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Preface

It is my great pleasure to welcome you to the second edition of the AbjadNLP Workshop, continuing our
mission to advance research and applications for languages that use the Arabic script in Natural Language
Processing (NLP). Building on the success of our inaugural workshop at COLING 2025 in Abu Dhabi,
this year’s event at EACL 2026 in Rabat serves as a vital platform to unite researchers and practitioners
addressing the linguistic, cultural, and computational challenges inherent to these languages.

The interest in AbjadNLP this year has been fantastic. We received 93 submissions, accepting 21 papers
for oral presentation, 19 posters, and 33 shared task papers. This represents a remarkable growth from
our first edition and demonstrates the increasing recognition of Arabic-script languages within the NLP
community. The submissions span a rich variety of languages, including Arabic, Urdu, Persian, Kurdish,
and several Ajami languages, reflecting the linguistic and cultural diversity of the communities we serve.

A highlight of this year’s workshop is the inclusion of four shared tasks, which have attracted significant
participation and innovative approaches:

* AbjadGenEval: Abjad Al Generated Text Detection Shared Task for Languages Using Arabic
Script

* AbjadStyleTransfer: Authorship style transfer (text generation), transforming a formal input text
into the style of a specified author while preserving semantics

* AbjadAuthorID: Abjad Authorship Identification (multiclass classification), identifying the
author of a given text excerpt across diverse genres and periods

* AbjadMed: Medical text classification in Arabic (multi-class classification), advancing Arabic
NLP in the medical domain

These shared tasks have fostered collaborative research and provided valuable benchmarks for evaluating
progress in understudied areas of Arabic-script language processing.

The contributions to this workshop continue to showcase remarkable diversity, addressing both
fundamental NLP challenges and domain-specific applications. Research spans core NLP tasks such
as morphology, tokenisation, and language modelling, as well as applications in machine translation,
speech technologies, and social media analysis. We are particularly pleased to see growing attention
to low-resource and marginalised languages, including various Ajami traditions across Africa, and the
development of resources and tools that support long-term capacity building for these communities.

Many thanks to everyone who submitted, reviewed, and organised, and to the wider community for the
strong engagement. Your contributions have made this workshop possible and continue to strengthen our
collaborative community dedicated to Arabic-script languages in NLP.

Looking forward to inspiring presentations, engaging discussions, and seeing you in Rabat.

Mo El-Haj
General Chair
AbjadNLP 2026 Workshop
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ArabicDialectHub: A Cross-Dialectal Arabic Learning Resource and
Platform

Salem Lahlou
Mohamed Bin Zayed University of Artificial Intelligence
UAE
salem.lahlou@mbzuai.ac.ae

Abstract

We present ArabicDialectHub, a cross-dialectal
Arabic learning resource comprising 552
phrases across six varieties (Moroccan Darija,
Lebanese, Syrian, Emirati, Saudi, and MSA)
and an interactive web platform. Phrases were
generated using LLMs and validated by five
native speakers, stratified by difficulty, and or-
ganized thematically. The open-source plat-
form provides translation exploration, adap-
tive quizzing with algorithmic distractor gen-
eration, cloud-synchronized progress track-
ing, and cultural context. Both the dataset
and complete platform source code are re-
leased under MIT license. Platform: https:
//arabic-dialect-hub.netlify.app.

1 Introduction

Arabic, spoken by over 400 million people across
diverse regions, exhibits significant dialectal vari-
ation that creates substantial barriers to cross-
dialectal communication. While Modern Standard
Arabic (MSA) serves as a lingua franca in formal
contexts, daily communication relies heavily on
regional dialects that differ significantly in lexicon,
phonology, and syntax. Moroccan Darija, in partic-
ular, stands at considerable linguistic distance from
both MSA and other Arabic dialects, incorporating
substantial Berber, French, and Spanish influences.

Despite the practical importance of cross-
dialectal communication, learning resources re-
main scarce. Most Arabic language learning plat-
forms focus exclusively on MSA (Rani et al., 2023),
leaving dialect speakers without adequate tools to
learn other varieties. Existing dialectal resources
(Bouamor et al., 2018; Zaidan and Callison-Burch,
2011; Meftouh et al., 2015), while valuable for
computational linguistics research, are primarily
designed for NLP applications rather than language
learning. This gap is particularly acute for Darija
speakers seeking to communicate with speakers of
Levantine or Gulf varieties.

1

We present ArabicDialectHub, comprising two
complementary contributions. First, we introduce
a curated collection of 552 phrases across six Ara-
bic varieties: Moroccan Darija, Lebanese, Syrian,
Emirati, Saudi, and MSA. The collection was gen-
erated using large language models and validated
by five native speakers (three Moroccan Arabic and
two Lebanese Arabic speakers). Phrases are strati-
fied by difficulty level (beginner, intermediate, ad-
vanced) and organized into thematic categories cov-
ering communication scenarios from daily greet-
ings to complex idiomatic expressions. Second,
we present an open-source interactive learning plat-
form demonstrating the resource’s practical utility
through multiple learning modalities: a translation
hub for phrase exploration, an adaptive quiz sys-
tem with intelligent distractor generation, progress
tracking with cloud synchronization, and cultural
context cards highlighting regional sensitivities.

Our contributions address three critical gaps. Un-
like large-scale dialectal corpora designed for NLP
research, our collection is explicitly structured for
pedagogical use with difficulty stratification and
contextual usage notes. Unlike existing Arabic
learning applications focusing exclusively on MSA,
our platform centers on cross-dialectal learning
with Darija as default source. Finally, unlike static
datasets, we provide a fully functional interactive
system validating the resource’s utility for real-
world language learning. Both the phrase collection
and complete platform codebase are released under
MIT license.

2 Related Work

2.1 Arabic Dialect Corpora

Significant efforts document Arabic dialectal varia-
tion. The MADAR project (Bouamor et al., 2018)
provides parallel translations of 2,000 sentences
across 25 Arab city dialects along with MSA, En-
glish, and French, accompanied by a lexicon cover-
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ing 1,045 concepts. The Arabic Online Commen-
tary (AOC) dataset (Zaidan and Callison-Burch,
2011) pioneered collection of naturally-occurring
dialectal Arabic, harvesting 52 million words from
online news comments with 108,000 sentences
manually annotated for dialect identification. The
Parallel Arabic Dlalectal Corpus (PADIC; Meftouh
et al., 2015) contributes 2,000 parallel sentences
across six dialects including Moroccan, Algerian,
Tunisian, Palestinian, and Syrian varieties. Other
works include Bouamor et al. (2014).

For Moroccan Darija specifically, recent devel-
opments include the Darija Open Dataset (DODa)
(Outchakoucht and Es-Samaali, 2024) with approx-
imately 150,000 Darija-English entries, and the At-
laset dataset (AtlaslA, 2024) containing over 155
million tokens for model pretraining. The Darija-
Banking corpus (Skired; et al., 2025) demonstrates
LLM-assisted dataset creation viability, using GPT-
4 for initial translation with subsequent validation
by five native speakers. While these corpora pro-
vide valuable resources for computational linguis-
tics, they primarily serve NLP tasks rather than
language learning.

2.2 Cross-Dialectal Learning Tools

Despite abundant Arabic learning applications,
few address cross-dialectal communication. Main-
stream platforms (Duolingo, Rosetta Stone, Pim-
sleur) focus exclusively on MSA, leaving dialect
learners underserved. Recent work on cross-
dialectal Arabic translation (Beidas et al., 2025)
evaluates large language models on MADAR and
QADI datasets, demonstrating growing technolog-
ical capability but limited deployment in learner-
facing applications. Computer-assisted language
learning (CALL) research for Arabic (Haniefa and
Samsudin, 2025; Bahari et al., 2025) predominantly
addresses MSA acquisition, with Al tools strug-
gling on dialects (El Zahraa, 2025).

2.3 LLM-Assisted Dataset Creation

The use of large language models for linguistic
dataset creation has gained acceptance in NLP re-
search. Comprehensive surveys document hun-
dreds of LLM-generated datasets across languages
and domains (Liu et al., 2024). Critical to this ap-
proach is rigorous validation: the CLIcK bench-
mark for Korean (Kim et al., 2024) employed
four native speakers to validate all samples, while
LAG-MMLU for Latvian and Giriama (Etori et al.,
2025) used native speaker curation ensuring lin-

guistic and cultural relevance despite persistent
automatic translation errors. These precedents es-
tablish that LLM-assisted generation with native
speaker validation represents viable methodology
for creating linguistic resources, particularly for
lower-resourced varieties.

3 Methodology

3.1 Phrase Collection
3.1.1 Collection Strategy and Design

The phrase collection was designed to serve prac-
tical cross-dialectal communication needs while
maintaining pedagogical utility. Our selection cri-
teria prioritized frequency (common everyday ex-
pressions), utility (practical value for real-world
scenarios), and cultural relevance (appropriateness
across diverse contexts). The collection spans 18
thematic categories. To accommodate learners at
different proficiency levels, phrases were stratified
into three difficulty tiers. Additionally, 400 daily
conversation sentences provide extended practice
with natural dialogues.

3.1.2 LLM-Assisted Generation and
Validation

We useed large language models (Claude 3.5 and
GPT-4) to generate initial translations, followed by
rigorous human validation. Our prompt engineer-
ing approach specified detailed dialect characteris-
tics for each target variety, provided contextual in-
formation about appropriate register and formality
levels, and requested natural conversational transla-
tions rather than literal word-for-word renderings.
The generation process proceeded iteratively, with
initial translations undergoing consistency check-
ing across dialects to identify outliers. Multiple
generation attempts were compared for quality as-
sessment, with validators selecting or synthesizing
the most natural options.

The 552 phrases underwent review by five native
Arabic speakers: three speakers of Moroccan Ara-
bic (Darija) and two speakers of Lebanese Arabic,
all fluent in multiple Arabic varieties and MSA. Val-
idators reviewed phrases independently, focusing
on naturalness (authentic native speech), accuracy
(semantic equivalence), and cultural appropriate-
ness (suitability for indicated contexts).

3.2 Platform Development

To demonstrate the practical utility of our phrase
collection, we developed ArabicDialectHub, an



open-source web application providing multiple
interaction modalities for cross-dialectal Arabic
learning. The platform serves as both proof-of-
concept for the resource’s pedagogical value and a
contribution to the dialectal Arabic learning ecosys-
tem.

3.2.1 System Architecture

The platform employs a modern web architecture
optimized for responsive cross-platform access.
The frontend utilizes React 18 and TypeScript for
type-safe component development with efficient
client-side rendering. The backend leverages two
specialized cloud services. Clerk handles authenti-
cation, supporting email/password credentials with
secure session management. This separation of au-
thentication concerns from data management pro-
vides security best practices and simplifies user
account management. Supabase provides the data
layer through a PostgreSQL database with built-
in real-time synchronization capabilities and row-
level security policies ensuring users can only ac-
cess their own progress data while maintaining
shared read access to the phrase collection.

The database schema comprises three pri-
mary tables. The phrases table stores all 552
phrases with complete metadata, synchronized
from source JSON files during deployment. The
phrase_progress table tracks individual user
mastery status for each phrase, recording correct-
ness counts, mastery flags, and last review times-
tamps. The quiz_attempts table logs all quiz ses-
sions with scores, question counts, configuration
parameters (source/target dialects, difficulty filters),
and completion timestamps, enabling progress anal-
ysis and learning analytics. The platform is de-
ployed on Netlify CDN with continuous integration
from GitHub, ensuring automatic updates as the
codebase evolves.

3.2.2 Core Learning Features

Translation Hub serves as the primary exploration
interface for discovering and learning phrases
across Arabic dialects. The hub displays three
randomly-selected unmastered phrases simultane-
ously, encouraging focused attention while main-
taining variety. This limited display prevents over-
whelming learners while ensuring adequate expo-
sure to new content. Users can expand phrase cards
through accordion components to view translations
across all six dialects, facilitating cross-dialectal
comparison and pattern recognition. Each phrase

includes the Darija original in Arabic script with
Latin transliteration, literal English translation, and
complete translations for Lebanese, Syrian, Emi-
rati, Saudi, and MSA varieties. Each dialectal trans-
lation provides Arabic script, romanization for pro-
nunciation guidance, and usage notes explaining
contextual appropriateness. The mastery tracking
system employs a simple one-click approach where
users mark phrases as "mastered" when confident
in their understanding. Once marked, phrases are
removed from the default rotation but remain acces-
sible through a “show mastered” toggle, allowing
review without cluttering the learning interface. All
mastery status changes synchronize immediately to
Supabase, enabling seamless cross-device learning.
The hub includes search functionality for targeted
phrase lookup by text content, and filtering options
by category and difficulty level. A progress indica-
tor displays real-time mastery percentage, provid-
ing immediate feedback on learning advancement.

Quiz System provides active recall practice es-
sential for language retention through two question
types with varying cognitive demands. Multiple-
choice questions present a phrase in the source
dialect with four answer options in the target di-
alect. The distractor generation algorithm identifies
phrases with similar lexical or phonological char-
acteristics from maintained distractor banks. Word-
ordering questions present a phrase in the source di-
alect and challenge users to arrange shuffled words
into the correct target dialect sequence. This ques-
tion type tests syntactic understanding and produc-
tive competence rather than mere recognition, re-
quiring learners to actively construct grammatically
correct sentences. The shuffling algorithm ensures
that word order is sufficiently scrambled to prevent
pattern-based guessing. The system provides im-
mediate feedback after each question with green
highlights for correct answers and red highlights
for incorrect responses, displaying the correct an-
SWer.

Progress Tracker visualizes learning metrics
across multiple dimensions to support metacog-
nitive awareness and motivation. The dashboard
displays overall statistics including total phrases
mastered (both absolute count and percentage of
the 552-phrase collection) and average quiz perfor-
mance across all attempts.

Cultural Context Cards acknowledge that ef-
fective cross-dialectal communication requires cul-
tural competence alongside linguistic knowledge.
Rather than embedding cultural information solely



within individual phrases, dedicated thematic cards
provide broader context about regional differences
in social norms, communication styles, and cultural
sensitivities. Each cultural card presents key points
with concrete examples, regional differences across
the five dialects, and practical tips for real-world
usage. For instance, the greetings card explains
that while formal greetings are universally impor-
tant, the expected response patterns vary (Syrian
Arabic often includes more elaborate well-wishing
phrases, while Gulf varieties may incorporate more
formal religious expressions). This contextualiza-
tion prevents social mistakes and enhances prag-
matic competence.

4 Discussion

4.1 Resource Contribution

The ArabicDialectHub phrase collection addresses
a critical gap in cross-dialectal Arabic resources.
While existing corpora such as MADAR and
PADIC provide valuable parallel data for computa-
tional research, our collection offers explicit peda-
gogical structuring through difficulty stratification,
enabling progressive learning, unlike research cor-
pora treating all data uniformly. Second, rich con-
textual metadata including usage notes, formality
indicators, and cultural sensitivities directly sup-
ports learner needs beyond mere translation equiv-
alence.

4.2 Platform Validation

The platform demonstrates that our phrase col-
lection effectively supports interactive language
learning. The translation hub validates that the
resource structure facilitates browsing and discov-
ery. The quiz system’s successful distractor gen-
eration confirms sufficient lexical diversity for au-
tomated assessment without external word lists.
Progress tracking proves feasible through the struc-
tured data model. The open-source release estab-
lishes a blueprint for dialectal learning applications
beyond Arabic.

5 Conclusion

We have presented ArabicDialectHub, a compre-
hensive resource for cross-dialectal Arabic learning
comprising a curated phrase collection and an in-
teractive learning platform. The collection of 552
phrases across six Arabic varieties addresses the
critical gap in pedagogically-oriented dialectal re-
sources, particularly for Moroccan Darija speakers.

4

Our methodology combining LLLM-assisted gener-
ation with native speaker validation demonstrates
a viable approach for efficient resource creation
in lower-resourced language varieties. The open-
source platform provides multiple learning modal-
ities (browsing, quizzing, progress tracking, and
cultural context) validating the resource’s practical
utility.

While acknowledging significant limitations
in validation scope, empirical evaluation, and
scale, we position this work as an enabling
contribution. The complete dataset and plat-
form code are publicly available under the
MIT license at https://github.com/saleml/
arabic-dialect-hub, with documentation sup-
porting extension and adaptation. We welcome
contributions from the research community and lan-
guage learning practitioners to refine translations,
expand dialect coverage, integrate audio resources,
and conduct rigorous pedagogical evaluation. By
lowering barriers to cross-dialectal Arabic learning
and establishing open infrastructure for collabora-
tive development, we aim to support both learner
communities and future research on dialectal lan-
guage education.

Limitations

Validation Coverage. Native speaker validation
was limited to Moroccan Darija (three validators)
and Lebanese Arabic (two validators). Syrian, Emi-
rati, and Saudi translations lack native speaker ver-
ification. Inter-annotator agreement metrics were
not computed.

Dataset Scale and Scope. At 552 phrases, the
collection remains modest compared to research
corpora like MADAR (2,000 sentences). Several
domains including technical, medical, and profes-
sional vocabulary are absent, constraining utility
for specialized communication needs.
Methodology Documentation. Difficulty levels
were assessed by Claude 3.5 without formal op-
erationalization criteria. The choice of general-
purpose LLLMs over Arabic-focused models (e.g.,
Jais) was driven by availability rather than system-
atic comparison.

Evaluation. No user studies or learning outcome
assessments were conducted. Platform effective-
ness for language acquisition remains unvalidated.
Modality. The absence of audio recordings limits
pronunciation learning and productive skill devel-
opment.



Ethics Statement

LLM Use. Claude 3.5 and GPT-4 generated initial
translations, with all content undergoing manda-
tory native speaker validation. LLMs served as
productivity tools rather than authoritative sources.
Potential biases include systematic preference for
formal registers in MSA-trained models.

Data Privacy. Platform collects minimal user data:
authentication credentials (Clerk-managed), learn-
ing progress (Supabase with row-level security),
quiz histories. No PII beyond email retained.
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Orthographic Structure Matters: Tokenization Failures in Arabic-Script
and Related Languages

Manodnya K H
CLASIC,
University of Colorado Boulder
Boulder, CO, USA
manodynak@gmail. com

Abstract

Multilingual evaluation often relies on lan-
guage coverage or translated benchmarks, im-
plicitly assuming that subword tokenization be-
haves comparably across scripts. In mixed-
script settings, this assumption breaks down.
We examine this effect using polarity detec-
tion as a case study, comparing Orthographic
Syllable Pair Encoding (OSPE) and Byte Pair
Encoding (BPE) under identical architectures,
data, and training conditions on SemEval Task
9, which spans Devanagari, Perso-Arabic, and
Latin scripts. OSPE is applied to Hindi, Nepali,
Urdu, and Arabic, while BPE is retained for
English. We find that BPE systematically un-
derestimates performance in abugida and ab-
jad scripts, producing fragmented representa-
tions, unstable optimization, and drops of up to
27 macro-F1 points for Nepali, while English
remains largely unaffected. Script-aware seg-
mentation preserves orthographic structure, sta-
bilizes training, and improves cross-language
comparability without additional data or model
scaling, highlighting tokenization as a latent
but consequential evaluation decision in multi-
lingual benchmarks. While the analysis spans
multiple scripts, we place particular emphasis
on Arabic and Perso-Arabic languages, where
frequency-driven tokenization most severely
disrupts orthographic and morphological struc-
ture.

1 Introduction

Polarity detection across mixed-script, low-
resource languages is a deceptively difficult prob-
lem. The SemEval Task 9 dataset spans five writ-
ing systems—Devanagari (Hindi, Nepali), Perso-
Arabic (Urdu, Arabic), and Latin (English)—and
contains exactly the kind of messy, code-switched,
short-form text where standard NLP assumptions
tend to break down. In these environments, the
downstream classifier is rarely the limiting factor.
The real bottleneck is the input representation: how
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text is segmented, embedded, and contextualized
before the model even begins to reason about senti-
ment.

Prior work on Orthographic Syllable Pair En-
coding (OSPE) demonstrated advantages over BPE
for Indic language modeling by aligning subword
units with orthographic structure (Manodnya and
Giri, 2023), but focused primarily on token-level
behavior. It did not examine downstream task per-
formance, multilingual interactions, or how seg-
mentation choices behave when multiple writing
systems are evaluated together. At the same time,
most contemporary multilingual pipelines continue
to treat BPE (Sennrich et al., 2016) as a default
choice across languages—from English to Arabic
to Nepali—despite accumulating evidence that it
fragments morphology, destabilizes training, and
produces noisy token sequences in abugida and
abjad scripts (Kudo and Richardson, 2018).

In this work, we take a more engineering-
grounded approach and evaluate tokenization in-
side a controlled end-to-end setting. We extend
OSPE to Urdu and Arabic, retain standard BPE for
English, and integrate these per-language subword
inventories into a custom multilingual transformer
trained from scratch. The architecture includes to-
ken, positional, syllable, and language embeddings;
a stack of attention and long-convolution blocks tai-
lored to short social-media inputs; and multi-task
auxiliary heads (language modeling, next-token
prediction, and syllable prediction) to regularize
training in low-resource conditions.

This setup allows us to compare OSPE and BPE
as part of a full evaluation pipeline rather than in
isolation. Under identical model, data, and training
conditions, the OSPE-based system achieves higher
macro-F1 on SemEval Task 9, exhibits smoother
optimization dynamics, and avoids the NaN-loss
failures observed with multilingual BPE. The gains
are most pronounced for low-resource and morpho-
logically complex languages—most notably Nepali

Proceedings of the 2nd Workshop on NLP for Languages Using Arabic Script (AbjadNLP 2026), pages 6-14
March 28, 2026. ©2026 Association for Computational Linguistics



(+26.7 F1)—while English performance remains
largely unchanged. These patterns indicate that
segmentation choices materially affect measured
performance when scripts with different structural
properties are evaluated together.

Taken together, our results suggest that multi-
lingual polarity detection failures are often rooted
in representation rather than classification. When
segmentation disrupts script-level structure, down-
stream evaluation conflates modeling limitations
with artifacts of the input pipeline. In such set-
tings, tokenizer design becomes a first-order factor
in how multilingual behavior is observed and com-
pared, rather than a neutral preprocessing detail. In
practice, this makes tokenizer design a first-order
factor in the reliability and comparability of multi-
lingual evaluation, especially when multiple scripts
are assessed within a single benchmark. This work
frames tokenization as an implicit evaluation deci-
sion that directly affects cross-language compara-
bility in multilingual benchmarks.

2 Related Work

Subword tokenization methods such as Byte Pair
Encoding (BPE) (Sennrich et al., 2016), WordPiece
(Devlin et al., 2019), and SentencePiece (Kudo and
Richardson, 2018) are widely used in multilingual
NLP due to their simplicity and compatibility with
neural architectures. These approaches are largely
frequency-driven and operate over UTF-8 charac-
ters or bytes, an assumption that aligns well with
alphabetic scripts but is less appropriate for writing
systems where orthographic structure encodes lin-
guistic information at the syllable level (Arivazha-
gan et al., 2019; Vania and Lopez, 2017).

Orthographic Syllable Pair Encoding (OSPE)
was introduced to address this mismatch for In-
dic languages written in abugida scripts by treat-
ing orthographic syllables as the basic subword
unit rather than raw characters or bytes. OSPE
demonstrated improved compression ratios, re-
duced generation of invalid tokens, and more in-
terpretable subword units in language modeling
tasks. However, prior work evaluated OSPE pri-
marily in monolingual or single-script settings and
focused on intrinsic language modeling behavior,
without examining downstream task performance,
multilingual interactions, or cross-script evaluation
scenarios.

Many multilingual systems rely on shared or
jointly trained subword vocabularies across lan-

guages to encourage parameter sharing and transfer
(Johnson et al., 2017). While effective for closely
related or alphabetic languages, this design implic-
itly assumes that subword units behave comparably
across scripts. Recent work on orthographic syl-
lables for related Indic languages (Kunchukuttan
and Bhattacharyya, 2016) and script conversion
systems (Kunchukuttan et al., 2018) highlights that
script structure plays a critical role in representation
quality, but these insights have not been system-
atically incorporated into multilingual evaluation
pipelines.

Sentiment and polarity detection have been ex-
tensively studied, ranging from early feature-based
approaches (Pang et al., 2002; Turney, 2002) to
neural and transformer-based models (Socher et al.,
2013; Tang et al., 2016; Zhang et al., 2024; Wang
et al., 2023). While these methods achieve strong
performance in high-resource, single-script set-
tings, relatively little work has examined how tok-
enization and representation choices affect evalua-
tion outcomes in multilingual, mixed-script bench-
marks. In short, segmentation is typically treated as
a fixed preprocessing step rather than a variable that
can materially influence measured performance.

Our work builds on OSPE by moving beyond
intrinsic language modeling and examining tok-
enization inside a controlled, end-to-end multilin-
gual evaluation setting. By extending orthographic
syllable segmentation to Perso-Arabic scripts and
evaluating it alongside standard BPE in a mixed-
script polarity detection task, we isolate how seg-
mentation choices affect optimization stability and
downstream metrics. Unlike prior work that intro-
duces new benchmarks or architectures, we focus
on a latent but widely shared assumption in multi-
lingual evaluation pipelines and quantify its impact
using an existing benchmark.

3 Dataset

We evaluate our models on the SemEval-2026 Task
9 dataset, a multilingual polarity detection bench-
mark spanning five typologically diverse languages:
Hindi (hi), Nepali (ne), Urdu (ur), Arabic (ar), and
English (en). Each instance consists of a short
social-media post labeled with one of three polarity
classes (positive, negative, neutral). Scripts range
from Devanagari to Perso- Arabic to Latin, mak-
ing the task a natural stress-test for tokenization
schemes. We use the official train/dev splits, and
apply minimal preprocessing:



Table 1: Distribution of dataset size across languages

Lang Script Train Size Dev Size
hi Devanagari 2744 686

ne Devanagari 2005 501

ur Perso-Arabic 2849 712

ar Perso-Arabic 3380 845

en Latin 2676 667
Total — 13654 3411

¢ Unicode normalization
¢ Removal of control characters

* *Preservation of emojis and punctuation
(which carry polarity cues)

Table 1 summarizes the data distribution.

4 Methodology

Our approach combines (i) script-aware tokeniza-
tion, and (ii) a custom multilingual transformer
designed to evaluate segmentation effects under
tightly controlled conditions. The goal is not to
build a state-of-the-art sentiment model, but to iso-
late how tokenization interacts with multilingual
sequence modeling (Rust et al., 2021).

4.1 Tokenization Strategy

We use two families of tokenizers:

4.1.1 OSPE for Devanagari and Perso-Arabic
scripts

OSPE (Orthographic Syllable Pair Encoding) seg-
ments text according to script- specific ortho-
graphic syllables before applying frequency-based
merges. We adapt OSPE to four languages:

* Hindi (hi), Nepali (ne): Devanagari conso-
nant—vowel structure

* Urdu (ur): Urdu-specific extensions of Arabic
script

* Arabic (ar): abjad with diacritic-bearing clus-
ters

This requires only modifying the segmentation
function; the merge algorithm remains identical
to the original OSPE formulation.

4.2 BPE for English

English is tokenized using standard SentencePiece
BPE, chosen because OSPE provides no structural
advantage in alphabetic scripts and would behave
identically to character-level BPE. This also pro-
vides a realistic multilingual comparison point:
OSPE where it matters, BPE where it doesn’t.

4.2.1 Per-Language Vocabularies and Offsets

Rather than training a single mixed vocabu-
lary—which tends to overweight English and dis-
tort low-resource languages—we train separate to-
kenizers per language and assign each a fixed, non-
overlapping vocabulary offset. Example:

* hi: 0-1999

ne: 2000-3999

ur: 4000-5999

ar: 6000-7999

en: 80009999

Every token is indexed as:

[global_id = lang_of fset|[L] + local_id]

This preserves script identity and prevents cross-
language token collisions, which stabilizes multi-
lingual training without requiring shared subwords.

4.2.2 Multilingual Mini-Batching

We train using a stratified multilingual sampler.
Each batch samples equally across languages, re-
gardless of dataset size, preventing larger datasets
(Arabic, Urdu) from dominating the learning dy-
namics. This is critical for isolating tokenizer ef-
fects rather than data imbalance effects.

4.3 Custom Transformer Architecture

To avoid coupling our results to any particular pre-
trained model, we implement a compact trans- for-
mer from scratch, designed specifically for short-
form social-media inputs:

4.3.1 Embedding Layers
» Token embeddings (global vocab)

* Positional embeddings (up to 128 tokens)

* Syllable-type embeddings (6 OSPE-derived
types)

* Language embeddings (one per language) The
inclusion of syllable-type and language em-
beddings operationalizes OSPE’s structural
information inside the model.



4.4 Encoder Blocks

Each block contains:
1. Multi-head self-attention
2. Feed-forward network

3. Depthwise long convolution across the se-
quence

4. Residual + layer norm

The long-convolution branch improves handling
of elongated vowel sequences, stacked diacritics,
and repeated characters—phenomena more com-
mon in Indic and Arabic social media text than in
English.

4.4.1 Multi-Task Heads

To stabilize multilingual learning, the model jointly
predicts:

1. Polarity label (primary task)
2. Token reconstruction (LM)
3. Next-token prediction

4. Syllable-type prediction

These auxiliary tasks improve vocabulary uti-
lization and reduce overfitting, especially for low-
resource scripts.

4.5 Training Setup

Models are trained with a batch size of 32 and
a maximum sequence length of 128 using the
AdamW optimizer with a learning rate of

2% 107* 1)

for 3 epochs. Training jointly optimizes the po-
larity classification objective along with auxiliary
language modeling, next-token prediction, and
syllable-type prediction losses, weighted at 1.0,
0.5, 0.5, and 0.3 respectively. All architectural
choices, optimization settings, and loss weights are
held constant across OSPE and BPE conditions to
ensure that observed differences can be attributed
solely to tokenization effects.

5 Experiments

Our experiments are designed to isolate the effect
of tokenization on multilingual polarity detection.
We hold the model architecture, training pipeline,
and hyperparameters constant across all conditions,
varying only the tokenizer subsystem.

5.1 Experimental Conditions

We evaluate three configurations:

5.1.1 OSPE-only model
¢ OSPE tokenizers for hi/ne/ur/ar

e BPE for en

¢ Custom transformer architecture described in
§4

* Per-language vocabularies with fixed offsets

5.1.2 BPE-only baseline

* SentencePiece BPE trained separately per lan-
guage

* Identical vocabulary sizes (3k each)

* Same architecture, embedding sizes, batches,
and losses

5.1.3 Joint multilingual BPE

* A single BPE tokenizer trained on con- cate-
nated multilingual text

* Same vocabulary budget (15k total)

* Included to verify whether shared sub- words
help or hurt in mixed-script settings

The OSPE-only condition is the core system. The
BPE-only and joint-BPE baselines serve as the pri-
mary ablations.

5.2 [Evaluation Metric

We use macro-averaged F1, the official metric for
SemEval Task 9, because:

* The classes are moderately imbalanced

* Macro-F1 penalizes models that underper-
form on low-resource languages

* We are specifically interested in how tokeniza-
tion affects per-language behavior, not just
overall accuracy

We report both overall macro-F1 and per- lan-
guage macro-F1.



5.2.1 Training Stability Diagnostics

Beyond accuracy, we track training dynamics:
* Loss curve smoothness

* Gradient explosion/NaN events * Token distri-
bution entropy

* Effective sequence lengths
* Vocabulary coverage rates
* Merge collapse events (BPE) vs merge stabil-
ity (OSPE)
These diagnostics help us understand why OSPE
performs better, not just whether it does.
5.3 Implementation Details

All experiments use:

* PyTorch with MPS acceleration (Apple Sili-
con)

* Same random seeds for all tokenizer training
and model training

e Stratified multilingual batching to ensure
equal cross-language exposure

* No data augmentation, no transliteration, and
no normalization beyond Unicode cleanup

OSPE, BPE, and model training code are imple-
mented from scratch to ensure complete control
over the pipeline and avoid hidden frameworks that
may bias behavior.

5.4 Runtime and Computational Footprint

Training a full OSPE+BPE evaluation (OSPE
model + two BPE baselines) requires:

¢ 1.5 -2.2 hours on M1/M2-series hardware
* Peakmemory 6—8GB

* No GPU-specific kernels; all layers are stan-
dard PyTorch operations

The runtime budget is deliberately small: this
work evaluates segmentation behavior without re-
lying on large-scale pretraining or massive models.

6 Results

We report overall macro-F1 along with per- lan-
guage performance for all three systems: OSPE-
only, BPE-only, and joint multilingual BPE. All
models share identical architecture and training
settings.

6.1 Opverall Performance

The OSPE model achieves the strongest macro-
F1 across the board. Relative to per-language
BPE baselines, OSPE offers consistent gains, es-
pecially in low-resource and morphologically com-
plex scripts.

Table 2: model performance

Model Macro-F1
OSPE (ours) 0.74
BPE-per-language 0.68
BPE-joint 0.63

These improvements hold under repeated runs
with different random seeds.

6.2 Per-Language Performance

The benefit of OSPE correlates strongly with script
complexity. English (Latin script) shows minimal
difference, while Nepali, Urdu, and Arabic gain the
most.

Table 3: Model comparison

Language Script BPE Joint-BPE OSPE A (OSPE - BPE)
hi Devanagari 0.70 0.66 0.75 +0.05
ne Devanagari 0.56 0.50 0.83 +0.27
ur Perso-Arabic  0.61 0.55 0.71 +0.10
ar Perso-Arabic  0.64 0.59 0.72 +0.08
en Latin 0.80 0.78 0.81 +0.01

* OSPE yields massive gains for Nepali (+26.7
F1), whose Devanagari morphology collapses
under BPE.

* Urdu and Arabic gain +8-10 F1 due to
OSPE’s ability to treat consonant—diacritic
clusters as atomic.

* Hindi benefits modestly (+5 F1), consistent
with patterns reported in prior OSPE work.

* English shows no meaningful difference, val-
idating the hybrid “OSPE where it matters,
BPE where it doesn’t” approach.

6.3 Training Stability
The OSPE model trains smoothly, while both BPE

baselines show instability:

* Joint-BPE exhibits frequent loss spikes and
occasional NaN collapses toward later epochs.



* Per-language BPE is more stable, but still
shows higher variance and slower conver-
gence.

* OSPE’s token sequences converge to shorter,
more consistent lengths, reducing gradient
noise.

6.4 Qualitative Error Analysis

OSPE reduces three major error patterns:

1. Broken morphemes

* BPE fragments core stems (e.g., Hindi
verb endings, Arabic roots), confusing
polarity cues.

* OSPE produces subwords that map more
cleanly to grammatical units.

2. Diacritic misalignment (Arabic/Urdu)

* Joint-BPE treats diacritics as indepen-
dent tokens, producing meaningless se-
quences.

* OSPE attaches them correctly to base
consonants.

3. Over-fragmentation in low-resource lan-
guages

* Nepali suffers worst under BPE, produc-
ing character-level splintering.

* OSPE preserves orthographic syllables,
giving stable embeddings.

6.5 Ablation: Removing Auxiliary Tasks

Removing the LM/next-token/syllable auxiliary
heads reduces OSPE’s gains:

The auxiliary tasks help the model fully exploit
OSPE’s cleaner subword structure.

7 Discussion

The central result from our experiments is surpris-
ingly simple: in mixed-script multilingual settings,
a transformer’s measured performance is dispro-
portionately influenced by the tokenizer rather than
the architecture. Even with identical model capac-
ity, loss functions, and training regime, switching
from BPE to OSPE changes training stability, ef-
fective sequence length, representation quality, and
ultimately macro-F1—sometimes by more than 25
points. These effects emerge consistently across
runs and point to three recurring themes.
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7.1 Tokenization as Latent Structure
Recovery

Scripts such as Devanagari, Urdu, and Arabic en-
code linguistic structure at the orthographic level.
Consonant clusters, matras, diacritics, root—pattern
morphology, and phonotactic groupings all carry
semantic and syntactic cues. OSPE’s segmentation
aligns with these syllable-level units, whereas BPE
operates over frequency-driven character sequences
that often ignore script structure.

This difference becomes especially visible in
polarity detection, where sentiment frequently de-
pends on negation particles, intensifiers, cliticized
forms, emphatic diacritics, and reduplicated syl-
lables. When these units are fragmented during
tokenization, the downstream model must recon-
struct structure that is already present in the script,
increasing variance and reducing robustness.

7.2 Cross-Script Multilinguality Magnifies
Tokenizer Fragility

Multilingual BPE implicitly assumes that shared
merges across scripts are neutral or beneficial. Our
results suggest that this assumption does not hold
in mixed-script, low-resource settings. Shared mul-
tilingual merges tend to overweight English due
to raw frequency effects, dilute rare Devanagari
and Perso-Arabic subwords, introduce degenerate
merges between unrelated scripts, and disrupt mor-
phological boundaries in low-resource languages.

By contrast, OSPE avoids these failure modes
by using per-language vocabularies with explicit
offsets, preserving script identity without requiring
transliteration or shared subword inventories. In
this sense, cross-script token sharing is not free: for
some languages, it measurably degrades evaluation
outcomes.

7.3 Auxiliary Tasks Amplify
Structure-Preserving Segmentation

The auxiliary language modeling, next-token,
and syllable-type prediction heads consistently
strengthen representations learned from OSPE-
based segmentation. Two effects are apparent.
First, auxiliary objectives regularize learning, par-
ticularly in languages with limited labeled polarity
data, leading to lower-variance training. Second,
the syllable-type head provides lightweight mor-
phological supervision, encouraging the model to
internalize the structure exposed by OSPE.
BPE-based models benefit less from these ob-



jectives, likely because their token boundaries are
less linguistically stable and less consistent across
scripts.

7.4 Why English Is Largely Unaffected

English performance varies little across tokeniza-
tion schemes, reinforcing a script-dependent in-
terpretation of our results. Orthographic syllable
modeling appears to matter most in abugida and
abjad scripts, while alphabetic scripts do not ex-
hibit the same sensitivity. This supports the hybrid
strategy adopted in our experiments—OSPE where
script structure is informative, and BPE where it
is not—and cautions against uniform tokenization
choices in multilingual evaluation pipelines.

7.5 Implications for Multilingual NLP
Evaluation

Three practical implications follow from these ob-
servations. First, tokenizer choice can dominate
measured performance: in our setting, segmenta-
tion alone accounts for large F1 differences without
changes to architecture, data, or training regime.
Second, script-aware segmentation reduces evalua-
tion noise: treating tokenization as interchangeable
across scripts can obscure or exaggerate differences
between languages, particularly in low-resource
settings. Third, inductive bias matters before scale:
the structural bias introduced through segmenta-
tion and syllable embeddings plays a role often
attributed to pretraining or model size.

From an evaluation perspective, these results sug-
gest that multilingual benchmarks should explicitly
document and justify tokenization choices, particu-
larly when comparing languages across scripts and
resource levels.

7.6 Tokenization as Part of the
Model-Evaluation Interface

Tokenization functions as a learned interface be-
tween text and computation rather than a neutral
preprocessing step. In multilingual systems, it de-
termines effective sequence length, embedding den-
sity, contextual coverage, morphological fidelity,
and even gradient behavior during training.

From an evaluation standpoint, this means that
tokenizers shape what downstream metrics are
able to capture. When segmentation fractures
script-level structure, evaluation outcomes conflate
modeling limitations with artifacts of the input
pipeline. Structure-preserving tokenization reduces
this distortion by exposing information the script

12

already encodes. These effects are especially pro-
nounced in Arabic-script languages, where con-
sonant—diacritic groupings and root—pattern mor-
phology are systematically fragmented by standard
subword tokenizers.

8 Conclusion

This work shows that multilingual polarity detec-
tion outcomes are strongly shaped by tokenization
choices. By extending OSPE beyond its original
Indic scope and integrating it into a controlled mul-
tilingual transformer, we observe more stable train-
ing dynamics and substantially higher macro-F1
than BPE baselines, particularly for Nepali, Urdu,
and Arabic.

These gains arise without architectural scaling,
pretraining, or additional data. The only differ-
ence is how text is segmented. From an evaluation
standpoint, this highlights tokenization as an archi-
tectural decision that directly influences measured
performance. Script-aware segmentation methods
such as OSPE provide a practical, computationally
inexpensive way to reduce fragmentation-induced
noise in multili ngual benchmarks.

9 Future Work

Several follow-up directions arise naturally from
this work. A first step is pretraining a multilin-
gual OSPE-based encoder on large-scale mixed-
script corpora (e.g., 50-100B tokens) to evalu-
ate how orthographic-syllable segmentation scales
with model capacity and whether downstream gains
compound under pretraining.

Beyond the scripts considered here, extending
OSPE to additional writing systems such as Tamil,
Sinhala, Burmese, and Amharic is promising, as
these languages exhibit strong alignment between
orthographic syllables and linguistic units. Mixed
writing systems, including Japanese and Korean
(kana—kanji—hangul hybrids), also present interest-
ing segmentation challenges.

Another direction is to explore hybrid tokeniza-
tion strategies that combine OSPE with unigram
language-model-based tokenizers, potentially im-
proving generalization to unseen or rare forms.
Evaluating OSPE in cross-lingual transfer set-
tings—such as named entity recognition, stance
detection, machine translation, and code-switched
question answering—would further clarify where
structure-preserving segmentation matters most.

Finally, OSPE’s reduction in effective sequence



length (up to approximately 40% in some scripts)
raises questions about hardware-level efficiency,
including potential speedups on GPUs, TPUs,
or memory-constrained devices. Model-agnostic
OSPE adapters for existing multilingual LLMs
(e.g., LLaMA, Mistral, Qwen) offer a practical path
for comparing aligned versus fragmented segmen-
tation without retraining models from scratch.

10 Limitations

This study isolates tokenization effects using a com-
pact transformer trained from scratch, which al-
lows clean attribution but leaves open how OSPE
would interact with large-scale pretrained multilin-
gual models. We train tokenizers separately per
language with fixed vocabulary offsets, avoiding
harmful cross-script merges but precluding cross-
lingual subword sharing that may benefit closely
related languages.

The evaluation spans five languages across three
writing systems and focuses solely on polarity de-
tection; results may differ for other scripts or tasks
such as named entity recognition, question answer-
ing, or machine translation. Finally, we compare
against BPE-based tokenization only and do not in-
clude unigram or SentencePiece-unigram variants,
which may behave differently for some scripts.
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Abstract

Framing detection in Arabic social media is
difficult due to interpretive ambiguity, cultural
grounding, and limited reliable supervision.
Existing LLM-based weak supervision meth-
ods typically rely on label aggregation, which
is brittle when annotations are few and so-
cially dependent. We propose a reliability-
aware weak supervision framework that shifts
the focus from label fusion to data curation. A
small multi-agent LLM pipeline—two framers,
a critic, and a discriminator—treats disagree-
ment and reasoning quality as epistemic sig-
nals and produces instance-level reliability es-
timates. These estimates guide a QUBO-based
subset selection procedure that enforces frame
balance while reducing redundancy. Intrin-
sic diagnostics and an out-of-domain Arabic
sentiment transfer test show that the selected
subsets are more reliable and encode non-
random, transferable structure, without degrad-
ing strong text-only baselines.

1 Introduction

Large language models (LLMs) have recently
emerged as a powerful source of weak supervision
for NLP tasks, enabling the automatic generation
of labels, rationales, and confidence estimates at
scale (Wei et al., 2022; Wang et al., 2023). This
has renewed interest in weak supervision as a prac-
tical alternative to costly expert annotation, partic-
ularly for tasks where labels are expensive or dif-
ficult to define precisely (Frenay and Verleysen,
2014; Ratner et al., 2017; Song et al., 2023). How-
ever, many existing weak-supervision frameworks
implicitly assume that disagreement among anno-
tators can be resolved through aggregation, often
by estimating a single latent “true” label.

This assumption becomes fragile for socially
interpretive NLP tasks such as framing analysis,
stance detection, or political sentiment, where am-
biguity and perspective are intrinsic rather than in-
cidental (Pavlick and Kwiatkowski, 2019; Basile

15

et al., 2021). Different annotators—or different
prompts applied to the same LLM—may empha-
size distinct aspects of the same text, leading to
systematic disagreement that reflects competing
interpretations rather than annotation error. Col-
lapsing such disagreement into a single label risks
discarding valuable information about uncertainty
and contestation.

Arabic social media provides a particularly chal-
lenging setting. Public discourse around topics
such as 5Ll ] | A 35l (“women driving”) in-
tertwines moral, religious, identity-based, legal,
and security-oriented arguments. These rhetori-
cal strategies are commonly described in terms of
frames—structured ways of contextualizing or jus-
tifying a position. Framing is closely related to
downstream attitudes such as sentiment and stance,
making it a useful intermediate representation for
modeling social meaning. At the same time, high-
quality frame-annotated Arabic datasets remain
scarce: annotation guidelines are non-trivial to de-
sign, expert labeling is costly, and many instances
are genuinely ambiguous.

In this work, we ask a methodological question:
How can LLM-based weak supervision be used to
construct more trustworthy training data for fram-
ing models, without assuming that all disagree-
ment should be resolved? Rather than aggregating
multiple weak labels into a single probabilistic tar-
get, we propose to treat disagreement, confidence
asymmetry, and justification quality as epistemic
signals that inform how much a weak label should
be trusted.

We introduce a reliability-aware weak supervi-
sion framework built around a small multi-agent
LLM pipeline. Two independent LLM framers as-
sign frame labels and provide rationales; a third
LLM acts as a critic that evaluates competing ex-
planations and adjudicates a final frame with a
rubric-based quality score. From these multi-agent
signals, we learn an instance-level reliability esti-
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mate that reflects the stability and support of each
weak label, rather than its assumed correctness.

Having obtained weak labels augmented with
reliability estimates, we address a second prac-
tical challenge: which weakly labeled examples
should be used for training. LLM-generated an-
notation pools are often redundant, imbalanced,
and heterogeneous in quality. We therefore cast
data curation as a Quadratic Unconstrained Bi-
nary Optimization (QUBQO) problem that jointly
rewards high-reliability instances, penalizes redun-
dancy via text similarity, and enforces fixed per-
frame budgets. Solving this objective yields com-
pact, frame-balanced subsets that are more reliable
and less redundant than distribution-matched sam-
pling.

We position our study as a methodological case
study rather than a competitive benchmark. All
framing labels are synthetically generated by the
proposed pipeline, and we do not claim to solve
Arabic framing or sentiment at scale. Instead, we
evaluate the framework through intrinsic diagnos-
tics and a conservative downstream transfer exper-
iment on a gold-labeled women-driving sentiment
dataset. The goal is to test whether reliability-
aware selection produces framing signals with non-
random, transferable structure, not to outperform
strong text-only models.

Contributions.
tributions are:

Within this scope, our main con-

* a multi-agent LLM  weak-supervision
pipeline that treats disagreement as epistemic
signal rather than noise;

an instance-level reliability estimation ap-
proach derived from multi-agent agreement
and justification quality;

a QUBO-based data selection strategy that
integrates reliability, redundancy, and frame
balance; and

an empirical analysis showing that reliability-
aware selection yields more stable weak la-
bels and supports downstream transfer with-
out degrading performance.

The remainder of the paper is organized as
follows: Section 2 reviews related work; Sec-
tion 3 presents the multi-agent reliability frame-
work; Section 4 describes QUBO-based subset se-
lection; Section 5 outlines the evaluation protocol;
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Section 6 details datasets and experimental setup;
Section 7 reports results; and Section 8 discusses
implications and limitations.

2 Related Work

Weak Supervision and Label Aggregation
Weak supervision replaces costly expert annota-
tion with inexpensive and noisy sources such as
heuristic rules, weak classifiers, crowdsourcing,
or LLM-based annotators. Classical frameworks
such as Snorkel (Ratner et al., 2017) model
these sources as labeling functions (LFs) and
estimate their accuracies using a generative label
model, often optimized via EM-style procedures
(Dawid and Skene, 1979). Subsequent work
extends this paradigm by modeling dependencies
among LFs (Bach et al., 2017) or by allowing
instance-dependent noise characteristics (Cheng
et al., 2022).

These approaches generally assume access to
many heterogeneous and approximately indepen-
dent supervision sources whose errors can be sta-
tistically disentangled. This assumption is frag-
ile in socially interpretive settings—such as Ara-
bic framing—where labels are subjective, context-
dependent, and shaped by cultural and rhetorical
perspective. In such regimes, disagreement is com-
mon and does not necessarily indicate annotation
error.

Our work departs from aggregation-centric
weak supervision in two ways. First, we oper-
ate in a small, dependent multi-agent LLM set-
ting, where each annotator produces not only a la-
bel but also a rationale and confidence cues. Sec-
ond, rather than aggregating annotations into a sin-
gle probabilistic label, we compute an instance-
level reliability score that reflects epistemic stabil-
ity across agents. This reliability signal is not used
to infer ground truth, but instead drives a subse-
quent optimization-based data selection step. In
this sense, our framework shifts weak supervision
from label aggregation to selective trust and cura-
tion.

Reliability, Calibration, and Disagreement
Calibration research examines how well model
confidence estimates reflect empirical correctness,
showing that modern neural models are often mis-
calibrated and benefit from post-hoc correction
methods (Niculescu-Mizil and Caruana, 2005;
Guo et al., 2017). In parallel, annotation modeling
studies how label noise arises from annotator



expertise, bias, and item difficulty, demonstrating
that majority voting fails to capture systematic
variation across annotators (Sheng et al., 2008;
Paun et al., 2018).

More recent NLP work emphasizes that dis-
agreement can be an informative signal, particu-
larly for subjective or socially grounded tasks. Em-
pirical studies show that disagreement often per-
sists even under repeated annotation, reflecting
genuine interpretive ambiguity rather than noise
(Pavlick and Kwiatkowski, 2019; Davani et al.,
2022). Position papers further argue that collaps-
ing annotations into a single gold label can obscure
meaningful variation and lead to misleading eval-
uation practices (Basile et al., 2021; Uma et al.,
2021).

We adopt this epistemic perspective by treat-
ing multi-agent LLM annotations as structured ev-
idence rather than conflicting votes. Agreement
patterns, confidence asymmetries, and critic feed-
back are summarized into a scalar reliability es-
timate per instance. Crucially, reliability in our
framework is not used to calibrate probabilities or
reweight annotators. Instead, it serves as a selec-
tion signal within a structured optimization objec-
tive, allowing stable and well-supported instances
to be prioritized while ambiguous cases are deem-
phasized.

Optimization-Based Data Selection and QUBO
Data selection has been widely studied in ac-
tive learning (Settles, 2009), core-set construc-
tion (Sener and Savarese, 2018), dataset pruning
(Toneva et al., 2019; Zhang et al., 2023), and
diversity-driven subset selection in NLP (Wang
et al., 2024). These methods typically aim to im-
prove representativeness or informativeness, but
do not incorporate epistemic signals arising from
structured multi-agent reasoning.

QUBO offers a flexible formalism for jointly
encoding item-level utilities and pairwise redun-
dancy penalties, and has been applied to feature
and subset selection using classical and quantum-
inspired solvers (Nembrini et al., 2021; Aramon
et al., 2019; Shaikh et al., 2025). To our knowl-
edge, QUBO has not previously been applied to
weak supervision data curation under multi-agent
LLM annotation.

We adapt QUBO to this setting by rewarding in-
stances with higher learned reliability, penalizing
redundancy via similarity constraints, and enforc-
ing explicit per-frame selection budgets. Unlike ap-
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proaches that treat disagreement as a prediction tar-
get (Jiang and Marneffe, 2022) or optimize primar-
ily for diversity (Liu et al., 2019; Park et al.), our
formulation integrates epistemic reliability directly
into a structure-aware selection objective. The re-
sulting subsets are more stable, less redundant, and
yield framing-derived representations that transfer
effectively to downstream sentiment prediction.

3 Reliability-Aware Weak Supervision
Framework

We propose a reliability-aware weak supervision
framework for framing annotation (Figure 1) that
models epistemic uncertainty via multi-agent dis-
agreement and reasoning quality. Instead of col-
lapsing multiple weak annotations into a single la-
bel, the framework learns an instance-level esti-
mate of label stability and uses it only for data se-
lection (Aroyo and Welty, 2015; Uma et al., 2021;
Davani et al., 2022).

The framework outputs a weakly labeled dataset
where each instance is associated with (i) an adju-
dicated frame label and (ii) an instance-level relia-
bility score. Reliability is not used to modify labels
or directly reweight training; it is used exclusively
to guide subset selection.

The framework has three components: (1) inde-
pendent multi-agent labeling, (2) critic-based arbi-
tration, and (3) learned reliability estimation.

Multi-Agent Labeling Each sentence x is in-
dependently annotated by two instruction-tuned
LLMs, Labeler A and Labeler B. Each labeler
produces: (i) a frame label from a fixed taxon-
omy, (ii) a confidence score in [0, 1], and (iii) an
evidence-grounded justification.

Formally,

Labelerg(x) = (La,ca,e4),

Labelerg(z) = ({p,cB,eR)

where / is the predicted frame, c is self-reported
confidence, and e is a short evidence span/rationale
grounded in the input.

The labelers use different model instances and
prompting configurations to encourage partially in-
dependent reasoning paths; disagreement is pre-
served as a potentially informative signal rather
than being averaged away.!

'In our experiments, Labeler A used Qwen-2.5 (3B), La-
beler B used Mistral-7B, and the Critic used Gemma-2 (9B),
all in instruction-tuned, 4-bit quantized variants.



Input sentence x

/

Labeler A (LLM;)
(£a,ca,ea)

\

Labeler B (LLM>)
(637 CB, 63)

I Critic (arbitration) |
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Weakly labeled instance
(zi, Lanali, T5)

Per-frame
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reward 7;, penalize S;;
fixed budget k.

Selected subsets
reliable, low-redundancy,
frame-balanced

Figure 1: Reliability-aware weak supervision with QUBO-based data curation. Two LLM labelers provide
labels, confidences, and evidence; a Critic adjudicates and assigns rubric score s € {0,...,8}. A discriminator
maps agreement, confidences, and s to reliability 7;, which guides per-frame QUBO selection (reward r;, penalize
TF-IDF similarity) to yield compact, frame-balanced subsets.

Critic Arbitration Disagreement is handled by
a third agent, the Critic, which adjudicates be-
tween competing interpretations by evaluating the
supporting evidence and reasoning quality. Rather
than voting or averaging labels, the Critic com-
pares the two justifications and selects the frame
that is better supported by the text.
Given the labeler outputs, the Critic produces

(Uinar, s) = Critic(£a, ea; ¢, eR),

where (g, is the adjudicated frame label and s €
{0,...,8} is a rubric-based reasoning score.

The rubric aggregates four criteria—evidence
quality, taxonomy fit, internal coherence, and jus-
tification sufficiency—each rated on a three-point
scale (0/1/2) and summed to yield a total score
s € {0,...,8}. Low scores indicate weak or
inconsistent support, while high scores indicate
strong epistemic support. This follows work show-
ing that disagreement in semantic annotation of-
ten reflects genuine ambiguity or perspective rather
than annotator error (Basile et al., 2021; Pavlick
and Kwiatkowski, 2019).

Learned Reliability Estimation While the
Critic resolves disagreement at the instance level,
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reliability also exhibits recurring global patterns:
certain configurations of agreement, confidence
asymmetry, and weak justification correlate with
unstable labels. To capture these regularities, we
train a lightweight reliability discriminator.

For each instance i, the discriminator uses fea-
tures derived from the multi-agent process, includ-
ing: (i) labeler confidences (ca,cp), (ii) agree-
ment indicators between Labeler A, Labeler B, and
the Critic, (iii) the normalized rubric score s/8,
and (iv) shallow textual statistics (e.g., sentence
length).

A logistic regression model is trained on a
pseudo-label that marks instances as stable when
high-confidence agreement aligns with strong
Critic endorsement. The discriminator outputs

r; = P(stable | x;), €))

reflecting how well-supported the adjudicated la-
bel is given the available epistemic evidence.
These reliability scores are not used to recalibrate
labels; they serve exclusively as selection signals in
the QUBO-based subset optimization (Section 4).



4 QUBO-Based Subset Selection

The weakly labeled pool is heterogeneous in
reliability and contains substantial redundancy
(near-duplicates). We therefore curate com-
pact, frame-balanced training subsets using a per-
class Quadratic Unconstrained Binary Optimiza-
tion (QUBO) objective (Figure 1). Selection is per-
formed independently within each frame, enforc-
ing exact frame balance via fixed budgets.

QUBO objective (per class). For a frame c, let
Z. be indices of candidate instances with adjudi-
cated label ¢, and let z; € {0,1} indicate whether
instance ¢ € Z. is selected. Each instance has reli-
ability r; € [0, 1], and redundancy is measured by
TF-IDF cosine similarity .S;; computed within the
frame. We define the per-class energy

E.(z) = — Al Z Ti2i + Ared Z Sij zizj, (2)

1€1c 1<j

subject to the fixed-size constraint ZZ eT, %i = ke.

The first term rewards selecting reliable in-
stances, while the second penalizes selecting re-
dundant pairs. For example, if two items have sim-
ilar r; but high S;; (near-duplicates), select one; a
slightly lower-r; item may win if less redundant.
Solving Eq. (2) independently for each frame en-
forces exact frame balance by construction.

Implementation note. We optimize Eq. (2) us-
ing budget-preserving simulated annealing with
swap-only local moves: each proposal swaps one
selected instance with one unselected instance
within the same frame, maintaining ZieIc zi = ke
at all times. The energy change is computed from
the reliability term and the candidate’s interactions
under S;; with the current selected set, enabling
scalable optimization over large pools.

5 Evaluation Protocol

We evaluate our approach as a methodological con-
tribution to weak supervision in socially interpre-
tive settings, not as a framing benchmark or a
dataset-construction effort. Because all framing
labels in the synthetic corpus are produced by a
multi-agent LLM pipeline, predictive scores on
that corpus should be interpreted as internal consis-
tency with the generating weak signals rather than
semantic correctness.
We evaluate in two complementary settings.
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Dataset Size Years Task

2015-2019
2012-2017

Weak Framing (Synthetic)
Women-Driving (Gold)

2,733
2,442

Framing
Sentiment

Table 1: Datasets used in this study. Detailed label dis-
tributions are provided in Appendix A.

Intrinsic diagnostic evaluation (subset quality).
We quantify how reliability-aware QUBO selec-
tion changes the properties of the selected training
signal under synthetic framing supervision. Con-
cretely, we train a lightweight TF-IDF + logistic
regression framing classifier on either (i) a QUBO-
selected subset or (ii) a size-matched distribution-
matching baseline, and evaluate against the gener-
ating weak labels to obtain a diagnostic Macro-F1.
To characterize redundancy, we also report mean
pairwise TF-IDF cosine similarity within the se-
lected subset (Section 7.3, Figure 4).

Out-of-domain downstream evaluation (con-
servative transfer). We test whether QUBO-
curated synthetic framing signals encode transfer-
able structure on a human-labeled task. Using the
gold women-driving sentiment dataset, we repre-
sent each tweet with BoW text features and a frame-
probability vector produced by a framing model
trained on either QUBO-selected data or the size-
matched baseline. We then train sentiment clas-
sifiers (logistic regression) under seven configu-
rations: text only (S0), text + DistMatch/QUBO
framing features (SD, SQ), negative controls with
noise or shufled QUBO features (SN, SQshuf),
and framing-only models (FD, FQ). Results are re-
ported on the held-out gold test split in Section 7.4
(Table 3).

Overall, the downstream goal is not to outper-
form strong text-only baselines, but to verify that
QUBO-selected synthetic framing features (i) do
not systematically degrade performance and (ii)
outperform noise and shuffling controls, consistent
with non-random structure.

6 Experimental Setup

This section describes the datasets and experimen-
tal settings used across the intrinsic diagnostic
study and the out-of-domain transfer evaluation.

6.1 Datasets

We use two datasets: a synthetic weakly labeled
Arabic framing corpus and a human-annotated
women-driving sentiment dataset.



Group n Mean 7; Mean critic

1,360
1,373

0.99
0.01

6.32
5.10

High reliability
Low reliability

Table 2: Learned reliability groups. High-reliability
examples cluster near r; ~ 1 with higher critic rubric
scores; low-reliability examples cluster near r; ~ 0 with
lower scores.

Critic score distribution by reliability group
8 4

a
L

N
L

N
L

Critic rubric score (0-8)

o
L

Low reliability High reliability

Figure 2: Critic score distributions (0-8) by reli-
ability group. High-reliability instances concentrate
at higher rubric scores; low-reliability instances are
broader and centered lower.

Weak Framing (Synthetic). We construct a
synthetic temporal framing corpus by prompting
an LLM to generate short, aspect-focused Ara-
bic statements conditioned on dominant socio-
political themes extracted from a longitudinal Twit-
ter collection (2015-2019). After deduplication,
the dataset contains 2,733 instances annotated us-
ing our multi-agent framework. The resulting label
distribution is highly imbalanced, motivating the
use of reliability-aware and diversity-constrained
subset selection.

Women-Driving Sentiment (Gold). For out-
of-domain evaluation, we use a human-annotated
women-driving sentiment dataset (Addawood
et al., 2018) containing 2,442 tweets from 2012-
2017 with positive, neutral, and negative labels.
This dataset is not weakly supervised and is used
solely to assess the transferability of framing
representations learned from synthetic data. Both
datasets are split into 80/20 train/test partitions
using stratified sampling.

Further details about the datasets are provided in
the appendix A.

7 Results

7.1

We analyze weak labels produced by the two label-
ers, the Critic, and the learned reliability discrim-

Multi-agent Framework

20

Subset stats Hamming vs nit (fraction) | Eneroy £)

Uncertain

Figure 3: Simulated annealing dynamics across two
frames. Left: Identity/Group (high-resource) tran-
sitions from early exploration to stable convergence,
largely replacing the warm start while increasing reli-
ability and reducing redundancy. Right: Uncertain
(mid-sized, noisy) shows stronger energy oscillations
from competing minima, yet converges to a coherent
low-energy subset with higher reliability and reduced
redundancy.

inator. After surface-form de-duplication, the cor-
pus contains 2,733 unique examples, each with a
final frame label, calibrated confidence, and relia-
bility probability r; € [0, 1].

For interpretability, we form two groups using
the discriminator: low reliability (r; < 0.33)
and high reliability (r; > 0.66). The split is
nearly even (1,373 vs. 1,360), but the profiles dif-
fer substantially (Table 2). High-reliability exam-
ples have r; near 1 (mean 0.99) and higher critic
scores (mean 6.32), while low-reliability exam-
ples have r; near 0 (mean 0.01) with lower critic
scores (mean 5.10). This alignment indicates that
r; tracks the Critic’s rubric assessments rather than
simply mirroring confidence.

Figure 2 shows the critic score distributions.
High-reliability examples concentrate near the up-
per range (roughly 6-8), whereas low-reliability
examples are more dispersed and centered lower,
with limited overlap. These results support using
r; as a selection signal for QUBO curation.

7.2 QUBO Optimization Dynamics Across
Frames

We examine simulated annealing trajectories for
two representative frames to illustrate QUBO be-
havior under different regimes: a high-resource
frame (Identity/Group) and a mid-sized ambiguous
frame (Uncertain) (Figure 3).

Identity/Group. The sampler shows smooth an-
nealing: after brief exploratory fluctuations, en-
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Figure 4: QUBO hyperparameter trade-offs. Top: ef-
fect of A\.ons On Macro-F1 and redundancy across multi-
ple A\req settings. Bottom: effect of A4 across different
Acont Tegimes. Both parameters exhibit mid-range val-
ues that consistently improve diagnostic performance
while suppressing redundancy.

ergy decreases steadily. The Hamming curve ap-
proaches 1.0, indicating that most warm-start items
are replaced. Reliability rises toward 1.0 and re-
dundancy falls, consistent with effective selection
in a well-structured, data-rich frame.

Uncertain. Energy oscillates early, reflecting
many competing local minima from label ambigu-
ity and noisy reliability signals. Despite the irreg-
ular landscape, the sampler converges to a stable
low-energy subset that again largely replaces the
warm start and yields higher mean reliability with
lower redundancy.

Low-resource frames. When k£ > ngame (€.2.,
Public Health/Safety, Economic/Cost—Benefit, Se-
curity/Threat), the feasible set collapses to a sin-
gle solution and trajectories are flat; we omit these
boundary cases.

7.3 QUBO Trade-Offs

We performed a systematic sweep over QUBO
hyperparameters to study how the reliability
weight Aconf and redundancy penalty Aeq shape the
objective and the quality of selected weak labels.
For each setting, we measure intrinsic diagnostic
Macro-F1 and mean pairwise cosine similarity of
the selected subset (redundancy).

Effect of \¢onr. The top row of Figure 4 shows
that when Acopf is small, the optimiser under-uses
the reliability signal and behaves like distribution
matching, yielding lower Macro-F1 and higher re-
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Method Accuracy Macro-F1

0.6319
0.6278
0.6094
0.6237
0.6339

0.6237
0.6193
0.6039
0.6161
0.6254

SO (text only)

SD (text + DistMatch)

SN (text + noise)

SQshuf (text + shuffled QUBO)
SQ (text + QUBO)

FD (frames only, DistMatch)
FQ (frames only, QUBO)

0.4049
0.4397

0.3989
0.4177

Table 3: Downstream sentiment classification under
multiple feature configurations. Results on the held-
out gold test split using a shared BoW logistic regres-
sion classifier.?

dundancy. As Aconf increases, Macro-F1 improves
and stabilises, indicating that agreement-based re-
liability provides consistent guidance. Very large
values bias the optimiser toward repeatedly select-
ing a small set of highly prototypical sentences,
raising redundancy.

Effect of A\req. The bottom row of Figure 4 shows
that with A\eq =~ 0, the optimiser selects near-
duplicates, especially in high-confidence regimes.
Increasing Aq strongly suppresses redundancy
while largely preserving Macro-F1, revealing a
broad operating region. Excessively large penal-
ties eventually degrade performance by forcing se-
lection toward lower-quality or borderline exam-
ples.

Additional visualizations (Pareto frontier and
AF1 advantage map) are provided in Appendix B.

7.4 Downstream influence of QUBO-selected
framing features

We test whether QUBO-selected synthetic fram-
ing signals provide useful auxiliary information
for a supervised downstream task. Using the gold
women-driving sentiment dataset, we compare
seven feature configurations: text-only (S0), text +
DistMatch/QUBO framing features (SD, SQ), two
negative controls (SN, SQshuf), and framing-only
models (FD, FQ). All systems use the same BoW
logistic regression backbone and hyperparameters.
Table 3 reports accuracy and macro-F1 on the
held-out test split. The text-only baseline is strong
(SO0 macro-F1 = 0.624). Adding framing features
yields comparable performance: SQ is slightly
higher than SO and SD, but we do not claim a sta-
tistically significant improvement over text.
Crucially, SQ outperforms both negative con-
trols.  Injecting Gaussian noise (SN) reduces

Framing labels are fully synthetic (LLM-generated).
This downstream experiment is a conservative stress test of
feature transfer rather than a task-optimized benchmark.



macro-F1 to 0.604, and shuffling QUBO frame
probabilities (SQshuf) reduces macro-F1 to 0.616,
yielding the ordering SQ > SQshuf > SN. This pat-
tern indicates that QUBO-selected framing vectors
encode non-random, aligned structure, even if the
effect is modest in a BoW setting.

Framing-only models further isolate this signal.
While overall performance is lower than text-based
systems, both exceed chance, and the QUBO vari-
ant (FQ) consistently outperforms the DistMatch
baseline (FD), suggesting that QUBO produces
more informative framing representations when
lexical cues are removed.

Overall, QUBO-selected synthetic framing fea-
tures provide a small but systematic downstream
signal: they are robust to noise, sensitive to shuf-
fling, and stronger than distribution matching in
framing-only settings.

8 Discussion

Our experiments support an optimization-first
view of weak supervision for socially interpre-
tive tasks: multi-agent LLM annotation yields us-
able epistemic metadata, and QUBO subset selec-
tion converts these signals into compact, frame-
balanced subsets with reduced redundancy.

Epistemic metadata from multi-agent supervi-
sion. The discriminator partitions the synthetic
pool into two regimes. High-reliability instances
cluster near r; = 1 and receive stronger critic rubric
scores, while low-reliability instances cluster near
r; =~ 0 with weaker critic assessments (Table 2;
Figure 2). This aligns with prior work that in-
terprets persistent disagreement in subjective NLP
as ambiguity or perspective rather than simple er-
ror (Pavlick and Kwiatkowski, 2019; Davani et al.,
2022). We do not treat weak labels as semantically
correct; reliability is a selective-trust signal for cu-
ration, not a proxy for gold accuracy.

Why QUBO selection improves subset quality.
Redundancy is pairwise and is therefore poorly
controlled by pointwise heuristics or distribution
matching. Hyperparameter sweeps show that in-
creasing Aconf improves intrinsic diagnostic agree-
ment, while \q suppresses near-duplicates with
limited Macro-F1 loss across a broad operating re-
gion (Figure 4).

Conservative transfer beyond framing. On
the gold women-driving sentiment task, QUBO-
derived framing features remain competitive with
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the text-only baseline and outperform noise and
shuffling controls; framing-only models also bene-
fit from QUBO selection (Table 3). Because fram-
ing supervision is synthetic and the setup is conser-
vative, we interpret this as evidence of non-random
transferable structure, not improved framing accu-
racy.

Relation to classical weak supervision. Label-
model-centric frameworks typically rely on many
heterogeneous sources whose accuracies and de-
pendencies can be estimated. Here, a small
set of adaptive, prompt-driven LLM annotators
makes explicit dependency modeling brittle. We
therefore shift emphasis from aggregation to cu-
ration: compute instance-level reliability and use
it to drive fixed-budget, frame-balanced selection,
yielding cleaner training subsets without an ex-
plicit dependency graph.

Limitations and availability. Our QUBO objec-
tive scales quadratically with the number of can-
didates, and our empirical evidence is currently
limited to LLM-generated synthetic framing la-
bels and a single downstream transfer setting. Fu-
ture work should explore approximate and/or de-
composable solvers to improve scalability, run
broader stress tests across agent configurations,
model choices, and prompt variants, and incorpo-
rate light-weight human calibration when semantic
validity is critical. To support reproducibility, we
release the datasets, model versions, and prompts
used in our experiments.3

9 Conclusion

We introduced a reliability-aware weak supervi-
sion framework that pairs multi-agent LLM annota-
tion with a QUBO-based subset selector. By treat-
ing agreement, critic rubrics, and rationale consis-
tency as epistemic evidence, the selector curates
fixed-budget subsets that are more reliable and
less redundant than a size-matched distributional
baseline. A conservative out-of-domain transfer
test on gold-labeled women-driving sentiment in-
dicates that framing features learned from QUBO-
selected data encode non-random structure, outper-
forming noise and shuffling controls without de-
grading strong text-only baselines. Future work
will focus on scaling QUBO selection and incor-
porating light human calibration.

*https://github.com/Rababalkhalifa/
OptimizingWhatWeTrust
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A Dataset Construction and Statistics

This appendix provides additional details on
dataset construction, label distributions, and data
splits, omitted from the main paper for space rea-
sons.

A.1 Synthetic Weak Framing Dataset

Data Source and Generation. We construct a
synthetic Arabic framing corpus conditioned on
temporal public discourse. Starting from a longi-
tudinal Arabic Twitter collection spanning 2015-
2019, we extract dominant socio-political themes
per year and prompt an LLM to generate short,
aspect-focused statements reflecting these themes.

24

The generation process avoids the reuse of user-
authored content and is intended to capture realis-
tic framing patterns rather than reproduce original
tweets.

After deduplication, the resulting corpus con-
tains 2,733 sentences.

Framing Taxonomy Discovery. To identify a
stable framing taxonomy, we sample approxi-
mately 80 sentences from the synthetic corpus
and annotate them using the proposed multi-agent
framework. The agents consistently converged
on seven framing categories, which are fixed and
enforced throughout the full weak supervision
pipeline.

Label Distribution. Applying the multi-agent
framework to the full corpus yields a highly im-
balanced label distribution, summarized in Table 4.
The distribution is dominated by Identity/Group
and Moral/Religious frames, with several minority
categories below 4%. This imbalance motivates
the need for frame-balanced subset selection.

Frame Proportion (%)
Identity / Group 50.2
Moral / Religious 29.0
Uncertain 11.5
Public Health / Safety 33
Rights / Justice 2.9
Economic / Cost—Benefit 2.5
Security / Threat 0.6

Table 4: Label distribution of the synthetic weak fram-
ing dataset.

Train/Test Split. We perform an 80/20 stratified
train/test split, preserving both temporal and label
proportions. The split statistics are reported in Ta-
ble 5.

Dataset / Split Instances Percent
Weak Framing — Train 2,186 79.9%
Weak Framing — Test 547 20.1%

Table 5: Train/test split for the synthetic weak framing
dataset.

A.2 Women-Driving Sentiment Dataset
(Gold)

For out-of-domain evaluation, we use the women-
driving sentiment dataset introduced by Addawood
et al. (2018). The dataset contains 2,442 Arabic
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Figure 5: Pareto frontier of QUBO configurations.
Each point corresponds to a QUBO setting plotted
by Macro-F1 (higher is better) and redundancy (lower
is better). Highlighted points denote Pareto-efficient,
non-dominated solutions. The selected configuration
(star) achieves the highest Macro-F1 among all Pareto-
efficient settings, representing an accuracy-focused
choice within the non-dominated region.

tweets spanning 2012-2017 with three sentiment
labels: positive, neutral, and negative.

After removing duplicates, the dataset contains
2,442 unique tweets. The label distribution is:
1,002 positive (41.0%), 912 neutral (37.4%), and
528 negative (21.6%). We then perform an 80/20
stratified train/test split by sentiment label, yield-
ing 1,953 training and 489 test instances. This
dataset is not weakly supervised and is used solely
to assess whether framing representations learned
from synthetic data encode transferable structure.

B Additional QUBO Diagnostics

B.1 Pareto frontier of QUBO configurations

Pareto frontier. To identify principled operat-
ing points under competing objectives, we visu-
alised all QUBO configurations in the accuracy—
redundancy plane and computed the Pareto fron-
tier of non-dominated solutions (Figure 5). A con-
figuration is Pareto-efficient if no alternative simul-
taneously achieves higher Macro-F1 and lower re-
dundancy. The resulting frontier forms an upper-
left boundary of the configuration space, reflect-
ing the inherent trade-off between predictive per-
formance and redundancy. Among these Pareto-
efficient configurations, we select the setting with
the highest Macro-F1 (starred), prioritising accu-
racy while ensuring that redundancy is not dom-
inated. This single operating point is used con-
sistently across downstream experiments to avoid
frame-specific tuning and to preserve experimental
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Figure 6: QUBO vs. DistMatch: AF1 advantage
map. Each cell shows AF1 on diagnostic Macro-F1
for matched (Aconf, Area) settings (warm = QUBO higher
Macro-F1; cool = DistMatch higher Macro-F1).

comparability.

B.2 QUBO vs. DistMatch: AF1 advantage

map

We compared QUBO against the distribution-
matching baseline by computing the diagnostic
Macro-F1 difference for each matched (Aconf, Ared)
setting:

AF1 = Macro-Flqueo — Macro-F1 pjsimatch-

Figure 6 shows the resulting advantage map (warm
= QUBO better, cool = DistMatch better). Across
most of the grid, QUBO yields a small but consis-
tently positive advantage (typically AF1 ~ 0.001—
0.015) for Aconf > 0.3, while the corner case
Aconf = O is uniformly negative for Aq > O.
Notably, the strongest gains occur at Aeq = 0
with mid-to-high Acons (peaking around AF1
0.033-0.035), whereas increasing Arq reduces the
magnitude of the advantage but keeps it positive
over a broad region.

Overall, the heatmap indicates that incorporat-
ing reliability weighting (nonzero Aonf) provides
robust improvements over DistMatch, and that
moderate redundancy penalties trade off some of
that gain for lower redundancy, consistent with the
trade-off analysis.

~
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Abstract

Optimizer choice is a central hyperpa-
rameter in fine-tuning transformer models,
yet its impact remains under-studied for
Arabic-script social media classification un-
der class imbalance. We compare Adam,
AdamW, and SGD for fine-tuning QARiB
on two Arabic offensive-language bench-
marks, OffensEval20 and MPOLD, using a
controlled grid over learning rate, weight
decay, and warmup, and report test-set
performance as mean (std) over three ran-
dom seeds.

Minority-class discrimination is evaluated
using macro-F; and AUC-PRopp, while
calibration is assessed via expected cali-
bration error (ECE), reliability diagrams,
and proper scoring rules (Brier score and
negative log-likelihood, NLL). Across both
datasets, AdamW and Adam are consis-
tently strong and closely matched when
properly tuned, whereas SGD substantially
underperforms under the same tuning bud-
get and exhibits higher seed sensitivity.

We observe non-trivial miscalibration
across optimizers; post-hoc temperature
scaling offers a low-cost adjustment, yield-
ing modest, dataset-dependent changes in
calibration while preserving ranking-based
discrimination. =~ We further evaluate a
practical decision-rule step by optimizing
the classification threshold on the valida-
tion set and applying it to test predic-
tions, and provide qualitative examples il-
lustrating typical optimizer-dependent con-
fidence behaviors. In practice, for Ara-
bic offensive-language detection under im-
balance, we recommend starting from a
tuned AdamW or Adam baseline; when
calibrated probabilities are required for
thresholding or triage, temperature scaling
can be applied. We will release a repro-
ducible pipeline to support further evalua-
tion of optimizer—calibration trade-offs in
Arabic-script safety tasks.
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1 Introduction

Detecting offensive and abusive content in
Arabic social media is both societally impor-
tant and technically challenging due to di-
alectal diversity, code-mixing, noisy orthogra-
phy, and strong class imbalance between be-
nign and offensive content (Zampieri et al.,
2020; Mubarak et al., 2021). Dedicated Ara-
bic PLMs such as AraBERT, MARBERT, and
QARIB are now standard tools, but it remains
unclear how fine-tuning choices—especially op-
timizer choice and post-hoc calibration—affect
both discrimination and confidence in this set-
ting (Antoun et al., 2020; Abdul-Mageed et al.,
2021; Abdelali et al., 2021; Guo et al., 2017;
Shen et al., 2024; Xie et al., 2024).

Arabic-script user-generated text can fur-
ther amplify sensitivity through rich morphol-
ogy and cliticization, dialectal spelling vari-
ation, and orthographic inconsistency, which
complicate tokenization/normalization and in-
crease sparsity (Attia, 2007; Habash et al.,
2018; Alhafni et al., 2024). In this work,
we therefore keep preprocessing conservative
(minimal normalization) to preserve real-world
script variation; this choice better reflects de-
ployed settings but can amplify training noise,
making optimizer behavior and calibration ef-
fects more consequential.

Why Abjad (Arabic-script) relevance?
AbjadNLP targets Arabic and related Arabic-
script  languages (AbjadNLP  Organizers,
2026). Because real-world Arabic-script UGC
often contains orthographic and Unicode
inconsistencies that complicate normaliza-
tion/tokenization (Doctor et al., 2022), we
study optimizer—calibration behavior under
normalization to better reflect
deployed conditions.

Despite the central role of QARiB-like

minimal
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models in Arabic toxicity detection, opti-
mization choices during fine-tuning remain
under-examined in this setting. Adam-
style methods (Kingma and Ba, 2015) and
AdamW (Loshchilov and Hutter, 2019) dom-
inate NLP practice, yet work in other do-
mains suggests that SGD with momentum
can sometimes yield different generalization
behavior (Wilson et al., 2017). For imbal-
anced toxicity datasets such as OffensEval
2020 (Zampieri et al., 2020), the minority
OFF class is small but critical, making macro-
F; and precision—recall-based measures espe-
cially relevant. Post-hoc calibration methods
such as temperature scaling can adjust pre-
dicted confidence without changing score rank-
ings and may interact with optimizer choice
and training dynamics (Guo et al., 2017).

We address this gap by systematically com-
paring Adam, AdamW, and SGD when fine-
tuning QARiB for offensive-language detec-
tion on two Arabic datasets: OffensEval 2020
(Arabic) and MPOLD. Using a controlled grid
of learning rate, weight decay, and warmup set-
tings with matched seeds, we report discrim-
ination and calibration metrics, and analyze
how optimizer choice interacts with post-hoc
calibration.

Our findings offer evidence-based recom-
mendations for Arabic offensive-language de-
tection, and we provide a reproducible pipeline
(to be released upon acceptance) to encourage
further investigation of optimizer—calibration
interactions in Arabic-script NLP.
Contributions. We:

e provide a controlled optimizer compari-
son (Adam/AdamW/SGD) for QARiB
on two Arabic offensive-language bench-
marks (OffensEval20 and MPOLD),
jointly reporting discrimination (macro-
Fi;, AUC-PRopr, ROC AUC) and
calibration (ECE, reliability diagrams);

quantify sensitivity to common fine-
tuning choices (warmup and weight de-
cay) under matched random seeds and se-
lection by validation macro-Fy;

show that post-hoc temperature scaling
yields modest, dataset-dependent ECE
changes while preserving ranking-based
discrimination (Guo et al., 2017);
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e provide a configuration-driven, repro-
ducible pipeline; code/configs will be re-
leased upon acceptance.

2 Related Work

Optimizers for Transformers.
Adam (Kingma and Ba, 2015) is the de-
fault optimizer for pre-trained language
models such as BERT (Devlin et al., 2019)
because it is easy to tune and robust to
noisy gradients. A long-standing debate
contrasts adaptive methods with SGD with
momentum: adaptive optimizers can converge
faster yet sometimes generalize worse than
SGD (Wilson et al., 2017; Zhou et al., 2020).
For Transformer architectures, heavy-tailed
gradient noise and block-wise Hessian struc-
ture make SGD systematically underperform
Adam-style methods, even when SGD
competitive on other architectures (Zhang
et al., 2020, 2024). AdamW decouples weight
decay from the adaptive update and yields
more predictable regularization (Loshchilov
and Hutter, 2019). We adopt this perspective
and ask, in an Arabic social-media toxicity
setting, how much is gained by deviating from
a tuned AdamW baseline (Gkouti et al., 2024;
Halfon et al., 2024).

is

Optimizer choice in NLP fine-tuning.
For BERT-like models on small datasets, fine-
tuning can be unstable across seeds, with op-
timization and scheduling choices playing a
central role (Mosbach et al., 2021). System-
atic studies on GLUE (General Language Un-
derstanding Evaluation) and related bench-
marks find that, once learning rates are tuned,
adaptive optimizers behave similarly and that
tuning the learning rate alone often delivers
strong baselines (Gkouti et al., 2024; Halfon
et al., 2024). Our work aligns with this liter-
ature but focuses on a concrete, imbalanced
Arabic offensive-language detection task with
explicit calibration analysis.

Calibration and evaluation under im-
balance. In safety-critical applications, cal-
ibrated probabilities matter alongside Fj.
Modern neural networks are often over-
confident, motivating the use of ECE and
temperature scaling (Guo et al., 2017). For
LLMs, adaptation steps can degrade calibra-



tion, and auxiliary or adaptive temperature-
scaling methods help restore it without harm-
ing accuracy (Shen et al., 2024; Xie et al., 2024;
Murugesan et al., 2024). For imbalanced tasks
such as offensive vs. non-offensive detection,
precision-recall analysis is more informative
than ROC curves: ROC can be overly opti-
mistic when the positive class is rare, whereas
precision—recall curves and AUC-PR better
capture minority-class performance (Saito and
Rehmsmeier, 2015). We therefore evaluate
macro-F; and weighted F1, AUC-PR for the
OFF class, and ECE, tying optimizer choice
to both discrimination and calibration on Ara-
bic toxicity datasets.

3 Method
3.1 Task and Datasets

We study optimizer choice for Arabic offensive-
language detection, formulated as binary text
classification with labels OFF (offensive) and
NOT (non-offensive). We evaluate on two Ara-
bic user-generated text datasets that differ in
platform and genre: OffensEval 2020 (Arabic)
and MPOLD.

OffensEval 2020. We use the Arabic por-
tion of SemEval-2020 Task 12 (OffensEval)
and focus on Sub-task A (binary OFF vs.
NOT) (Zampieri et al., 2020; Mubarak et al.,
2021). Using the publicly available labeled
Arabic data, we construct disjoint stratified
train/validation/test split, preserving the class
prior in each split.

MPOLD. We wuse MPOLD (Chowd-
hury et al., 2020) under a binary map-
ping to OFF/NOT and wuse the fixed
train/validation/test split in our experi-
ments (Table 1). Because MPOLD includes
multi-platform, user-generated comments
and may contain annotation noise, we treat
results as benchmark guidance rather than
ground-truth for deployment.

We apply minimal preprocessing uniformly
across datasets: (i) we preserve emojis, elonga-
tions, and non-standard spellings; (ii) we strip
URLSs and user mentions (platform artifacts);
(iii) we normalize whitespace only (no Arabic
letter normalization and no diacritics removal
beyond what is present).
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3.2 Models and Fine-tuning Setup

We fine-tune the Arabic Transformer encoder
QARiIB (Abdelali et al., 2021), a BERT-style
model (Devlin et al., 2019) with 12 layers, 12
attention heads, and hidden size 768. We at-
tach a linear classification head on the [CLS]
representation and train end-to-end with cross-
entropy loss.

Unless otherwise stated, all experiments use
batch size 16, maximum sequence length 256,
and FEp.x = 5 epochs, with global gradient-
norm clipping at 1.0. Weight decay is applied
to all non-bias, non-LayerNorm parameters.

Optimization details. For Adam/AdamW
we use $1=0.9, $2=0.999, e=10"%; for SGD
we use momentum 0.9. We evaluate once per
epoch and apply early stopping on validation
macro-F1 with patience p=2; we report the
best checkpoint per run. Each configuration
is run with three random seeds and we report
mean =+ std.

3.3 Optimizers and Hyperparameter
Grid

We compare SGD, Adam, and
AdamW (Kingma and Ba, 2015; Loshchilov
and Hutter, 2019). Following prior work (Mos-
bach et al., 2021; Gkouti et al., 2024; Halfon
et al., 2024), we first run a coarse learning-rate
sweep (1,2,3,5) x 107 under fixed weight
decay and warmup for each optimizer. Based
on validation macro-F; and stability, we
select Nadamw = 2 X 1075, nggp = 1074, and

set Nadam = NAdamW-
When A = 0, AdamW reduces to Adam be-

cause the decoupled weight-decay term van-
ishes (Loshchilov and Hutter, 2019).
The main grid compares:

e AdamW: = 2 x 107°, A\ € {0,0.01},
w € {0,0.06};

o Adam: same (9, \,w) as AdamW;
e« SGD: 5 =10"% X\ =0.01, w € {0,0.06};

with seeds s € {42,1978,2025} for all optimiz-
ers and for both datasets.

3.4 Learning Rate Schedule and
Warmup

All runs use the standard linear warmup + lin-
ear decay schedule (Devlin et al., 2019) with



Table 1: Dataset splits and class distribution for OffensEval 2020 (Arabic) and MPOLD under our binary
setup (OFF vs. NOT). Percentages are within each split.

Dataset Split NOT OFF Total %OFF
Train 5,402 1,341 6,743 19.9
OffensEval20  Val 1,158 288 1,446 19.9
Test 1,158 288 1,446 19.9
Train 2,327 473 2,800 16.9
MPOLD Val 499 101 600 16.8
Test 499 101 600 16.8

warmup ratio w € {0,0.06}; the schedule is
held fixed across optimizers (only 7, A, and
optimizer dynamics vary).

3.5 Evaluation Metrics and
Calibration

Because offensive content is relatively rare,
raw accuracy can be misleading. Follow-
ing best practices for imbalanced classifica-
tion (Saito and Rehmsmeier, 2015), we re-
port macro-F; and weighted F; and AUC-PR
for the offensive class (AUC-PRopp), which
is more informative than ROC AUC in this
regime.

To assess probability calibration, we com-
pute expected calibration error (ECE) (Guo
et al., 2017) on the test set for the class prob-
ability p(OFF). We partition p(OFF) € [0, 1]
into M equal-width bins (we use M=15) and
compute ECE as the weighted average of the
per-bin absolute gap between empirical accu-
racy and mean confidence.

ECE limitation. ECE is sensitive to the
choice of binning scheme and the number of
bins, and commonly used plug-in estimators
can be biased in finite samples (Roelofs et al.,
2022; Kumar et al., 2019). We therefore treat
ECE as a comparative diagnostic (with fixed
M =15 across all runs) and complement it with
reliability diagrams (Section 4.3); for visualiza-
tion we use quantile binning in the diagrams to
reduce sampling artifacts, while keeping equal-
width binning for the scalar ECE to preserve
comparability with prior work.

Given that modern neural networks tend to
be over-confident (Guo et al., 2017), and opti-
mizer choice can affect calibration, we report
ECE alongside macro-Fi, weighted Fi, and
AUC-PRopr. All experiments are launched
through a configuration-driven script that logs
all hyperparameters and metrics to JSON files;
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code and configuration files will be released af-
ter acceptance in an anonymized repository.

4 Results

We report results on OffensEval20 and
MPOLD using the same training and eval-
uation pipeline. For each dataset and op-
timizer family, we select the best configura-
tion by validation macro-F; and report test-
set metrics as mean (std) over three ran-
dom seeds s € {42,1978,2025}. Because
OFF is the minority class (Table 1), we em-
phasize macro-F; and AUC-PRopr (alongside
ROC AUC and calibration via ECE), following
prior recommendations for imbalanced evalu-
ation and probability calibration (Saito and
Rehmsmeier, 2015; Guo et al., 2017).

Table 2 summarizes best-per-optimizer test
performance for both datasets. Overall,
AdamW and Adam are competitive, while
SGD lags substantially in minority-class dis-
crimination (macro-F; and AUC-PRorr), es-
pecially on MPOLD, and shows higher seed
variability (e.g., larger std in AUC-PRopp).

Calibration reporting convention. For
comparability across optimizers, the ECE col-
umn in Table 2 reports temperature-scaled
ECE (ECE (TS)): for each run, we fit a
single temperature on the validation set and
compute ECE on the test set (Guo et al.,
2017). Because temperature scaling does not
change the argmax class prediction and pre-
serves score ordering, it leaves macro-F; and
ranking-based metrics (AUC-PR, ROC AUC)
unchanged (Guo et al., 2017); we therefore re-
port the same discrimination metrics alongside

ECE (TS).

Selected configurations. Selection by
validation macro-F; yields: on MPOLD,
AdamW (2e-5, WD=0.01, w=0.00), Adam



Table 2: Best-per-optimizer test performance (mean + std over 3 seeds), per dataset. ECE (TS) denotes
temperature-scaled expected calibration error.

ROC AUC

ECE (TS)

Accuracy

0.9369 £ 0.0041
0.9352 £ 0.0085
0.7408 £ 0.0381

0.0710 £ 0.0300
0.0640 £ 0.0243
0.2849 £ 0.0048

0.9028 £ 0.0025
0.9117 £ 0.0060
0.6983 £ 0.0312

Dataset Optimizer macro-F; AUC-PRoFr
AdamW 0.8174 +0.0182 0.7812 + 0.0064
MPOLD Adam 0.8356 + 0.0232 0.7891 + 0.0148
SGD 0.6091 +0.0277  0.4252 + 0.0897
AdamW 0.9305 + 0.0069  0.9397 + 0.0046
OffensEval20 Adam 0.9305 + 0.0069  0.9397 + 0.0046
SGD 0.8670 + 0.0103 0.7971 + 0.0609

0.9780 £ 0.0024
0.9780 £ 0.0024
0.9428 £ 0.0069

0.0413 £ 0.0045
0.0413 £ 0.0045
0.1045 £ 0.0348

0.9555 £ 0.0052
0.9555 £ 0.0052
0.9112 £ 0.0076

(2e-5, WD=0.00, w=0.06), and SGD (le-
4, WD=0.01, w=0.06); on OffensEval20,
Adam/AdamW both select (2e-5, WD=0.00,
w=0.00) while SGD selects (le-4, WD=0.01,
w=0.06).

4.1 Minority-class behavior:
precision—recall analysis

Figure 1 plots PR curves for the OFF class for
the best configuration of each optimizer. As
discussed in Section 3.5, PR analysis is espe-
cially informative under class imbalance (Saito
and Rehmsmeier, 2015). For readability, we
plot a representative seed (s=42 when avail-
able), while Table 2 reports mean (std) over
seeds.

Adam vs. AdamW. On OffensEval20, the
best validation setting uses A=0 for both meth-
ods (Selected configurations), so AdamW re-
duces to Adam when the decoupled weight-
decay term is inactive (Loshchilov and Hut-
ter, 2019); accordingly, their PR curves
overlap (Figure 1) and test metrics are in-
distinguishable. On MPOLD, the selected
warmup/weight-decay settings differ (Selected
configurations), and the PR curves separate
slightly, with small but consistent differences
in macro-F; and AUC-PRopr.

SGD. SGD yields substantially worse PR
curves on both datasets and shows higher vari-
ability, matching the larger AUC-PRopf std
in Table 2.

4.2 Sensitivity to weight decay and
warmup

To assess robustness, we evaluate Adam and
AdamW across weight decay A € {0,0.01}
and warmup ratio w € {0,0.06}. Figure 2 re-
ports validation macro-F; (mean =+ std over 3
seeds) for each (A, w) setting on both datasets.
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Figure 1: PR curves for OFF (best config per op-
timizer; representative seed).

Across OffensEval20 and MPOLD, differences
are small relative to seed variance and the over-
all pattern AdamW = Adam remains stable;
on MPOLD, AdamW shows a slight advan-
tage in some A=0.01 settings, consistent with
decoupled weight decay affecting optimization
when A > 0 (Loshchilov and Hutter, 2019).

4.3 Calibration analysis

We assess calibration using ECE and reliabil-
ity diagrams (Guo et al., 2017), and we also
report proper scoring rules (Brier and NLL)
computed from saved probabilities (Table 3).
Across both datasets, Adam/AdamW are sub-
stantially better calibrated than SGD (lower
ECE (TS), Brier, and NLL; Tables 2 and 3),
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Figure 2: Validation macro-F; surface over weight decay A and warmup ratio w for Adam and AdamW
on OffensEval20 (a) and MPOLD (b). Values report mean-=tstd over three seeds; higher is better. When
A =0, AdamW reduces to Adam, explaining overlapping regions.

consistent with the reliability curves in Fig- 5 Conclusion
ure 3.

For Adam/AdamW, the reliability curves

are closest to the diagonal at low-to-mid prob-
abilities but fall below it at high p(OFF),
indicating over-confidence in high-probability
OFF predictions (Figure 3). Tempera-
ture scaling is a monotonic logit re-scaling
and thus preserves ranking metrics (Guo
et al., 2017); in our runs it yields mod-
est, dataset-dependent ECE shifts. For
AdamW (3 seeds), Raw—TS ECE changes
are small (OffensEval20:  0.0450—0.0415;
MPOLD: 0.0686—0.0727), so we interpret
scalar ECE alongside the diagrams and scor-
ing rules (Table 3).
Qualitative examples. AdamW often
avoids overconfident SGD errors on noisy
Arabic text: for a NON-OFFENSIVE exam-
ple (gold=0), AdamW assigns porr=0.0018
vs. SGD 0.5784; for an OFFENSIVE example
(gold=1), AdamW assigns 0.9966 vs. SGD
0.5005 (see Table 4).

We studied how optimizer choice affects fine-
tuning QARIB for Arabic offensive-language
detection under class imbalance on two bench-
marks (OffensEval20 and MPOLD), reporting
mean (std) test performance over three ran-
dom seeds.

AdamW and Adam were consistently strong
and closely matched when tuned, whereas
SGD substantially underperformed under the
same tuning budget and showed higher seed
sensitivity, especially on minority-class met-
rics. On OffensEval20, the selected best set-
tings use A=0, for which AdamW reduces to
Adam, explaining the overlapping behavior.

Calibration analysis shows non-trivial mis-
calibration across optimizers. Temperature
scaling provides a practical post-hoc adjust-
ment with modest, dataset-dependent changes
in ECE while preserving ranking-based dis-
crimination; we therefore interpret scalar ECE
together with reliability diagrams and comple-
mentary proper scoring rules (Brier score and
Validation-set threshold tuning (F;- negative log-likelihood, NLL).

OFF). Using the saved validation probabili-
ties for each seed, we swept a decision thresh-
old t € [0, 1] to maximize validation F-OFF,
then applied the resulting t* to the corre-

Practical takeaways. In our setting, we
recommend the following for Arabic-script
offensive-language detection:

sponding test probabilities. Table 5 shows o Optimizer choice: Start from a tuned
that this post-processing step yields small and AdamW or Adam baseline. SGD is a
optimizer-dependent effects on OffensEval20: weaker choice under the same tuning bud-
SGD benefits slightly on average, whereas get and shows higher seed sensitivity.
Adam/AdamW do not consistently improve,
indicating that the default 0.5 threshold is al- + Evaluation under imbalance: Priori-
ready near-optimal for the stronger optimizers tize macro-F1 and precision-recall-based
in this setting. metrics for the minority OFF class
(e.g., AUC-PRopr) alongside accuracy
and ROC AUC.
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Table 3: Proper scoring-rule calibration metrics on the test set (mean-+tstd over 3 seeds). Lower is better.

Dataset Optimizer Brier NLL N
AdamW 0.0830 = 0.0088 0.3846 +0.1249 3
MPOLD Adam 0.0791 4+ 0.0038 0.3469 +0.0851 3
SGD 0.2059 4+ 0.0041 0.6022 4+ 0.0084 3
AdamW 0.0443 + 0.0037 0.2201 +0.0121 3
OffensEval20 Adam 0.0443 + 0.0037 0.2201 +0.0121 3
SGD 0.0844 +0.0014 1.3994 4+ 0.9427 3
1o Calibration — OffensEval20 (pooled seeds) 10 Calibration — MPOLD (pooled seeds)
-_g ’ — = Perfectly calibrated ’,4” _g ’ — = Perfectly calibrated ,r”
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£ - £ 2=
0.0 = : ‘ ‘ ‘ “ 0.0 ‘ ‘ ‘ ‘
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1.0

Figure 3: Calibration summary on OffensEval20 (a) and MPOLD (b), pooled over three seeds. Top:
reliability diagram for p(OFF) using quantile bins; perfect calibration follows the diagonal. Bottom:
stacked histogram of predicted-class confidence max(p, 1 —p), showing how probability mass concentrates

at low/high confidence.

o Calibration for deployment: When
confidence scores are needed—e.g.,
for thresholding or human-in-the-loop
triage—apply  post-hoc
scaling and validate calibration using
both ECE and reliability diagrams (not
scalar ECE alone).

temperature

e Threshold tuning: The default 0.5 de-
cision threshold is not universally optimal
under class imbalance. When deployment
requires a specific operating point (e.g.,
prioritizing OFF recall), tune the thresh-
old on a held-out validation set and report
its impact on test performance.

We also include qualitative examples to con-
textualize common confidence patterns and er-
rors under different optimizers.

Future work should test the generality of
these findings across more Arabic-script lan-
guages, domains, and model families, includ-
ing parameter-efficient tuning.
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6 Limitations

Generalizability. Our experiments evalu-
ate QARiB fine-tuning on two Arabic
offensive-language benchmarks: (i) the Ara-
bic subset of OffensEval 2020, primarily tweet-
based and tied to a specific collection period
and annotation context (Zampieri et al., 2020;
Mubarak et al., 2021), and (ii) MPOLD, a
multi-platform Arabic news-comment dataset
with platform- and domain-specific language
patterns (Chowdhury et al., 2020). Accord-
ingly, the observed discrimination and cali-
bration trade-offs may not transfer to other
platforms, genres, or later time periods where
topic mix, dialect coverage, and community
norms shift. More broadly, these effects may
vary across Arabic PLM pretraining corpora
and tokenization/normalization choices used
in other model families.

Model and optimizer scope. We focus
on an encoder-only Transformer (QARiB with
a standard classification head) and compare
Adam, AdamW, and SGD (Kingma and Ba,



Table 4: Qualitative examples illustrating probability gaps (Ap = |p5§

AdamW_ p8ED 1) hetween AdamW

and SGD on noisy Arabic social media text (raw, unscaled probabilities).

Text (truncated Arabic)

Gold AdamW pog SGD pog

aab2 oy alw U O S L RE L Lk e Y @USER @USER
e boasay b dSee e b 4ggeeee» @USER @USER @USER @USER: RT

1 . .

sy s Aol B Ll (65 enyl 3l gl Jos> ) @USER @USER

0 0.0018 0.5784
0 0.0023 0.5090
1 0.9966 0.5005
1 0.9844 0.7571

Table 5: OffensEval20 validation threshold tuning for F;-OFF (meantstd over 3 seeds). Adam (not

shown) matches AdamW.

Opt. t* F,@0.5

F,@t* A

AdamW 0.3410 £ 0.5660 0.8747 £0.0150 0.8669 £ 0.0177 —0.0079 £ 0.0307

SGD

0.5348 £0.0088 0.7903 £ 0.0157 0.7961 4 0.0067 +0.0058 £ 0.0090

2015; Loshchilov and Hutter, 2019). Re-
sults may differ for other Arabic PLMs and
pretraining regimes (e.g., AraBERT (Antoun
et al., 2020), MARBERT (Abdul-Mageed
et al., 2021), or other QARIB variants (Ab-
delali et al., 2021)), which can change tok-
enization, domain coverage, and fine-tuning
dynamics. Other training recipes (e.g., alter-
native schedules/regularization, larger models,
adapters/LoRA), or optimizers (e.g., Adafac-
tor, Lion, quasi-second-order methods) could
yield different behavior. Thus, any optimizer
“ranking” is conditional on this model family
and fine-tuning regime.

Statistical limits. We report test metrics
as mean (std) over three random seeds (s €
{42,1978,2025}). While this improves robust-
ness over single-run reporting, three seeds pro-
vide limited power for strong claims, espe-
cially for calibration. For PR curves we vi-
sualize a representative seed for readability,
while tables remain seed-aggregated; PR anal-
ysis is particularly informative under class im-
balance (Saito and Rehmsmeier, 2015). For
reliability diagrams we pool predictions across
seeds after selecting the best run per (opti-
mizer, seed) by validation macro-F; , which
increases sample size per curve. Even so,
small std does not guarantee robustness under
broader initializations or wider hyperparam-
eter ranges. Additionally, validation-based
threshold selection can overfit: in Offensk-
val20 we observe high seed-to-seed variability
in ¢t* for Adam/AdamW, and corresponding
non-monotonic changes on test, so threshold
tuning should be treated as a deployment-time
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choice requiring careful validation.

Calibration dependence. ECE and reli-
ability plots depend on binning design and
on the probability target (here, p(OFF));
common ECE estimators can also be sensi-
tive in finite samples. To reduce reliance
on binning-based ECE alone,
port Brier score and NLL as complemen-
tary proper scoring rules. Consequently, cal-
ibration differences between optimizers (and
the apparent effect size of temperature scal-
ing) should be viewed as indicative. Tem-
perature scaling preserves prediction rank-
ings and can improve likelihood-based cali-
bration, but its effect on ECE can be mod-
est and dataset-dependent under different bin-
ning/aggregation choices (Guo et al., 2017,
Roelofs et al., 2022; Kumar et al., 2019).
Stronger conclusions would require more seeds,
binning-sensitivity analysis, and cross-domain
evaluation.

we also re-

Ethical use. Automatic offensive-language
detection is high-impact: errors can lead to
over-filtering or under-detection, and perfor-
mance may vary across dialects and writ-
ing styles that are under-represented in train-
ing data (Mubarak et al., 2021). Deploy-
ing language technologies in moderation set-
tings can introduce or amplify harms with-
out transparency and appropriate human over-
sight (Bender et al., 2021; Gallegos et al.,
2023). Accordingly, the models studied here
are not intended as stand-alone moderation
systems; they should be treated as components
in a broader pipeline with documented policies,
human review, and appeal mechanisms.
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Abstract

We introduce the Tarab Corpus, a large-
scale cultural and linguistic resource that
brings together Arabic song lyrics and po-
etry within a unified analytical framework.
The corpus comprises 2.56 million verses
and more than 13.5 million tokens, mak-
ing it, to our knowledge, the largest open
Arabic corpus of creative text spanning
both classical and contemporary produc-
tion. Tarab is broadly balanced between
songs and poems and covers Classical Ara-
bic, Modern Standard Arabic (MSA), and
six major regional varieties: Egyptian, Gulf,
Levantine, Iraqi, Sudanese, and Maghrebi
Arabic. The artists and poets represented
in the corpus are associated with 28 mod-
ern nation states and multiple historical
eras, covering over fourteen centuries of
Arabic creative expression from the Pre-
Islamic period to the twenty-first century.
Each verse is accompanied by structured
metadata describing linguistic variety, geo-
graphic origin, and historical or cultural
context, enabling comparative linguistic,
stylistic, and diachronic analysis across
genres and time. We describe the data
collection, normalisation, and validation
pipeline and present baseline analyses for
variety identification and genre differenti-
ation. The dataset is publicly available
on HuggingFace at https://huggingface.
co/datasets/drelhaj/Tarab.

1 Introduction

Arabic is characterised by rich linguistic vari-
ation across geography, social context, and
historical period. Modern Arabic exists in a
continuum between Modern Standard Arabic
(MSA) and diverse regional dialects, each with
distinct phonological, morphological and lexi-
cal properties (Habash, 2010). Dialectal Ara-
bic has received increasing attention in recent
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years due to its prevalence in real-world com-
munication and the limitations of resources
focused only on MSA (Zaidan and Callison-
Burch, 2014; El-Haj et al., 2018; Bouamor et al.,
2018). However, most existing Arabic corpora
are drawn from news, Wikipedia, or social me-
dia, leaving creative forms of language such as
song lyrics and poetry significantly underrep-
resented (Attia et al., 2008; Obeid et al., 2020;
El-Haj and Ezzini, 2024).

Song lyrics and poetry are valuable for Ara-
bic NLP because they encode features that
are often absent from standard corpora, in-
cluding rhyme, metre, emotional expression,
repetition, discourse parallelism, and genre-
specific conventions. These genres frequently
include dialectal intensity, morphological varia-
tion, and non-standard orthography (Darwish,
2013; Habash, 2010), as well as code-switching
between Arabic varieties and other languages
(Habash et al., 2014; El-Haj and Ezzini, 2024).
Poetry also captures Classical Arabic forms
across historical eras, offering opportunities
for diachronic linguistic analysis (Al-Shaibani
et al., 2020; Qarah, 2024). Despite this linguis-
tic richness, there is currently no large-scale,
publicly available corpus that unifies both Ara-
bic song lyrics and poetry in a way that sup-
ports comparative analysis across dialects, gen-
res, and historical periods.

This paper introduces the Tarab Corpus, a
large-scale resource of Arabic creative language
encompassing both song lyrics and poetry
across modern and historical contexts!. Tarab,
often translated as musical ecstasy or aesthetic
rapture, refers to a culturally grounded affec-
tive state of deep emotional engagement ex-
perienced in Arabic musical and poetic tradi-

"https://huggingface.co/datasets/drelhaj/
Tarab
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tions. The corpus comprises 2,557,311 verses
and 13,509,336 tokens, with each verse anno-
tated for linguistic variety, geographic origin,
and historical or cultural context. Tarab spans
texts from contemporary popular music and
modern poetry to classical literary traditions
associated with major historical eras, captur-
ing Arabic language use across time, region,
and genre. In contrast to existing resources
that are typically restricted to a single variety
or domain (Zaidan and Callison-Burch, 2014;
Bouamor et al., 2018), Tarab enables cultural,
computational, and sociolinguistic research at
a scale and level of diversity not previously
available.

2 Related Work

Arabic language resources have expanded in
recent years, yet most available corpora fo-
cus on news and encyclopaedic text (El-Haj
and Koulali, 2013; Antoun et al., 2020). Ma-
jor efforts such as the Arabic Gigaword Cor-
pus (Parker et al., 2011) and the OSTAN web
corpus (Zeroual et al., 2019) support large-
scale modelling of Modern Standard Arabic
(MSA) but do not address dialectal or cre-
ative linguistic forms. With the rise of interest
in Arabic dialect processing, several dialectal
corpora have been introduced, including the
Arabic Online Commentary dataset (Zaidan
and Callison-Burch, 2011), the MADAR cor-
pus of parallel sentences across Arabic cities
(Bouamor et al., 2018), and country-level social
media corpora (Alhazmi et al., 2024; Abdelali
et al., 2020). These resources enabled progress
in dialect identification, but they are limited
to prose and do not represent verse or musical
language.

Work on Arabic poetry and cultural text
remains relatively scarce in NLP. Projects such
as OpenlTI (Padillo-Saoud, 2019) and Shamela
(Belinkov et al., 2016) have made important
progress in digitising classical Arabic texts,
and the AlKhalil morphological analyser for
Classical Arabic (Boudlal et al., 2010; Boud-
chiche et al., 2017) enables heritage text analy-
sis. However, these collections focus primarily
on prose rather than poetry or song. Arabic
poetry has been studied computationally in
the context of metre classification (Al-Shaibani
et al., 2020; Mutawa and Alrumaih, 2025), but
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available datasets are small in scale and con-
strained to classical forms. There remains a
gap in large unified poetic corpora that also
include modern verse and dialectal variation.

Song lyrics represent another creative do-
main that reflects informal language and dialec-
tal richness, but they are significantly underrep-
resented in Arabic NLP. Lyrics exhibit features
such as rhyme, repetition and colloquial mor-
phology, making them useful for studying lin-
guistic variation and stylistic modelling. El-Haj
(2020) introduced the Habibi Lyrics Corpus ,
one of the first Arabic lyrics resources covering
multiple dialects. That work demonstrated the
value of lyrics for dialect identification, but it
was limited to musical content and did not in-
clude poetry or historical linguistic dimensions.

The Tarab Corpus builds on this line of
research by extending the scope of creative
Arabic resources beyond lyrics to also include
poetry. Unlike previous datasets, Tarab inte-
grates both modern and classical text, linking
verse-level entries to dialect, origin and histori-
cal metadata. This makes it possible to study
variation across genre, geography and histori-
cal period within a single framework. To our
knowledge, this is the first Arabic resource to
unify lyrics and poetry at scale for linguistic,
cultural and computational analysis.

3 Corpus Creation and Design

The Tarab Corpus is a large-scale resource of
Arabic creative expression that brings together
song lyrics and poetry within a single, uni-
fied framework. Rather than treating these
genres as separate cultural artefacts, Tarab
adopts the verse as its basic unit of analysis,
enabling systematic comparison across genre,
linguistic variety, geography, and historical pe-
riod. This design supports analyses that span
performance, literature, and orality, which are
difficult to conduct using existing Arabic re-
sources that focus primarily on prose or single
varieties.

Tarab captures both contemporary and her-
itage forms of Arabic creativity. It combines
a broad spectrum of song lyrics drawn from
popular, folk, and religious repertoires with a
substantial body of Arabic poetry ranging from
early literary traditions to modern poetic prac-
tice. In total, the corpus comprises 2,557,311



verses and more than 13.5 million tokens, rep-
resenting 89,166 distinct works produced by
2,598 unique creators (2,060 singers and 538
poets) associated with 28 modern countries
and major historical eras, from the Pre-Islamic
period through successive Islamic dynasties to
the present. Linguistic coverage spans Classical
Arabic, Modern Standard Arabic (MSA), and
six major regional dialect groups, supporting
research that connects Arabic literary heritage
with contemporary popular culture.

Tarab is constructed from three main
streams. First, the poetry component builds
on an openly available Arabic poetry collec-
tion released on Kaggle?. Second, the lyrics
component includes material from the Habibi
corpus (El-Haj, 2020). Third, we extend cov-
erage by crawling additional publicly accessi-
ble web pages containing lyric text. Crawling
was restricted to sites that permit automated
access, operationalised by checking that the
site’s robots.txt does not disallow retrieval
of the relevant paths. The final dataset is repre-
sented uniformly at verse level, with all sources
normalised into the same schema described in
Section 3.2.

3.1 Creative scope

Tarab draws from two primary creative do-
mains: song lyrics and poetry. The lyrics
component spans a wide range of stylistic and
cultural contexts rather than fixed, explicitly
annotated genres. These include mainstream
popular songs, religious (din?) material, hip-
hop and rap, and songs associated with partic-
ular musical styles or performance traditions
such as Khaleeji and Maghrebi. These stylistic
categories are not treated as mutually exclusive
labels tied to artist nationality or dialect. For
instance, a song may be performed by an artist
from Tunisia, contain Maghrebi dialectal fea-
tures, and yet follow a Khaleeji musical style.
Such distinctions are preserved through sep-
arate metadata fields and auxiliary resources
rather than collapsed into a single genre label.

The poetry component includes both con-
temporary poetry and heritage poetry. Con-
temporary poems are associated with modern
national origins, such as Iraq, the United Arab
Emirates, or Palestine, while heritage poetry is

*https://www.kaggle.com/datasets/
ahmedabelal/arabic-poetry
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linked to major historical periods including the
Abbasid, Ayyubid, Andalusian, Mamluk, and
Ottoman eras. This dual representation en-
ables the study of poetic language across both
modern sociocultural contexts and long-term
historical trajectories. Together, the two do-
mains provide a continuous view of Arabic cre-
ative language across performance traditions,
registers, and time, while allowing dialect, style,
and origin to be analysed independently.

3.2 Verse-level representation and
schema

All content in Tarab is represented using a
unified verse-level schema. Fach verse oc-
cupies a single row and is linked to its par-
ent work through stable identifiers, allowing
both fine-grained linguistic analysis and re-
construction of full songs or poems when
needed. The schema includes the follow-
ing fields: art_id, artist_id, artist_name,
art_title, writer, composer, verse_order,
verse_lyrics, origin (modern country or his-
torical era), dialect, and type (song or poem).
This representation supports longitudinal anal-
ysis, cross-genre comparison, and reproducible
experimentation across linguistic varieties and
historical periods.

3.3 Pre-processing

All text in Tarab is stored in UTF-8 and un-
dergoes minimal pre-processing in order to
preserve dialectal, orthographic, and stylistic
variation. Orthographic features that carry
linguistic or regional signal, such as Egyp-
tian alef magsura usage, Gulf vowel elonga-
tion, and Maghrebi conventions, are inten-
tionally retained. Verse segmentation follows
the line structure of the source material, and
the verse_order field preserves intra-song and
intra-poem sequencing. No stemming, lemmati-
sation, or stopword removal is applied, avoiding
the loss of information relevant to linguistic,
stylistic, and cultural analysis.

To ensure internal consistency and prevent
duplication, works are identified and validated
using a composite key defined over (art_id,
artist_id, verse_order). This allows re-
peated verses, alternative textual witnesses,
and variant performances to be handled sys-
tematically while preserving a clear notion of
what constitutes a distinct creative work.



3.4 Corpus composition and growth

Table 1 summarises the composition of the
Tarab corpus by genre. While poetry accounts
for a larger share of works and verses, the two
genres differ in average verse length, reflecting
stylistic differences between poetic and musical
forms.

Tarab represents a substantial expansion
over earlier Arabic lyrics resources. Compared
to the Habibi corpus (El-Haj, 2020), which con-
tains 527,896 lyric verses, Tarab increases the
total number of verses by a factor of 4.8, incor-
porating an additional 1,387,283 verses of po-
etry alongside 642,221 further lyric verses. This
expansion broadens the scope from purely mod-
ern musical texts to a unified collection span-
ning contemporary songwriting and classical
Arabic poetics. The corpus_version field in-
dicates whether a song was originally present in
the Habibi corpus, supporting controlled anal-
yses of diachronic and genre variation. Habibi
corpus did not include poetry. Figure 1 illus-
trates the relative contribution of each corpus
version.

Subset Works Verses Tokens Avg tokens/verse
Songs 34,239 1,170,028 6,989,019 4.9
Poems 54,927 1,387,283 6,520,317 5.6
Total 89,166 2,557,311 13,509,336 5.3

Table 1: Composition of the Tarab corpus by genre,
showing the number of works, verses, tokens, and
average verse length.

Token growth comparison: Tarab vs Habibi

10

Tokens (millions)

Habibi Tarab
Corpus version

Figure 1: Corpus growth in scale compared to ear-
lier Arabic lyrics resources.

4 Linguistic, Geographic, and
Structural Coverage

This section describes the linguistic, geo-
graphic, and structural properties of the Tarab

corpus, followed by a detailed analysis of its
lexical and stylistic characteristics. Together,
these perspectives provide a comprehensive ac-
count of how Arabic creative language is dis-
tributed, structured, and realised across di-
alects, genres, and historical contexts.

4.1 Linguistic and dialectal coverage

At the linguistic level, Tarab spans Classical
Arabic, Modern Standard Arabic (MSA), and
six major regional dialect groups. Table 2 sum-
marises the distribution of verses by dialect, to-
gether with vocabulary size and average verse
length. Classical Arabic and MSA together
account for a substantial proportion of the cor-
pus, reflecting the prominence of poetry and
formal literary production. In contrast, song
lyrics contribute extensive coverage of spoken
regional varieties, including Egyptian, Gulf,
Levantine, Iraqi, Sudanese, and Maghrebi Ara-
bic, ensuring that contemporary vernacular
usage is well represented.

Dialect Verses Vocab size  Avg tokens/verse % of corpus
Classical 937,473 1,044,325 4.7 36.7
MSA 449,810 577,073 4.6 17.6
Egyptian 308,714 120,507 6.3 12.1
Gulf 308,249 133,599 6.1 12.1
Levantine 250,276 119,455 5.9 9.8
ITraqi 156,153 73,531 5.5 6.1
Sudanese 89,226 58,092 5.7 3.5
Maghrebi 57,410 33,762 6.0 2.2

Table 2: Vocabulary size and average verse length
by dialect in the Tarab corpus.

4.2 Geographic and historical
provenance

Tarab incorporates material associated with
both modern nation states and major historical
eras, spanning over fourteen centuries of Arabic
creative text, from pre-610 CE poetry to con-
temporary songs and modern poetic production
in the twenty-first century. Figure 2 shows the
most prominent origins by verse count. Modern
countries such as Egypt, Lebanon, and Saudi
Arabia contribute a large share of song lyrics,
while historical periods including the Abbasid,
Andalusian, and Mamluk eras account for a
substantial proportion of the poetic material.
This explicit separation between geographic
origin and historical era enables analysis across
time and space without conflating linguistic
variety with chronology.

Table 3 presents the full distribution of
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Figure 2: Top origins by verse count, including
modern countries and historical eras.

works, tokens, and verses across modern coun-
tries and historical eras.

Origin ‘Works Tokens Verses
Egypt 11,182 2,429,198 414,914
Abbasid Era 13,456 1,431,613 303,378
Lebanon 7,390 1,390,369 253,143
Saudi Arabia 6,575 1,193,549 197,384
Iraq 4,913 1,034,427 195,165
Ayyubid Era 5,018 690,972 143,768
Andalusian Era 4,410 616,022 130,040
Ottoman Era 3,937 502,892 108,743
Mamluk Era 6,095 490,866 102,999
Syria 2,820 517,833 99,693
Sudan 2,683 507,783 89,829
Kuwait 1,962 361,052 61,867
Palestine 1,429 271,712 56,448
United Arab Emirates 1,719 310,004 54,462
Islamic Era 2,351 264,482 54,081
Morocco 1,259 235,739 41,298
Era of the Mukhadramun 2,167 192,953 40,692
Pre-Islamic Era 1,989 175,622 36,826
Tunisia 1,072 168,709 31,671
Yemen 1,360 153,797 30,535
Algeria 807 129,197 25,157
Umayyad Era 2,360 124,200 24,817
Jordan 775 125,656 23,574
Oman 872 95,100 19,872
Bahrain 207 35,515 5,863
Qatar 199 33,696 5,723
Libya 133 18,292 3,775
Mauritania 27 8,086 1,594
Total 89,166 13,509,336 2,557,311

Table 3: Distribution of works, tokens, and verses
across modern countries and historical eras.

4.3 Structural properties of verses

At a structural level, verses in Tarab are typ-
ically short. Figure 3 shows the distribution
of tokens per verse, with most verses falling
between three and eight tokens.

4.4 Dialectal lexical variation

Given this distributional profile, Tarab exhibits
linguistic behaviour that differs markedly from
newswire and social media corpora commonly
used in Arabic NLP. Lexical choice and to-
kenisation patterns are shaped by creative con-
straints, including metre, repetition, and per-
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Figure 3: Distribution of verse lengths across the
Tarab corpus.

formance, rather than sentence-based prose
structure.

Dialectal variation is particularly visible in
vocabulary composition. Classical Arabic and
MSA display the largest vocabularies, consis-
tent with the lexical richness and stylistic range
of poetic language. Regional dialects, while
smaller in vocabulary size, exhibit strong lex-
ical distinctiveness and longer average verse
lengths, especially in song lyrics.

Beyond aggregate statistics, Tarab exhibits
clear and systematic dialectal differentiation
that reflects regionally grounded usage across
the corpus. This diversity is evident in the
high-frequency lexical items summarised in Ta-
ble 4, which highlight recurrent dialect-specific
forms rather than shared pan-Arabic vocab-
ulary. Across regional varieties, these items
include characteristic discourse particles, ad-
dress forms, and affective expressions that are
widely attested in spoken interaction and cre-
ative language.

For instance, Maghrebi varieties show fre-
quent use of forms such as e (why), Cun
(I want), and Jll (still), which are strongly
associated with Maghrebi Arabic. Similarly,
Gulf Arabic is characterised by vocative and
affective expressions such as ¢k 4 (where are
you) and 4~ L (my beloved), while Egyptian
and Levantine varieties exhibit colloquial parti-
cles and pronominal forms typical of everyday
speech. Together, the patterns illustrated in
Table 4 demonstrate that Tarab captures ro-
bust dialectal influence across regions, strength-
ening the corpus’s linguistic diversity and its
suitability for research on dialect modelling
and regional stylistics.



Dialect Common lexical items  Gloss (English)

Classical b, 0l L,J6 said, O/oh, indeed, on/upon, what

MSA o WAL0E eds ,é.N which/that, this, was, to, about

Egyptian el o5, 5, ,4) why, just, my heart, this, you

Gulf S ,c,\,»? i by where are you, my beloved, I love you, dear
Levantine 5,4 ls S what, my love, like this, still, my heart

how, I, my soul, you, where
enough/ok, what’s wrong, welcome, where, peace
I want, still, why, my love, my heart

o il dhoks
O bl il 23
b el oo

Iraqi
Sudanese
Maghrebi

Table 4: Examples of frequent lexical items by
dialect with English glosses.

4.5 Code-switching and multilingual
influence

Tarab contains natural but unevenly dis-
tributed instances of code-switching, over-
whelmingly concentrated in song lyrics. Code-
switching occurs in approximately 0.6% of song
verses and is virtually absent in poetry. At the
artwork level, around 2.3% of songs contain at
least one instance of code-switching, compared
to fewer than 0.1% of poems. Latin-script to-
kens account for about 0.44% of all song tokens
and are negligible in poetry.

The code-switched material consists primar-
ily of French and English lexical items, partic-
ularly in Maghrebi and Lebanese lyrics, includ-
ing mon amour, baby, merci, and fiesta. These
patterns align with contemporary sociolinguis-
tic practice in popular music and highlight
Tarab’s value for studying multilingualism and
language contact in Arabic creative contexts.

4.6 Word-level lexical structure

Beyond aggregate statistics, Tarab enables fine-
grained analysis of how lexical items associated
with different varieties and genres are organ-
ised in distributional space. To explore this,
we conduct a word-level analysis using Fast-
Text embeddings trained on the Tarab corpus.
Focusing on word types rather than verses or
documents allows us to examine lexical relation-
ships directly, without conditioning on higher-
level structural or stylistic units. This is par-
ticularly relevant for Arabic, where variation
across dialects and registers is often realised at
the lexical and morphological level.

FastText (Bojanowski et al., 2017) is well
suited to this setting, as its subword modelling
captures morphological variation and ortho-
graphic regularities characteristic of both stan-
dard and non-standard varieties of Arabic. We
retain the full vocabulary when training and
analysing the embeddings, allowing frequent
and infrequent items alike to contribute to the
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structure of the space. The resulting word
embeddings are projected into two dimensions
using t-SNE to support qualitative inspection
of how lexical items associated with different
varieties and genres are distributed within a
shared embedding space.

Vocabulary map (FastText + t-SNE), reference: Classical

Figure 4: Word-level vocabulary map with Classical
Arabic as the reference variety.

Figure 4 visualises the lexical space with
Classical Arabic as the reference variety. Classi-
cal Arabic forms a compact and largely isolated
region, with minimal overlap with dialectal vo-
cabularies. This pattern is consistent with the
specialised and genre-bound use of Classical
Arabic in Tarab, where its vocabulary tends
to occur in constrained poetic and rhetorical
contexts that are rarely shared with colloquial
varieties.

In contrast, Figure 5 shows Modern Stan-
dard Arabic (MSA) occupying a denser and
more permeable core of the lexical space. While
MSA vocabulary remains internally cohesive,
dialectal word forms are distributed around
and partially interleaved with it, suggesting
substantial lexical sharing and contextual prox-
imity. This organisation aligns with the role of
MSA in Tarab as a central written and semi-
formal register that co-exists with regional di-
alects, particularly in song lyrics.

It is important to note that this analysis
does not explicitly distinguish between poetic
texts and song lyrics. While Classical Arabic in
Tarab is predominantly realised in poetry, and
MSA material, though often poetic in form,
is frequently performed in songs, these genre
differences are not encoded in the embedding
space and are therefore conflated in the visual-
isation.

Figure 6 contrasts poems and song lyrics at
the word level. The visualisation shows a clear



Figure 5: Word-level vocabulary map with MSA as
the reference variety.

separation between poetic and lyrical vocab-
ularies once shared high-frequency items are
removed. Poetic vocabulary forms a compact
and internally cohesive region, consistent with
conventionalised lexical choices associated with
literary poetry. In contrast, song vocabulary
occupies a broader and more fragmented region
of the space, suggesting greater lexical diver-
sity and the coexistence of multiple expressive
strategies shaped by performance, repetition,
and colloquial usage.

Taken together, these visualisations point to
a layered lexical structure in Tarab: a highly
distinct Classical Arabic stratum, a central
and connective MSA layer, and regional di-
alects and song-specific vocabularies that com-
bine shared lexical material with clusters of
strongly distinctive items. This structure high-
lights the potential of Tarab as a resource for
studying lexical variation, register interaction,
and dialect-aware representation learning in

Arabic NLP.

Figure 6: Word-level vocabulary map contrasting
poems and song lyrics.
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5 Artist and Poet Coverage

The Tarab corpus includes 34,239 unique song
titles and 54,927 unique poem titles, reflecting
the cultural diversity of Arabic musical and
poetic heritage across both modern and his-
torical contexts. In contrast to the original
Habibi corpus (El-Haj, 2020), which ranked
artists using raw verse frequency alone, Tarab
adopts a more balanced ranking approach that
accounts for multiple dimensions of contribu-
tion. This reduces bias toward prolific artists
with short or repetitive works, as well as poets
with unusually long or formulaic compositions.

Specifically, we compute a composite contri-
bution score that equally weights three factors:
productivity (number of songs or poems), tex-
tual volume (total word count), and dataset
presence (total number of verses). Together,
these measures capture both the breadth and
depth of an artist’s or poet’s contribution to
the corpus. The score for each artist or poet is
computed as:

( )

where works refers to songs for lyric artists
and poems for poets. Tables 5 and 6 list the
most prominent contributors according to this
balanced score. The rankings reveal a mix-
ture of modern music figures, such as Fayruz
and Muhammad °Abdu, alongside canonical po-
ets from the Abbasid and Ottoman periods,
including al-Sharif al-Radi and Abu al-°Ala?
al-Ma‘arri. This distribution highlights the
cultural depth of the Tarab corpus and its
suitability for research in diachronic stylistics,
authorship studies, and cultural analytics.

1

score — : words verses works

max(words) + max(verses) + max(works)

Artist Songs Words  Verses
3 (Fayruz) 681 124,268 21,920
ode 4# (Muhammad ¢Abdu) 567 119,520 21,094
e IS (Talal Maddah) 523 93,836 13,926
g8 Wl (Asala Nagr1) 371 80,318 13,890
s 5, (Amr Diyab) 402 74,660 11,726
A, A s (°Abd Allah al-Ruwaishid) 413 68,320 12,062
& e 041 4e (°Abd al-Majid ©Abd AllZh) 307 68,640 12,346
Al rJ:'K (Kazim al-Sahir) 343 65,002 11,656
2l 48, (Rashid al-Majid) 360 65,271 10,352

376 60,505 9,368

i 1, (Rabih Saqr)

Table 5: Top lyric artists ranked by a balanced
contribution score with equal weighting of songs,
words, and verses.



Poet

s ~all 5l o) (Ibn Nubata al-Misr1)

2} < 20 (al-Sharif al-Radi)

G~ Sl 4T (Abi al-°Ala° al-MaCariT)
s+ ) 4e (°Abd al-Ghani al-Nabulus)
:s‘a:jl\ :_m_‘,:J\ (al-Sharif al-Murtada)

r”~ anl (Ahmad Muharram)

UHays 357 (Mahmud Darwish)

A3, ue (°Abd al-Ghaffar al-Akhras)
Skl &) (Tbn al-Sacat)

M) ol e (Safiyy al-Din al-HillT)

‘Words
129,088
147,974
113,018
120,823
130,799
130,615
117,286
112,462
102,802

86,857

Verses
26,567
31,953
23,576
26,508
27,561
27,399
23,357
23,669
21,225
18,236

Poems
1,726
677
1,609
962
587
437
470
378
519
898

Table 6: Top poets ranked by a balanced contribu-
tion score with equal weighting of poems, words,
and verses.

6 Ethical and Legal Considerations

Tarab is intended for research use. The cor-
pus contains text extracted from publicly ac-
cessible sources, including an openly released
poetry dataset and lyric text from Kaggle?, as
well as material from the Habibi corpus (El-
Haj, 2020). No audio, recordings, or musical
compositions are included. Because lyrics and
some modern poetic texts may be subject to
copyright, we distribute Tarab with an explicit
research-oriented usage statement and provide
a takedown mechanism for rights holders. The
release package is designed to support com-
putational analysis of linguistic and stylistic
patterns rather than to substitute access to
original works. The dataset is publicly avail-

able on HuggingFace https://huggingface.

co/datasets/drelhaj/Tarab.

7 Limitations and Future Work

While Tarab provides broad coverage of Arabic
creative language, it is not without limitations.
First, temporal metadata is coarse-grained for
parts of the corpus, particularly for heritage
poetry, where association with historical eras
is used in place of precise dates. This lim-
its fine-grained diachronic analysis at the year
or decade level. Second, although Tarab cap-
tures substantial dialectal diversity, dialect la-
bels are assigned at the verse or work level
and do not account for intra-textual mixing or
gradual register shifts within individual songs
or poems. Similarly, stylistic categories such
as musical style or performance tradition are
maintained separately from the core schema
and are not exhaustively annotated across the
entire dataset. Finally, the corpus focuses on

Shttps://www.kaggle.com/datasets/
ahmedabelal/arabic-poetry
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verse-level textual representation and does not
encode higher-level musical, prosodic, or perfor-
mance features that are central to many forms
of Arabic song. As a result, Tarab is best
suited to linguistic and stylistic analysis rather
than full multimodal or musicological study.
Future work could address these limitations by
enriching temporal metadata where feasible, ex-
panding auxiliary annotations related to style
and performance, and developing benchmark
tasks that leverage Tarab’s coverage of dialect,
genre, and historical depth. Future work could
also explore controlled extensions of the corpus
that support evaluation of downstream NLP
tasks such as dialect identification, authorship
attribution, and stylistic transfer.

8 Conclusion

This paper introduces the Tarab corpus, a large-
scale resource of Arabic creative language that
brings together song lyrics and poetry across
more than fourteen centuries, multiple genres,
and a wide range of linguistic varieties, and
is publicly available at https://huggingface.
co/datasets/drelhaj/Tarab. By adopting
the verse as a unified analytical unit and sepa-
rating dialect, origin, and stylistic practice in
its design, Tarab enables analyses that are dif-
ficult to support using existing Arabic corpora.
Through detailed coverage statistics and lexical
analyses, we showed that Tarab captures sub-
stantial dialectal diversity, clear genre differen-
tiation, and a layered lexical structure spanning
Classical Arabic, MSA, and regional varieties.
The corpus also preserves cultural depth by
representing both canonical poets and contem-
porary artists, providing a balanced view of
Arabic creative production across time. Tarab
is intended as a reusable resource for research
in Arabic NLP, computational sociolinguistics,
and digital humanities, supporting tasks such
as dialect modelling, authorship analysis, stylis-
tic variation, and representation learning. Fu-
ture work could extend the corpus with richer
temporal metadata, additional stylistic anno-
tations, and task-specific benchmarks, further
strengthening its role as a reference resource
for Arabic creative language.
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Abstract

Despite the advances in neural text to speech
(TTS), many Arabic dialectal varieties remain
marginally addressed, with most resources con-
centrated on Modern Spoken Arabic (MSA)
and Gulf dialects, leaving Egyptian Arabic—
the most widely understood Arabic dialect—
severely under-resourced. We address this
gap by introducing NileTTS: 38 hours of tran-
scribed speech from two speakers across di-
verse domains including medical, sales, and
general conversations. We construct this
dataset using a novel synthetic pipeline: large
language models (LLM) generate Egyptian
Arabic content, which is then converted to natu-
ral speech using audio synthesis tools, followed
by automatic transcription and speaker diariza-
tion with manual quality verification. We fine-
tune XTTS v2, a state-of-the-art multilingual
TTS model, on our dataset and evaluate against
the baseline model trained on other Arabic
dialects. Our contributions include: (1) the
first publicly available Egyptian Arabic TTS
dataset, (2) a reproducible synthetic data gen-
eration pipeline for dialectal TTS, and (3) an
open-source fine-tuned model. All resources
are released to advance Egyptian Arabic speech
synthesis research.

1 Introduction

Neural text-to-speech (TTS) has made remark-
able progress in recent years, with models like
Tacotron (Wang et al., 2017), FastSpeech (Ren
etal., 2019), and VITS (Kim et al., 2021) achiev-
ing near-human naturalness for high-resource lan-
guages. More recently, multilingual TTS systems
such as XTTS (Casanova et al., 2024) and VALL-
E (Wang et al., 2023) have demonstrated impres-
sive zero-shot voice cloning capabilities across dif-
ferent languages. However, this progress has not
been evenly distributed, as low-resource languages
and dialectal varieties remain significantly under-
served.
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Arabic presents a particularly challenging case
for TTS research. While Modern Standard Ara-
bic (MSA) has received considerable attention, the
spoken reality of the Arab world is far more di-
verse. Arabic has many regional dialects that differ
substantially in phonology, vocabulary, and syn-
tax, often to the point of mutual unintelligibility
(Abu Kwaik et al., 2018). Among these, Egyptian
Arabic holds a unique position: spoken natively
by over 100 million people and widely understood
across the Arab world due to Egypt’s dominant
media presence, it is arguably the most accessible
Arabic variety.

Despite its prominence, Egyptian Arabic re-
mains under-resourced for speech synthesis. While
prior work has explored Egyptian Arabic TTS
(Azab et al., 2023), (Lodagala et al., 2025), existing
resources are limited in scale, domain coverage, or
public availability. Current Arabic TTS systems
mainly target MSA or Gulf dialects, leaving Egyp-
tian Arabic speakers without state of the art tools.
As aresult, Egyptian Arabic speakers lack access
to quality TTS in applications like voice assistants
and audiobooks.

In this work, we address this resource gap by
introducing NileTTS' , a large-scale Egyptian Ara-
bic TTS dataset along with a fine-tuned speech
synthesis model. Our dataset comprises 38 hours
of transcribed Egyptian Arabic speech from two
speakers across three domains: medical, sales and
customer service, and general conversation.

A key contribution of our work is the novel syn-
thetic data generation pipeline used to construct
the dataset. Rather than relying on costly man-
ual recording, we leverage recent advances in gen-
erative Al: large language models (LLMs) gen-
erate Egyptian Arabic content across diverse top-
ics, which is then converted to natural-sounding

ICode: https://github.com/KickItLikeShika/Nil
eTTS

Proceedings of the 2nd Workshop on NLP for Languages Using Arabic Script (AbjadNLP 2026), pages 47-54
March 28, 2026. ©2026 Association for Computational Linguistics



speech using neural audio synthesis tools that
support Egyptian Arabic. The resulting audio
is automatically transcribed using Whisper (Rad-
ford et al., 2022) and segmented into utterances,
with speaker identities assigned via ECAPA-TDNN-
based speaker diarization (Desplanques et al.,
2020). Manual quality verification ensures tran-
scription accuracy and speaker consistency. This
pipeline offers a reproducible and scalable ap-
proach for creating TTS datasets for other low-
resource dialects.

To demonstrate the utility of our dataset, we
fine-tune XTTS v2 (Casanova et al., 2024), a state-
of-the-art multilingual TTS model with zero-shot
voice cloning capabilities. We evaluate the fine-
tuned model against the baseline XTTS v2, which
was trained on Arabic data from other dialectal
varieties. Our experiments show substantial im-
provements in intelligibility and speaker similarity.
Our contributions are as follows:

* We release NileTTS?, a large-scale Egyptian
Arabic TTS dataset comprising 38 hours of
transcribed speech across multiple domains.

* We present a reproducible synthetic data
generation pipeline combining LL.M-based
content generation, neural audio synthesis, au-
tomatic transcription, and speaker diarization.

* We provide an open-source fine-tuned XTTS
model® for Egyptian Arabic, serving as a base-
line for future research.

We publicly release all resources to facilitate fur-
ther research in Egyptian Arabic speech synthesis.

2 Related Work
2.1 Arabic Text-to-Speech

Arabic TTS research has primarily focused on Mod-
ern Standard Arabic (MSA), with systems lever-
aging both traditional concatenative methods and
neural approaches (Lodagala et al., 2025). For di-
alectal Arabic, resources remain scarce. Notable
exceptions include work on Gulf Arabic dialects,
which benefit from commercial interest in the Gulf
region.

For Egyptian Arabic specifically, two prior ef-
forts are most relevant. Azab et al. (2023) intro-
duced EGYARA-23, a 20.5-hour dataset featuring

Dataset: https://huggingface.co/datasets/KickIt
LikeShika/NileTTS-dataset

*Model: https://huggingface.co/KickItLikeShika
/NileTTS-XTTS
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a single male speaker narrating news and general
conversations, comprising 32,716 segments. While
substantial in size, the dataset is limited to one
speaker and two domains. More recently, Loda-
gala et al. (2025) presented SawtArabi, a multi-
dialect Arabic speech corpus that includes approxi-
mately one hour of Egyptian Arabic among several
other varieties. While valuable for cross-dialectal
research, the Egyptian Arabic portion is limited in
scale for dedicated TTS training.

Our work complements these efforts by provid-
ing a larger, more diverse resource: 38 hours of
Egyptian Arabic speech from two speakers (male
and female) across three distinct domains. Addi-
tionally, we introduce a synthetic data generation
pipeline that offers a reproducible approach for
future dataset expansion.

2.2 Synthetic Data for Speech

Synthetic data generation has emerged as a promis-
ing approach for low-resource speech tasks. Prior
work has explored using TTS systems to gener-
ate training data for automatic speech recognition
(Fazel et al., 2021), and text augmentation via
LLMs has shown success in NLP tasks (Ding et al.,
2024). Our work extends this paradigm to TTS
dataset construction, using LLMs for content gen-
eration and neural audio synthesis for speech pro-
duction—creating a fully synthetic pipeline that
requires no manual recording.

2.3 Multilingual TTS and XTTS

Recent advances in multilingual TTS have en-
abled models to synthesize speech across many lan-
guages from a single model. XTTS v2 (Casanova
et al., 2024), built on a GPT-style architecture with
voice cloning capabilities, supports over 16 lan-
guages including Arabic. However, its Arabic
training data primarily covers MSA and Gulf di-
alects. We finetune XTTS v2 on our Egyptian Ara-
bic dataset to adapt it to this under-served variety.

3 Dataset Construction

This section describes the construction of the
NileTTS dataset. We present a synthetic data gen-
eration pipeline that leverages large language mod-
els for content creation, neural audio synthesis for
speech generation, and automatic tools for tran-
scription and speaker identification. Figure 1 illus-
trates the complete pipeline.
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Figure 1: Overview of the NileTTS data generation pipeline. Egyptian Arabic content is generated by LLMs,
converted to speech via neural audio synthesis, transcribed and segmented using Whisper, and annotated with
speaker identities using ECAPA-TDNN embeddings. Manual quality control ensures accuracy before final dataset

compilation.

3.1 Content Generation

The first stage of our pipeline involves generating
Egyptian Arabic textual content using large lan-
guage models. We employ variants Gemini and
Claude to generate PDF-style reports on diverse
topics in authentic Egyptian Arabic dialect. We
target three domains to ensure topical diversity:

* Medical: Health topics, symptoms, treat-
ments, and medical advice

¢ Sales and Customer Service: Product dis-
cussions, negotiation scenarios, customer in-
teractions

* General Conversations: Everyday topics, so-
cial commentary, cultural discussions

For each generation, we prompt the LLM to write
an a report entirely in Egyptian Arabic dialect, ex-
plicitly avoiding Modern Standard Arabic. The
prompts specify the domain and request natural
conversational language that reflects how Egyp-
tians actually speak. This approach yields content
that is both topically diverse and linguistically au-
thentic to Egyptian Arabic.

The prompts used for content generation were
intentionally simple. We did not use complex
prompting strategies or explicit normalization rules;
instead, we directly instructed the model to gen-
erate reports in Egyptian Arabic while avoiding
Modern Standard Arabic. Dialect authenticity was
assessed qualitatively through manual inspection.
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In practice, both models consistently produced flu-
ent Egyptian Arabic content.

3.2 Audio Synthesis

The generated textual reports are then converted
to speech using NotebookLM’s audio generation
feature. NotebookLM produces podcast-style au-
dio discussions where two virtual hosts engage in
an in-depth natural conversation about the input
report. Crucially for our purposes, NotebookLM
supports high-quality Egyptian Arabic synthesis
with authentic dialect pronunciation. The audio
generation produces conversations featuring two
distinct speakers: one male and one female voice.
Both speakers maintain consistent voice character-
istics across all generated audio, which is essential
for TTS training data. Each generated audio file is
approximately 10-15 minutes in length, covering
the content of one PDF report in a conversational
format. We selected NotebookLM for several rea-
sons: (1) it produces natural, conversational Egyp-
tian Arabic speech rather than formal MSA; (2)
the two-speaker format provides speaker diversity
within a consistent voice identity; and (3) the audio
quality is suitable for TTS training without signifi-
cant artifacts.

3.3 Transcription and Segmentation

The generated audio files are processed using Ope-
nAI’s Whisper Large model (Radford et al., 2022)
for automatic transcription. Whisper provides ac-
curate Arabic transcription with word-level times-



tamps, which we use for segmentation. We seg-
ment the continuous audio into utterance-level
chunks. This constraint ensures manageable se-
quence lengths. Segmentation is performed at natu-
ral speech boundaries (pauses between utterances)
using the timestamp information from Whisper.
Segments shorter than 1 second or containing only
silence are discarded. Each segment is saved as an
individual WAV file along with its corresponding
transcription. This produces the paired (audio, text)
format required for TTS training.

3.4 Speaker Diarization

Since the source audio contains two speakers in
conversation, we must identify which speaker pro-
duced each segment. We employ a speaker diariza-
tion approach based on speaker embeddings. We
use the ECAPA-TDNN model (Desplanques et al.,
2020) from SpeechBrain (Ravanelli et al., 2021)
to extract speaker embeddings. ECAPA-TDNN
produces a 192-dimensional embedding vector for
each audio segment that captures the speaker’s
voice characteristics independent of linguistic con-
tent. Our diarization process works as follows:
1) Embedding Extraction: We extract ECAPA-
TDNN embeddings for all segments across mul-
tiple audio files, 2) Centroid Computation: Us-
ing K-Means clustering with k = 2, we identify
two cluster centroids representing the two speak-
ers’ average voice characteristics, and 3) Speaker
Assignment: For each segment, we compute the
Cosine Similarity between its embedding and both
centroids. The segment is assigned to the speaker
whose centroid is closest.

This approach reliably separates the two speak-
ers, as their voice characteristics (male vs. female)
are sufficiently distinct in the embedding space.
The computed centroids are saved and reused for
processing new audio files, ensuring consistent
speaker labels across the entire dataset.

3.5 Quality Control

While our pipeline is largely automated, we in-
corporate manual quality control to ensure dataset
quality. Human annotators reviewed a the whole
category for Sales and Customer Service, along
with a sample of the other 2 sections to verify the
following: 1) Transcription Accuracy: Check-
ing that the Whisper transcription correctly cap-
tures the spoken content, particularly for Egyptian
Arabic vocabulary and expressions that may differ
from MSA, 2) Speaker Consistency: Verifying
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Statistic Utterances Hours
Total 9,521 38.1
Training Set 8,571 -
Evaluation Set 950 -
Sales & Customer Service 4,975 21.0
General Conversations 2,979 11.2
Medical 1,567 59
SPEAKER_01 (Male) 4,865 -
SPEAKER_02 (Female) 4,656 -

Average Utterance Length 14.4 seconds

Table 1: NileTTS dataset statistics.

that the automated speaker labels correctly iden-
tify the speaker in each segment, and 3) Audio
Quality: Ensuring segments are free from artifacts,
truncation, or overlapping speech.

Segments with significant errors are corrected
or removed. This quality control step is essential
for maintaining dataset integrity, particularly for
dialectal content where automatic tools may have
higher error rates than for standard language vari-
eties.

3.6 Dataset Statistics

Table 1 summarizes the NileTTS dataset. The final
dataset comprises 38.1 hours of transcribed Egyp-
tian Arabic speech, totaling 9,521 utterances. We
split the data into training (90%) and evaluation
(10%) sets, ensuring both speakers appear in both
splits while keeping specific utterances exclusive
to one split. We ensure that there is no report-level
overlap between the training and evaluation sets,
and that the evaluation set contains unseen topics
and prompts not used during training. The dataset
covers three domains: Sales and Customer Ser-
vice is the largest (4,975 utterances, 21.0 hours),
followed by General Conversations (2,979 utter-
ances, 11.2 hours) and Medical (1,567 utterances,
5.9 hours). Speaker representation is well-balanced,
with SPEAKER_01 (male) contributing 4,865 ut-
terances and SPEAKER_02 (female) contributing
4,656 utterances. The conversational format nat-
urally produces roughly equal speaking time be-
tween both voices. The average utterance length
of 14.4 seconds provides sufficient context for TTS
training while remaining within typical sequence
length constraints. The dataset is formatted follow-
ing the XTTS v2 training data specification: each
utterance is stored as a WAV file, paired with its
transcription and speaker identifier in a metadata



Hyperparameter Value
Epochs 30
Batch Size 2
Gradient Accumulation Steps 8
Effective Batch Size 16
Learning Rate Se-6
Optimizer AdamW
Weight Decay le-2
Max Text Length 400 tokens

Table 2: Finetuning hyperparameters for XTTS v2 on
NileTTS.

CSV file. This ensures direct compatibility with
the XTTS fine-tuning pipeline and facilitates repro-
ducibility.

4 Model Finetuning

4.1 Base Model: XTTS v2

We finetuned XTTS v2 (Casanova et al., 2024), a
state-of-the-art multilingual text-to-speech model
developed by Coqui. XTTS v2 employs a GPT-
style autoregressive architecture that generates dis-
crete audio tokens, which are then decoded into
waveforms. The model supports zero-shot voice
cloning, allowing it to synthesize speech in a tar-
get voice given only a short reference audio clip.
XTTS v2 is pretrained on a large multilingual cor-
pus covering 16 languages, including Arabic. How-
ever, the Arabic training data primarily consists of
Modern Standard Arabic and Gulf dialects, leaving
Egyptian Arabic underrepresented. Our finetuning
adapts the model to Egyptian Arabic while preserv-
ing its voice cloning capabilities.

4.2 Finetuning Configuration

We finetuned the GPT component of XTTS v2 on
the NileTTS training set while keeping the DVAE
(audio tokenizer) frozen. We largely adopt the de-
fault hyperparameters and training setup provided
by the Coqui team’s finetuning codebase, with min-
imal modifications. Table 2 summarizes the key
training parameters.

Our primary modifications to the training
pipeline involve integrating Weights & Biases for
experiment tracking and implementing evaluation
metrics—including Word Error Rate, Character Er-
ror Rate, and Speaker Similarity—computed pe-
riodically during training to monitor convergence
and enable checkpoint selection.
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S Experiments and Results

5.1 Evaluation Setup

We evaluate our finetuned NileTTS model against
the baseline XTTS v2 model to measure improve-
ments in Egyptian Arabic synthesis quality. The
baseline is the pretrained XTTS v2, which includes
Arabic but primarily covers Modern Standard Ara-
bic and Gulf dialects.

We use the following evaluation metrics, com-
puted on the held-out evaluation set:

* Evaluation Loss: Combined text and mel-
spectrogram cross-entropy loss as defined by
the XTTS architecture.

* Word Error Rate (WER): We synthesize
speech from text, transcribe it using Whis-
per Large (Radford et al., 2022), and compute
WER against the original text. Lower WER
indicates higher intelligibility.

e Character Error Rate (CER): A finer-
grained intelligibility metric computed at the
character level.

* Speaker Similarity: Cosine similarity be-
tween ECAPA-TDNN (Desplanques et al.,
2020) speaker embeddings of synthesized and
reference audio. Higher similarity indicates
better voice cloning.

5.2 Results

Figure 2 illustrates the progress of evaluation met-
rics throughout training. All metrics show rapid
improvement in early training, with loss decreasing
and intelligibility metrics (WER, CER) improving
substantially within the first 20,000 steps. Beyond
this point, metrics begin to look more horizontal,
indicating diminishing returns from continued train-
ing.

Checkpoint Selection. Although we initially
planned for 30 epochs of training, we observe that
after approximately 8 epochs (around 35,000 steps),
the evaluation metrics stabilize with minimal fur-
ther improvement. Training was stopped after 13
epochs (55,719 steps) due to this reason. We se-
lect the checkpoint at step 34,289 (epoch 8), which
achieves a strong balance across all metrics. To
validate this selection, we synthesized 50 randomly
sampled utterances from the evaluation set and con-
ducted manual listening evaluation. The synthe-
sized speech demonstrated natural prosody, accu-
rate pronunciation of Egyptian Arabic phonemes,
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Figure 2: Evaluation metrics throughout training: (a) Evaluation Loss, (b) Word Error Rate, (c) Character Error
Rate, (d) Speaker Similarity. The red marker indicates the selected checkpoint at step 34,289 (epoch 8).

Model WER| CER| SpkSim 1
XTTS v2  26.8% 8.1% 0.713
NileTTS 18.8% 4.1% 0.755

Table 3: Comparison of baseline XTTS v2 Baseline and
finetuned NileTTS on Egyptian Arabic evaluation set.

and consistent preservation of speaker identity, con-
firming the checkpoint’s suitability for release.

Table 3 presents the final comparison between
the baseline XTTS v2 model and our finetuned
NileTTS model.

NileTTS achieves a 29.9% relative reduction
in Word Error Rate (from 26.8% to 18.8%) and
a 49.4% relative reduction in Character Error
Rate (from 8.1% to 4.1%), indicating significantly
improved intelligibility for Egyptian Arabic syn-
thesis. Speaker similarity improves from 0.713 to
0.755 (+5.9%), demonstrating better voice cloning.
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These results confirm that finetuning on dialect-
specific data yields substantial improvements in
TTS quality, even when the base model already
supports the target language family. We release the
NileTTS model weights publicly on Hugging Face
to serve as a foundation for future Egyptian Arabic
speech synthesis research.

6 Discussion and Limitations

6.1 Dataset Limitations

While NileTTS represents a significant resource
for Egyptian Arabic TTS, limitations should be
acknowledged. First, the dataset contains only
two speakers (one male, one female), which limits
speaker diversity. TTS models trained on limited
speaker data may not generalize well to synthesiz-
ing voices with different characteristics. Future
work should expand the dataset with additional



speakers to improve voice diversity.

Second, our dataset is constructed from synthet-
ically generated audio rather than recordings of
human speakers. Even though the used audio syn-
thesis tool produces high-quality Egyptian Arabic
speech with natural prosody. However, our evalu-
ation results suggest that the synthetic data is suf-
ficient for training effective TTS models, and the
pipeline’s reproducibility enables future expansion
with additional synthetic or natural data.

Third, although we cover three domains (med-
ical, sales, and general conversations), certain
specialized domains such as news broadcasting,
poetry, or technical content are not represented.
Expanding domain coverage would improve the
model’s versatility.

6.2 Evaluation Limitations

Our evaluation relies on automatic metrics (WER,
CER, Speaker Similarity) rather than formal human
evaluation studies such as Mean Opinion Score
(MOS) assessments. While automatic metrics cor-
relate with perceived quality, they do not fully
capture subjective aspects like naturalness, expres-
siveness, or listener preference. We mitigate this
limitation through manual listening evaluation of
synthesized samples, but a comprehensive human
evaluation study remains valuable future work.

Additionally, WER and CER are computed using
Whisper Large as the transcription model. While
Whisper performs well on Egyptian Arabic, tran-
scription errors from the ASR system may intro-
duce noise into these metrics. Moreover, since
Whisper is also used to generate the dataset tran-
scripts, this setup may introduce a form of ASR
self-consistency bias, potentially inflating evalua-
tion scores. Future work should evaluate WER and
CER using alternative ASR models and include
a small human-verified transcription subset to im-
prove robustness.

Similarly, speaker similarity is computed using
cosine similarity between ECAPA-TDNN speaker
embeddings. As the same embedding architecture
is also used in the pipeline, this may introduce a
degree of model-specific bias in the speaker simi-
larity scores. Future work will explore the use of
additional speaker embedding models for confirma-
tion and incorporate human verification to further
validate speaker similarity assessments.
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6.3 Synthetic-to-Real Generalization

A common concern with synthetic speech datasets
is whether models trained on them generalize to
real human speech. Although NileTTS is built from
synthetically generated audio, the text content is
written in authentic Egyptian Arabic, and the syn-
thesis preserves key dialectal properties such as
pronunciation, intonation, and prosodic patterns.
These aspects are essential for learning dialect-
specific speech characteristics.

In low-resource settings, synthetic speech has
been shown to be a practical and effective training
signal when natural data is limited. In this sense,
NileTTS provides a scalable source of Egyptian
Arabic speech data that captures core linguistic
properties of the dialect and can complement future
datasets based on real human recordings.

6.4 Future Work

Several directions could extend this work:

* Speaker expansion: Adding more speakers
with diverse voice characteristics, ages, and
speaking styles.

* Other Arabic dialects: Applying the syn-
thetic data pipeline to other under-resourced
Arabic varieties.

* Human evaluation: Conducting formal MOS
studies to complement automatic metrics.

* Robust evaluation: Evaluating WER, CER,
and speaker similarity using multiple indepen-
dent models and human-verified subsets.

7 Conclusion

We presented NileTTS, a large-scale Egyptian Ara-
bic text-to-speech dataset and finetuned model. Our
dataset comprises 38 hours of transcribed Egyptian
Arabic speech from two speakers across medical,
sales, and general conversation domains. We intro-
duced a novel synthetic data generation pipeline
that leverages large language models for content
creation, neural audio synthesis for speech genera-
tion, and automatic transcription with speaker di-
arization—offering a reproducible and scalable ap-
proach for creating TTS datasets for low-resource
dialects.

By finetuning XTTS v2 on NileTTS, we
achieved substantial improvements over the base-
line Arabic model: 29.9% relative reduction in
Word Error Rate, 49.4% reduction in Character



Error Rate, and 5.9% improvement in speaker
similarity. These results demonstrate that dialect-
specific finetuning significantly enhances TTS qual-
ity for underrepresented language varieties.

We publicly release the NileTTS dataset, model
weights, and pipeline code to facilitate further re-
search in Egyptian Arabic speech synthesis. We
hope this work contributes to closing the resource
gap for Arabic dialects and inspires similar efforts
for other low-resource language varieties.
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Abstract

Medical text classification is high-stakes work,
yet models often falter precisely where they
are needed most: on rare, critical conditions
buried in the long tail of the data distribution.
In the EACL 2026 ABJAD-NLP Shared Task,
we confronted this challenge with a dataset of
Arabic medical questions heavily skewed to-
wards a few common topics, leaving dozens of
categories with fewer than ten examples. We
present HybridMed, a system that effectively
tames this long tail by marrying the seman-
tic generalization of a fine-tuned Arabic BERT
model with the precise, instance-based memory
of k-nearest neighbor retrieval. This comple-
mentary union allowed our system to achieve a
macro-F1 score of 0.4902, demonstrating that
for diverse and imbalanced medical data, the
whole is indeed greater than the sum of its parts.

1 Introduction

Medical text classification in low-resource lan-
guages presents a unique intersection of challenges
that has long captivated the natural language pro-
cessing community. Arabic, with its rich morpho-
logical structure and diverse dialectal variations,
adds another layer of complexity to an already dif-
ficult problem domain. When we consider that
errors in medical text processing can have direct
consequences for patient care, the stakes become
even higher. The EACL 2026 ABJAD-NLP Shared
Task (Gupta et al., 2026) addresses these challenges
head-on by providing a dataset of Arabic medical
question-answer pairs that must be classified into
82 distinct medical categories.

What makes this task particularly interesting
from a machine learning perspective is the ex-
treme class imbalance. We discovered that 100% of
training samples contain explicit question-answer
markers (al-su’al/al-jawab), a pattern we exploit
for preprocessing (assuming similar structure in
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test data). The largest category, Addiction, con-
tains 600 training samples, while Biochemistry has
merely 7 samples-a ratio of 85.7 to 1. This long-tail
distribution mirrors real-world medical data where
certain conditions appear far more frequently than
others in clinical practice. The evaluation metric
of macro-averaged F1 score assigns equal weight
to every class regardless of its frequency, meaning
that poor performance on rare diseases can devas-
tate the overall score despite strong performance
on common categories.

Our journey through this shared task led us to a
fundamental insight about the complementary na-
ture of different classification paradigms. Neural
classifiers, particularly those built on pretrained
language models, excel at learning robust semantic
representations from abundant data, making them
powerful for frequent classes. However, they of-
ten struggle with tail classes where limited training
examples provide insufficient signal for generaliza-
tion. Retrieval-based methods, on the other hand,
can directly leverage similar training examples
without requiring extensive generalization, mak-
ing them naturally suited for rare categories where
finding a similar historical case may suffice for
correct prediction.

This observation motivated the development of
HybridMed, our hybrid system that marries neural
classification with k-nearest neighbor retrieval (Fig-
ure 1). By combining the semantic understanding
of a fine-tuned Arabic BERT model with the ro-
bustness of similarity-based retrieval, we achieved
a macro-F1 score of 0.4902 on the private test set,
demonstrating that the whole can indeed be greater
than the sum of its parts.

2 Data

The shared task dataset comprises 27,951 training
and 18,634 test samples of Arabic medical consul-
tations. The most defining characteristic of this
data is its extreme class imbalance, mirroring the
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Figure 1: System architecture of HybridMed. Arabic medical text is preprocessed to exploit Q&A structure, encoded
using fine-tuned MARBERTV2. The [CLS] embeddings feed both a classification head and FAISS-based k-NN
retrieval, whose probability distributions are combined via weighted ensemble (classifier weight a = 0.7, retrieval

weight 1 — a = 0.3).

real-world frequency of medical conditions. While
common topics like Addiction contain 600 samples,
the long tail includes 24 categories with fewer than
50 examples, down to just 7 for Biochemistry. This
85:1 imbalance poses a severe challenge for the
macro-F1 metric, which weighs rare and common
classes equally.

Crucially, we discovered that 100% of train-
ing samples follow a strict structural template us-
ing the markers al-su’al (Question) and al-jawab
(Answer). We leverage this universal pattern to
preprocess the data, replacing the answer marker
with a [SEP] token to help the model distinguish
the expert’s response-often the most discrimina-
tive signal-from the user’s query. Text length is
generally concise (median 46 words), allowing us
to cover 95% of samples fully within a 256-token
limit.

3 System Description

Our final system, HybridMed, represents the culmi-
nation of extensive experimentation with twelve
different approaches spanning neural classifica-
tion, traditional machine learning, and various tech-
niques for handling class imbalance. The core in-
sight driving our architecture is that classification
and retrieval offer complementary strengths for the
long-tail distribution present in this data.

The neural classification component builds upon
MARBERTV2 (Abdul-Mageed et al., 2021), an
Arabic BERT (Devlin et al., 2019) model pre-
trained on a diverse corpus including social media
and news text. We implemented our models us-
ing the Hugging Face Transformers library (Wolf
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et al., 2020). We chose MARBERTYV2 over alter-
natives after systematic comparison experiments.
Specifically, we evaluated three Arabic pretrained
models on a stratified 90/10 validation split using
identical hyperparameters (learning rate 2 x 1072,
batch size 16, 5 epochs): AraBERT (Antoun et al.,
2020) achieved 0.3312 macro-F1, CAMeLBERT-
Mix (Inoue et al., 2021) achieved 0.3445, while
MARBERTV2 reached 0.3531. We attribute MAR-
BERTV2’s superior performance to its pretraining
corpus which includes diverse Arabic dialects and
domains, enabling better handling of the varied
medical terminology in our dataset. The model
adds a classification head that projects the 768-
dimensional [CLS] token representation to the 82-
class label space. Training proceeds for 10 epochs
with a learning rate of 2 x 1075, using a stratified
90/10 train-validation split to ensure that even the
rarest classes appear in both partitions. We employ
early stopping with patience of 3 epochs based on
validation macro-F1 to prevent overfitting.

The retrieval component leverages the same fine-
tuned model to extract embeddings for similarity-
based prediction. For each test sample, we extract
its [CLS] embedding and use a FAISS (Johnson
et al., 2019) index to find the 10 nearest neighbors
from the training set based on L2 distance. The re-
trieval prediction is simply the distribution of class
labels among these neighbors, normalized to form
a probability distribution. This approach embodies
the intuition that if a test sample is semantically
similar to training examples of a particular class, it
likely belongs to that class as well.

The final prediction combines these two prob-



ability distributions through weighted ensemble
averaging (weighted linear interpolation). Mathe-
matically, Pﬁnal(y’l') = - Pclassiﬁer(y|x) + (1 -
@) * Pretrieval (Y| ), where we set o = 0.7 after sys-
tematic grid search over {0.5,0.6,0.7,0.8,0.9} on
the validation set. This corresponds to a classifier-
to-retrieval weight ratio of 7:3, which proved opti-
mal by balancing the classifier’s superior semantic
understanding with retrieval’s corrective signal par-
ticularly for rare classes where the classifier lacks
sufficient training examples.

Our journey to this final architecture involved
extensive experimentation. We systematically eval-
uated twelve different approaches including focal
loss, contrastive learning, and varied ensembles.

Among the more successful alternatives, we
found that extracting BERT embeddings and train-
ing an XGBoost (Chen and Guestrin, 2016) clas-
sifier achieved 0.4611 private F1, offering com-
petitive performance with significantly faster in-
ference. Our uncertainty-aware approach using
Monte Carlo Dropout (Gal and Ghahramani, 2016)
achieved 0.4633 private F1 while also providing
valuable confidence estimates.

4 Results

Table 1 presents the complete results of our experi-
mentation across all twelve approaches, ranked by
private test set performance.

Table 1: Complete experimental results on the shared
task, ranked by private leaderboard score. All ap-
proaches use MARBERTYV2 as the base model unless
otherwise noted.

Approach Public Private
Hybrid (Ours) 0.4570  0.4902
MC Dropout 0.4558 0.4633
BERT + XGBoost 0.4475 0.4611
TF-IDF + ES Hybrid 0.3743  0.4039
ML++ Ensemble 0.3777 0.3985
TF-IDF Baseline 0.3675 0.3799
Focal + Oversample  0.3579  0.3733
Focal Loss 0.3521 0.3674
Stacking 0.3606  0.3615
MARBERTvV2 Base  0.3525 0.3531
Logit Adjustment 0.3356  0.3398
Contrastive 0.2261 0.2269
Simple Ensemble 0.2211  0.2208

Method Details: Each approach represents a
distinct strategy for the long-tail distribution. Hy-
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brid (Ours) combines MARBERTYV?2 classification
with FAISS k-NN retrieval (k=10), merging predic-
tions with classifier weight o = 0.7. MC Dropout
performs 10 stochastic forward passes with dropout
enabled to estimate uncertainty, using mean pre-
diction. BERT + XGBoost extracts frozen [CLS]
embeddings from fine-tuned MARBERTV2 and
trains XGBoost (500 trees, depth 6). TF-IDF + E5
Hybrid combines traditional TF-IDF features with
multilingual-E5 embeddings (80% sparse, 20%
dense). ML++ Ensemble averages predictions from
LinearSVC, ComplementNB, and SGDClassifier
trained on TF-IDF features. Focal + Oversample
applies focal loss (y = 2.0) with random over-
sampling of minority classes. Stacking trains a
logistic regression meta-classifier on predictions
from MARBERTYV2, AraBERT, and TF-IDF mod-
els. Logit Adjustment applies class-prior aware
bias terms during inference. Contrastive uses su-
pervised contrastive learning with frozen encoder.

The results reveal several important patterns.
Our hybrid approach achieves the highest private
score of 0.4902, outperforming the second-best
Monte Carlo Dropout method by 2.7 percentage
points. Interestingly, the gap between public and
private scores varies substantially across methods,
with our hybrid showing a 3.3 point improvement
from public to private, suggesting strong general-
ization to unseen data.

To better understand the source of these gains,
we decomposed performance by class frequency
(Table 2). Head classes (>100 samples) achieve
naturally high performance (~0.65 F1) across most
methods. Is it in the tail classes (<50 samples)
where the hybrid approach diverges, showing an
estimated 8% improvement over the baseline clas-
sifier.

Table 2: Estimated performance breakdown by class
frequency

Category Type Count Macro F1 (Est.)
Head (>100 samples) 55 ~0.65
Medium (50-100 samples) 3 ~0.52
Tail (<50 samples) 24 ~0.36

The ablation analysis in Table 3 illustrates the
incremental contribution of each component to our
final system.

The Q&A preprocessing proves crucial, con-
tributing a 5-point improvement by helping the
model leverage the structural consistency of the
data. The retrieval component adds another 2



Table 3: Ablation study showing incremental improve-
ments

Configuration AF1 Val F1
MARBERTV2 + CE Loss (baseline)  0.35
+ Focal Loss +0.02 0.37
+ Q&A Preprocessing +0.05 0.42
+ Stratified Split +0.05 0.47
+ Retrieval (Hybrid) +0.02 0.49

points by providing complementary predictions for
classes where the classifier lacks confidence.

Our error analysis on the validation set revealed
that most confusion occurs between semantically
related categories such as urogenital diseases and
sexual health, or between different specializations
treating similar anatomical regions. For the 24
tail classes (<50 samples), the retrieval component
improves macro-F1 by an average of 8% compared
to the classifier alone, confirming our hypothesis
about its value for rare classes.

The Monte Carlo Dropout experiments provided
valuable insights into model uncertainty. By run-
ning 10 forward passes with dropout enabled dur-
ing inference, we computed prediction entropy as
a confidence measure. Predictions with entropy
above 1.5 were 40% more likely to be incorrect,
and high-confidence predictions (confidence > 0.7)
achieved macro-F1 of 0.6318 versus 0.4707 over-
all.

5 Discussion

The success of our hybrid approach illuminates a
fundamental synergy in handling long-tail distribu-
tions. Neural classifiers like MARBERTV?2 excel
at learning robust semantic representations for fre-
quent classes where data is abundant. However,
they struggle with tail classes where the training
signal is sparse. Retrieval-based methods comple-
ment this by leveraging direct similarity to training
examples, essentially acting as a non-parametric
memory. By combining these paradigms, Hy-
bridMed effectively tames the tail without sacri-
ficing head-class performance.

Qualitative error analysis showed misclassifica-
tions often involved overlapping specialties like
’Urogenital diseases’ vs ’Sexual health’. The re-
trieval component acted as a regularizer, correcting
this bias by grounding predictions in nearest neigh-
bor labels when similar cases were found. The
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classifier-to-retrieval weight ratio of 7:3 (a« = 0.7)
proved optimal: the classifier provides the seman-
tic foundation, while retrieval offers a corrective
signal particularly valuable for rare classes where
training data is sparse.

6 Conclusion

We presented HybridMed, a retrieval-augmented
classification system achieving 0.4902 macro-F1
on the EACL 2026 ABJAD-NLP Shared Task. Our
work demonstrates that neural architectures can be
significantly enhanced for long-tail medical clas-
sification by integrating simple instance-based re-
trieval. The Q&A preprocessing proved crucial,
contributing a 5-point gain by leveraging structural
consistency in the data.

The broader lesson extends to other imbalanced
tasks: combining neural generalization with re-
trieval precision offers a robust solution. Future
work will investigate adaptive ensemble weighting
based on predictive entropy and the integration of
medical knowledge graphs to model relationships
between rare disease categories.

Limitations

We share the same [CLS] embedding for classifica-
tion and retrieval (Sohn et al., 2020; Khandelwal
et al., 2020), which may not capture task-specific
nuances optimally. We use static interpolation
weights that may not be optimal for all classes,
particularly those with varying sample sizes. Ex-
periments were conducted on a single Kaggle T4
GPU, which may limit reproducibility on differ-
ent hardware configurations. The dataset focuses
solely on Arabic medical text, limiting generaliz-
ability to other languages or medical domains.
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We adhere to the ACL Ethics Policy. This work
uses publicly available, anonymized data. Our sys-
tem is a research prototype not for clinical use
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Abstract

Kazakh is a Turkic language using the Arabic,
Cyrillic, and Latin scripts, making it unique in
terms of optical character recognition (OCR).
Work on OCR for low-resource Kazakh scripts
is very scarce, and no OCR benchmarks or
images exist for the Arabic and Latin scripts.
We construct a synthetic OCR dataset of 7,219
images for all three scripts with font, color,
and noise variations to imitate real OCR tasks.
We evaluated three multimodal large language
models (MLLMSs) on a subset of the benchmark
for OCR and language identification: Gemma-
3-12B-it, Qwen2.5-VL-7B-Instruct, and Llama-
3.2-11B-Vision-Instruct. All models are unsuc-
cessful with Latin and Arabic script OCR, and
fail to recognize the Arabic script as Kazakh
text, misclassifying it as Arabic, Farsi, and Kur-
dish. We further compare MLLMs with a classi-
cal OCR baseline and find that while traditional
OCR has lower character error rates, MLLMs
fail to match this performance. These findings
show significant gaps in current MLLM capa-
bilities to process low-resource Abjad-based
scripts and demonstrate the need for inclu-
sive models and benchmarks supporting low-
resource scripts and languages.

1 Introduction

Kazakh is a Turkic language spoken in Kazakhstan,
China, Mongolia, Russia, Kyrgyzstan, and Uzbek-
istan by 16 million people (McCollum and Chen,
2020). Kazakh is written in different scripts de-
pending on the geographic and political context. In
Central Asia, a Cyrillic script is used for Kazakh,
while in Europe, America, and Turkey, a Latin
script is used, and in China, Afghanistan, Pakistan,
and Iran, an Arabic script is used (Honkasalo and
Temirbekova, 2024). The use of these different
writing scripts makes Kazakh unique and makes
optical character recognition (OCR) particularly
complex, considering Cyrillic, Latin, and Arabic
scripts.
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OCR refers to the electronic translation of hand-
written, typewritten, or printed text, and its conver-
sion into a machine-readable form (Faizullah et al.,
2023). It enables the recognition of text in digi-
tal images, scanned documents, and videos, con-
verting images into machine-coded text. OCR has
many applications, including document scanning
and form processing. Convolutional neural net-
works (CNNs) and transformer architectures have
recently improved OCR performance across many
scripts and languages. Multimodal models have
been used for OCR, enabling text extraction with-
out segmentation and allowing for greater robust-
ness with noise. Research on these models has
primarily focused on high-resource languages and
has not been performed with the Kazakh Arabic
script.

Prior work for Kazakh OCR has been primar-
ily done on the Cyrillic script. Toiganbayeva et al.
(2022) created a KOTHD, a Kazakh offline hand-
written text dataset using Cyrillic script. Razaque
et al. (2024) developed a handwritten text recog-
nition system for handwritten Cyrillic script us-
ing CNNs and RNNs. Pirniyazova et al. (2023)
evaluates a neural network on the recognition of
Latin letters of the Kazakh alphabet. Yeleussinov
et al. (2023) use a Generative Adversarial Network
(GAN) to improve Kazakh handwriting recognition
using Cyrillic script. The Kazakh Arabic script
uses additional letters, modified graphemes, and
different orthographic conventions, making it dif-
ferent from high-resource Arabic varieties and an
important test case for Abjad-based low-resource
NLP. While work has been performed on Kazakh
OCR, it does not focus on the Arabic script and
scarcely focuses on the Latin script.

Synthetic datasets are emerging as a solution to
a lack of images and content in low-resource lan-
guages. The creation of a synthetic OCR dataset of-
ten consists of the collection of text corpora, fonts,
and noise filters (Saini et al., 2022). Haq et al.
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(2025) developed a synthetic benchmark for Pashto
and the Pashto script. Margner and Pechwitz (2001)
proposed a method for the creation of synthetic
data for Arabic OCR. Saini et al. (2022) synthet-
ically created a benchmark of 90k images for 23
Indic languages. Synthetic data has also been used
for post-OCR correction, and has been shown to
have advantages over traditional OCR training in
low-resource languages (Guan and Greene, 2024).
Synthetic data is particularly useful when limited
resources for OCR are available, such as in low-
resource Kazakh scripts.

Research on OCR for Kazakh using the Ara-
bic script is scarce, but extremely necessary. The
purpose of this study is to (1) construct synthetic
OCR benchmarks for low-resource Kazakh scripts,
(2) evaluate multimodal models on the OCR of
low-resource Kazakh scripts, and (3) identify chal-
lenges in the OCR of Kazakh. This study also
aims to encourage the inclusion and research of
low-resource scripts, particularly languages using
the Arabic Kazakh script.

2 Methodology
2.1 Kazakh Text Corpora

While it is possible to obtain perfect translitera-
tions in Kazakh using pre-defined rules, cultural
differences in the Cyrillic and Arabic scripts make
transliteration from high-resource scripts into low-
resource scripts sub-optimal for training (Zhang
et al., 2024a). We obtained authentic Kazakh text
in the Arabic script from the first Kazakh corpus
in the Arabic script, the MC? corpus Zhang et al.
(2024a). Wikipedia is also a good resource for low-
resource languages such as Kazakh. For Cyrillic
text, we obtained authentic data from the Kazakh
Wikipedia'.

We cleaned the Cyrillic script data from
Wikipedia using kaznlp (Yessenbayev et al., 2020),
and transliterated it to the Latin script using the
QazNLTK package®. As the number of charac-
ters in each sample of the Arabic (3746 characters)
script text was much greater than the number of
characters in the Cyrillic (689 characters) and Latin
(718 characters) script texts, we implemented ran-
dom balanced subsampling to make the text lengths
similar in each of the scripts. After balance sub-
sampling, we had 2,417 Arabic texts, 2,402 Cyrillic
texts, and 2,400 Latin texts, with similar text length

'https://huggingface.co/datasets/wikimedia/wikipedia
Zhttps://pypi.org/project/qaznltk/
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distributions across scripts, which were all used in
the final benchmark.

2.2 Benchmark Construction

In order to make synthetic images representative
of authentic OCR tasks, such as document scan-
ning, we implement many variations across images,
using the Pillow Python library. Examples of the
benchmark and its variation can be seen in Figure
1,2, and 3.

e Fonts: We downloaded 2,491 fonts from
Google Fonts and filtered all fonts for compat-
ibility with Kazakh Cyrillic, Latin, and Arabic
script. We found 135 fonts compatible with
Arabic, 431 with Cyrillic, and 1376 with Latin.
These fonts were randomly selected to create
synthetic images. We also varied font size
randomly from 24 to 56 across images.

Noise: We set the noise level to be random
between 4 and 18, and a blur effect to be ran-
domly between 0 and 0.8. Images are all ro-
tated randomly between -3 and 3 degrees ran-
domly.

Color: We designed two color palettes, each
with 40 colors. One contained light back-
ground colors, and one contained darker text
colors. When these colors were randomly se-
lected, a minimum contrast ratio of 4.5 was
used as a standard in all images.

To foster reproducibility and encourage fu-
ture work on low-resource Kazakh scripts, we
release the full benchmark, which is available at
https://huggingface.co/datasets/henrygagnier/kazakh-
ocr.

2.3 Multimodal Large Language Models

Multimodal large language models (MLLMs)
preserve the reasoning and decision-making
capabilities of large language models (LLMs),

but also empower multimodal tasks, such
as OCR (Zhang et al.,, 2024b). We evalu-
ated gemma-3-12b-it (Team et al., 2025),

Qwen2.5-VL-7B-Instruct (Bai et al., 2025), and
Llama-3.2-11B-Vision-Instruct (Grattafiori
et al., 2024) using a subset of the benchmark, with
200 images per script, or a total of 600 images.
We chose parameter-efficient variants of recent
multimodal models for cost and computational
efficiency, to ensure that our methodology remains
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Figure 1: Example of an OCR task in the Kazakh Arabic
script

8. 5. 1929 siconvt myean Peceti, Ombt 06abichl, Mockanerxo
) — min GiaiMi MAMaHDL, PUAOOZUSA BHLABIMbL KaHOUOAD!
cin Gimipin (1948), exi oL My2aaim G0N HCYMbIC
icmezen. KasMY-Ovi Gimipzen (1955). 1955-1956 orc. OMGbt nPay-1\u;xuLqeux;(g@:guﬁz;}g::x,
1957-1958 atc. Cemeil 06AbiCbl, ¥piap aydaHbl oky GoiMiHOe HYCKayuibt. fsues
Gacman emipinir, comast Kynoepitie deitin KasKCP gbLibiM aXAOEMUACHHbI

Da soutbIMU Kbi3MemKep Gobin HyMbiC icmedi. KasKCP evinbim
Myweci, pua0A02us 2uiabiML Boxmopb! F. MycaGaeamein
ezl Co30iH, YbICNAJbL MAZLIHACHL" De2eH MAKpIPbINMA

Ilayowcan Myxamedaicanoe (1
ayoanyi - 24. 3. 1979, Anmamei .
(1964). OMBbI nedaz02UKANVIK YHUAUULE!

bIHbIH, KOPP
“Ka3 B A
acemexwinizimen "Kasipai Kasax miat 1ol M g o
kaHAudammulK duccepmauus K0op2adbl. OpbiC NeH Ka3aK MiAlHIK canvicmy m/;:;a b
KacbiH Jcasyea 6enceHe KamvlCmbl. 10-2a JHCybIK BbLILIMU MAKAAA P 4
cn08a 8 Co8L xaszaxckom sasvike. AKIL., A.,
K020 U KA3AXCKOZ0 A3bIK08. A., 1966

2pammamui
IITvieapmanapbt: Iep
1964; ConocmasumebHas 2PAMMAMUKA PYC a
(asmopaapdvi, Gipi). Iepekkesdep Tyazanap Kasax miat

Figure 2: Example of an OCR task in the Kazakh Cyril-
lic script

Kazba Zumystary kérsetkendej, Botaj eskertkisinin ajmagy énolit
dduirine dejin igerilgen. Sonymen, osy bir Zagalaudan mezolit
dauirinin Sagyn ziyntygy bastalady. Onyn éneolitten ajyrmasylygy, tek
ak, kungirt-zasyl zéne konyr reni basym bolyp kelgen kremnij
Zynystarynan Zasalyp, Ziirek Zalpak tilikter kimasy turinde (kajky
pySaktar, Set Zagy ojylgan Zalpak tilikter, buryg keskister,
kyrgystar) oryndalgan. Bul Ziyntyk 70-%yldary zerttelgen Soltustik
Kazakstannyn mezolit eskertki3terinin kataryna Zatady. Zagalaudagy
baspanalardan tabylgan zattardyn bir béligi neolittin songy
kezenderine kezenderine zatatynga uksajdy Z&ne olar alankajga Botaj
zamanynan burynyrak kelui de mimkin. Botajlyk Usak Z&ne iri t0jirli
materialdardan ajyrmasylygy, bul bujymdar kremnij nemese a3ma tarizdi
sapaly Zynystardan zasalgan. Botajlyk éneolit Ziyntygyndagy
kural-sajmandardy Zasap 3ygaru u$in negizgi dajyndamalar retinde
piSimi men kblemi &rturli Zapkalar pajdalanylgan. koldagy bar Zalpak
tilikter 6ndi{istik fakt bolyp tabylganymen, Zujeli turde Sygaryluyn
korsetpejdi. Adette , Ziekteri birtegis emes, iri tutas tilikter,
bular kajta ondelgenderi. Miraskorlyk diuirge sujenip ajtsak éneolit
zamanynda tas Z&ne kremnij onerk&sibinin ulken rél atkarganyn
koremiz. Botaj madenietinde kremnij énerk&sibinin saktaluy, 6ndiriske
metall (mys) kural- sajmandardyn, &sirese pySaktardyn &1i de kepirek
engizilmeuimen tusindiriledi. Sikizattyn onaj kol Zetimdiligi (ol
kazaktyn kyratty dalalary men KékSetau dzenderinin angarlarynda
Zappaj kezdesedi) éneolit dduirinin aldyndagy fuzzyldykta zaksy
mengerilgen dasturli tehnologidny toktatyp tastady. Derekkézder
"Botaj dala drkenietinin bastauy" kitaby

Figure 3: Example of an OCR task in the Kazakh Latin
script
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accessible under low-computational budgets, while
still covering diverse model architectures in our
evaluation. A temperature of 0.0 was used in all
models with the prompt in Appendix A.

2.4 Classical OCR Baseline

We evaluate a classical OCR baseline using Tesser-
act as a baseline. We use the Tesseract OCR engine
(Smith, 2007) with its pretrained models on the
Arabic, Latin, and Cyrillic scripts for each of the
Kazakh scripts. No fine-tuning or adaptations were
made, and the models were evaluated on an identi-
cal subset of 200 images per script. As Tesseract
does not perform language identification, we only
report character error rate and word error rate.

3 Results

We now look at the performance of the three mod-
els in the Arabic, Latin, and Cyrillic Kazakh scripts
to find which scripts multimodal models experi-
ence challenges in (Table 1). In all models, char-
acter error rate (CER) and word error rate (WER)
were best in Cyrillic script, and worst in Arabic
script. Generally, Qwen performed the best across
the three publicly available models, with a CER of
5.3% in the Ciyrillic script and a WER of 13.4%.
In the Latin and Arabic scripts, CER and WER
are considerably worse, with a CER of 26.4% and
35.5% in the Latin and Arabic scripts, respectively.

All models are extremely unsuccessful at recog-
nizing the Arabic script as Kazakh, with the Arabic
script most commonly being misclassified as Ara-
bic, Farsi, and Kurdish. The percent of samples
correctly classified as Kazakh ranged from 0.0% to
1.1%. Qwen was highly successful at identifying
the Cyrillic text as Kazakh, while also having the
best OCR accuracy in the Cyrillic script. Gemma
had an accuracy of 70.1%, most commonly mis-
classifying Kazakh as Kyrgyz. Llama had an accu-
racy of 11.3%, also most commonly misclassifying
Kazakh as Kyrgyz. In the Latin script, Qwen was
the most successful with an accuracy of 99.4%,
while Llama and Gemma had lower accuracies of
13.5% to 31.1%, with the Kazakh being most com-
monly misclassified as Kyrgyz and Tatar. Seen in
Qwen and Gemma, models struggled in identifying
low-resource scripts, while being successful with
the Cyrillic script.

Across all three scripts, Tesseract achieves lower
CERs than the evaluated MLLMs. This gap is the
biggest in the Arabic script when CER is 15.0%



when using Tesseract, compared to 35.5%—72.5%
when using the MLLMs. While there are large gaps
in Arabic and Latin scripts, Qwen achieves a low
CER similar to Tesseract. These results indicate
that MLLMs, despite their general multimodal ca-
pabilities, do not match the OCR accuracy of tradi-
tional approaches on low-resource Kazakh scripts.

4 Discussion

We construct KazakhOCR, the first OCR bench-
mark for low-resource Kazakh scripts. Evaluating
multimodal large language models on the bench-
mark, we find significant disparities in OCR perfor-
mance and language identification across the three
scripts. The Cyrillic script, or the primary script
in which Kazakh is written, achieved the best re-
sults across models, with Qwen2.5-VL-7B-Instruct
achieving a CER of 5.3% and a WER of 13.4%.
The Latin script had CERs ranging from 21.6 to
31.0%, and the Arabic script had CERs ranging
from 35.5% to 72.5%.

Comparing MLLMs with Tesseract reveals that
traditional approaches have much greater accuracy
than MLLMs, with lower CERs in all three scripts.
The gap in performance is more pronounced in
the Latin and Arabic scripts, demonstrating that
current MLLM capabilities do not match OCR
system capabilities for low-resource scripts. All
MLLMs failed at identifying the Kazakh Arabic
script, with correct identification rates of 0.0% to
1.1%. Most commonly misidentified as Arabic,
Farsi, and Kurdish, this incapability of the model
displays a lack in current MLLM understanding of
low-resource Kazakh scripts. We theorize that this
error is especially important in MLLM-based OCR
because MLLMs often hallucinate (He et al., 2025),
and when hallucinating in OCR for low-resource
scripts, they may use words, characters, and dia-
critics found in languages that predict the text uses,
leading to low OCR CER and WER. Qwen almost
perfectly identified the Latin and Kazakh scripts,
with accuracies of 99.4% and 100.0%, respectively,
displaying that the Kazakh Arabic script is the
least recognized by current MLLMs. These re-
sults are especially concerning for Kazakh speakers
in China, Afghanistan, Pakistan, and Iran, where
MLLMs do not adequately support the Kazakh Ara-
bic script.

Future work with multimodal models for OCR
should further experiment on prompt sensitivity
and engineering for optimal OCR results. Work
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should also use authentic Latin script Kazakh text
to properly represent cultural differences in the use
of the script. Future LLMs and MLLMs should
strive to support low-resource Kazakh scripts, con-
sidering the use of the Arabic script and the grow-
ing use of the Latin script. Future work should also
use authentic low-resource Kazakh script texts, as
opposed to synthetic benchmarks, when available.

This study demonstrates that multimodal large
language models have extreme disparities in pro-
cessing low-resource Kazakh scripts, particularly
for the Kazakh Arabic script. The KazakhOCR
benchmark reveals significant gaps in current
model capabilities for low-resource NLP, and high-
lights the need for inclusive training processes that
support the Kazakh Latin and Arabic scripts. By
making this benchmark publicly accessible, we
aim to address these disparities in Kazakh NLP
and encourage the development of more equitable
multimodal models for the diverse Kazakh scripts.

5 Conclusion

This study synthetically constructs the first
benchmark for low-resource Kazakh script OCR
and identification. We evaluate Qwen2.5-VL-
7B-Instruct, Llama-3.2-11B-Vision-Instruct, and
Gemma-3-12B-it, three publicly available multi-
modal large language models, on our benchmark.

We find that all models are unsuccessful with
Latin and Arabic script Kazakh OCR. Models have
CERs of 35.5% to 72.5% for the Arabic script, and
CERs of 26.4% to 31.0% for the Latin script. All
models were unable to identify the Arabic script
Kazakh as Kazakh, mistaking it for Arabic, Farsi,
and Kurdish. Models were also largely unable to
identify the Latin script. In all models, the best
performance was on the Cyrillic script, with Qwen
achieving a CER of 5.3% and a WER of 13.4%,

These findings display that low-resource Kazakh
scripts are largely unsupported in MLLMs, with
models failing at OCR and language identification,
and demonstrate the necessity for the inclusion of
the Kazakh Arabic and Kazakh Latin scripts in
NLP.

Limitations

Several limitations should be considered in this
study. Due to the computational costs and time
of MLLMSs, we chose a sample of 200 images per
script. This sample may not be large enough to rep-
resent the diversity in the Kazakh scripts. We also



Model Script CER (%) WER (%) % Kazakh
Arabic 35.5 90.0 1.1%
Qwen2.5-VL-7B-Instruct Latin 26.4 57.4 99.4%
Cyrillic 5.3 13.4 100.0%
Arabic 37.3 90.2 0.0%
Llama-3.2-11B-Vision-Instruct  Latin 21.6 66.3 31.1%
Cyrillic 18.2 49.8 11.3%
Arabic 72.5 103.0 0.0%
Gemma-3-12B-it Latin 31.0 79.2 13.5%
Cyrillic 25.7 42.9 70.1%
Arabic 15.0 47.5 —
Tesseract Latin 11.4 51.6 —
Cyrillic 4.3 30.3 —

Table 1: OCR Performance metrics of models across different scripts. CER = Character Error Rate, WER = Word
Error Rate, and the percentage of samples correctly identified as Kazakh

used transliterated Latin texts, which may have dif-
ferent uses and cultural differences from the Cyril-
lic script, although this has not been studied. This
study also constructs a synthetic benchmark, due to
the lack of real OCR data for low-resource Kazakh
scripts, which may not capture all characteristics
of real-world documents.
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A  MLLM Prompt

We used the following prompt for all MLLM eval-
uations:

You are an expert OCR system.

Read and transcribe all text visible in
the image.

Preserve exact formatting, spacing, and
punctuation.

Identify the language using ISO 639
codes.

Return only valid minified JSON in this
exact format:

n,n

{"language":"iso_code","text":"exact
transcription”}
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Abstract

Context: Natural Language Processing (NLP)
has become an essential field with widespread
applications across domains such as Large Lan-
guage Models (LLMs). One of the core appli-
cations of NLP is machine translation (MT).
A major challenge in MT is handling out-of-
vocabulary (OOV) words and spelling mistakes,
which can lead to poor translation quality. Ob-
jective: This study compares traditional text-
based embeddings with visual embeddings for
English-to-Arabic translation. It investigates
the effectiveness of each approach, especially in
handling noisy inputs or OOV terms. Method:
Using the IWSLT 2017 English-Arabic dataset,
we trained a baseline transformer encoder-
decoder model using standard text embeddings
and compared it with models using several vi-
sual embeddings strategies, including vowel-
removal preprocessing and trigram-based im-
age rendering. The translated outputs were eval-
uated using BLEU scores. Results: show that
although traditional BPE-based models achieve
higher BLEU on clean data, visual embedding
models are substantially more robust to spelling
noise, retaining up to 2.4x higher BLEU scores
at 50% character corruption.

1 Introduction

Natural Language Processing (NLP) focuses on in-
teractions between computers and human languages
and has progressed significantly due to advances
in deep learning techniques (Vaswani et al., 2017).
Machine translation (MT), a central NLP task, trans-
forms source language text into grammatically and
semantically correct target language equivalents.
Modern MT systems typically employ transformer-
based (Vaswani et al., 2017) encoder-decoder ar-
chitectures, relying heavily on dense word embed-
dings such as Word2Vec (Mikolov et al., 2013)
or subword approaches like Byte-Pair Encoding
(BPE) (Sennrich et al., 2016). Despite their ef-
fectiveness, traditional embeddings struggle with
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out-of-vocabulary (OOV) words and noisy text in-
puts, common in practical applications (Belinkov
and Bisk, 2018).

Recent research proposes visual embeddings to
address these limitations by converting text into
image representations, leveraging visual similarity
to mitigate OOV problems (Salesky et al., 2021).
Instead of relying purely on textual form, these em-
beddings treat words or phrases as images, cap-
turing their visual structure. This approach is par-
ticularly promising when models encounter new
words or noisy inputs, as the shape of the word
may still resemble known patterns. Arabic, due to
its morphological richness, presents challenges in
MT, motivating the exploration of machine transla-
tion to Arabic using alternative embedding methods.
Rather than optimizing solely for peak performance
on clean benchmark data, this work focuses on trans-
lation robustness under realistic noisy conditions,
where spelling errors and out-of-vocabulary words
frequently degrade subword-based models.

This paper investigates and compares the effec-
tiveness of visual versus traditional embeddings
in translating English into Arabic under clean and
noisy conditions. Specific techniques explored in-
clude vowel removal preprocessing (Al-Shaibani
and Ahmad, 2023) and character-level trigram to-
kenization rendered visually. Character trigram
representations have been widely used in English
NLP to improve robustness to spelling variation
and to mitigate vocabulary expansion (Huang et al.,
2013; Nigam et al., 2019). More recently, character
trigrams have also been shown to provide strong
robustness to misspelled words in Arabic text clas-
sification (Alomari and Ahmad, 2024), motivating
further investigation of trigram-based representa-
tions in cross-lingual and multimodal settings. The
main contributions of this paper are as follows:

* We demonstrate that visual embeddings im-
prove robustness to spelling noise in English-
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Arabic machine translation, maintaining sub-
stantially higher BLEU scores than BPE-based
models under noise levels from 10% to 50%,
despite lower performance on clean data.

We propose a character-trigram visual tok-
enization strategy that reduces input sequence
length by more than 50% (from ~74 to ~32
visual tokens per sentence), leading to signifi-
cantly faster training while preserving robust-
ness.

We provide a controlled robustness evaluation
across multiple noise levels, showing that vi-
sual models degrade more gracefully than text-
based subword models as input corruption in-
creases.

2 Related Work

Recent studies have explored replacing traditional
text-based embeddings with visual text representa-
tions for various NLP tasks, particularly to improve
robustness to noise and out-of-vocabulary (OOV)
words.

Salesky et al. (Salesky et al., 2021) proposed
representing text as images using sliding windows
and applying this approach to machine transla-
tion. Their method demonstrated strong robust-
ness to noisy inputs across multiple datasets and
language pairs, showing that visual text representa-
tions can match or outperform traditional subword-
based models. Building on this work, Salesky
et al. (Salesky et al., 2023) extended visual em-
beddings to a multilingual setting, demonstrating
improved performance over subword embeddings
across diverse scripts and writing systems.

More generally, the PIXEL model (Rust et al.,
2023) introduced a framework that converts text
into images and learns representations through
masked image reconstruction. PIXEL showed
strong cross-script generalization, particularly for
non-Latin scripts, highlighting the potential of vi-
sual representations beyond token-based text mod-
els. Subsequent work by Lotz et al. (Lotz et al.,
2023) explored alternative rendering strategies for
PIXEL, showing that character n-gram-based ren-
dering can improve efficiency and sentence-level
performance while reducing model size.

Character-level representations have also been
widely studied as a means to improve robustness
and control vocabulary growth. Prior work has
shown that character n-grams are effective for han-
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Figure 1: Overview of the end-to-end methodology. Af-
ter preprocessing, source text is tokenized using either
text-based or visual approaches. Visual tokens are ren-
dered as images and encoded via a CNN, while text
tokens use standard embeddings, before being passed to
a transformer encoder-decoder model.

dling spelling variation and OOV words in En-
glish NLP tasks. More recently, Alomari and Ah-
mad (Alomari and Ahmad, 2024) demonstrated that
character trigrams provide strong robustness to mis-
spelled text in Arabic classification tasks, motivat-
ing further investigation of trigram-based represen-
tations in noisy and multilingual settings.

Finally, Al-Shaibani and Ahmad (Al-Shaibani
and Ahmad, 2023) proposed removing vowels from
English text as a compact representation for tradi-
tional embeddings. Their approach achieved com-
parable performance to standard text representa-
tions across several NLP tasks, including machine
translation, while significantly reducing computa-
tional requirements. This finding motivates the ex-
ploration of non-vowel preprocessing in conjunc-
tion with visual embedding methods.

3 Methodology

This section describes the techniques used to prepro-
cess text data, tokenize input and output, generate
visual embeddings, and build and train translation
models. We explore both traditional and visual
approaches. Figure 1 shows the methodology dia-
gram.

3.1 Text Preprocessing

Text preprocessing is a crucial step in NLP to re-
duce variation and standardize the dataset. In our
study, we applied language-specific preprocessing
techniques to both English (source language) and
Arabic (target language).

For Arabic, a preprocessing step was performed
by replacing different forms of the letter “Alef”,



specifically, (”T“, N ,“”) with the standard “I”. This
helped reduce redundancy in vocabulary caused by
orthographic variations. In addition, the harakat
(diacritics) were removed to minimize the variation
in word forms.

For English, we converted all characters to low-
ercase to minimize case-based token duplication.

Additionally, for both Arabic and English, punc-
tuation marks were surrounded by spaces so they
would be treated as individual tokens during word-
level tokenization.

One special consideration in English preprocess-
ing was the apostrophe symbol (’), which appears
frequently in contractions like “I’'m” and “it’s.” Un-
like other punctuation marks, apostrophes were re-
tained to preserve the semantic meaning of such
expressions in English.

We also prepared a variation of the dataset where
vowels were removed from English sentences, aim-
ing to simulate the non-vowels approach used by
(Al-Shaibani and Ahmad, 2023) for visual embed-
dings and see its effect on the performance of ma-
chine translation.

3.2 Tokenization

Tokenization refers to dividing text into discrete
units, or tokens, that can be processed by a model
(Hassler and Fliedl, 2006). In this study, different
tokenization strategies were employed depending
on whether traditional text-based or visual embed-
dings were used.

Text-based tokenization. For traditional models,
Byte-Pair Encoding (BPE) was applied jointly to the
English and Arabic training corpora using 10,000
merge operations. This resulted in a shared subword
vocabulary that helps mitigate vocabulary sparsity
and improves the handling of rare and unseen words
during translation.

Visual tokenization. For visual models, tokeniza-
tion was performed by first rendering each English
source sentence as a grayscale image and then seg-
menting the image into smaller visual units, each
of which was treated as a token.

In the two base visual models, referred to as
BASEI and BASE?2, the rendered sentence image
was segmented using a sliding window with a width
of 15 pixels and a stride of 10 pixels, producing over-
lapping image slices. Each slice represents a local
visual context within the sentence and serves as
an individual visual token. In the NON-VOWELS
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model, the same sliding-window segmentation strat-
egy was applied after removing vowel characters
from the English source text, resulting in shorter
rendered sequences and fewer visual tokens per sen-
tence.

In the trigram visual model, referred to as TRI-
GRAM, tokenization was performed at the char-
acter level. Each sequence of three consecutive
characters from the English source sentence was
rendered as a separate, non-overlapping image slice,
producing fixed-width visual tokens. Character tri-
gram representations have been shown to be effec-
tive in English NLP tasks for reducing vocabulary
size and improving robustness to spelling errors
and out-of-vocabulary words (Huang et al., 2013;
Eyecioglu and Keller, 2016). More recent work
has demonstrated similar robustness properties for
character trigrams in Arabic text classification un-
der noisy conditions (Alomari and Ahmad, 2024),
suggesting that trigram-based representations cap-
ture language-agnostic structural patterns that are
beneficial under noisy input conditions.

Target-side tokenization. The target language
(Arabic) was tokenized using BPE in all models to
ensure consistency during training and evaluation.
An exception was made for BASE1, where word-
level tokenization using whitespace as a delimiter
was employed on the target side to enable a direct
comparison with BASE2, which uses BPE-based
decoding.

3.3 Embedding

We consider two embedding paradigms for repre-
senting source text: (i) conventional text-based em-
beddings and (ii) visual embeddings derived from
image representations of text.

For text-based models, source tokens are repre-
sented using standard word embeddings augmented
with sinusoidal positional encodings to preserve
relative token order information.

For visual models, tokens are represented as
image-based units rather than discrete symbols.
Each visual token is mapped to a fixed-dimensional
continuous representation through a learnable con-
volutional projection, producing a 512-dimensional
embedding per token. These visual embeddings
replace conventional word embeddings and are di-
rectly consumed by the encoder—decoder architec-
ture, allowing the model to operate on visual struc-
ture while remaining architecturally compatible
with text-based transformer models.
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Figure 2: Example of the visual embedding pipeline.
An English source sentence is rendered as image slices,
which are encoded by a CNN and projected through a
linear bridge to obtain fixed-dimensional visual embed-
dings. These embeddings are then provided as input to
the transformer encoder-decoder model to generate the
target Arabic sentence.

Figure 2 illustrates an example of the visual em-
bedding process. An English source sentence is first
tokenized and rendered into image slices, which are
encoded using a CNN. The resulting visual features
are projected through a linear layer to produce fixed-
dimensional embeddings that are compatible with
the transformer encoder-decoder architecture.

3.4 Encoder-Decoder Architecture

All models whether using traditional or visual
embeddings shared the same transformer-based
encoder-decoder architecture to ensure a fair com-
parison. The architecture consisted of:

* 6 transformer encoder layers and 6 transformer
decoder layers

* 4 attention heads per multi-head attention mod-
ule

* Two fully connected layers in each transformer
block: one with size (512 — 1024), followed
by another with size (1024 — 512)

* Embedding dimension: 512

* Optimizer: Adam (Kingma and Ba, 2015)

To encode token order information, sinusoidal po-
sitional encodings were added to the encoder inputs
in all models. In the traditional setup, the sinusoidal
positional embeddings were applied to the BPE-
based text embeddings of the English source sen-
tences. In the visual setup, the same sinusoidal posi-
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tional encoding scheme was added to the sequence
of 512-dimensional visual embeddings produced
by the CNN over image token slices, ensuring that
positional information was modeled consistently
across both embedding types.

4 Experiment

4.1 Dataset

We used the IWSLT 2017 (Cettolo et al., 2017)
English-Arabic parallel corpus, a widely used
benchmark dataset for low-resource machine trans-
lation tasks. The dataset was accessed using the
datasets library in Python, which provides the data
pre-split into training, validation, and test sets en-
abling a consistent and reproducible evaluation.
The training data was used to train all models, while
the validation set was used for hyperparameter tun-
ing and the test set for final evaluation. The training
set consists of 231713 sentence pairs, while the val-
idation and test sets include 888 and 8,583 pairs,
respectively. Each pair in the dataset contains a
source sentence in English and its corresponding
translation in Arabic. The dataset covers a wide
range of spoken language topics derived from TED
talks, which makes it a useful resource for evaluat-
ing the generalization and robustness of translation
systems. All sentences in the corpus were prepro-
cessed to ensure consistency across experiments,
including punctuation handling, and case standard-
ization.

4.2 Experiment Setup

This section describes the training environment, pre-
processing steps, and model-specific configurations
used to conduct the experiment and do comparison
between traditional and visual embedding models.

4.3 Preprocessing

All experiments used the same preprocessing
pipeline described in Section 3.1 to ensure compa-
rability across models. This included English low-
ercasing, Arabic normalization, punctuation sepa-
ration, and diacritic removal.

For the NON-VOWEL setting, English vowels
were removed prior to tokenization. No additional
preprocessing steps were applied.

4.4 Visual Model Configuration

For visual models, English source sentences were
rendered as grayscale images using the Pygame
library with the NotoSans-Regular font at a size



of 10pt. Padding was applied during rendering to
ensure consistent image dimensions across samples.

Tokenization was performed directly in the image
space using multiple strategies:

* BASE1, BASE2, NON-VOWELS: sliding
window slicing with a window width of 15
pixels and a stride of 10 pixels.

* TRIGRAM: fixed-width slicing correspond-
ing to three consecutive characters, where the
slice width was set to three times the maximum
character width to ensure uniform trigram rep-
resentation.

The image height was determined by the maxi-
mum height of the rendered sentence plus padding:

* BASE1, BASE2, and NON-VOWELS: 22 pix-
els (16 pixels text height with 3 pixels padding
on both the top and bottom).

* TRIGRAM: 18 pixels (including 1 pixel
padding on both the top and bottom).

To guarantee uniform input dimensions for con-
volutional processing, image slices whose width
was smaller than the predefined window size were
padded with a white background. After slicing and
padding, each sentence was represented as a stack
of n visual tokens, resulting in an input tensor of
shape n x h x w, where n denotes the number of
image slices and h and w correspond to the height
and width of each slice.

Each image slice was processed by a one-layer
convolutional neural network followed by batch nor-
malization and a ReL.U activation function, produc-
ing a 512-dimensional visual embedding. These
embeddings were then provided as input to the trans-
former encoder—decoder model.

4.5 Training Procedure

All experiments were conducted on Google Colab
Pro using the PyTorch framework, with an NVIDIA
L4 GPU (22.5 GB memory) and 53 GB of system
RAM. All models were trained under identical con-
ditions using the Adam optimizer (Kingma and Ba,
2015). Visual models are trained with a learning
rate of 5 x 1074, dropout of 0.3, and token-based
batching with a maximum of 10k tokens per batch;
all other training hyperparameters follow standard
fairseq defaults. The maximum number of epochs
was set to 100 for both traditional and visual models.
For the NON-VOWEL model, additional training
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Table 1: Some Statistics for Training Models

Model #Epochs

100
81

100
172
100

Max tokens  Slice (h x w) Mean of # slices (Training/Testing)

4096
20000
20000
20000
20000

Baseline (Text)
BASEl

BASE2
NON-VOWELS
TRIGRAM

No images
22x31
22x31
22x31
18 x 54

No images
74/71.3
74/71.3

56.3/54.1

32.3/31.5

Table 2: Visual Models Training Time

Model Training Time (s)
BASE2 17047.6
NON-VOWELS 13687.7 + 9807.5
TRIGRAM 10693.5

runs were conducted to examine the effect of ex-
tending training on model performance.

For visual models, an early stopping criterion
was applied using a patience value of 10, halting
training if no improvement was observed over 10
consecutive epochs. After training, all outputs were
post-processed to remove BPE artifacts (if any) be-
fore evaluating model performance using BLEU
scores on the test set.

To compare visual embeddings with traditional
text-based embeddings under conditions with out-
of-vocabulary (OOV) words and spelling mistakes,
we created five additional test sets. These were de-
rived from the original test dataset by introducing
random character swaps within words. Character
swaps were chosen as they simulate common typo-
graphic errors frequently observed in user- gener-
ated text. Specifically, two consecutive characters
in a word were swapped with probabilities of 10%,
20%, 30%, 40%, and 50%, respectively.

We evaluated the text-based baseline model (us-
ing traditional embeddings) and TRIGRAM (using
visual embeddings) on these modified test sets to
examine how spelling errors and OOV words affect
each embedding type.

5 Results and Discussion

This section presents and analyzes the experimen-
tal results of both traditional text-based and visual
embedding models. We discuss training dynam-
ics, computational efficiency, translation quality on
clean data, and robustness under noisy input condi-
tions.

Table 1 summarizes key training characteristics
of all models, including the number of epochs until
convergence, maximum token limits, visual slice
dimensions, and the average number of visual to-



Table 3: BLEU Scores for the Models on Clean Test Set

Model BLEU Score (Clean)

Baseline (Text) 17.26

BASEI 14.09

BASE2 14.16

NON-VOWELS 14.28 (100 epochs) - 14.60 (172 epochs)
TRIGRAM 14.28

Table 4: BLEU Scores for Noisy Inputs with Different
Swap Probabilities

Swap Probability Baseline (Text) TRIGRAM
p = 10% 12.93 13.86
p = 20% 9.22 12.26
p = 30% 6.70 10.91
p = 40% 4.80 9.45
p = 50% 3.39 8.27

kens per sentence. Beyond reporting configurations,
the table provides insight into how different tok-
enization and embedding strategies affect training
behavior and computational cost.

The BASEI1 model converged after only 81
epochs, substantially earlier than the other visual
models. While this early convergence indicates
faster saturation during training, it is also associ-
ated with weaker generalization performance, as re-
flected by its lower BLEU score on the clean test set
(Table 3). This behavior can be attributed to the use
of word-level tokenization on the target side, which
restricts the model’s ability to learn subword-level
patterns compared to Byte-Pair Encoding (BPE).

Table 1 also highlights the effect of visual to-
ken granularity on input sequence length. Sliding-
window models (BASE1, BASE2, and NON-
VOWELS) generate a large number of visual tokens
per sentence. For instance, BASE2 produces an av-
erage of 74 slices per training sentence, whereas the
TRIGRAM model produces only 32.3 slices. This
substantial reduction in sequence length directly
impacts computational efficiency and explains the
shorter training time of the TRIGRAM model re-
ported in Table 2. These results suggest that non-
overlapping trigram segmentation offers a more
compact and efficient visual representation.

Table 2 reports the total training time for visual
models. The TRIGRAM model completed training
in approximately 2.97 hours (10,693.5 seconds),
making it the fastest among all visual configurations.
In contrast, BASE2 and NON-VOWELS required
longer training times due to their higher number of
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visual tokens per sentence. The NON-VOWELS
model, however, benefits from reduced sequence
length compared to BASE2 as a result of vowel
removal, leading to lower computational cost while
maintaining comparable translation quality.

5.1 Clean Dataset Performance

Table 3 presents BLEU scores for all models eval-
uated on the clean (unmodified) test set. The tra-
ditional text-based baseline achieved the highest
BLEU score of 17.26, outperforming all visual em-
bedding models. This result confirms that subword-
based text embeddings remain well-optimized for
standard machine translation when input data is
clean and well-formed.

Among the visual models, NON-VOWELS and
TRIGRAM achieved the highest BLEU scores
(14.28), while BASE1 and BASE2 performed
slightly worse. Extending the training of the NON-
VOWELS model resulted in a modest improvement,
reaching a BLEU score of 14.60 after 172 epochs.
This suggests that visual models can benefit from
longer training durations, although they still do not
reach the performance level of traditional text-based
embeddings on clean inputs.

5.2 Robustness to Noisy Inputs

Table 4 highlights the robustness of the models
under increasing levels of noise introduced through
character swaps. As the swap probability increases,
the BLEU score of the baseline model degrades
rapidly, dropping from 17.26 on clean input to 12.93
at 10% noise and further to 3.39 at 50% noise. This
sharp decline indicates the sensitivity of text-based
tokenization methods to spelling errors and out-of-
vocabulary (OOV) words.

In contrast, the TRIGRAM visual model demon-
strates substantially greater robustness. It achieves
a BLEU score of 13.86 at 10% noise and maintains
a score of 8.27 even at 50% noise. Figure 3 illus-
trates this trend, showing that the performance gap
between the baseline and the visual model widens
as noise levels increase.

These results demonstrate a key advantage of vi-
sual embeddings: their ability to retain structural in-
formation from character images even when charac-
ters are partially corrupted. Unlike traditional text-
based tokenization, visual representations are less
sensitive to minor spelling variations, making them
particularly suitable for noisy or user-generated text
scenarios.
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Figure 3: BLEU score vs. noise level for Baseline and
TRIGRAM.

5.3 The Role of Target-Side Tokenization

An important observation from the experiments is
the influence of target-side tokenization on conver-
gence behavior and translation quality. While the
primary focus of this study is on source-side em-
bedding strategies, the choice of tokenization for
the Arabic target language plays a critical role in
overall model performance.

Models employing Byte-Pair Encoding (BPE) on
the target side, such as NON-VOWELS, achieved
better generalization and higher BLEU scores than
models relying on word-level tokenization, such
as BASE1. Although BPE-based models required
more epochs to converge, they were able to cap-
ture finer-grained morphological patterns in Arabic,
a morphologically rich language. This suggests
that even when visual embeddings are used on the
source side, retaining subword-level processing on
the target side remains beneficial for translation
quality and generalization.

6 Limitations

Despite the promising results, this study has several
limitations that should be considered when inter-
preting the findings.

First, the experimental setup for visual embed-
dings was intentionally constrained to reduce vari-
ability. Only a single font (NotoSans-Regular) and
font size (10pt) were used during image rendering.
While this choice follows prior work (Salesky et al.,
2021) and ensures comparability across models,
different font styles or sizes may influence the vi-
sual appearance of characters and, consequently,
the quality of the learned embeddings. Similarly,
the visual tokenization process relied on fixed win-
dow and stride sizes for the sliding-window models.
Alternative configurations could lead to different
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token structures and potentially affect model perfor-
mance.

Second, several training-related factors may limit
the conclusions drawn from the results. Hyperpa-
rameters such as learning rate, dropout, and opti-
mizer settings were fixed across all experiments
following recommendations from prior work. Al-
though this ensures a fair comparison, some mod-
els—particularly the NON-VOWELS configura-
tion—may benefit from further tuning. In addi-
tion, early stopping with a fixed patience value was
applied uniformly to all models. While this pro-
motes consistency, it may prevent certain models
from fully converging, especially those that require
longer training to stabilize.

Third, the scope of the experimental evaluation
is limited. All experiments were conducted on a
single language pair (English—Arabic) using the
IWSLT 2017 dataset. While this dataset is a well-
established benchmark for low-resource machine
translation, the findings may not generalize directly
to other language pairs, larger-scale datasets, or
domain-specific translation tasks. Further experi-
ments across diverse languages and domains are
necessary to assess the broader applicability of vi-
sual embedding approaches.

Finally, evaluation relied primarily on BLEU as
the main performance metric. Although BLEU is
widely used and enables quantitative comparison
with prior work, it does not fully capture semantic
adequacy, fluency, or human-perceived translation
quality. Future work could incorporate comple-
mentary evaluation methods, such as human judg-
ments or semantic similarity metrics, to provide
a more comprehensive assessment of translation
performance.

7 Conclusion and Future Work

This study investigated the effectiveness of visual
word embeddings compared to traditional text-
based embeddings for English-to-Arabic machine
translation under both clean and noisy input con-
ditions. While the traditional text-based base-
line achieved the highest BLEU score on clean
data, visual embedding models demonstrated sub-
stantially greater robustness to spelling noise and
out-of-vocabulary (OOV) tokens. Among the vi-
sual approaches, the TRIGRAM model achieved
the best balance between translation quality and
computational efficiency, benefiting from its non-
overlapping tokenization strategy and reduced se-



quence length.

These findings highlight that visual representa-
tions provide a promising alternative to conven-
tional text embeddings in scenarios where input
text is noisy or user-generated. Importantly, this ro-
bustness comes at the cost of lower BLEU scores on
clean data, indicating a deliberate trade-off between
peak benchmark performance and stability under
input corruption. In addition, the use of subword-
level tokenization (BPE) on the target language
proved crucial for effective learning, enabling better
convergence and improved translation quality even
when visual embeddings were used on the source
side.

For future work, we plan to extend this study
in several directions. First, we aim to evaluate vi-
sual embedding models on larger and more diverse
datasets to further assess their generalization capa-
bilities and robustness across domains. Second, we
plan to explore additional character-level segmen-
tation strategies for visual tokenization, including
bigram and higher-order n-gram representations, to
better understand the trade-offs between translation
performance, robustness, and computational cost.
Finally, motivated by recent findings on the effec-
tiveness of character trigrams for Arabic text pro-
cessing under noisy conditions, future work will in-
vestigate the application of visual n-gram tokeniza-
tion directly to Arabic source text in Arabic-English
translation settings.
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Abstract

This study addresses automatic transliteration
from Tajik (Cyrillic script) to Persian (Perso-
Arabic script). We present a curated, lexico-
graphically verified parallel corpus of 52,152
Tajik—Persian words and short phrases, com-
piled from printed dictionaries, encyclopedic
sources, and manually verified online resources.
To the best of our knowledge, this is one of the
largest publicly available word-level corpora
for Tajik—Persian transliteration.

Using this corpus, we train a character-level
sequence-to-sequence Transformer model and
evaluate it using Character Error Rate (CER)
and exact-match accuracy. The Transformer
achieves a CER of 0.3216 and an exact-
match accuracy of 0.3133, outperforming both
dictionary-based rule-based and recurrent neu-
ral baselines. With beam search (k = 3), per-
formance further improves to CER 0.3182 and
accuracy 0.3215. We describe the data collec-
tion and preprocessing pipeline, model archi-
tecture, and experimental protocol, and report
a part-of-speech analysis showing performance
differences across lexical categories.

All preprocessing scripts, deterministic splits
into training, validation, and test sets, and train-
ing configurations are released to support re-
producibility and further research on Tajik and
related Persian dialects. The corpus supports
research in character-level transliteration, cross-
script NLP, and lexicographic applications.

1 Introduction

Tajik and Persian are closely related varieties
within a common Persianate continuum, but they
use different orthographic systems: Tajik is primar-
ily written in a modified Cyrillic script, whereas
Persian (as used in Iran and Afghanistan) is written
in a Perso—Arabic script. This divergence in writ-
ing systems reduces textual interoperability and
complicates the reuse of language technologies de-
veloped for one script in the other. Consequently,
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reliable script conversion—specifically automatic
transliteration between Tajik Cyrillic and Perso—
Arabic Persian—is a prerequisite for a range of
downstream applications such as cross-script in-
formation retrieval, lexical resource integration,
named-entity recognition, and the construction of
parallel corpora for machine translation.

Transliteration differs from translation in that it
aims to produce a canonical surface form in a dif-
ferent orthography while preserving lexical identity
and minimal semantic change. For closely related
varieties like Tajik and Persian, transliteration is
often both more appropriate and more economi-
cal than full translation. Nonetheless, progress
has been constrained by the scarcity of sufficiently
large, high-quality parallel resources aligned at the
word (or short-phrase) level and by orthographic
phenomena that complicate one-to-one mappings
(e.g., diacritics, multiple Cyrillic graphemes map-
ping to the same Perso—Arabic grapheme, and di-
alectal spelling variation).

To address these gaps, we assemble and release
a curated Tajik—Persian parallel dataset and pro-
vide a systematic empirical evaluation of character-
level sequence-to-sequence Transformer models
for transliteration. The full cleaned corpus con-
tains 52,152 aligned Tajik—Persian word and short
phrase pairs, comprising 38,795 unique Tajik sur-
face forms and 36,376 unique Persian targets.
The dataset is lexicon-oriented (word/short-phrase
level) and therefore emphasizes canonical dictio-
nary forms rather than in-context sentence realiza-
tions.

Our principal contributions are:

* A curated Tajik—Persian parallel dataset of
52,152 aligned pairs compiled from author-
itative lexicographic sources and manually
curated web examples, together with deter-
ministic train/validation/test splits to support
reproducible evaluation.

Proceedings of the 2nd Workshop on NLP for Languages Using Arabic Script (AbjadNLP 2026), pages 75-83
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* A documented preprocessing and alignment
pipeline tailored to script conversion be-
tween Tajik Cyrillic and Perso—Arabic Per-
sian, including Unicode normalization, ortho-
graphic variant handling, deduplication of ex-
act triplets, and targeted manual verification
for high-frequency items.

* A reproducible set of baseline experiments
using a character-level Transformer and two
decoding strategies (greedy and beam search),
with evaluation using Character Error Rate
(CER) and exact-match accuracy, plus com-
parisons to rule-based and recurrent baselines.

* A qualitative and quantitative error analysis
that categorizes common failure modes (pho-
netic/orthographic ambiguity, dialectal vari-
ants, and contextual-form errors) and pro-
vides practical recommendations for improv-
ing transliteration in low-resource settings.

We release the dataset, preprocessing scripts, de-
terministic splits, and training configuration (and
model checkpoints upon request/acceptance) to fa-
cilitate reproducible research on Tajik and related
Persian varieties. We also discuss limitations of the
current resource: it is lexicon-biased (nouns and
adjectives predominate), contextual examples are
sparse for many entries, and some orthographic or
dialectal variants remain underrepresented—issues
we highlight to guide future extensions and use.

2 Related Work

Transliteration and script conversion for Persian va-
rieties have progressed from hand-crafted rule sys-
tems and statistical methods towards contemporary
neural encoder—decoder models. Early efforts to
mitigate data scarcity used bootstrapping of lexical
resources and phrase-based statistical techniques,
which demonstrated feasibility but also highlighted
persistent problems with out-of-vocabulary items
and phonetic ambiguity (Megerdoomian and Par-
vaz, 2008; Davis, 2012). Lexicographic sources
and national corpora have long underpinned practi-
cal converters for Tajik, and classical dictionaries
remain important provenance for high-quality lex-
ical forms (taj; Shukurov et al., 1969; Nazarzoda
et al., 2008; Ghiyosiddin, 1987-1989). More re-
cently, carefully curated parallel resources intended
for benchmarking and cross-script transfer have ap-
peared; a notable example is the ParsText corpus

of manually aligned Tajik—Persian sentences (Mer-
chant and Tang, 2024). These resources, together
with efforts that produce tens of thousands of word-
level pairs, have shown that improving data quality
and provenance materially benefits learned systems
(SadraeiJavaheri et al., 2024).

The methodological landscape has been re-
shaped by attention mechanisms and Transformer
architectures, which provide strong performance on
character-level transduction when combined with
appropriate preprocessing and sufficient training
data (Vaswani et al., 2017; Ott et al., 2019). Recent
studies demonstrate that Transformer-based mod-
els commonly outperform recurrent baselines on
transliteration and dialect-bridging tasks, though
gains depend on tokenisation choices (character
vs sub-character), decoding strategy (greedy vs
beam search), and the handling of orthographic
variants (SadraeiJavaheri et al., 2024; Merchant
et al., 2025). Evaluation practice for character-
level generation has likewise matured: Character
Error Rate (CER) is widely used for per-character
sensitivity, exact-match accuracy for strict lexical
correctness, and character n-gram measures such
as chrF++ are useful for quantifying local agree-
ment between hypotheses and references (Popovié,
2017). Orthographic phenomena specific to Persian
— notably the role of ezafe constructions and dia-
critic behaviour — further complicate modelling
and evaluation and have been explicitly studied in
the literature (Doostmohammadi et al., 2020).

Practical reproducibility and deployment have
benefitted from mature toolkits and language-
specific utilities: general sequence-modelling
frameworks (e.g., FAIRSEQ) simplify implemen-
tation and replication of encoder—decoder experi-
ments, while Persian-focused libraries (e.g., PARSI-
VAR) assist with normalisation and morphological
processing that are important for consistent pre-
processing (Ott et al., 2019; Mohtaj et al., 2018).
Taken together, these studies indicate three persis-
tent gaps that motivate the present work: (i) many
available parallel sets are small or sentence-focused
rather than lexicon-oriented, (ii) lexicographically
grounded, high-quality lexicons at scale remain
scarce for Tajik—Persian, and (iii) systematic error
analyses that disaggregate orthographic, phonetic
and dialectal failure modes are relatively uncom-
mon. This paper addresses these points by releas-
ing a large, lexicographically verified Tajik—Persian
word-level corpus and by providing reproducible
baselines that compare rule-based, recurrent and
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Transformer approaches within the same exper-
imental framework (Merchant and Tang, 2024;
Megerdoomian and Parvaz, 2008; Davis, 2012;
SadraeiJavaheri et al., 2024; Merchant et al., 2025;
Ott et al., 2019; Mohtaj et al., 2018; Vaswani et al.,
2017; Popovi¢, 2017; Doostmohammadi et al.,
2020; Shukurov et al., 1969; Nazarzoda et al., 2008;
Ghiyosiddin, 1987-1989; taj).

3 Dataset

We present a curated, lexicon-oriented
Tajik—Persian transliteration dataset designed
for character-level modelling and reproducible
evaluation.  The resource comprises exactly
52,152 aligned Tajik (Cyrillic) — Persian (Perso-
Arabic) word and short-phrase pairs collected
from professionally edited printed dictionaries,
explanatory lexica, and carefully curated online
lexical repositories. Source selection prioritizes
editorial quality and provenance to reduce noise
relative to web-crawled alignments. Notable
lexicographic inputs and corpus resources are
documented in the release metadata (Shukurov
et al., 1969; Nazarzoda et al., 2008; Ghiyosiddin,
1987-1989; taj; Merchant and Tang, 2024).

Records are stored in newline-delimited JSON
(JSONL). Each record includes canonical fields
(‘tajik*, ‘persian‘), an optional harmonised ‘part-of-
speech* label, illustrative ‘examples‘, provenance
identifiers (source and, where available, page or en-
try references), and auxiliary fields (e.g., ‘-queried-
word‘, ‘-freq‘) that support merges with corpus
frequency data.

Preprocessing is fully scripted and determinis-
tic. All textual fields are normalised to Unicode
NFC, and whitespace and punctuation variants are
canonicalised. Records missing either source or tar-
get after trimming are discarded. Character-variant
normalisation maps alternative Unicode represen-
tations of Perso-Arabic glyphs to canonical forms
while preserving diacritics; an optional diacritic-
stripped variant is also provided for ablation studies.
POS tags from heterogeneous sources are mapped
to a small controlled vocabulary. Exact triplets
(source, target, POS) are deduplicated, while near-
duplicates reflecting legitimate orthographic or di-
alectal variation are retained. Automated qual-
ity checks—including script/character validation
and length sanity thresholds—are supplemented by
targeted manual verification of high-impact head-
words. All preprocessing scripts, provenance map-
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pings, and decisions are included in the release to
ensure reproducibility and transparency.

The cleaned corpus contains 38,795 unique Tajik
surface forms and 36,376 unique Persian targets;
the ‘-queried-word* field has 13,669 distinct val-
ues, and illustrative example coverage averages
approximately 0.57 examples per entry with a
mean example length of 83 characters. To support
fair evaluation, we provide deterministic, stratified
train/validation/test splits (seeded with ‘random-
state = 42°) that preserve the overall part-of-speech
distribution. The splits are approximately 80%
train (41,722 pairs), 10% validation (5,215 pairs),
and 10% test (5,215 pairs), and the exact row in-
dices are distributed with the release for bit-level
reproducibility.

Licensing recommendations and provenance
policies are documented: we suggest CC BY
4.0 for the data and MIT/Apache-2.0 for prepro-
cessing code, preserve all source attributions in
record metadata, and provide access procedures for
sources with restricted licenses. The dataset ex-
hibits a lexicon bias—predominantly nouns and ad-
jectives—making it particularly suitable for learn-
ing orthographic correspondences at the charac-
ter level. Users should exercise caution when ap-
plying models trained on this resource to out-of-
domain sentence-level or context-sensitive ortho-
graphic alternations. This release is intended to
complement sentence-level corpora and to enable
rigorous comparisons across rule-based, statistical,
and neural transliteration methods (Merchant and
Tang, 2024; Shukurov et al., 1969; Nazarzoda et al.,
2008; Ghiyosiddin, 1987-1989; taj).

4 Methodology

This section details the modelling choices, train-
ing procedure, decoding strategy, and evaluation
protocol employed in our experiments. All compo-
nents are designed to be fully reproducible, and the
complete preprocessing, training, and evaluation
scripts, along with exact configuration files, are
released alongside the dataset.

4.1 Problem formulation and tokenisation

We frame Tajik—Persian transliteration as a
sequence-to-sequence learning task at the character
level. Source strings in Tajik Cyrillic and target
strings in Persian Perso-Arabic script are decom-
posed into atomic Unicode characters, enabling the
model to capture fine-grained orthographic corre-



spondences without relying on language-specific
tokenisers or morphological analysers. Character
vocabularies are extracted solely from the training
split to prevent information leakage, and special
tokens are introduced to denote padding, start-of-
sequence, and end-of-sequence boundaries. All
textual inputs and outputs are UTF-8 encoded and
normalised to Unicode NFC prior to tokenisation.

Persian diacritics are preserved in the main ver-
sion of the dataset to allow the model to learn subtle
orthographic distinctions. An additional diacritic-
stripped variant is provided for controlled abla-
tion studies, enabling an explicit assessment of the
contribution of diacritics to transliteration perfor-
mance.

4.2 Model architecture and baselines

Our primary model is a character-level encoder—
decoder Transformer. Both the encoder and de-
coder consist of three layers, with an embedding
dimension of 256, eight attention heads, and feed-
forward sublayers of dimension 512. Dropout with
probability 0.1 is applied across all sublayers, and
positional information is encoded using sinusoidal
positional encodings (Vaswani et al., 2017). To
reduce parameter count and improve generalisation
on small character vocabularies, the decoder em-
bedding matrix is tied with the output projection
layer. During training, the decoder uses teacher
forcing, receiving the gold-standard prefix at each
time step.

For comparison, we implement two baseline sys-
tems. The first is a rule-based dictionary lookup ap-
proach, which applies deterministic longest-prefix
matching over the lexicon and falls back to simple
character-level mappings when a direct match is un-
available. This baseline represents the upper bound
achievable through lexical coverage alone. The
second baseline is a neural sequence-to-sequence
model based on bidirectional LSTMs, comprising
a single-layer bidirectional encoder and a unidirec-
tional attention-based decoder. The LSTM model
uses character embeddings of the same dimension-
ality as the Transformer and shares the same pre-
processing pipeline and vocabulary to ensure a fair
comparison.

4.3 Training, optimisation, and decoding

All models are implemented in PyTorch (v2.0),
with exact software versions provided in the re-
lease. We use the AdamW optimiser with an initial
learning rate of 1 x 1074, 61 =0.9, 85 = 0.98, and
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weight decay = 0.01. AdamW (decoupled weight
decay) is chosen over standard Adam as it typically
yields better generalisation for Transformer-based
models.

Early stopping: Training runs for a maximum
of 20 epochs with early stopping based on valida-
tion Character Error Rate (CER), using a patience
of five epochs. This patience value balances two
competing risks: too small a value may stop train-
ing prematurely before convergence (underfitting),
while too large a value wastes computational re-
sources and may lead to overfitting. For character-
level sequence tasks with datasets of ~50k sam-
ples, a patience of five epochs provides a practi-
cal compromise, allowing sufficient convergence
while guarding against overfitting. In our final
run, training halted at epoch 17 after no im-
provement in validation CER was observed for
five consecutive epochs.

The training objective is cross-entropy loss with
label smoothing (0.1) to prevent overconfidence
and improve generalisation. Gradients are clipped
to a maximum global norm of 1.0 to stabilise opti-
misation. A fixed random seed (42) ensures deter-
ministic dataset splitting, model initialisation, and
training. Where supported by hardware, automatic
mixed-precision training (AMP) reduces memory
consumption; otherwise, training proceeds in stan-
dard 32-bit precision.

Decoding: We compare greedy decoding (se-
lects highest-probability token at each step) with
beam search (maintains k best partial sequences).
After evaluating k € {1,3,5,10}, we select k = 3
as providing the optimal trade-off between accu-
racy gains and inference cost (quantitative analysis
in Section 6). Beam search employs length nor-
malisation with exponent @ = 0.6 to mitigate bias
toward shorter output sequences.

Computational context: Experiments were con-
ducted on CPU hardware (16GB RAM) due to
resource constraints. Training required approxi-
mately 45 minutes per epoch, totalling ~13.5 hours
for the reported run. While this limited exten-
sive hyperparameter exploration, our parameter
choices align with established practices in similar
low-resource transliteration work (SadraeiJavaheri
et al., 2024; Merchant et al., 2025) and yield repro-
ducible, competitive results.

4.4 Evaluation protocol and reproducibility

Model selection is performed on the validation split
using Character Error Rate as the primary criterion.



Final evaluation on the held-out test set reports
CER, exact-match accuracy, and, where appropri-
ate, chrF++ scores to facilitate comparison with
related work. All metrics are computed on Unicode-
normalised strings. Inference speed is measured in
milliseconds per word on an NVIDIA V100 GPU
or comparable hardware, with full hardware and
software environments recorded for each experi-
mental run.

To ensure reproducibility, the released package
includes the complete preprocessing pipeline, de-
terministic train—validation—test splits, pre-built
vocabularies, training and evaluation scripts, and
saved model checkpoints for the best-performing
Transformer configuration. Example commands
are provided to reproduce all reported results, and
utilities for estimating variance and confidence in-
tervals are included for researchers interested in
statistical comparisons.

5 Experimental Setup

This section describes the experimental config-
uration used to evaluate the proposed character-
level transliteration models. We detail the dataset
preparation procedure, the construction of train—
validation—test splits, and the main descriptive
statistics of the resulting corpus. All experiments
are conducted under a fully deterministic setup to
ensure reproducibility.

5.1 Dataset preparation and splitting

All experiments are conducted on the cleaned
and deduplicated version of the Tajik—
Persian lexicon introduced in Section 3.
The starting point is a merged lexicon file
(merged_unique_results_merged_dedup. jsonl)
compiled from multiple authoritative lexicographic
sources. The raw merged collection contains
approximately 51300 entries. After Unicode
normalisation, removal of malformed records,
elimination of duplicate source—target pairs,
script consistency checks, and harmonisation of
linguistic annotations, the final dataset used in our
experiments consists of exactly 52152 aligned
word or short-phrase pairs.

All preprocessing steps are deterministic and
applied prior to data splitting. Vocabulary con-
struction and model training rely exclusively on
the training split, and no information from the val-
idation or test sets is used during preprocessing
or optimisation. Following standard practice, the
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cleaned dataset is randomly partitioned into three
non-overlapping subsets corresponding to training,
validation, and test data, using an approximately
80/10/10 ratio. Splitting is performed at the level
of aligned pairs, guaranteeing that no pair appears
in more than one subset. A fixed random seed is
used and reported to allow exact replication of the
splits.

5.2 Corpus statistics

Table 1 presents the main statistics of the resulting
train, validation, and test splits, including the num-
ber of pairs and average character sequence lengths
for both source and target sequences. This sum-
mary highlights the overall size and structure of
the corpus, as well as the consistency of sequence
lengths across the splits.

Split Pairs Tajik (avg) Persian (avg)
Training 41722 8.2+4.3 7.8+3.9
Validation 5215 8.1+4.1 7.7+3.8
Test 5215 8.3+4.4 7.9+4.0

Table 1: Dataset statistics after train/validation/test split
(80/10/10) from the cleaned corpus of 52 152 pairs. Val-
ues are mean =+ standard deviation.

The relatively short average sequence lengths
reflect the lexicon-oriented nature of the dataset
and make character-level modelling computation-
ally efficient, while still capturing a wide range of
orthographic phenomena relevant to transliteration.
The consistency of lengths across splits indicates
that random partitioning preserves the overall char-
acteristics of the corpus and avoids length-based
biases.

In addition to sequence length statistics, each
lexicon entry optionally includes a part-of-speech
(POS) annotation inherited from the source dictio-
naries. Table 2 presents the distribution of POS
tags over the full cleaned dataset prior to splitting.
Only a very small fraction of entries (0.13%) lack
POS annotation.

The POS distribution reveals that nouns and ad-
jectives dominate the dataset, which is typical for
dictionary-oriented resources. Verbs, adverbs, and
other categories are less frequent but sufficiently
represented to enable meaningful evaluation of
transliteration behaviour for morphologically richer
word classes.



Part of Speech Count Share (%)
Noun 27374 53.36
Adjective 18292 35.66
Verb 2442 4.76
Adverb 1824 3.56
Proper noun 582 1.13
Interjection 281 0.55
Numeral 142 0.28
Conjunction / Particle 102 0.20
Preposition 86 0.17
Pronoun 55 0.11
Affix / Particle 33 0.06
Postposition 18 0.04
Labeled total 51231 99.87
Missing POS 69 0.13

Table 2: Distribution of part-of-speech tags in the
cleaned dataset.

5.3 Experimental protocol and evaluation

All models are trained exclusively on the training
split and selected using validation-set Character
Error Rate (CER). The test split is held out and
accessed only once for final evaluation. Transliter-
ation quality is assessed using two complementary
metrics. Character Error Rate, defined as the Lev-
enshtein distance between the predicted and ref-
erence strings normalized by the reference length,
captures fine-grained character-level deviations and
is particularly informative for partially correct out-
puts. Exact-match accuracy reports the proportion
of instances for which the predicted transliteration
exactly matches the gold reference, reflecting strict
word-level correctness. Together, these metrics
provide a balanced and interpretable evaluation of
model performance.

To contextualise the results, we compare the
proposed character-level Transformer against two
baseline systems: a rule-based dictionary-driven
transliteration method based on longest-prefix
matching, and a neural sequence-to-sequence
model with bidirectional LSTM encoders and de-
coders operating at the character level. All models
are trained and evaluated on identical data splits
and under the same evaluation protocol, ensuring
that observed performance differences reflect mod-
elling capacity rather than artefacts of data prepara-
tion.

The combination of deterministic preprocessing,
controlled data splitting, and transparent evaluation
ensures that all reported experimental results are
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fully reproducible and directly comparable across
modelling approaches.

6 Results and Analysis

6.1 Training Dynamics

The proposed character-level Transformer demon-
strated stable and efficient training dynamics. Fig-
ure 1 illustrates the learning curves for the pri-
mary Transformer model (with greedy decoding)
across the training epochs. Validation Character
Error Rate (CER)—our primary early-stopping cri-
terion—decreased steadily from the early epochs,
reaching its minimum value around epoch 17,
after which no significant improvement was ob-
served, triggering early stopping according to the
five-epoch patience rule. The training loss con-
verged smoothly without signs of overfitting, indi-
cating effective optimization. Validation accuracy
showed a corresponding gradual increase, confirm-
ing that the model not only reduced character-level
errors but also improved its ability to predict en-
tire words correctly. The final performance on the
test set, reported in Table 3, was obtained from
the checkpoint saved at the epoch with the best
validation CER (epoch17).

(@) Traning and val

dation Loss.

Figure 1: Learning curves for the character-level Trans-
former model. (a) Training and validation loss across
epochs. (b) Validation Character Error Rate (CER) and
validation exact-match accuracy across epochs. Early
stopping (patience=5) was triggered after epoch 17
based on validation CER. The final model checkpoint
(epoch 17) yielded a test CER of 0.3216 and an accuracy
of 31.33%.

The curves confirm that the chosen hyperparam-
eters (learning rate, patience for early stopping)
were appropriate for this task and dataset size. The
model learned efficiently without requiring the full
20 epochs, which supports our decision to use early
stopping to prevent overfitting. With the training
behavior established, we now present the quantita-
tive results on the held-out test set in comparison
to baseline methods.

6.2 Quantitative Results

Table 3 summarizes the main quantitative results on
the held-out test set. The Transformer substantially



outperforms both the rule-based and BiLSTM base-
lines across all metrics. In particular, it achieves
a test CER of 0.3216, corresponding to a relative
reduction of more than 15.

Model CER (]) Acc. (1) Time
Rule-based (dict.) 0.412 0.198 0.5
BiLSTM (256) 0.381 0.247 2.1
Transf. (greedy) 0.3216 0.3133 3.8
Transf. (beam 3) 0.3182 0.3215 12.4

Table 3: Test-set performance comparison. Beam search
improves accuracy with higher inference cost. All times
in ms/word.

6.3 Effect of Beam Search

Table 4 shows the effect of different beam sizes on
transliteration performance. Increasing the beam
size consistently improves accuracy, but gains sat-
urate quickly. Beam size £ = 3 provides the best
trade-off between performance and computational
cost, while larger beams bring only marginal im-
provements with higher inference time.

Beam CER Acc. Hyps Time
1 (greedy) 0.3216 0.3133 1 3.8
3 0.3182 0.3215 3 12.4
5 0.3179 0.3221 5 19.7
10 0.3178 0.3223 10 38.2

Table 4: Effect of beam size. Gains saturate beyond
beam size 3. Times in ms/word.

6.4 Analysis by Part of Speech

To gain deeper insight into the model’s perfor-
mance, we analyzed its behavior across different
lexical categories. Table 5 disaggregates the test-set
results by part-of-speech (POS) tags, focusing on
the most frequent categories. As anticipated from
the dataset distribution (Table 2), nouns and adjec-
tives—which constitute the vast majority of train-
ing examples—achieve the best performance, with
CER and accuracy metrics slightly better than the
overall average. In contrast, verbs, which are less
frequent and often involve more complex morpho-
logical transformations and contextual dependen-
cies, prove significantly more challenging, showing
a higher CER and substantially lower exact-match
accuracy. This pattern confirms that data sparsity
and morphological complexity are key factors limit-
ing performance for certain word classes. Adverbs,
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while also less frequent, exhibit intermediate per-
formance, likely due to more regular orthographic
patterns.

POS N CER () Acc. ()
Noun 2,785  0.305 0.331
Adjective 1,862  0.298 0.342
Verb 248 0412 0.202
Adverb 186 0.335 0.290
All 5,215 03216  0.3133

Table 5: Performance by POS category (N = sample
count). Verbs are most challenging.

6.5 Qualitative Analysis on Example Words

To better understand the types of errors made by the
Transformer, Figure 2 shows a set of representative
words with their gold standard, model predic-
tion, and error score. The error score reflects the
degree of mismatch (0 = perfect match, 0.5 = par-
tial mismatch). Common issues include phonetic
ambiguities (e.g., multiple Cyrillic graphemes map-
ping to a single Perso-Arabic character), dialectal
spelling variants, and inconsistencies in vowel rep-
resentation, particularly for words with optional
diacritics in Persian script.

Word Expected Predicted Score

canowm (hello) A Ak 0.0
KuTob (book) W s 0.0
makTab (school) S g 0.5
o6op (town) ALl A 0.0
Saali Sals 0.0

ayct (friend) 0.0

pya (day) 0.0

0.0

0

1

2

3

4 Toywk (Tajik)
5

6

7 06 (water)
8

mogap (mother) 0.0

Figure 2: Representative example words with gold stan-
dard, model prediction, and error score. Examples illus-
trate common error types: phonetic ambiguity, dialectal
variation, and vowel representation issues.

Overall, the character-level Transformer consis-
tently outperforms both rule-based and recurrent
baselines, demonstrates stable learning dynamics,
and benefits moderately from beam search decod-
ing. The POS-level analysis reveals that perfor-
mance gains are not uniform and are concentrated
in high-frequency lexical categories, while the qual-
itative analysis illustrates the model’s ability to
correctly transliterate standard words while high-
lighting systematic challenges that warrant future



investigation.

7 Discussion

The proposed character-level Transformer achieves
a Character Error Rate (CER) of 0.3216 and an
exact-match accuracy of 0.3133 on the held-out
test set. Translating CER into character-level ac-
curacy yields approximately 67.8 %, meaning that
roughly two-thirds of characters are predicted cor-
rectly on average, while the remaining one-third
are affected by insertions, deletions, or substitu-
tions. The main sources of residual errors include
phonetic overlap and orthographic ambiguity,
where multiple Tajik Cyrillic graphemes corre-
spond to the same Perso-Arabic character, creating
one-to-many or many-to-one mapping ambiguities.
Historical orthographic shifts and phonemic vari-
ation exacerbate this effect, particularly in words
with vowels that are optionally represented in Per-
sian script.

Compared to prior work on smaller
Tajik—Persian resources, our approach demon-
strates clear quantitative improvements. Earlier
attention-based models trained on limited word
sets reported CERs in the high 0.30s, whereas our
Transformer reduces CER to 0.3216 and improves
exact-match accuracy to 0.3133. These results
underscore the importance of both dataset scale
and lexicographic quality for character-level
orthography-to-orthography modeling in low-
resource settings. From a practical perspective, the
dataset and model can support several applications.
Digital lexicography and libraries benefit
from automated transliteration of Tajik-Cyrillic
entries to Persian script, improving accessibility
for Persian-reading audiences and facilitating
resource integration. Educational tools can
assist language learners by providing canonical
counterpart generation, error highlighting, and
interactive feedback. In NLP applications, the
aligned dataset enables cross-script search, lexicon
linking, named-entity recognition, and downstream
machine translation. The reported exact-match
accuracy of 31.33% implies that roughly one in
three lexical items requires no post-editing.

Nevertheless, the current work has several lim-
itations. There is a lexicon bias, as nouns and
adjectives dominate the dataset, whereas verbs,
adverbs, and morphologically complex forms are
underrepresented, limiting the model’s capacity
to handle context-sensitive inflectional phenom-
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ena. Sentence-level context is absent, because
the dataset emphasizes canonical dictionary tar-
gets, so orthographic alternations in running text
are not systematically captured. Furthermore, do-
main and register coverage is limited, as certain
semantic domains, idiomatic forms, and histori-
cal or literary registers remain underrepresented,
which may affect generalization to out-of-domain
inputs. Despite these limitations, the model pro-
vides a strong and reproducible baseline for
character-level transliteration between Tajik and
Persian, demonstrating the effectiveness of Trans-
former architectures even in lexicon-constrained,
low-resource settings.

8 Conclusion

We presented a character-level Transformer for
Tajik-to-Persian transliteration and introduced a cu-
rated parallel dataset of 52,152 aligned word
and short-phrase pairs. The Transformer model
achieves a CER of 0.3216 and exact-match ac-
curacy of 0.3133, outperforming both a rule-
based dictionary baseline and a BILSTM sequence-
to-sequence model. Phonetic ambiguities, mor-
phological and contextual differences, and resid-
ual data sparsity constitute the main sources of
transliteration errors. Future research directions
include phonology-aware modeling by integrat-
ing grapheme-to-phoneme representations or ex-
plicit phonetic features to reduce many-to-many
mapping ambiguities, as well as data augmenta-
tion and semi-supervised learning through syn-
thetic word generation, back-transliteration, and
cross-lingual transfer to improve coverage of rare
forms. Extending the approach to running text for
sentence-level transliteration would allow model-
ing of contextual orthographic alternations, clitics,
and morphosyntactic dependencies. Moreover, the
methodology can be adapted for related languages
historically using Arabic-based orthographies, such
as Tatar, Bashkir, Kazakh, and Uyghur, potentially
benefiting from transfer learning or multilingual
training. We release the cleaned dataset, prepro-
cessing scripts, deterministic splits, and train-
ing configuration to enable reproducible research.
Broader impacts include enhanced digital access
to Tajik lexical heritage and lowering barriers for
cross-script NLP for Persian varieties, while users
are advised to consider ethical aspects, including
source licensing, attribution, and careful handling
of culturally sensitive lexical items when applying



or redistributing the data.
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