text, or
a suffix substring from a curated list of boilerplate-
associated suffixes, were discarded.

A.2.27. List of times

Paragraphs that appeared to be a list of simple
time values were discarded.
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Round 1 Round 2 Round 3 Overall
Section describing filter constraint Agr / N Agr / N Agr / N Agr / N Prec

Section A.2.5: Standard word form count 1 /1 5 /5 9 /9 15 /15 1.00
Section A.2.6: Standard word form percentage 3 /3 9 /9 16 /16 28 /28 1.00
Section A.2.7: Maximum word length 5 /6 5 /5 4 /4 14 /15 0.93
Section A.2.8: Maximum mixed word length 4 /6 9 /9 10 /11 23 /26 0.88
Section A.2.9: Looks like list 6 /6 16 /16 18 /18 40 /40 1.00
Section A.2.10: Looks like code 6 /6 8 /8 8 /8 22 /22 1.00
Section A.2.11: Looks like Lorem Ipsum 0 /1 5 /5 9 /9 14 /15 0.93
Section A.2.12: Maximum paragraph length 0 /0 0 /0 0 /0 0 /0
Section A.2.13: Max length between delimiters 3 /4 5 /5 6 /6 14 /15 0.93
Section A.2.14: Boilerplate / low quality 1 /1 7 /7 9 /9 17 /17 1.00
Section A.2.15: ACTG percentage 1 /1 5 /5 9 /9 15 /15 1.00
Section A.2.16: Max alphanumeric words 0 /0 5 /5 10 /10 15 /15 1.00
Section A.2.17: Percentage in top length bin 2 /2 10 /10 15 /15 27 /27 1.00
Section A.2.18: Minimum type/token ratio 5 /5 9 /9 8 /8 22 /22 1.00
Section A.2.19: Repetitive paragraph pattern 4 /4 9 /9 17 /17 30 /30 1.00
Section A.2.20: Pct words w/same 1st char 6 /6 12 /12 20 /20 38 /38 1.00
Section A.2.21: Pct words w/same 1st symbol 5 /5 6 /6 6 /6 17 /17 1.00
Section A.2.22: Hashtag word and symbol 3 /3 5 /5 7 /7 15 /15 1.00
Section A.2.23: Standard form lang removal 13 /13 29 /29 44 /44 86 /86 1.00
Section A.2.24: URL affix percentage 2 /2 6 /6 8 /8 16 /16 1.00
Section A.2.25: Max percent single char words 4 /4 8 /8 11 /11 23 /23 1.00
Section A.2.26: Boilerplate prefix or suffix 8 /8 6 /6 2 /2 16 /16 1.00
Section A.2.27: List of times 4 /4 5 /5 6 /6 15 /15 1.00
Section A.2.28: Gzip compression score 10 /10 17 /17 17 /17 44 /44 1.00
Section A.2.29: Maximum repeated char length 5 /5 6 /6 8 /8 19 /19 1.00
Section A.2.30: Minimum language substring 43 /44 82 /82 102 /102 227 /228 1.00
Section A.2.31: Maximum diacritic percentage 2 /2 5 /5 8 /8 15 /15 1.00

Table 3: Precision of filtering constraints according to the authors’ consensus annotation. Agr: number
agreed with consensus, N: number of examples, and Prec: precision. Precision is only given for the
union over all rounds. Note that these examples were sampled after document-level filtering (e.g., by
copyright notice and document-level boilerplate detection). Note that a single paragraph may violate
multiple constraints, thus the counts do not sum to 413 (the number of sampled paragraphs that violated
at least one constraint).

A.2.28. Gzip compression score

Let 𝑠 be the size of the paragraph after using gzip,
and let 𝑏 be the size after gzip of a baseline string
of the same length as the paragraph. If 𝑘𝑠 < 𝑏 for
some 𝑘 (in this paper, 𝑘 = 3), then the paragraph
was discarded. In other words, paragraphs with
very high compression rates for their length were
discarded.

A.2.29. Maximum repeated char length

After removing whitespace and converting to lower
case, let 𝑚 be the length of the longest substring
consisting of a single repeated character. Para-
graphs with 𝑚 longer than some maximum length
(in this paper, 30) were discarded.

A.2.30. Minimum language substring

Using a sliding window, language identification is
applied at each whitespace-delimited word in the
paragraph, providing a label at each word. Let 𝑚
be the longest string of words in the paragraph la-
beled with the same language label, where that la-
bel is not in the list of languages to exclude from
Section A.2.1. If 𝑚 is less than a minimum length
(in this paper, 3), the paragraph was discarded.

A.2.31. Maximum diacritic percentage

Paragraphs with more than a maximum percent-
age (in this paper, 95%) of characters with diacrit-
ics were discarded.
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Instructions:
For each sample text in column A in the spreadsheet below, please indicate Yes in column B if
the example is clearly Tigrinya, even if the style of writing in the Latin script is not how you would
write it. If the sample text has some loan words from another language but the main language is
Tigrinya, then still mark that as Yes. If the sample text is not Tigrinya, or you cannot be certain,
indicate No in the drop down menu in column B. If you indicate No in column B and can easily
identify the actual language of the sentence, please put that information in column C. You do not
need to spend much time on this part, only if it is obvious to you. Feel free to comment on any
feature of the text in column D. For example, if the sample text is not actually language, or contains
questionable content of some sort.

Below are four examples. The first is indeed romanized Tigrinya, the other three are not Tigrinya.
The language is identified in the second example but not in the third or fourth. Comments to the
effect that the sample is not language is added to the fourth example.

sample text Tigrinya?
Y/N

If N, identify
the language
if you can.

Any comments on text (e.g.,
spam/boilerplate/porn or other-
wise low quality)

entay aynet tseweta eiki
kt’tsaweti tdeli?

Yes

yetesegnut tshufochna
yeleloch berkata srawoch
balebet nacehw

No Amharic

jagat to uske ek ansh ma-
tra men hai.

No

hck hdk hdk hdt hdt hdv
hdv hen hen hew hft hft
hgs hgs hgu hgu

No Not Language

Table 4: Instructions for Tigrinya manual annotation, along with four examples provided to annotators.

A.3. Filter Validation

Filter validation consisted of three rounds of anno-
tation by the paper authors: the first round of 100
paragraphs was annotated by three of the authors,
and the second and third rounds (168 and 272
paragraphs, respectively) were annotated by two
of the authors. Authors annotated whether they be-
lieved each paragraph should be kept or discarded
by an ideal pipeline. Paragraphs were labeled dis-
cardable if the text consisted of non-natural or boil-
erplate language, mostly consisted of head lan-
guage text, or formulaic (e.g., list of items). Over-
all, 150 out of a total of 540 sampled paragraphs
(27.8%) satisfied all of the pipeline constraints.

From the set of paragraphs filtered by each
stage in the pipeline (and the final set of docu-
ments that passed through all stages without being
filtered), a target of 100 examples were extracted
using an appropriately set random number gener-
ator. These were shuffled and a final random sam-
ple taken that ensured some minimum coverage
for each filter stage.

After each round of annotation, authors arrived
at a consensus annotation after discussion, and
the multiple rounds helped codify the annotation
guidelines. The three annotators agreed unani-

mously on 80% of first round examples. In rounds
two and three, the two annotators agreed on 94%
and 94.5% of examples before arriving at a con-
sensus. For the two annotators that annotated
through all three rounds, these corresponded to
agreement according to Cohen’s Kappa (Cohen,
1960) of 0.66, 0.82, and 0.86 for each of the re-
spective rounds – 0.81 overall, indicating strong
inter-annotator agreement. Below we give the con-
fusion matrix between consensus annotation (col-
umn) and whether the paragraph was filtered by
the pipeline (row) across all rounds, discarded vs.
kept.

384 6
29 121

Overall, the estimated precision of our con-
straints is 95.3%, with recall of 80.7%. Bear in
mind that we oversampled examples that satisfied
all constraints. Precision of each of the paragraph-
level filters is given across each of the annota-
tion rounds in Table 3. While the counts are quite
low for many filters, the precision is almost always
100%, with a minimum precision of 88%, e.g., the
longest_mixed_word constraint.
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B. Tigrinya Annotation Instructions

Table 4 contains the instructions provided to each
of the Tigrinya annotators, along with four example
texts.

C. South Asian Experiment Variance

Table 5 presents the means and standard devia-
tions of minimum character error-rate percentage
(mCER%) over 10 trials in each condition, as re-
ported in Table 1.

language native source uconv source
script target train mean / stdev mean / stdev
deva brx brx 4.80 / 0.06 5.17 / 0.13
deva brx hin 31.06 / 0.86 31.15 / 0.82
deva brx kok 38.71 / 3.06 38.53 / 2.97
deva brx mai 32.12 / 0.64 32.56 / 0.95
deva brx mar 31.63 / 0.35 31.46 / 0.60
deva brx nep 33.25 / 0.67 33.68 / 0.63
deva brx san 53.64 / 1.17 53.68 / 0.57
deva hin brx 29.60 / 0.35 28.27 / 0.36
deva hin hin 8.13 / 0.34 7.89 / 0.13
deva hin kok 15.09 / 4.16 13.42 / 1.05
deva hin mai 11.64 / 0.51 11.47 / 0.50
deva hin mar 11.54 / 4.35 9.92 / 0.54
deva hin nep 12.01 / 0.79 11.60 / 0.20
deva hin san 27.43 / 1.63 27.41 / 1.49
deva kok brx 32.02 / 0.47 30.45 / 0.65
deva kok hin 13.32 / 1.01 12.81 / 0.52
deva kok kok 11.00 / 0.23 10.66 / 0.50
deva kok mai 15.41 / 0.66 14.55 / 0.54
deva kok mar 11.72 / 0.15 11.56 / 0.29
deva kok nep 17.03 / 1.70 15.86 / 0.56
deva kok san 18.14 / 1.54 17.80 / 1.04
deva mai brx 29.39 / 0.31 28.94 / 0.37
deva mai hin 9.94 / 0.69 9.35 / 0.31
deva mai kok 12.62 / 3.17 11.46 / 0.61
deva mai mai 7.09 / 0.30 6.99 / 0.26
deva mai mar 11.50 / 3.23 9.90 / 0.61
deva mai nep 11.23 / 0.23 10.84 / 0.28
deva mai san 16.36 / 0.79 16.65 / 0.82
deva mar brx 24.96 / 0.42 23.35 / 0.74
deva mar hin 5.58 / 0.88 5.06 / 0.38
deva mar kok 7.29 / 1.71 7.16 / 1.60
deva mar mai 8.93 / 0.65 7.78 / 0.74
deva mar mar 3.79 / 0.10 3.56 / 0.22
deva mar nep 9.36 / 1.86 8.05 / 0.74
deva mar san 23.76 / 1.67 23.48 / 1.46
deva nep brx 26.21 / 1.39 25.38 / 0.64
deva nep hin 8.83 / 0.97 8.14 / 0.31
deva nep kok 12.81 / 1.29 11.72 / 1.64
deva nep mai 10.82 / 1.28 10.78 / 1.18
deva nep mar 9.38 / 0.39 8.53 / 0.47
deva nep nep 3.95 / 0.14 3.91 / 0.22
deva nep san 23.53 / 1.18 23.55 / 1.29
deva san brx 37.16 / 0.62 37.32 / 0.45
deva san hin 15.33 / 0.71 13.64 / 0.68
deva san kok 11.11 / 3.01 9.54 / 0.77
deva san mai 13.85 / 0.66 13.01 / 0.43
deva san mar 14.05 / 1.08 13.12 / 0.44
deva san nep 15.49 / 0.64 15.19 / 0.80
deva san san 3.48 / 0.25 3.55 / 0.14
beng asm asm 4.66 / 0.18 5.40 / 0.19
beng asm ben 30.72 / 0.80 24.57 / 0.68
beng ben asm 21.14 / 2.01 19.45 / 0.23
beng ben ben 7.83 / 0.29 7.42 / 0.25

Table 5: Means and standard deviations of
mCER% in experiments reported in Table 1.
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