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Abstract
We present JABERT, the first BERT model pretrained specifically for historical Judeo-Arabic texts. We demonstrate
that JABERT outperforms Arabic and multilingual models on the downstream task of Judeo-Arabic homograph
disambiguation. Furthermore, in order to test the latter, we have curated and annotated the first Judeo-Arabic
homograph test set. We release both JABERT and the Judeo-Arabic homograph test to the public for unrestricted use.
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1. Introduction

Judeo-Arabic (=JA) refers to a diverse family of
Arabic dialects historically spoken and written by
Jewish communities throughout the Middle East
and North Africa, from the 8th century and onward
through the middle ages. Judeo-Arabic is written in
Hebrew script, incorporating Hebrew and Aramaic
lexical elements while maintaining Arabic gram-
matical structures and core vocabulary. As a pri-
mary vehicle for Jewish intellectual, religious and
everyday communication in Arabic-speaking lands,
Judeo-Arabic has left behind a vast textual legacy
spanning philosophy, biblical commentary, legal
responsibility, scientific treatises, personal corre-
spondence, and literary works. Notable examples
include the writings of Saadia Gaon, Judah Halevi
and Maimonides, whose influence extended far be-
yond their immediate communities.

Despite its historical and cultural significance,
Judeo-Arabic remains severely underrepresented
in NLP research. The language presents unique
challenges as a low-resource variety: digital cor-
pora are limited in size, texts exhibit substantial
orthographic and dialectal variation across regions
and time periods, and the Hebrew-script encod-
ing creates additional barriers for standard Arabic
NLP tools. While recent years have seen rapid
advances in transformer-based language models
for both Modern Standard Arabic and various Ara-
bic dialects, as well as for historical Hebrew, no
dedicated BERT model for Judeo-Arabic has been
developed to date. This gap has hindered compu-
tational research on Judeo-Arabic texts and limited
the application of modern NLP techniques to digital
humanities scholarship in this domain.

In this paper, we present JABERT, the first
pre-trained BERT model specifically designed for
Judeo-Arabic. We test JABERT’s ability to predict
missing words within actual Judeo-Arabic historical
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documents, and we present both quantitative and
qualitative evaluations. Furthermore, we compare
the performance of JABERT to that of Arabic and
multilingual BERT models when put to the down-
stream task of Judeo-Arabic homograph disam-
biguation. We demonstrate that JABERT outper-
forms these configurations.

In what follows we describe our training methodol-
ogy, including corpus collection and preprocessing
strategies for handling the unique characteristics of
Judeo-Arabic texts, and we present an evaluation
of the model’s performance. We release JABERT
on huggingface for unrestricted use.'

2. Related Work

As noted above, there does not currently exist a
BERT model specifically trained for Judeo-Arabic.
However, because Judeo-Arabic is effectively a
mixture of Hebrew and Arabic, we survey the ex-
isting BERT models for Hebrew and for Arabic, as
well as existing systems for transliterating between
Hebrew and Arabic scripts.

2.1. BERT Models
2.1.1. Arabic Models

Multiple Arabic BERT models exist (e.g., AraBERT
(Antoun et al.), CAMeLBERT (Inoue et al., 2021),
MARBERT (Abdul-Mageed et al., 2021)). However,
these are trained exclusively on Arabic script, while
Judeo-Arabic uses Hebrew-script, thus preventing
them from being directly applicable to Judeo-Arabic
processing. Nevertheless, they can be applied via
transliteration; see below, 2.2.

"Huggingface link: https://huggingface.co/M
iDRASH-ERC/JABERT . The exact license can be found
at https://creativecommons.org/licenses/b
y/4.0/
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2.1.2. HeArBERT: a Hebrew-Arabic Model

HeArBERT (Rom and Bar, 2024) is a bilingual
Hebrew-Arabic BERT that uses transliteration to
map Arabic text into Hebrew script, creating a
shared character space for both Semitic languages.
It was not trained on Judeo-Arabic texts, but since
it operated in Hebrew script, it is suitable to use as
a reference point to the performance of our Judeo-
Arabic model JABERT. In Section 5.3 we evaluate
the performance of JABERT vis-a-vis HeArBERT.

2.2. Transliteration Methods

With a lack of models directly applicable to Judeo-
Arabic, an alternative approach is to transform the
Judeo-Arabic text into Arabic script, and then ap-
ply Arabic BERT models to the transliterated text.
In Section 5.3 we evaluate the performance of
JABERT vis-a-vis this transliteration approach.

Transliterating Judeo-Arabic was initially ad-
dressed by Bar et al. (Bar et al., 2015), which intro-
duced statistical machine translation for character-
level Judeo-Arabic to Arabic transliteration, achiev-
ing 96.9% precision. This was extended by Terner
et al. (Terner et al., 2020) using RNN with CTC
loss, reducing character error rate from 9.5% to 2%
through synthetic data augmentation.

In a more recent work, Gonzalez et al. (2025)
used a transliteration-based approach to process
Judeo-Arabic. Their transliteration was comprised
of two steps. The first step involved a rule-based
transliteration from Hebrew to Arabic script. How-
ever, because there are cases where a given Judeo-
Arabic letter stands in more than one Arabic letter,
a rule-based transliteration may induce a certain
margin of error (see ibid., Section 2.1). Due to
this factor, they applied a second stage in which
the text was auto-corrected either by commercial
LLMs (e.g. GPT4o0) or using dedicated GEC (gram-
matical error correction) models (specifically, the
Seq2Seq SWEET models proposed by Alhafni et al.
(2023)). The resulting auto-corrected text was then
processed in Arabic BERT models. They showed
that transliteration combined with post-correction
enables using existing Arabic NLP tools for down-
stream tasks such as machine translation, thus
establishing a pathway to handle Judeo-Arabic pro-
cessing in the absence of a dedicated Judeo-Arabic
model.

The transliteration method has three notable
drawbacks. First, as noted, transliterating Judeo-
Arabic into Arabic script may produce an incorrect
result due to the cases where a single Judeo-Arabic
letter represents more than one Arabic letter; the
aforementioned autocorrection methods do not al-
ways yield a perfect result. Second, the current
SOTA method from Gonzalez et al. (2025) utilizes
decoder methods which do not always produce a
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direct word-for-word conversion, and which may
instead produce a paraphrase of the original text;
this poses a major difficulty for word-based labeling
tasks. Finally, the Arabic models can only correctly
process the Arabic portions of the transliterated
text. Yet, in practice, Judeo-Arabic texts integrate
many Hebrew loan-words, Hebrew citations, He-
brew Biblical verses, and more. Due to this issue,
performance in Gonzalez et al. (2025) is measured
by applying a code-switching detector and isolating
the analysis to the Arabic portions alone. JABERT
is designed to handle an entire Judeo-Arabic text
as-is, thus addressing all three drawbacks.

3. Model Training
3.1.

We use the Word-Piece tokenization method pro-
posed by Song et al. (2021) with the default nor-
malizers and preprocessors suggested by Hugging-
Face. Following the work of Gueta et al. (2023)
demonstrating the substantial advantage of larger
token vocabularies for morphologically-rich lan-
guages, the tokenizer was trained with a vocabulary
size of 128K tokens.

Due to the fragmentary nature of many historical
Judeo-Arabic texts, we introduce two special tokens
into the vocabulary to handle textual lacunae:

Tokenizer

"[ONEGAP]" indicates a single word with at
least one missing letter. If the transcription indi-
cated several consecutive missing characters,
up to 5 characters were assumed to constitute
a single word.

"[GAP]" indicates multiple missing words or a
lacuna of indeterminate length.

3.2. Training Data

The Judeo-Arabic texts included in JABERT’s train-
ing corpus were amassed from three different
sources: the Princeton Genizah Project (PGP; Rus-
tow and Koeser, 2025), the Friedberg Judeo-Arabic
Project by the Friedberg Jewish Manuscript Soci-
ety? (FJMS), and quotations in Blau’s Dictionary
of Mediaeval Judaeo-Arabic Texts (Blau, 2006).
Since these sources would not have been suffi-
cient to train a competent BERT model, we aug-
mented them with medieval Arabic texts from the
Open Islamicate Texts Initiative (OpenlITl; Romanov
et al., 2024) transliterated into Hebrew characters,
approximating the way these texts would appear
if they had been written in Judeo-Arabic. We in-
cluded texts by authors whose listed hijjri year of

2Resource can be accessed at https://github
.com/princetongenizalab/pgp_transliterat
ion/tree/main/resources/scrapes.
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death is between 390 and 905 (corresponding to
1000—1500 C.E.)® and transliterated them using a
simplified and slightly adjusted version of the ta-
ble provided in Weisberg Mitelman et al. (2024).
We employed weighted stochastic decision based
on typical Judeo-Arabic usage to simulate regional
and scribal variation.*

The texts from each source were preprocessed
to handle punctuation, glosses/translations, and
document segmentation as appropriate. The full
sets of preprocessing steps applied to each corpus
are detailed in Appendix B. To the extent possi-
ble, only the original medieval text was preserved,
although where lacunae were filled in by editors,
the suggestions were accepted. Remaining lacu-
nae were handled using the [ONEGAP] and [GAP]
tokens (see section 3.1).

Source | Word Count | Notes

PGP ~1.6 million | Transcribed
manuscripts

FJMS ~3.1 million | Printed works

Blau ~42,000 | Extracted quotes

OpenlTI ~1.2 billion | Transliterated

Table 1: Training data sources

3.3. Training Details and
Hyperparameters

We trained our model with the HuggingFace archi-
tecture wrapped with NVIDIA libraries,® which are
highly optimized for training compute-heavy ma-
chine learning models on NVIDIA hardware. We
pre-trained the model on four NVIDIA A40 48GB
GPUs for a total of 86,010 iterations, with a total of
106.56B tokens.

The training was carried out in 3 phases:

(1) Sequences of 128 tokens with a learning rate
of 6e-3 for 13,000 iterations.

(2) Sequences of 128 tokens with a learning rate
of 1e-4 for 57,380 iterations.

(3) Sequences of 512 tokens with a learning rate
of 5e-5 for 15,630 iterations.

The training was done with a batch size of 8,192
in phases 1 & 2 and 4,096 in phase 3. Warmup
proportion of 0.2843 for phases 1 & 2 (jointly, as

®Documents tagged as "UNCORRECTED_OCR"
were not used.

“Specifically, 80% of the documents (chosen ran-
domly) were transliterated with jim () rendered as 1 (with-
out geresh) and ghayn (¢) as 3. In the remaining 20%, jim
— "1 and ghayn — 3. Hamza (s on the line) was randomly
rendered as either & or omitted entirely. The complete
transliteration table is presented in Appendix A.

5https ://github.com/NVIDIA/DeepLearni
ngExamples/tree/master/PyTorch/LanguageM
odeling/BERT
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phase 2 is a continuation of phase 1), and 0.128
for phase 3.

4. Datasets

4.1. JABERT Cairo Genizah Dataset

In order to evaluate JABERT’s ability to predict
masked words within actual Judeo-Arabic historical
documents, we curated a new dataset of lines of
Judeo-Arabic text not included in JABERT’s train-
ing data. In order to do so, we employed a Judeo-
Arabic expert who transcribed lines of Judeo-Arabic
from Cairo Genizah manuscripts stored in the Cam-
bridge University Library.® In total, our expert tran-
scribed 3862 lines of text. For the transcription
protocol according to which the Judeo-Arabic ex-
pert transcribed these lines, see Appendix C.

4.2. JABERT Homograph Disambiguation
Challenge Dataset

We also sought to test JABERT’s ability to distin-
guish between different meanings of Judeo-Arabic
words. To this end we curated a challenge dataset
consisting of 16 Judeo-Arabic homographs. Two
Judeo-Arabic experts examined dozens of occur-
rences of each of these homographs within Judeo-
Arabic texts, and they annotated each of these oc-
currences for its context-specific meaning.” To the
best of our knowledge, this is the first instance of
a Judeo-Arabic homograph challenge set. Table 2
provides a quantitative overview of this dataset.

Category | # instances | median / word
words 16 1
meanings 37 2
samples 1119 71

Table 2: Homograph Dataset at a glance

Table 3 illustrates four representative homo-
graphs from the dataset, selected to highlight var-
ious disambiguation challenges: functional (e.qg.,
distinguishing particles from other parts of speech),
lexical and syntactic (e.g., noun vs. adjective or
different verb forms), and root-level ambiguity in
Judeo-Arabic orthography.8

5The documents were selected from the following four
boxes of the Taylor-Schechter collection of Cairo Genizah
fragments in the Cambridge University Library: T-S Misc.
24; T-S Arab. 31; T-S Arab. 43; and T-S 8F.

"Where there was a disagreement between the two
experts, we discarded the sample.

8The full list of Judeo-Arabic homographs, with gram-
matical explication and translation, is presented in Ap-
pendix D.
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[ # | Translit. [ Arabic | Meaning

1. %5x (1)
1 ala \H “Lo”, “is it not?”
2 illa ‘ﬂw‘ “except”, “other than”
12.’1:,»’»::: (‘Im)
28 ‘alam (}L& “world”
29 ‘alim QLE. “knows”
13.‘,-?5: (hlq)
30 | halaga Sl “created”
31 halq Sk= | “creation”
16. o8 (’kd)
36 | akkada .A:( \ “confirmed”
37 | ahada Al | ook’

Table 3: Sample homographs illustrating common
ambiguities: functional (1), semantic and POS (12),
and morphological or root-based (13, 16).

4.3. Release of our datasets to the public

We are pleased to release these two datasets to
the public, both in the interests of reproducibility,
and also so that these datasets can continue to
be used as benchmarks to test and evaluate fu-
ture Judeo-Arabic NLP models.® The datasets are
released under a permissive Creative Commons
CC-BY license.

5. JABERT Evaluation

To evaluate the utility of the model and the degree
to which it captures the properties of Judeo-Arabic,
we utilize two tasks:

» Masked Word Prediction - Given a Judeo-
Arabic line from the JABERT Cairo Genizah
Dataset (Section 4.1), we mask a word in the
line and ask the model to predict the missing
word. This task sets the bar quite high, as
multiple words might fit reasonably in place of
the mask (e.g., swapping "Sunday" for "Mon-
day"). The task is even more challenging in
our case since each line in the dataset con-
sists of a single physical line from actual his-
torical Judeo-Arabic manuscripts, wherein the
lines generally begin and end mid-sentence.
This reflects actual expected scholarly usage
of the BERT model when working on historical
manuscripts, and substantially increases the
difficulty of the task. We evaluate the ability of
JABERT to predict the correct word within the

9Link to download: https://github.com/ERC-M
idrash/ja-models—eval
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top-k candidates it proposes, for various val-
ues of k. Because there are no existing BERT
models capable of predicting full Judeo-Arabic
words as MLM predictions, this task is not a
comparative one. Below we provide quantita-
tive results followed by a qualitative analysis.

+ Homograph Disambiguation - We evaluate
the model’s ability to distinguish between dif-
ferent senses of a single Judeo-Arabic word
form. Success at this task would indicate
that the model captured key semantic ele-
ments of Judeo-Arabic. For this evaluation
task, we use the JABERT Homograph Disam-
biguation Challenge Set (Section 4.2). Fur-
thermore, because this test relies on the
contextual embedding rather than on the
MLM prediction, it can be used to compare
JABERT’s abilities to other multilingual BERT
models. Thus, for this experiment, we com-
pare JABERT’S performance with that of the
industry-standard multilingual mBERT, side-
by-side with the aforementioned HeArBERT
model and the transliteration-based method
proposed by Gonzalez et al. (2025). Here too,
we provide quantitative results followed by a
qualitative analysis.

Crucially, the test sets for these two evaluations
consist entirely of authentic Judeo-Arabic text. This
is important because, as described earlier (3.2),
in order to amass a corpus large enough for pre-
training JABERT, we relied heavily on transliterated
medieval Arabic texts, and the reader may legit-
mately wonder whether the model truly captures
Judeo-Arabic, or rather just Arabic transliterated
into Hebrew characters. In order to address this
concern, we ensured that the test sets contain only
authentic Judeo-Arabic text. Thus, the results ob-
tained on our evaluation tasks reflect the model’s
ability to handle actual Judeo-Arabic.

5.1. Masked Word Prediction -

Quantitative Evaluation

For each single-token word'® in each line of the
JABERT Cairo Genizah Dataset, we mask the given
word and run the line through JABERT’s MLM head,
retrieving predictions for the masked word position.
In total, this yielded 16, 129 masked words on which
we ran MLM inference and evaluated the model’s
predictive performance.

When predicting the word, we considered how
far into the ranked candidates list we needed to
proceed in order to find a prediction of the correct

00ther than the first and last words on the line; mask-
ing either of these words would be an unfair challenge be-
cause BERT would not have access to the bi-directional
context on the other side of the word.
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word, for k € [1,250]. Figure 1 shows the per-
centage of samples where the model predicted the
missing word correctly within the top £ words as
k increases. Table 4 provides some representa-
tive performance milestones for clarity. As can be
seen here, despite the high difficulty level of the
task, the model rapidly increases in performance
until approximately k = 25, where it reaches 42%
accuracy. From that value on we get steady but
diminishing returns as k increases.

k | Percentage k Percentage
1 16.36% 25 42.01%
2 21.40% 50 48.38%
3 24.47% 100 54.89%
5 28.55% 150 58.48%
10 34.01% 250 63.31%

Table 4: Results for various values of k&

5.2. Masked Word Prediction -
Qualitative Evaluation

The quantitative analysis poses a high bar for suc-
cess: to accurately predict the correct token out
of 128K tokens. This is complicated further by the
fact that certain tokens cannot be predicted in this
fashion - for example, a date or number might be in-
terchangeable in a given position with other, equally
valid dates and numbers. As such, we turn to qual-
itative analysis of some examples, to demonstrate
meaningful patterns that are not captured by the
preceding quantitative analysis.

Consider the following examples where the cor-
rect word was not ranked first:

» Ground Truth: 8 (fihi, “in it”)
Context: oo 10 by 2 ’aD WIPROR N>
(yakdn al-igrar mimma yajib ‘alayhi fihi hukm,
“the acknowledgement is among the things for
which a ruling is required therein”)
Model Rank: 8
Top Candidates: 15 (lahu, “to it”), mw (‘in-
dahu, “at/with it”), yn (ma‘ahu, “with it”), "o (f,
“in”), M5y (‘alayhi, “upon it”)
Analysis: All predictions belong to the correct
semantic category of relational prepositions,
demonstrating the model’s ability to identify the
appropriate syntactic slot despite the specific
token variation.

» Ground Truth: " (mar, honorific title)
Context: Sxmw m 5ps 157 0 1357581 (wa-/-
halakha f dhalik ka-gawl mar Shemi’el, “And
the law in this matter follows Mar Samuel”)
Model Rank: 8
Top Candidates: wan  (rabbénd), mn
(rabbana, both “our rabbi”), v (rabbi, “rabbi”),
manbr  (al-haver, “the scholar’), 27 (rav,

“rabbi/master”)
Analysis: The model correctly identifies this as
a slot for an honorific or rabbinic title.

» Ground Truth: nxn (tasihhu, “is valid”, fem.)
Context: mn "n5x RWROR 72 752 *TOR R 1
72 8125n (huwa anna alladhi yamliku bihi al-
ashya’ allati tasihhu milkuha bihi, “it is that by
which one possesses the things whose owner-
ship is valid through it”)

Model Rank: 43

Top Candidates: nx° (yasihhu, “is valid”), vp°
(yaga'u, “takes effect”), 1om* (yumkinu, “is pos-
sible”), mr (yajdzu, “is permissible”), 2» (yajibu,
“is required”), all masc. forms.

Analysis: While the manuscript uses a femi-
nine verb, likely influenced by the preceding
non-human plural al-ashya’ and the feminine
pronominal suffix in milkuha, the model cor-
rectly identifies the masculine agreement re-
quired by the subject milk. This demonstrates
JABERT’s grasp of normative syntax despite
scribal variation.

These patterns hold broadly: predictions tend to
cluster within the same part of speech and seman-
tic field as the target word. In several instances,
the model’s "errors" actually reflect normative syn-
tactic rules, such as correct gender agreement,
even when the original manuscript exhibits scribal
variation. This suggests that the top-1 accuracy un-
derestimates the model’s grasp of Judeo-Arabic. It
captures the distributional structure of the language
even when it does not recover the exact lexical item.
The jump from 16.35% (top-1) to 34.01% (top-10)
reflects not just additional guesses, but the model’s
ability to identify the correct semantic and syntactic
category.

5.3. Homograph Disambiguation -
Quantitative Evaluation

Next, we challenge the model to disambiguate
Judeo-Arabic homographs. To succeed at this task,
JABERT would need to have captured properties of
Judeo-Arabic that allow it to determine the correct
meaning of a word given the context.

For each homograph, we perform the following
steps'!:

» Take each sentence with the homograph, re-
move punctuation and mask the homograph.

* Run the sentence through the BERT model
and compute the final embedding of the
masked token.

""See our Homograph eval code here: https://gi
thub.com/ERC-Midrash/ja-models—eval
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Figure 1: Cumulative accuracy for masked word prediction by rank &

» Run clustering algorithms on the computed em-
beddings. We attempt here both supervised
and unsupervised clustering.

+ Compute metrics measuring the quality of the
clustering vis-a-vis the ground truth labels (=
actual meaning of the homograph in each sen-
tence).

Note that we compute the embedding on the
masked homograph. This method solves several
problems. First, it ensures the embedding is based
only on the context, not the word itself, making
the task both more challenging and increasing the
applicability and stability of this approach across
other words. Second, it prevents us from having to
handle word-pieced words differently. Most impor-
tantly, it allows us to compare performance across
models while remaining agnostic to their different
vocabularies (i.e., tokenization). It also allowed us
to compare our performance to that of the translit-
eration method discussed in Section 2.2.

We conducted two types of clustering on the
embeddings: supervised (kNN-LOOCYV, with k=5
neighbors) and unsupervised (k-means, where k is
chosen to match the known number of meanings
per homograph). For kNN-LOOCYV the success
metric is simply the number of correctly-assigned
samples. For the unsupervised clustering task we
considered two performance metrics to evaluate
the quality of the proposed clustering HYP com-
pared to the Ground Truth labels GT:

» Accuracy (percentile) - fraction of correctly-
assigned words. Computing this requires map-
ping the HYP cluster labels to GT cluster la-
bels, such that the accuracy measure is maxi-
mized.

» Adjusted RAND Index - Given HYP, for each
pair of data-points (= embeddings) u, v, we
check if they have the same relative status
(same cluster / different cluster) in HYP as
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in GT. If they do, we call this pairwise agree-
ment. The RAND index is then (# pairwise-
agreements) / (# total pairs). The adjusted
RAND Index normalizes this value to reflect the
degree to which the computed score deviates
from the score we would get from a random
clustering.

We compare the performance of our model to
several competing models and flows:

+ mbert - multiingual BERT.2
* HeArBert (above, 2.1.2).

+ The transliteration approach by Gonzalez et al.
(2025), as outlined in Section 2.2. Specifically,
we transliterated the Judeo-Arabic homograph
dataset into Arabic based on Fig. 1 in Ap-
pendix A in their paper, followed by running
their top-performing "SWEET" GEC model on
the transliterated output. Next, we applied
the clustering process, using embeddings for
the contextualized masked Arabic word from
CAMeLBERT-MSA and CAMeLBERT-CA, mod-
els trained on Modern Standard Arabic (MSA)
and Classic Arabic (CA), respectively'®

For the transliteration process, Gonzales et. al.
report that at times it causes structural and stylistic
changes to the text, and we observed this phe-
nomenon as well. Our initial homograph dataset
consisted of 1118 entries (=sentences with homo-
graphs), but post-transliteration + GEC model the
homograph word was recoverable perfectly only for
a subset of the entries - 859 entries in total. In order
to run clustering algorithms we require a minimal
amount of datapoints, so we ended up here with
853 entries and 14 homographs to analyze.

"2https://huggingface.co/google-bert/bert-base-
multilingual-cased

8See our code here:
Midrash/ja-models-eval.

https://github.com/ERC-



Due to all of the above, when comparing per-
formance, we ran both (a) full-dataset comparison
without the transliteration flow (Fig. 2), and (b) lim-
ited dataset comparison, including transliteration
flow (Fig. 3).

As can be seen in both Fig. 2 and 3, JABERT
exceeds performance of all alternative methods in
k-means, with the highest median accuracy and
Adjusted RAND scores and competitive in all other
quartiles, and in some cases reaching close-to-
perfect alignment with Ground Truth. Also, in Fig.
4 we see similar improvements in JABERT over
the alternatives when applying the supervised kNN
clustering. Of all the alternative methods, the best
ones were those based on transliteration followed
by strong Arabic models, following Gonzales et. al.,
for the reduced dataset as discussed above.
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Figure 2: Performance for k-means clustering. Ac-
curacy (%) and adjusted RAND scores for JABERT
compared to two alternate models aggregated
across the entire homograph dataset.

5.4. Homograph Disambiguation -
Qualitative

We examined several cases where clustering re-
sults diverged from our annotations. Rather than
straightforward errors, many of these cases point
to linguistic subtleties.

Formulaic expressions. The homograph x5x
(') has two meanings: the interrogative ala (“Lo”,
“is it not?”, meaning 1) and the particle illa (“except”,
meaning 2). Notably, meaning 1 appears frequently
in the fixed phrase *n 85% (ala tara, “do you not
see?”). As shown in Fig. 5, the model clusters
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these formulaic instances tightly, separating them
from the few non-formulaic interrogative uses—a
distinction our annotation scheme did not make.

Definiteness patterns. For the homograph obxy
(“Im)—representing ‘alam (“world”, meaning 28) vs.
‘alim (*knowing”, meaning 29)—one instance (701:
obry 77p, qadr ‘alam, “the size of a world”) clus-
tered among the meaning 29 instances (in close
proximity to instance 735, see Fig. 6). The reason
is probably distributional: ‘alam typically appears
in the construct state (e.g., T8>2r5x Dby, ‘alam al-
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Figure 5: PCA visualization of JABERT embed-
dings for the homograph &5&. Top: Ground truth
annotations for meaning 1 (al/g, interrogative) and
meaning 2 (illa, exceptive). Bottom: Unsupervised
k-means clusters (k = 2). Note that the formulaic
instances of ala tara (points 1, 2, 3) are clustered to-
gether, while non-formulaic interrogative instances
(e.g., 4, 5, 10, indicated by arrows) are closer to
meaning 2. This suggests the model is highly sensi-
tive to formulaic patterns that transcend our binary
semantic categories.

aflak, “the world of the [celectial] spheres”) or with
the definite article 5% (al-‘alam, “the world”). The
indefinite, non-annexed form in 701 is rare in this
meaning and much more common in meaning 29,
and the model’s embeddings reflect this.

Voice distinctions and annotation choices.
The homograph p53 (hlg) was annotated as a verb
(halagalhuliga, active/passive “created”, mean-
ing 30) vs. a noun (halg, “creation/creatures”, mean-
ing 31). Instance 551 (p5> 1575, li-dalik huliga,
“for this purpose he was created”) clusters with
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Figure 6: PCA visualization of JABERT embed-
dings for @bxy. Top: Ground Truth for meaning
28 (‘alam, world) and 29 (‘alim, knows). Bottom:
k-means clusters (k = 2). The model separates
senses based on syntactic distribution (definite-
ness and construct state); instance 701 (indicated
by arrow) is an outlier due to its rare indefinite, non-
annexed form.

meaning 31, probably because its passive voice
was marked as unique. Compare this to
(v'rf), where we annotated active (ya'rifu), passive
(yu'rafu), and causative (yu‘arrif) as three separate
meanings (16—18). For hlg, we grouped active and
passive together. The number of clusters defined
ahead has thus a crucial impact on the clustering
outcomes.

Orthographic identity vs. syntactic role. The
homograph ans (fhm) can be the noun fahm (“un-
derstanding”, meaning 34) or the sequence fa-hum
(“and they”, meaning 35). Most instances cluster
correctly. However, instance 872 is an outlier: the
text has o where standard orthography would



have onre (fGhim, act. part., “a person who under-
stands”). This spelling variation led to misclassifi-
cation.

Collocational pull. The homograph -To8
(kd/’hd, when the diacritical mark is often
omitted in manuscripts) represents ‘akkada
(“confirmed/affirmed”, meaning 36) vs. ‘akhada
(“took”, meaning 37). instance 186 (nop‘m "B TONR,
‘akkada fi al-qasam, “affirmed by an oath”) was
correctly annotated as “confirmed/affirmed” but
clustered with “took.” The likely cause: the strong
collocation between “oath” and “take” in Arabic
(‘akhada al-gasam, “took an oath”). This lexical
association apparently outweighed the contextual
evidence for the Form Il ('akkada) reading.

6. Future Directions

As noted, our evaluation datasets are comprised
entirely of authentic Judeo-Arabic text, and thus
they effectively demonstrate the ability of JABERT
to handle actual cases of Judeo-Arabic, rather than
the transliterated Arabic which formed much of the
pretraining corpus. Nevertheless, it remains to be
explored whether JABERT’s capabilities derive from
the quality of the genuine Judeo-Arabic training sig-
nal, the quality of the transliterated Arabic signal,
or a combination of both. In future work, we plan
to train a separate version of JABERT based en-
tirely on the transliterated part of the corpus, and
a further version based entirely on the authentic
Judeo-Arabic part of the corpus, in order to address
the question of the relative contribution and neces-
sity of each part of JABERT’s pretraining corpus.

7. Conclusion

In this paper, we introduced JABERT, the first
pre-trained BERT model dedicated specifically to
Judeo-Arabic. By leveraging a massive corpus of
transliterated medieval Arabic alongside curated
historical Judeo-Arabic manuscripts, we have ad-
dressed a significant gap in the NLP landscape
for low-resource, historical Jewish languages. Our
model not only sets a new SOTA for Judeo-Arabic
NLP tasks, but also obviates the need for the cum-
bersome and brittle transliteration process which
the previous SOTA methods required.

We hope that JABERT will lower barriers to com-
putational analysis of Judeo-Arabic materials, and
empower researchers to unlock the vast intellec-
tual heritage contained within the corpus of Judeo-
Arabic literature.
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A. Appendix: Arabic to Hebrew
Transliteration Table

As explained above in Section 3.2, this is a sim-
plified and slightly adjusted version of the translit-
eration table provided in Weisberg Mitelman et al.

(2024)
Arabic Name Hebrew | Notes
J alif R No change
for hamza or
madda

o ba’ a
<o ta’ n
& thd’ 'n

z jim 1/ See note 1
d ha’ n

d kh&’ =)

> dal i

3 dhal i

5 ra’ R

B zay 7
o sin o}
o shin ]
o° sad 3
P dad b
L ta’ ]
L za’ 0

¢ ‘ayn i}

'C ghayn 1/ See note 1
. fa’ )

S qaf P

B kaf )

J lam 5

? mim »

O nan |

0 ha’ hi

8 ta’ marbdta b
9 waw 1
$ ya ’
N alif magsara '

3 hamza on N

waw
& hamza on ,
ya’
s hamza R/0 See note 2

Table 5: Arabic to Judeo-Arabic (Hebrew Script)
Transliteration Table
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Notes:

1. Jim/Ghayn variation: The algorithm models

regional and scribal variation. 80% of the doc-
uments (chosen randomly) were transliterated
with jim () rendered as 3 (without geresh) and
ghayn (¢) as 2. In the remaining 20%, jim — 3
and ghayn — ). This approximates the varia-
tion found in actual Judeo-Arabic manuscripts,
as per our quantitative inspection of a sample
of the corpus.

. Hamza: Hamza (¢ on the line) is randomly ren-

dered as either ® or omitted entirely, reflecting
orthographic fluidity in medieval Judeo-Arabic
texts.

. Final letter forms (sofiot): Hebrew letters in

word-final position are automatically converted
to their final forms: n—1, 1=, 3=y, =7, 2—=1.
The algorithm correctly handles cases where
the final letter carries a geresh modifier.



B. Appendix: JA Dataset Pre-process

B.1. PGP Corpus Preprocessing

The following algorithm was used to preprocess
the PGP corpus for training.' In addition to the
process in the pseudocode below, a small number
of Hebrew translations inserted in between original
JA transcriptions were removed. These can be
found by searching for the word aun surrounded
by word boundaries and inspecting manually.

Algorithm 1 PGP Corpus Preprocessing

Require: Raw transcription text 7', word-length pa-
rameter N (default: 5)

Ensure: Cleaned text with gap markers
Phase 1: Bracket and Parenthesis Normal-
ization

1: Replace empty bracket pairs [ ] or ( ) and
adjacent non-whitespace with [GAP]

2: Replace unmatched ] at line start or [ at line
end (along with adjacent text) with [GAP]

3: Remove content within curly braces { . . . } and
rasura brackets [. . .]

4: Remove remaining brackets, parentheses, and
symbols: [ 1 () / \ | ! 2

Phase 2: Dot Sequence Handling

5: for all sequences of one or more periods with
surrounding (non-whitespace) text do

6: if single period immediately following text
and preceding whitespace then

7: Keep as sentence-final punctuation

8: else

9: ¢ + count of non-space characters in
matched sequence

10: if c < N then

11: Replace with [ONEGAP]

12 else

13: Replace with [GAP]

14: end if

15: end if

16: end for

Phase 3: Gap Consolidation
17: Replace consecutive gap markers with single
[GAP]

Phase 4: Character Filtering

18: Remove lines containing Arabic script

19: Remove Latin alphanumeric characters (pre-
serving gap markers)

20: Truncate documents at editorial markers ("foot-
notes", "maw")

The algorithm was developed based on the transcrip-
tion conventions described at Princeton Geniza Project
(2021) as well as some manual inspection of the corpus.

B.2. FJMS Corpus Preprocessing

The following algorithm was used to preprocess the
FJMS corpus for training.'®

Algorithm 2 FJMS Corpus Preprocessing
Require: Raw transcription text T, word-length pa-
rameter N (default: 5)
Ensure: Cleaned text with gap markers
Phase 1: Editorial Annotation Removal
1: Remove content within parentheses (. ..)

Phase 2: Character Filtering

2: Remove all characters except: Hebrew letters,
period, apostrophe, quotation marks, geresh
(U+05F3), gershayim (U+04F4), horizontal el-
lipsis (U+2026), and whitespace

Phase 3: Multi-Period Sequence Handling
3: for all runs of > 2 consecutive periods (al-
lowing internal spaces) with surrounding (non-
whitespace) text do
4: ¢ <+ count of non-space characters in
matched sequence
if c < N then
Replace with [ONEGAP]
else
Replace with [GAP]
end if
: end for

QOO NOO

Phase 4: Horizontal Ellipsis Handling

11: > The Unicode character u+2026 (...),
distinct from three periods

12: for all sequences containing horizontal ellipsis
characters with surrounding text do

13: if multiple horizontal ellipsis characters in
sequence then

14: Replace with [GAP]

15: else

16: Replace with [ONEGAP]

17: end if

18: end for

Phase 5: Normalization

19: Replace consecutive gap markers with single
[GAP]

20: Collapse multiple spaces to single space

21: Remove spaces immediately preceding peri-
ods

5The algorithm was developed based on manual in-
spection of the corpus.



B.3. OpenlTI Corpus Preprocessing

The following algorithm was used to preprocess
the OpenlTI corpus for training.'® The OpenlTI
corpus contains Arabic texts in Arabic script. Prior
to preprocessing, these texts were transliterated
into Hebrew characters using the table in Appendix
A.

Algorithm 3 OpenlTI Corpus Preprocessing (Post-
Transliteration)

Require: Transliterated text T

Ensure: Cleaned text suitable for training

Phase 1: Metadata Removal

Delete all lines beginning with #META#

1:

Phase 2: Line Continuation Handling
Replace newline followed by ~~ with a single
space

Phase 3: Editorial Section Removal
for all markers m
{|EDITOR|, | APPENDIX|, | PARATEXT|}
do

Delete all text from m until the next line be-
ginning with ###
end for

€

Phase 4: Character Filtering
Remove all characters except: Hebrew letters,
period, apostrophe, and geresh (U+05F3)

Phase 5: Whitespace Normalization

Strip leading and trailing whitespace from each
line

Collapse multiple consecutive spaces to single
space

B.4. Blau Dictionary Preprocessing

After extracting the Judeo-Arabic quotes from Blau
(2006), which have a distinct font, a few minor ad-
justments were made: ellipses were replaced with
"[GAP]", dots above letters (U+0307) were nor-
malized to apostrophe, and all other diacritics were
removed.

B.5. Post-preprocess For All Corpora

In each corpus, after its respective preprocess,
blocks of text with fewer than three words were
removed to make sure that at least some minimal
context was provided for each word during train-
ing. Finally, geresh (U+05F3) was normalized to

8The algorithm was developed based on the transcrip-
tion conventions described at Romanov (2023) as well
as some manual inspection of the corpus.
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apostrophe (U+0027) and gershayim (U+04F4) to
quotes (U+0022).

C. Appendix: Annotation Protocol

For the JABERT Cairo Genizah Dataset (Section
4.1), which contains transcriptions of 3862 lines of
naturally-occurring Judeo-Arabic text in Cairo Ge-
nizah documents, we instructed the Judeo-Arabic
expert with the following transcription protocol:

+ Overall, the objective is to capture the letters
of the manuscripts exactly as they are, with-
out normalizing any orthographic oddities or
mistakes.

Diacritic vocalization marks (that is, diacritics
which indicate vowels) shall not be transcribed.

Consonantal diacritic dots (that is, dots placed
above letters to indicate a variant of the con-
sonant) shall be transcribed; however, if the
consonantal diacritic dot is absent from the
manuscript, it shall not be filled in, even if the
word appears to require it, because Judeo-
Arabic scribes often choose to omit these dia-
critic dots.

If the manuscript employs a single ligature in
place of the two-letter sequence aleph and
lamed, then it shall be transcribed as a single
character, using the Unicode point designated
for this ligature (U+FB4F).

If the manuscript employs a rafe mark (a hori-
zontal line above a letter), then it shall be tran-
scribed using the corresponding Unicode point
(U+05BF).

Finally, because Cairo Genizah manuscripts
can be difficult to read in places, and because
scribal strokes can be ambiguous at times, and
because only one Judeo-Arabic expert was
employed to do the transcriptions for this first
dataset, we instructed our Judeo-Arabic ex-
pert to completely skip any line which posed
an ambiguity or reading difficulty. Indeed, be-
cause the aim of this dataset is to evaluate a
model’s ability to predict a word based on the
context of the individual line, the elision of lines
which happen to be difficult to decipher does
affect the effectiveness of the dataset. Nev-
ertheless, in future work, we plan to have the
lines transcribed independently by a second
annotator, so that we may properly evaluate
inter-annotator agreement and indicate cases
of disagreement.



D. Appendix: Homograph Dataset # | Translit. | Arabic | Meaning
20 ray sh Noun: “opinion”
Table 6 presents the complete list of homographs 9. 595 (b
used in our evaluation dataset. Each homograph o1 bila —— l\/erb' received”
is a word spelled identically in unvocalized Judeo- q J" i
Arabic text but carrying distinct meanings depend- 22 | qabla J& | Prep.: “before”
ing on context. The “Arabic” column shows the 10. >71 (dkr)
vocalized Arabic form that disambiguates pronunci- 23 | dakara J{, Verb: “mentioned”
ation and meaning. Arabic verb forms are indicated: o4 dikr 5 Noun: “memory”
Form | (basic stem), Form Il (intensive/causative), - — - -
act. = active, pass. = passive. The 16 homographs 25 | dakar 55| Noun: “male
yield 37 distinct meanings across 1,119 annotated _ 1. p= (frq)
samples. 26 | faraqa G Verb: “separated”
27 fart G5 Noun: “difference”
# | Translit. [ Arabic | Meaning 9 4 _
1. %OR (7) 12, obxy (‘Im)
; l \H | , 28 ‘alam (lLé Noun: “world”
2} t .. “is it not?”
a4 . nierrog.- 181 No 29 ‘alim (;Lé Adj.: “knows”
2 illa \tfl “except”, “other than” 13. 555 (hiq)
. 2. 1 (mn) 30 | halaga Si& | Verb: “created”
8 min g2 | Prep- "from 31 halg 3% | Noun: “creation”
4 man ) Rel. pron.: “whoever 14, = (Gyn)
3. 8n (Ma) 32 sayr : Neg.: “not”, “non-"
ma G Int./Neg.: “what?”/“not” g Y - g —— _
—3 C Rel. pron. “that which" 33 gayr e Prep.: “other than
4. 37s (1D) 15. ors (fhm)
Jarb = Noun: type’, “manner” 34 fahm o+ Noun: “understanding”
. <2 : ’ 7 - “ »
daraba =75 | Verb: “struck’ 35 | fa-hum o+ Conj.+pron.: “and they
9 | daraba &2 | Verb: “gave a parable” 326' 72K (ka)
5.5y (1y) 36 | akkada ity Verb (II): “confirmed/affirmed”
10 ala & | Prep.: “on”, “upon’ 37 | ahada 3ET | Verb (1): “took”
11 ‘alayya C;.Lc Prep.+pron.: “on me”
6. oop (qsm) Table 6: Judeo-Arabic homographs: word forms
12 | gasama (\..5 Verb: “divided” and meanings
13 | gasam f“‘ Noun: “oath”
14 qism f‘“ﬁ Noun: “portion”
15 | gasama f\...e Verb: “swore”
?. 1w (yrf)

16 ya'rifu 2~ | Verb (lact.): *knows”

17 | yu'rafu e | Verb (1 pass.): “is known”

18 | yu‘arrifu Jf Verb (Il): “informs”

8. v (ry)

19 ra’a dij Verb: “saw”, “thought”
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