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Abstract

Judeo-Arabic refers to Arabic variants histor-
ically spoken by Jewish communities across
the Arab world, primarily during the Middle
Ages. Unlike standard Arabic, it is written in
Hebrew script by Jewish writers and for Jewish
audiences. Transliterating Judeo-Arabic into
Arabic script is challenging due to ambiguous
letter mappings, inconsistent orthographic con-
ventions, and frequent code-switching into He-
brew. In this paper, we introduce a two-step
approach to automatically transliterate Judeo-
Arabic into Arabic script: simple character-
level mapping followed by post-correction to
address grammatical and orthographic errors.
We also present the first benchmark evalua-
tion of LLMs on this task. Finally, we show
that transliteration enables Arabic NLP tools to
perform morphosyntactic tagging and machine
translation, which would have not been feasible
on the original texts. We make our code and
data publicly available.!

1 Introduction

Judeo-Arabic (JA) refers to Arabic varieties his-
torically used by Jewish communities across the
Arab world, primarily in the Middle Ages. Al-
though closely related to regional Arabic dialects,
JA is written in Hebrew script and incorporates el-
ements from Hebrew. Thousands of JA texts are
now available online, covering genres such as phi-
losophy, biblical commentary, and Bible transla-
tions (Friedberg Geniza Project, 1999; Rustow and
Koeser, 2022). However, because JA texts were
intended for readers familiar with Hebrew script,
they remain largely inaccessible to Arabic speakers
and incompatible with modern Arabic NLP tools,
which typically assume Arabic script input.
Transliterating JA into Arabic script is therefore
a crucial step for making these texts accessible to
Arabic readers and for ensuring compatibility with

"https://github.com/CAMeL-Lab/jawhar

JA Arabic Dotless T Dotted T English
SNP Jo Jo Jo said
qAl qAl qAl
’WTjBN oA LfJJ'Q‘ “-SJ}‘ al-Khazari
Ixzry Alkzry Alxzry
k=) = 0 23 ind how
wkyf wkyf wkyf
'[5‘[ =2 D — is that
0lk dlk Olk
piomam eellsT oslls s ly and the
we“AltsbyHAt”  wAlbrkwt wAlbrkwt blessings
785 s S o burden
kifh kifh kifh
TN 1, oxl; oxl; extra

zAydh zAydh zAydh

Table 1: A sentence in Judeo-Arabic (Hebrew script),
aligned with Arabic script, Arabic transliterations from
dotless (Dotless T) and dotted (Dotted T) Hebrew, and
English glosses. The sentence is ‘Al-Khazari said: And
how is that when blessings are an extra burden?’

modern Arabic NLP tools. However, this task is
challenging due to ambiguous character mappings
between the scripts, inconsistent orthographic con-
ventions, and frequent Hebrew borrowings (Ta-
ble 1). To address this, we propose a two-step
approach: an initial transliteration stage using a
rule-based method, followed by a post-correction
step to resolve orthographic and grammatical errors.
We also present the first benchmark evaluation of
large language models (LLMs) on this task. No-
tably, our approach requires no training on JA
data, yet outperforms previous work. Finally, we
demonstrate the downstream impact of translit-
eration by enabling morphosyntactic tagging and
Arabic-to-English machine translation (MT) on JA
texts. Our results demonstrate the viability of this
approach: post-correction significantly improves
transliteration quality, and the resulting outputs can
be effectively processed by Arabic NLP tools for
both morphosyntactic tagging and MT.
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2 Background and Related Work

2.1 Judeo-Arabic Linguistic Facts

Judeo-Arabic (JA) is the language of the Jews from
the Arabo-Islamic world. Its history spans from pre-
Islamic Arabia to the present day and went through
several different periods (Blau, 1961, 1965). This
paper focuses on Classical JA, which developed in
parallel to Classical Arabic in the territories under
Muslim rule around the Mediterranean and the Mid-
dle East during the Middle Ages. JA is a Jewish
language. It was written by Jews and its intended
audience were other Jews. This explains two of its
most distinctive characteristics. First, JA is written
in Hebrew characters. Second, it incorporates some
vocabulary from Hebrew and, less commonly, Ara-
maic. One should be cautious not to describe JA
just as Arabic written in Hebrew characters (Still-
man, 2010). Most Jews from the medieval Mediter-
ranean and Middle East lived under Muslim rule
and spoke Arabic as their mother tongue. However,
the most common writing system they used was He-
brew, not Arabic. From a very young age, Jewish
children were taught Hebrew for religious purposes.
Some of them would not be able to read or write
Arabic, despite reading and writing in JA. Thus,
for them JA was not a direct transliteration of Ara-
bic, but rather the obvious way of registering their
language in writing. For this same reason, some
scholars have approached JA as an Arabic dialect
(Mansour, 1991; Khan, 1997; Gebski, 2024).

Transliterating JA written in Hebrew to Arabic
characters is as artificial as transliterating it to Latin
script. Nevertheless, this approach is justified when
the goal is to make JA accessible to Arabic readers
who do not read Hebrew, or to enable the use of
NLP tools designed for Arabic. This transliteration
task entails many challenges.

The Arabic abjad has twenty-eight basic let-
ters and some additional special characters (e.g.,
Hamzated Alifs and Teh Marbuta); the Hebrew ab-
jad has twenty-two. While many Hebrew letters
have one-to-one or many-to-one mappings to Ara-
bic letters (Blau, 1961; Lanza, 2020), some Arabic
letters without corresponding sounds in the Hebrew
abjad are represented by a Hebrew letter with an
upper dot, imitating the Arabic alphabet (see Ta-
ble 2). Seven Judeo-Arabic Hebrew letters have an
upper dot diacritic variant: XMW jdhTkSt.>

The upper dot is sometimes used for other purposes, such
as indicating abbreviations (JA: N wy, Ar: AS9 WYY, ‘etc’)

Unfortunately, the use of diacritical marks or the
Hebrew-Arabic character mapping has never been
standardized. Thus, the rules followed by differ-
ent texts may vary (Lanza, 2020). Furthermore,
common errors of omission or misplacement of
the upper dot can lead to erroneous conversions,
M52 ixL, bljh? instead of the correct 1153 &b

biyh ‘in a language’, or R 134 whdA instead

of the correct R |iag whdA ‘and this’. Fur-

thermore, not every Arabic character is explicitly
marked in JA. The Hamza at the end of the word
is often dropped (N) > jA instead of <> jA” ‘he

came’), a common phenomenon in many Arabic
dialects (Habash, 2010). Although sometimes it
is represented by its support letter, e.g., RN L o

rwyA for | § , niyA ‘vision” and n%o Sl sylt
for Jiw syl ‘be asked’.

Finally, transliteration is problematic for Hebrew
words in JA. Labeling them as Arabic or Hebrew
imposes an artificial distinction, since they func-
tion as part of JA and are treated like native Arabic
words. For example, some Hebrew roots could
be integrated into Arabic and then conjugated fol-
lowing its verbal system. This is the case of M)
s yyr ‘convert to Judaism’ (Stillman, 2010). In

Arabic texts derived from JA, such borrowings are
typically translated rather than transliterated.

2.2 Transliteration into Arabic Script

Latin-based Arabic Transliteration Several
studies have investigated the transliteration of
Latin-based scripts into Arabic, with the most
extensively studied case being Arabizi, a non-
standard romanization of Arabic widely used
in informal online communication (Chalabi and
Gerges, 2012; Voss et al., 2014; Darwish, 2014;
Al-Badrashiny et al., 2014; Eskander et al., 2014;
Guellil et al., 2017; Younes et al., 2018; Shazal
et al., 2020; Nagoudi et al., 2022). While Arabizi
has received the most attention when it comes to
transliterating into Arabic, other Latin-script lan-
guages have also been explored. Micallef et al.
(2023) treated Maltese as a dialect of Arabic, and in-
vestigated the effect of transliterating Maltese into

or indicating that a letter has a numeric value (719, “44”).
3 Arabic transliteration is presented in the Habash-Soudi-
Buckwalter transliteration scheme (Habash et al., 2007):
| uoéccc: SJJJJW&LLC&J&SJ pU0s S
Ab t # jHxddrzs § S DTD¢~y f qklmnhwy
and additionally: " ¢, A |, A LALWS 9 5 hsy s

2101



Arabic script on downstream NLP tasks. Previous
work has also addressed the problem of diacritiz-
ing and transliterating foreign words, particularly
English proper nouns, into fully diacritized Ara-
bic (Mubarak et al., 2009; Darwish et al., 2017;
Bondok et al., 2025).

Judeo-Arabic to Arabic Transliteration In the
case of JA, Bar et al. (2015) proposed a three-step
pipeline: identifying code-switched words to dis-
tinguish Hebrew words from Arabic, applying a
character-level statistical MT model for translitera-
tion, and using a recurrent neural network (RNN)
for post-correcting a limited set of orthographic
errors. Terner et al. (2020) proposed an RNN
to perform end-to-end transliteration. More re-
cently, Mitelman et al. (2024) adopted a two-step
approach: first identifying code-switched words
in Hebrew, and then transliterating JA to Arabic
script. Both of their components leverage HeAr-
BERT (Rom and Bar, 2024), a BERT-based model
pretrained on Arabic and Hebrew.

While prior work on JA transliteration has made
important contributions toward making JA accessi-
ble to Arabic readers, it suffers from several limita-
tions in data preprocessing, evaluation metrics, and
reproducibility. Data preprocessing pipelines vary
considerably, particularly in how code-switched
Hebrew words, orthographic markers (e.g., diacrit-
ics, hamzas, dots), and punctuation are handled.
All previous studies rely on extracted parallel JA
and Arabic texts aligned from published books;
however, they adopt different alignment algorithms
and uniformly remove Arabic translations corre-
sponding to Hebrew citations (§2.1) from the target
Arabic data. Orthographic preprocessing also dif-
fers: Bar et al. (2015) retain diacritics, Terner et al.
(2020) and Mitelman et al. (2024) remove them,;
Mitelman et al. (2024) further remove hamzas and
dots from the Hebrew input and retain Hebrew cita-
tions in the output, producing mixed-script translit-
erations. Punctuation is also inconsistently treated,
with Bar et al. (2015) and Terner et al. (2020) pre-
serving it, while Mitelman et al. (2024) discard it
entirely. Evaluation metrics also vary: Bar et al.
(2015) reported character-level accuracy, Terner
et al. (2020) used letter error rate, while Mitelman
et al. (2024) adopted character-level precision, re-
call, Fy, and accuracy. Finally, prior work uses
different data sources for training and evaluation.

None of the previous studies make their mod-
els or data publicly available, with the exception

of Mitelman et al. (2024), who released their pre-
trained models and data. However, the released
data is provided only at the character level with-
out sentence boundaries or punctuation, limiting its
utility for full-text evaluation. We therefore bench-
mark their system under our setup and treat it as
the only available baseline for comparison. Com-
parisons with earlier studies remain infeasible due
to the absence of released models and outputs.

In our work, as in prior studies, the goal is
to facilitate access to JA texts for Arabic readers.
However, our approach differs in several key as-
pects. We preserve the full input text structure,
retaining Hebrew tokens and punctuation during
processing, and restrict evaluation to Arabic to-
kens. We systematically evaluate a range of mod-
els without any training on JA data and explore
systems ranging from simple character mappings
to LLMs. Inspired by Bar et al. (2015), we in-
corporate a post-correction stage to address ortho-
graphic errors; however, rather than relying on
task-specific models targeting a limited set of or-
thographic errors, we leverage state-of-the-art pre-
trained Arabic grammatical error correction sys-
tems. Finally, we address an aspect overlooked
in prior work by analyzing the impact of dotless
versus dotted Hebrew orthography on translitera-
tion performance, and demonstrate how translitera-
tion benefits downstream Arabic NLP applications,
such as morphosyntactic tagging and MT.

3 Data

3.1 Sources

We use the edition of Al-Khazari by Nabih Bashir
(Ha-Levi, 2012). This is the only edition of the
text in Arabic and follows closely the JA original.
However, because it was created with an Arabic
audience in mind, the text was edited for clarity
in some places and some of the terms from the JA
original were replaced with their modern Arabic
equivalents. This happened especially with words
that come from Hebrew or with Biblical quotations
that appeared in Hebrew in the original text. For
example, the Hebrew word '3 ¢ny ‘poor’ is trans-
lated into its Arabic equivalent_szs fgyr. Thus, our
Arabic source was not an exact human transliter-
ation of the JA original, and we had to deal with
the mismatches between the JA and the Arabic ver-
sions in an alignment step (§3.3).

Nabih Bashir has produced other Arabic versions
of JA texts: the “Introduction to the Mishnah” by
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Maimonides and “The book and beliefs and opin-
ions” by Saadia Gaon. Both were used by Mitel-
man et al. (2024) for training, although they only
used Al-Khazari for evaluation. These two texts
are unpublished and not publicly available, which
is the primary reason we excluded them from our
work and focused on Al-Khazari instead, though
not the only one. A further motivation, however,
relates to the use of the upper dot diacritic. As
discussed above (§2.1), its usage is not consistent
across all JA texts, but it is consistent within a
single text. This consistency within Al-Khazari
enables us to analyze the upper dot diacritic in
a controlled manner and properly understand its
function. In contrast, drawing conclusions from
multiple texts without accounting for text-specific
conventions can misleadingly suggest that the up-
per dot diacritic is mere noise, as assumed by Mitel-
man et al. (2024). Our findings show that the upper
dot diacritic carries meaning, can aid disambigua-
tion, and should therefore be preserved whenever it
appears. Finally, our approach requires no training
on JA data: it relies on deterministic transliteration
followed by pretrained grammatical error correc-
tion models.

3.2 Basic Character Mapping

For our basic one-to-one character mapping, we
follow common conventions used in the field of
JA studies (Blau, 1961; Lanza, 2020). See our
full mapping in Table 2. Our choices were later
confirmed by the success rate of our transliter-
ation. Our transliteration results using JA text
with the upper dot diacritic (64.9%) outperformed
those without it (53.0%) (§5.2). Examples where
the upper dot diacritic made a difference include
TAUNRD o bl® yxATbhh ‘he speaks to him’,

XD o> 0 mrDy ‘satisfactory’, and "IN s
tyyr ‘he changed’, whose respective dotless ver-
sions are incorrect: TIAVND L ykATbh,

XD Oads mrSy, and V"IN _1£ tjyr.

3.3 Preprocessing and Alignment

Both the JA source and the Arabic reference
transliteration produced by Nabih Bashir were ob-
tained from Sefaria, an online library of Jewish
texts.* The files were divided into the same num-
ber of sections, which varied in length from a single
sentence to several paragraphs. Footnotes in the

*https://www.sefaria.org/Kuzari

Undotted
Hebrew Arabic

Dotted
Hebrew Arabic

R A4
2 « b
2 z J 2 ¢ 7
7 2 d 7 30
] s h 1 5k
1 s w
T B} z
m c H
v L T v L D
? ¢ Yy
10 4 k73 & x
5 Jd 1
an e m
11 O n
0 oS
v ¢ ¢
s G f
'Yy v S vy o= D
P S q
" o T
w o8
n o n )

Table 2: Arabic to Judeo-Arabic mapping used for
transliteration. The dotted version takes into account
the upper dot diacritic in the Judeo-Arabic text.’?

Arabic reference were removed, after which we cre-
ated two parallel text files with each section aligned
to a line. We then reviewed sections with substan-
tial word imbalances between the JA and Arabic
texts and, after close reading, decided to drop 16
lines.

We first produced an automatic Arabic transliter-
ation of the JA source using the character mapping
described in §3.2, accounting for the upper dot di-
acritic. Before alignment, Arabic diacritics were
removed from the reference as commonly done
in Arabic NLP (Elgamal et al., 2024; Inoue et al.,
2026), and punctuation was separated in both the
reference and the automatic transliteration.

We then aligned the Arabic reference and the
automatic transliteration using word-level align-
ment (Khalifa et al., 2021). Words in the automatic
transliteration with no match in the reference were
mapped to an unknown token (UNK) to preserve

>The lines dropped were: 130, 131, 203, 229, 230, 231,
232,233,234, 235,242, 243, 291, 292, 303, 321.
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alignment, while unmatched insertions from the ref-
erence were discarded. Because the transliteration
maintains a one-to-one correspondence with the JA
source, this procedure effectively maps JA words to
their Arabic counterparts. Finally, after completing
the three-way alignment between the JA source, au-
tomatic transliteration, and reference, we removed
upper dot diacritics from the JA source to generate
an alternative dotless Arabic transliteration.

For evaluation, each word in the JA source was
labeled as JA, Hebrew, or punctuation. Hebrew
words were identified primarily through the pres-
ence of biblical quotations; in the Arabic reference,
such words are usually fully diacritized and trans-
lated, rather than transliterated (§3.1).

To validate the labeling, two independent annota-
tors proficient in both Arabic and Hebrew evaluated
a random subset of 1,000 words and reached full
agreement, identifying only three labeling errors.
In all cases, a word labeled as JA was in fact of
Hebrew origin and had been translated into Ara-
bic in the reference: D’S’DWDTH whmskylym as

sMaallg wAlGgIA® “and the wise ones’; 1)'2°, ybynw
as & gog2y yfhmwnh ‘they understand it’; and the JA
abbreviation V1 7¢ as _J\i 1cAly ‘Exalted’.

It is important to note that, both Hebrew words
and punctuation were excluded from evaluation.
Hebrew words were excluded because their Arabic
counterparts are translations, not transliterations,
and therefore not meaningful for transliteration
evaluation. Punctuation was excluded because it is
inconsistently used between the JA source and the
Arabic reference; where it is often changed, added,
or removed in the Arabic edition, making it unre-
liable as a point of comparison. See Appendix B
Table 7 for an alignment example.

3.4 Statistics

Our dataset is made of 325 paragraphs, 1,286 sen-
tences and 46,529 words. Of those words, 4,576
(9.8%) are labeled as punctuation, 916 (2%) as He-
brew and 41,362 (88.3%) as JA. Among the JA
words, 856 were not aligned to anything in the Ara-
bic reference, due to deletions or alignment errors.
In total, these categories account for 6,348 words
(13.6%), which are excluded from transliteration
evaluation. The evaluation is thus performed on
the remaining 40,506 words (86.5%).

4 Approach

Our goal is to transliterate JA texts written in He-
brew script into readable and fluent Arabic script.
To this end, we propose a two-step approach. The
first step starts with transliteration to convert the
Hebrew script into Arabic. However, this step alone
often results in Arabic text that is orthographically
erroneous (§2.1). We address this by introducing
a second step of post-correction, which treats the
output of transliteration as noisy Arabic and ap-
plies grammatical error correction (GEC) models
to improve fluency and correctness.

4.1 Transliteration

Character Mapping We implement a rule-based
character mapping approach to convert JA from He-
brew to Arabic script using manually curated map-
pings. These mappings are informed by linguistic
analyses of JA orthography, as outlined in §2.1 and
§3.2. It is important to note that this type of direct
transliteration often results in orthographic spelling
errors and inconsistencies, such as missing hamzas,
incorrect use of dots, and irregular morphological
forms.

LLMs We evaluate OpenAl’'s GPT-3.5-turbo and
GPT-40 (OpenAl et al., 2024), prompting them
to directly transliterate JA from Hebrew to Ara-
bic script. The models are accessed via the Ope-
nAl API and evaluated in a zero-shot setting. The
prompts we use are in Table 8 in Appendix C.

4.2 Post-Correction

While transliteration maps JA text from Hebrew to
Arabic script, it does not guarantee orthographic
or grammatical correctness. To address these chal-
lenges, we introduce a post-correction stage aimed
at producing fluent, orthographically correct Ara-
bic. We treat this as a Modern Standard Arabic
(MSA) GEC task and explore both publicly avail-
able pretrained MSA GEC systems and LLMs.

For pretrained systems, we use the sequence-
to-sequence models developed by Alhafni et al.
(2023), including their best-performing vanilla
model (Seq2Seq) as well as variants that incor-
porate additional signals such as morphological
preprocessing and grammatical error detection
(Seq2Seq+MG). We also evaluate the recently in-
troduced text editing GEC system by Alhafni and
Habash (2025), which reformulates GEC as a se-
quence tagging problem (SWEET).
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In addition, we evaluate LLMs as general-
purpose Arabic GEC systems. We experiment with
GPT-3.5-turbo and GPT-40, along with two open-
source Arabic-centric models: Fanar (Team et al.,
2025) and Jais-13B-Chat (Sengupta et al., 2023).
GPT-3.5-turbo, GPT-40, and Fanar are accessed
through the OpenAl API, while Jais is prompted us-
ing Hugging Face Transformers (Wolf et al., 2020).
Following the prompting strategy of Alhafni and
Habash (2025), we use English prompts in a zero-
shot setting (Table 8 Appendix C).

Details about all the models and the hyperparam-
eters we use are provided in Appendix A.

5 Experimental Results

5.1 Evaluation Metrics

We use separate evaluation metrics for the translit-
eration and post-correction stages, aligned with the
goals of each task.

For transliteration, We rely on the word-level
alignment described in §3.3 and report exact match
accuracy, which measures the percentage of translit-
erated JA words in Hebrew script that exactly
match the gold Arabic reference. This metric re-
flects the system’s ability to accurately map Hebrew
words to Arabic script. Hebrew words and punctu-
ation are excluded from the evaluation, as they are
either fully translated or inconsistently used, and
do not contribute meaningfully to the task (§3.3).

For post-correction, we use the MaxMatch (M?)
scorer (Dahlmeier and Ng, 2012), a standard met-
ric for evaluating GEC systems. The M? scorer
computes overlap between the system’s edits and
the gold-standard edits derived from the target Ara-
bic, reporting precision (P), recall (R), Fy, and Fy 5
scores. The Fy s metric places twice the weight on
precision relative to recall, emphasizing the correct-
ness of the edits over their coverage. Gold edits
are generated by aligning the automatic dotless
transliterated Arabic (§3.3) with the Arabic refer-
ence using the algorithm proposed by Alhafni et al.
(2023). Unlike in transliteration, Hebrew words
and punctuation are not excluded in GEC. This is
because preserving the full sentence structure en-
sures that the model’s corrections are evaluated in
context, accurately reflecting its performance with-
out ignoring potential errors these elements may
introduce or correct.

Dotless Dotted
Mitelman et al. (2024)  70.0 70.1
CharMapper 53.0 64.9
GPT-3.5-turbo 32.8 32.2
GPT-4o0 52.9 38.6

Table 3: Transliteration results in terms of word-level ex-
act match accuracy. Dotted and Dotless refer to whether
the input Judeo-Arabic text includes dots or not.

5.2 Transliteration Results

Table 3 presents transliteration results measured by
word-level exact match accuracy. The model by
Mitelman et al. (2024) achieves the highest overall
accuracy on both dotted and dotless input. This
is expected, as it was trained directly on JA data.
Interestingly, its performance on dotted and dotless
text is nearly identical, despite the model being
trained only on dotless input.

The rule-based character mapping approach,
henceforth referred to as CharMapper, outperforms
both GPT-3.5 and GPT-40 on dotted and dotless
JA inputs, with particularly strong performance on
dotted text. In contrast, the LLMs perform better
on dotless input compared to dotted input, suggest-
ing that they are more effective at handling dotless
input.

5.3 Transliteration & Post-Correction Results

Table 4 presents transliteration and post-correction
results on transliterated Arabic derived from dotless
and dotted JA input, using the baseline model of
Mitelman et al. (2024) and our rule-based system
CharMapper.

Before post-correction, Mitelman et al. (2024)
shows identical GEC performance on dotless and
dotted input, mirroring its transliteration trend
(85.2). In contrast, CharMapper records an Fy 5 of
0 on dotless input, as evaluation compares its raw
transliteration to the gold reference (§5.1). On dot-
ted input, it outperforms Mitelman et al. (2024) in
GEC (40.4 Fy 5) but lags in transliteration accuracy.

Post-correction substantially improves GEC and
transliteration for both Mitelman et al. (2024) and
CharMapper, except for Fanar and Jais on Mitel-
man et al. (2024) outputs and Jais on CharMapper.
For Mitelman et al. (2024), dotless and dotted re-
sults remain similar, with Seq2Seq+MG giving the
best GEC scores (55.5 dotless, 55.9 dotted Fy5)
and GPT-4o0 the best transliteration accuracy (86.1
dotless, 87.4 dotted). For CharMapper, dotted in-
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Dotless Dotted

P R F1 F0_5 Acc. P R Fl F()_s Acc.

Mitelman et al. (2024) 58.5 148 23.6 367 70.0 | 584 147 235 36.7 70.1
= Seq2Seq 75.0 26.6 393 55.0 829|749 267 393 550 828
= Seq2Seq+MG 75.6 269 397 555 829|755 274 402 559 829
= SWEET 76.9 235 360 529 839 |77.0 235 36.0 529 84.1
= GPT-3.5-turbo 74.0 208 325 49.0 78.1 | 741 21.6 334 498 793
= GPT-4o 719 238 364 535 86.1 | 777 235 36.1 532 874
= Fanar 664 97 170 30.7 61.0 | 668 11.5 19.6 340 61.7
= Jais-13B-Chat 540 38 7.0 147 249|536 42 7.8 160 247
CharMapper 100 0 0 0 53.0 | 755 141 23.8 404 64.9
= Seq2Seq 728 272 39.6 545 745 | 81.2 303 441 60.8 852
= Seq2Seq+MG 734 29.0 416 562 763|825 30.8 449 618 869
= SWEET 71.8 28.5 40.8 55.1 765 | 80.1 329 46.7 623 86.0
= GPT-3.5-turbo 72.1 239 359 514 756|787 275 408 574 82.6
= GPT-4o 82.0 284 422 595 864 | 859 307 452 63.1 904
= Fanar 65.5 139 23.0 377 67.6 | 719 189 299 46.0 74.0
= Jais-13B-Chat 480 34 64 133 314|532 42 78 160 31.1

Table 4: Post-correction results for various systems on transliterated Arabic text derived from either dotless or dotted

Judeo-Arabic Hebrew script.

Dotless Dotted

Match Match’ POS Diac Lex Tok [Match Match’® POS Diac Lex Tok

GPT-3.5-turbo 32.8 358 463 334 38.0 35.7| 322 356 46.7 33.1 37.7 35.5
GPT-40 52.9 535 593 519 55.1 534| 38.6 39.2 442 37.9 40.6 39.2
Mitelman et al. (2024) 70.0 83.9 85.2 80.0 83.4 83.6| 70.0 84.0 852 80.0 83.5 83.7
= GPT-4o0 86.1 86.4 89.1 83.5 87.0 86.3| 874  87.7 90.3 84.7 88.2 87.5
CharMapper 53.0 712 769 67.8 714 71.0| 649 85.8 88.5 82.7 86.0 85.5
= GPT-40 864 86.7 924 84.7 87.7 86.6| 90.4 90.6 93.9 88.9 91.5 90.6

Table 5: Morphological tagging results in terms of word-level accuracy for Arabic outputs produced by various
transliteration systems, using either dotted or dotless Judeo-Arabic input.

put yields consistently larger gains compared to
dotless, with GPT-40 leading on both GEC (59.5
dotless, 63.1 dotted F 5) and transliteration (86.4
dotless, 90.4 dotted).

These results highlight two key points: (1) post-
correction consistently improves performance, and
(2) despite its simplicity, CharMapper with the
upper dot diacritic, when combined with GEC, sur-
passes the JA-specific Mitelman et al. (2024) model
under the same post-correction setting.

5.4 Downstream Tasks Results

Most Arabic NLP tools assume input in Arabic
script, making transliteration a necessary step for
processing JA texts. Converting JA from Hebrew
to Arabic script enables these texts to be analyzed
and processed using existing Arabic NLP systems.

To demonstrate the utility of transliteration, we
evaluate its impact on two downstream tasks: mor-
phosyntactic tagging and machine translation.

5.4.1 Morphological Tagging

We use the contextualized Arabic morphosyntac-
tic tagger (Inoue et al., 2022) from CAMeL Tools
(Obeid et al., 2020) to obtain morphological tags
for both the transliterated JA text and its gold Ara-
bic reference. Although no gold morphological
annotations exist for our dataset, we treat the tags
generated for the gold Arabic reference as silver an-
notations, allowing us to compare the tagger’s out-
put on the transliterated text against a high-quality
baseline. We evaluate six systems: GPT-3.5 and
GPT-40 used directly for transliteration, and four
systems based on the model by Mitelman et al.
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(2024) and our CharMapper. Each is applied either
alone or followed by GPT-40 post-correction, the
setup with the best transliteration results.

We report word-level accuracy across multi-
ple morphological features, including exact match
(Match), minimal spelling correction (Match’),
part-of-speech (POS), fully diacritized form (Diac),
lemma (Lex), and tokenization (Tok). It is
worth noting that the Match score corresponds to
the transliteration accuracy reported earlier (§5.2)
and reflects whether the system’s output exactly
matches the gold Arabic word form.

Table 5 presents morphological tagging results
over Arabic outputs produced from transliterated
JA input. For both GPT-3.5 and GPT-40, outputs de-
rived from dotless input yield better tagging perfor-
mance, with GPT-40 showing a particularly large
improvement over its dotted counterpart. In con-
trast, both Mitelman et al. (2024) and CharMapper
outperform the LLMs across all tagging dimen-
sions, regardless of input type, with higher accu-
racy on dotted text, a difference especially pro-
nounced for CharMapper.

Post-correction with GPT-40 yields substantial
improvements across all features for both Mitel-
man et al. (2024) and CharMapper, on both dot-
less and dotted input. The strongest results are
achieved with CharMapper on dotted text, where
performance is consistently higher, highlighting the
value of the upper-dot diacritic and the effective-
ness of combining CharMapper with high-quality
error correction to produce well-formed Arabic.

5.4.2 Machine Translation

To assess the impact of transliterating JA to Ara-
bic on MT to English, we first generate silver
translations by translating the Arabic gold refer-
ences into English using GPT-40. We then translate
the Arabic outputs of six systems into English us-
ing GPT-40: GPT-3.5, GPT-40, Mitelman et al.
(2024) (alone or with GPT-40 post-correction),
and CharMapper (alone or with GPT-40 post-
correction). All translations are generated in a
zero-shot setting with English prompts (Table 8,
Appendix C). Table 6 presents Arabic-to-English
MT results. Across all systems, translations from
dotted input outperform those from dotless input,
except Mitelman et al. (2024). The highest BLEU
scores are achieved with GPT-40 post-correction.

Dotless Dotted
GPT-3.5-turbo 5.1 3.7
GPT-4o0 23.8 24.6
Mitelman et al. (2024)  26.1 24.6
= GPT-4o0 25.5 27.1
CharMapper 20.2 24.1
= GPT-4o 24.1 28.3

Table 6: Arabic-to-English machine translation results
in terms of BLEU for outputs generated by different
transliteration systems, using either dotted or dotless
Judeo-Arabic input.

6 Error Analysis

Our dataset contains 46,529 words organized into
325 paragraphs. We exclude 6,023 words from
evaluation due to punctuation, Hebrew content, or
alignment errors, leaving 40,506 words for analysis.
We present four error analysis studies below.

6.1 Analysis of Dotting Effect

Of the 40,506 analyzed words, 83.4% contain no
dotted letters, while 16.6% contain dotted letters.
The CharMapper system correctly maps 52.9% of
all words with no dots (63.5% relative) and 11.9%
of all words with dots (71.8% relative). The 11.9%
last mentioned is the difference between CharMap-
per baseline on Dotted vs. Dotless input. The
vast majority of errors for both dotted and undotted
words stem from missing additional dots or from
Arabic-only letters in the reference, such as hamza
forms. For example, 113D ‘year’ lacks a dot on the
final letter, yielding 4« snh instead of the correct

&_w snh. Incorrect dot insertion is rare, occurring in

only 0.04% of dotted words, and typically involves
letters that do not permit dotting. For instance,
the dot in B ‘they’ is superfluous and is ignored,
resulting in the correct output o hm.

6.2 Recovery from Dotless Input in GPT-40

Comparing the CharMapper = GPT-4o0 transliter-
ation performance in Table 4 on Dotted (90.4%)
vs Dotless (86.4%) input reveals a 4.0% absolute
difference, which is substantially smaller than the
11.9% gap observed for the CharMapper baseline.
This suggests that GPT-4o is largely able to recover
from the absence of dots in the dotless experimen-
tal setting. To unpack this overall robustness, we
examine performance separately on words with and
without dotted letters (in the Dotted input setting)
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and the effect of removing the dots in the Dotless
input setting. We further analyze recovery behavior
at the letter level.

Performance on words without dots (83.4% of all
words) differs only marginally between Dotted and
Dotless input settings (89.8% vs. 89.2%), whereas
the gap for words containing dots (16.6%) is sub-
stantial (93.4% vs. 72.1%). This confirms that
GPT-40 successfully recovers the majority of cases
that would otherwise require dotted input, although
recovery effectiveness varies considerably across
letters. We group the letters into three categories:

o -3-d/T-3-0 (93.1%), T1-0-h/T1-3-h (85.0%),
and D-co-1/0-G-0 (81.4%), which resemble

errors made by Arabic native speakers, arising
from dialectal variation as well as typographic
errors (Attia et al., 2012; Habash et al., 2018).

« V-L-T/¥-L-D (82.1%) and P~ o-S /Y- 2-
D (69.2%), which primarily resemble Arabic
native speaker typographic errors only.

. J—C—j/ J'—'C—'y (54.1%) and 'T—A—k/"‘[—'c—x
(47.7%), which differ substantially from typi-

cal Arabic native speaker errors and are there-
fore more challenging for MSA GEC systems.

Words containing multiple dotted letters in the
Dotted setting are the most difficult to recover in
the Dotless setting, with an accuracy of only 31.5%.

6.3 Analysis of Best System Errors

The best-performing system (Dotted = CharMap-
per = GPT-40) produces 3,896 errors (9.6%). We
examined the first 100 errors, occurring within the
first 2,690 words. We grouped errors into six cate-
gories, summarized in Table 9 (Appendix D).
Valid Paraphrase (36%) covers cases where
the Arabic gold reference is not a direct translit-
eration of the JA source but a close substitution.
For example, the system output 5 gAl ‘he said’

is evaluated against the reference J\a5 fgAl ‘then
he said’. Unnecessary Change (21%) refers to
cases in which the CharMapper output is changed
by GPT-40 but the change was not necessary. Alif-
Hamza (18%) refers to errors caused by a wrong
transliteration and placing of the Hamza (e.g., &Y/

AIAb instead of g‘\f\ AIAb ‘the father’). Wrong

Word denotes cases where the system output di-
verges entirely from the gold reference. For exam-
ple, the system produces ‘uj 9 wAnjA” instead of

the reference ig wislym ‘salvation/deliverance’.

Source Error (7%) refers to spelling mistakes in
the JA source itself. For example, the source 1IN

&) Anh should have been NIN Ui AnA ‘T’. Errors

that are not covered by the previous cases were
categorized as Other (6%).

6.4 Analysis of Hebrew Input

Although Hebrew input words (2% of the dataset)
were excluded from transliteration evaluation, we
manually analyzed a random sample of 100 cases
to assess how our best-performing system handles
them. Appendix E Table 10 presents the categories.
In 84% of cases, the system did not match the refer-
ence: 46% were due to Hebrew words being trans-
lated into Arabic in the reference, 17% involved
substitution with a different word, and 21% fell
into other categories such as deletions or insertions.
Notably, in 16% of cases the system produced the
correct output, which is plausible given the shared
cognates between Hebrew and Arabic.

7 Conclusions and Future Work

We presented a two-step approach for transliter-
ating Judeo-Arabic texts from Hebrew to Arabic
script, combining character-level mapping with
post-correction to resolve orthographic and gram-
matical inconsistencies. Our results show that post-
correction substantially improves transliteration
quality and, despite requiring no training on Judeo-
Arabic data, our approach outperforms previous
work. We also benchmarked LLLMs on this task
for the first time and demonstrated the downstream
benefits of transliteration on Arabic morphosyntac-
tic tagging and Arabic-English machine translation.
Our goal is to make Judeo-Arabic texts accessible
to Arabic readers and compatible with modern NLP
tools, and we will make our code and data publicly
available to support future research.

In future work, we aim to address the challenge
of code-switching by automatically detecting and
processing Hebrew segments embedded in Judeo-
Arabic text. Specifically, we plan to develop mod-
els that combine transliteration with selective trans-
lation, converting non-Arabic segments into Arabic
script. Additionally, we intend to investigate alter-
native modeling strategies to improve translitera-
tion accuracy and robustness across diverse Judeo-
Arabic texts. We also plan to assess the utility of
transliteration on other downstream Arabic NLP
tasks, such as named entity recognition.
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While our work demonstrates promising results,
several limitations should be noted that may affect
its broader applicability and reproducibility. First,
our experiments rely on closed-source commer-
cial LLMs, which are subject to periodic updates
that are not publicly documented. This introduces
some uncertainty and may affect the reproducibil-
ity of our results over time. Second, although our
transliteration and post-correction pipeline handles
Judeo-Arabic well at the sentence level, it does not
explicitly address Hebrew segments. These code-
switched elements are common in Judeo-Arabic
texts and present unique challenges, particularly
when they are morphologically integrated into the
surrounding Arabic. Finally, our downstream eval-
uations rely on silver annotations: morphological
tags from pretrained Arabic taggers and English
translations generated by GPT-40. While infor-
mative, these approximations are not substitutes
for human-validated gold data and may introduce
evaluation noise.
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A Model Details

Pretrained GEC Systems The Seq2Seq and
Seq2Seq+MG models introduced by Alhafni et al.
(2023) are built on AraBART (Kamal Eddine
et al., 2022) and publicly available at https:
//github.com/CAMelL-Lab/arabic-gec . The
Seq2Seq+MG variant incorporates morphological
features and grammatical error detection signals
obtained from external models, as described in Al-
hafni et al. (2023). Seq2Seq and Seq2Seq+MG
consists of 139M and 502M parameters, respec-
tively. The text editing model SWEET (Alhafni
and Habash, 2025), built on AraBERTv02 (An-
toun et al., 2020), has 135M parameters and
is available at https://github.com/CAMelL-Lab/
text-editing. For all pretrained GEC models,
we use their respective default hyperparameters.
Inference was done on a single A100 GPU.

LLMs Jais-13B-Chat has 13B parameters, and
Fanar has 8.7B. Architectural details for GPT-3.5-
turbo and GPT-4o0 are unavailable, as they are not
publicly released. GPT-3.5-turbo, GPT-40, and Fa-
nar were prompted using default hyperparameters,
while Jais was run on an A100 GPU with temper-
ature 0.3, nucleus sampling 0.9, max length 2048,
and repetition penalty 1.2.
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B Alignment Example

JA Transliteration Reference Label Gloss

XD b fySyr b fySyr JA ‘so he is’
NIV b as gndnA LascndnA  JA ‘to us’

anan 0 o mrh 8 o mrh JA ‘sometimes’
N Jiai ) Al Heb  ‘God

oA 5> rHwm £ rHym Heb ‘compassionate’
m Os=>=gwHnwn  Bes,swr'wf  Heb ‘and graceful’
(nhmie) 0 0g wmrh 8 wg wmrh JA ‘other times’
N Jiai Al Heb  ‘God

NP 3 gnA UNK Heb ‘jealous’
apn (,a 55 9 WRWGIM ('éan g wmntgm  Heb ‘and vengeful’
S N UNK Punc

Table 7: Alignment example. Green indicates successful automatic transliteration, red marks transliteration errors,
and yellow highlights items excluded from evaluation (Hebrew and punctuation).

C Prompts

Task Prompt

Transliteration You are a transliteration system that can transliterate Judeo-Arabic text to
Arabic. Please transliterate the following Judeo-Arabic sentence to Arabic
without providing any explanation. The output should be in Arabic script.

GEC Please identify and correct any grammatical and spelling errors in the
following sentence marked with the tag <input> SRC </input>. Make the
minimal changes necessary to correct the sentence. Do not rephrase any parts
of the sentence that are already grammatically correct, and avoid altering
the meaning by adding or removing information. After making the corrections,
output the revised sentence directly without providing any explanations.
Remember to format the corrected output with the tag <output> Your Corrected
Version </output>.

Machine Translation You are a machine translation system that can translate Arabic to English.
Please translate the following Arabic sentence to English without providing
any explanation.

Table 8: Prompts used for each task in our experiments: transliteration, grammatical error correction (GEC), and
machine translation.
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D Error Analysis

Error Type % JA  CharMapper CharMapper = GPT-40 Reference | Gloss
Valid Paraphrase 38 SNP JB& gAl J& gAl Js fgAl ‘said’
Unnecessary Change 21 ﬁPBﬁ &= xlgh Sl xlg &l xlgh | ‘creation’
Alif-Hamza Error 18 9INON < YVAIAD gT;\H AlAb H;\N AlAb | ‘the father’
Wrong Word 10 250m ﬁl..dj wislym e\ | g wARjA’ ﬁuj wtslym | ‘salvation’
Source Error 7 TN <l Anh ) Anh Ui Ana ‘T
Other 6 TIND Lo mAyh E\own xmsmADR LlmAyh | ‘hundred’

Table 9: Error categories and examples.

E Analysis of Hebrew Input

Hebrew CharMapper Arabic Arabic
Category %0 JA Gloss CharMapper = GPT-40 Gloss Reference Gloss

False Cognate 46 "1?_33"1_ ‘and he said” s\, g wyAmr jo‘(._:.j wyAmr  ‘and he orders’ JBywgAl ‘and he said’
Transliteration 17 ml':lDt:UD ‘families’ & yiade mSfHWE & gmaio m3fHwth  [not Arabic] a2 fgT ‘only’
No Reference 21 TWN ‘which’ J:.‘,‘ Asr sNlAlGy ‘which’ ¢ 1)

Correct 16 NI ‘he’ lon hwA 38 hw ‘he’ 38 hw ‘he’

Table 10: Analysis of different Hebrew input processing results.
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