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Abstract

The lack of public data for Arabic-to-Hindi transliteration has hindered the develop-
ment of systems that can handle the languages’ diverse linguistic styles. To address
this, we introduce AH-Translit, a multi-domain dataset of 100K parallel pairs
with over 1.2M Arabic and 1.5M Hindi words. We also present AH-Translit-
Bench1, a balanced, human-verified benchmark for fair evaluations across diverse
linguistic domains. Our analysis reveals that domain-specific models, while strong
in-domain, generalize poorly. We show that a single model, trained on a balanced
mixture, achieves higher performance consistency across all domains. This ap-
proach establishes a strong baseline with a Macro-averaged Character Error Rate
(MaCER) of 15.7%. We release the benchmark and an evaluation package for
reproducible, cross-domain assessment.

1 Introduction

The script barrier between Arabic (Perso-Arabic) and Hindi (Devanagari) poses a significant machine
transliteration challenge with wide-ranging implications across secular and religious domains. This
problem directly impacts two major user groups: the 8 million [1, 2] Hindi-speaking immigrants
in Arab nations who face daily obstacles in navigating official documents and public signage [3],
and millions of non-Arabic-speaking South Asian Muslims who rely on phonetic transliteration for
religious observances, such as reciting the Quran and Duas [4]. Developing effective translitera-
tion systems is essential for improving information access and language learning for these large
communities [5, 6].

However, progress in Arabic-to-Hindi transliteration is stalled by a foundational resource gap: the
lack of a large-scale, multi-domain, public benchmark dataset. Such a resource is vital for training
models, conducting standardized evaluations, and enabling comparative analysis[7]. This scarcity
is particularly acute given the orthographic and phonetic ambiguities between unvocalized Arabic
and Devanagari [8–11]. Moreover, Arabic exhibits extensive domain diversity, with significant
lexical and phonetic shifts between Classical Arabic and Modern Standard Arabic (MSA). Without
a comprehensive dataset, effectively learning these complex rules and generalizing across domains
remains a prohibitive challenge.

To address this resource gap, we introduce AH-Translit, with the following core contributions:

• A Large-Scale, Multi-Domain Dataset, AH-Translit, the first public dataset for Arabic to
Hindi Transliteration, containing 100K parallel sentence pairs across three distinct domains:
Quranic, Modern Standard Arabic (MSA), and Bibliographic.

• AH-Translit Bench, a manually verified benchmark that enables reliable, high-quality
evaluation across domains.

1The benchmark data is available at: AH_TB Data

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop.

https://pypi.org/project/AH-Translit-Bench/
https://india-data.org/dataset-details/759e2466-b6d4-460a-a1fe-61207e885b1f


• Comprehensive Baseline Analysis: We provide strong baselines and demonstrate the
dataset’s effectiveness.

2 Related Work

Machine Transliteration The field of machine transliteration [12, 6, 13] has evolved from rule-
based, language-specific systems [14, 12, 15, 16] to data-driven, multilingual frameworks. Data-
driven approaches, spanning statistical [15, 17–21], Seq2Seq [20, 22, 23], and Transformer models
[20, 24–29], have enabled powerful multilingual systems such as IndicXlit [7]. However, even these
models are constrained by the lack of parallel data. Prior works have explored Arabic [24, 22, 23]
and Hindi [30, 31, 9, 7] transliteration in isolation, but parallel Arabic-to-Hindi coverage remains
absent. Our work addresses this gap by providing the foundational data necessary for existing models
to succeed on this neglected task.

Benchmark Datasets Progress in machine transliteration is driven by the creation of benchmark
datasets[32, 33, 24, 34, 35], from seminal efforts like the NEWS Shared Tasks [21] and the Dakshina
dataset [36] to large-scale corpora for Indic languages like Aksharantar [7]. To overcome data scarcity
for our target pair, we employ Large Language Models (LLMs) to generate a synthetic corpus, a
common practice in low-resource scenarios[37, 24]. However, this approach presents a significant
quality challenge: LLM-generated data can contain phonetic or orthographic errors. Generic filtering
methods are often insufficient for the phonemic accuracy crucial for transliteration. We implement
a rigorous round-trip consistency filter, a validation pipeline designed to ensure the quality of our
synthetic data.

3 The AH-Translit Dataset

Figure 1: The AH-Translit curation process uses two pipelines. The top pipeline processes Human-
expert data from the Quranic and MSA domains via direct validation. The bottom pipeline processes
the Bibliographic corpus synthetically, using LLM for parallel data generation and our round-trip
consistency filter for validation.

3.1 Dataset Curation

We construct AH-Translit from three complementary sources to ensure high linguistic quality
and broad domain coverage. First, we incorporate two expert-curated corpora as a gold-standard
foundation: (1) a Quranic domain [38], providing formal, phonetically precise text from fully
vocalized Classical Arabic with Tajwid2, and (2) a Contemporary MSA domain that combines
Modern Standard Arabic (MSA) phrases from an expert-compiled book [39] with synthetically
generated scientific and educational text. Second, to address the challenge of transliterating named
entities, we add a Bibliographic domain [40] rich in proper nouns. Together, these three domains
cover classical, contemporary, and entity-rich language.

2Tajwid is the set of rules governing how Quranic words should be pronounced during recitation

2



Synthetic Data Generation Pipeline The Bibliographic domain data was originally an Arabic-to-
Roman transliteration corpus [40], requiring us to generate Hindi transliterations synthetically. We
applied the same procedure to the synthetic MSA portions. We used Gemini 2.5 Pro for this task due to
its strengths in multilingual, non-Latin script handling and superior tokenization efficiency for Perso-
Arabic and Devanagari, ensuring practical feasibility for this large-scale data generation task [41]. We
found that a robust filtering mechanism was necessary to ensure quality. To this end, we developed
a round-trip consistency filter. This method validates a generated Hindi transliteration (Hillm) of
an Arabic source sentence (Arsrc) by transliterating it back to Arabic (Arrt = LLM(Hillm)). We
retain the (Arsrc, Hillm) pair only if the Character Error Rate (CER) between the original and the
round-trip text, CER(Arsrc, Arrt), is below an empirically set threshold of 9%. This automated
pipeline is scalable and effective in filtering inaccurate synthetic transliterations.

3.2 Dataset Statistics and Benchmark Design

The final curated AH-Translit dataset contains 100K high-quality, parallel Arabic-to-Hindi sentence
pairs — over 1.2M Arabic words and a vocabulary of ≈ 4K unique tokens. Each domain contributes
a distinct linguistic profile: Quranic verses are long and syntactically layered (avg. 41.65 words;
σ=27.68), MSA contributes short, everyday phrases (avg. 10.63 words; σ=6.44) and the Biblio-
graphic domain (avg. 10.69 words; σ=9.43) is dense with named entities — a focused stress test for
transliteration systems. Together, these domains ensure coverage of varied linguistic styles, laying the
groundwork for a challenging cross-domain evaluation. Additional statistics appear in Appendix B.

Given these distinct domain characteristics, a simple proportional sampling would be inadequate
for robust evaluation. We therefore construct AH-Translit-Bench, a curated 2, 000-pair test set
designed for balanced, cross-domain assessment. It comprises 500 pairs each from the Quranic and
MSA domains, and 1, 000 from the Bibliographic domain. This stratified composition ensures models
are evaluated on both the syntactic complexity of religious texts and the high named-entity density of
bibliographic entries.

Ethics. All sources for this work are in the public domain. Our use of LLMs for data generation
adheres to their respective terms of use. To mitigate potential inaccuracies, all synthetically generated
pairs were rigorously filtered. We will release the dataset for research purposes only.

4 Experiments

Models. We establish our baseline with a standard character-level sequence-to-sequence architecture
[42]: a 3-layer Gated Recurrent Unit (GRU) with attention [43] Char-GRU. This model choice
allows us to measure the utility of our dataset for training and testing robust transliteration systems
from scratch. Further details in Appendix A

Training. We investigate the impact of data composition by training five Char-GRU models across
different corpora. The Quran-only, MSA-only, and Bib-only models are trained exclusively on
their respective corpora, containing 2, 000, 4, 500, and 92, 221 pairs. A fourth model, Equal-Mix, is
trained on a balanced 15K-pair corpus constructed by sampling 5, 000 pairs from each domain to
mitigate inherent data imbalance. A fifth model, Prop-Mix, is trained on an imbalanced mixture of
40K-pairs in a 7:1:1 ratio (Bib : Quran : MSA) to serve as a baseline against our balanced-mixture
approach. All models are trained on a single NVIDIA RTX 2080 GPU (16 GB VRAM). Further
training details appear in Appendix A.

Evaluation. Each of the four trained models is evaluated against the three partitions of the AH-
Translit-Bench. This cross-domain evaluation allows us to measure not only in-domain proficiency
but also the ability of models to generalise to unseen linguistic styles. Since transliteration requires
character-level phonetic precision, we report Character Error Rate (CER) [44] as our primary metric.
CER is also suitable for capturing critical sub-word errors that alter pronunciation, such as misplaced
diacritics (e.g., the Hindi nuqta).

5 Results and Analysis

Performance Analysis The cross-domain evaluation results in Table 1 reveal a sharp contrast
between specialist and generalist models. While models trained on single domains achieve low error
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Table 1: Cross-domain evaluation (CER%). We report Macro and Micro averages, and Std. for
consistency. Best and second-best results are highlighted. The model trained on an equal mix
outperforms others.

Model Test Domain (CER % ↓) Consistency ↓
(Trained on) Quranic MSA Bib MaCER MiCER Std.
Quran-only 19.6 51.7 85.7 52.3 60.7 27.0
MSA-only 91.3 7.7 43.3 47.4 46.4 34.5
Bib-only 61.1 31.8 12.7 35.2 29.6 20.0

Prop-Mix 24.8 11.2 12.8 16.3 15.4 6.1
Equal-Mix 19.7 10.9 16.4 15.7 15.9 3.6

rates on matched data, the MSA-only model reaches 7.7% CER on MSA; they are fundamentally
brittle. Their performance degrades significantly out-of-domain, with the MSA-only model’s CER
reaching 91.3% on Quranic text. This extreme variance, captured by high Standard Deviations (20.0
to 34.5), demonstrates that specialist models overfit to their source domain and are unreliable for
real-world use.

In contrast, the Equal-Mix model proves to be a generalist. While a close second on each domain,
its primary advantage is its performance consistency. Its Standard Deviation of only 3.6 is an order of
magnitude lower than any specialist, indicating that its performance is stable across diverse linguistic
styles. This reliability translates to superior overall performance, achieving a state-of-the-art Macro-
average CER of 15.7%. This confirms that a balanced training mixture is vital for developing a single
system for diverse domain data.

Table 2: Cross-domain samples of transliteration models on AH-Translit-Bench
Model Bibliography AL-Quran MSA
Source
(Arabic)

1912 -1818 ،๤དྷ؜ اܳٺ؇ݿؕ اܳگݠن ሒᇭ اෂීً؇ط ۰਍ಱ݁ڎ
madīnat al-rabāt fī al-qarn al-tāsi‘ a‘shar, 1818-1912

ا৙৑ۊ๤ཏون ܾ۱ اරඝ৚৑ة ሒᇭ ܾዛኡأ රජم ৖৑
lā jarama annahum fī al-ākhirati humu al-akhsarūn

اࠍ੊ިاب؟ لأݠف ݆݁
man ya‘rif al-jawāb?

Gold (Hindi) मदʍनत अल-रबात फ़ʏ अल-क़नर् अल-ताɡसअ अशर, 1818-1912
madīnat al-rabāt fī al-qarn al-tāsi‘ a‘shar, 1818-1912

ला जरमा अȡहुम फ़ʏ अल-आɤख़रɟत हुमु अल-अख़्सारून
lā jaramā annahum fī al-ākhirati humu al-akhsarūn

मन य'ɝरफ़ अल-जवाब?
man ya‘rif al-jawāb?

Quran-only मुदʍनतुर ɝरबातु ɟफ़ल करिɟनत ताɡसअ अशरर ला जरमा अȡहुम फ़ʏ अल-आɤख़रɟत हुमु अल-अख़्सारून मंय्यअ्रɟफल जू
MSA-only मदʍना अल-रबाता फ़ʏ अल-क़रान अल-तास् 'अशरर मर? ला जुरुम 'अनहम फ़ʏ अल-'अख़रा हɠमम अल-'उख़स्रून मन य'ɝरफ़ अल-जवाब?
Bib-only मदʍनत अल-रबात फ़ʏ अल-क़नर् अल-ताɡसअ अशर, 1818-1912 ला जमर् अन्हुम फ़ʏ अल-आɤख़रह हुम्म अल-अख़्सरून ɠमन यअɝरफ़ अल-जवाब?
Equal-Mix मदʍनत अल-ɝरबात फ़ʏ अल-क़ʛ नर् अल-ताɡसअ अशर, 19819199 ला जुमर् अȡहुम ɟफ़ल आɤखरɟत हुमल अख़ससरून ɠमन यअɝरफ़ अल-जवाब?

Qualitative Analysis Our analysis reveals how specialist models overfit to superficial patterns in
their source domains. As shown in Table 2, the Bib-only model, trained on data rich with hyphens
(-), incorrectly inserts them into classical Quranic transliterations (Col-2). Conversely, because
numbers and special characters are absent in the Quranic domain, the Quran-only model fails to
transliterate them when they appear in other contexts (Col-1). The Equal-Mix model avoids these
overfitting errors, demonstrating a more generalizable understanding of linguistic rules. This affirms
both the effectiveness of the balanced training strategy and the linguistic diversity of the benchmark.

6 Conclusion and Future Work

In this work, we introduced AH-Translit, the first large-scale, multi-domain dataset for Arabic-
to-Hindi transliteration covering diverse linguistic styles (Classical to Bibliographic). Using our
benchmark, AH-Translit-Bench, we conducted rigorous cross-domain analysis. Our key finding is
that while domain-specific models are brittle, a generalist model trained on a balanced data mixture
achieves excellent performance consistency. This approach delivers state-of-the-art performance,
showing that reliability across diverse inputs is as vital as peak accuracy for real-world applications.
Limitations: The raw training corpus is skewed, which may not be ideal for all training scenarios.
While our balanced benchmark mitigates this for evaluation, future work could explore its direct use.
Furthermore, while effective, the round-trip consistency filter may still permit subtle errors. Future
Work: Future research could explore advanced domain adaptation techniques or curriculum learning
strategies to reduce performance variance across diverse linguistic styles. We release our benchmark
to promote such research.
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A Experimental and Implementation Details

This section consolidates the technical details required for full reproducibility of our experiments.

A.1 Training Hyperparameters

All Char-GRU models were trained using the hyperparameters documented in Table 3. The number
of epochs was adjusted based on the dataset size to prevent overfitting on smaller corpora while
ensuring convergence on larger ones.

Table 3: Training hyperparameters for all Char-GRU models.

Group Hyperparameter Value

Model Architecture
Embedding Dimension 128
Hidden Size (GRU) 256
Number of Layers 3

Optimization

Optimizer AdamW
Learning Rate 3× 10−4

Weight Decay 1× 10−6

Batch Size 16
Gradient Clip Norm 1.0

Regularization
Encoder Dropout 0.2
Decoder Dropout 0.2
Teacher Forcing Ratio 0.5

Training Duration Epochs (Quran/MSA-only) 30
Epochs (Bib-only/Equal-Mix) 10

A.2 Round-Trip Consistency Filter

The synthetic portion of our dataset was curated using a round-trip consistency filter. The process is
as follows:

1. An Arabic source sentence (Arsrc) is transliterated to Hindi (Hillm) using Gemini 2.5 Pro.

2. The generated Hindi (Hillm) is then transliterated back to Arabic (Arrt) using the same
model.

3. The Character Error Rate (CER) is calculated between the original and the round-trip Arabic
text: CER(Arsrc, Arrt).

4. The pair (Arsrc, Hillm) is permanently kept only if the CER is below a 9% threshold. This
threshold was determined empirically by manually reviewing random 1000 samples, as
it offered the best balance between filtering out clear orthographic errors while retaining
correct transliterations.

Note: A manual audit of 1,000 sampled pairs indicated that a 9% round-trip CER threshold achieves
a practical quality–coverage balance, filtering obvious noise while preserving 92% of high-quality
pairs.

B Dataset Details

This section provides a detailed breakdown of the dataset statistics for this work.

B.1 Detailed Dataset Statistics

Table 4 provides the complete statistics for the training and benchmark splits of the AH-Translit
dataset.
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Table 4: Detailed statistics for the AH-Translit dataset.

Domain Split Pairs Word Count Avg. Word Len Avg. Char Len

Arabic Hindi Ara Hib Ar Hi

Quranic Train 2000 83,300 91,400 41.65 56.28 89.97 120.78
Bench.a 500 20,825 22,850 41.65 57.27 88.62 122.77

MSA Train 4500 47,835 55,120 10.63 14.00 21.51 28.16
Bench. 500 5315 6125 10.63 14.01 21.53 28.00

Bibliographic Train 92,221 1,010,715 1,319,377 10.69 13.95 24.16 30.76
Bench. 1000 10,690 12,150 10.69 13.95 24.16 29.79

a Bench.: Benchmark set.
b Ar: Arabic. Hi: Hindi.

C Extended Results and Analysis

This section provides the complete, unabridged evaluation results to support the analysis in the main
paper.

C.1 Complete Evaluation Results

Table 5 presents the complete evaluation metrics. Following prior transliteration evaluation, we also
report Word Correctness (100–WER), which can be negative in cases of high insertion/deletion rates.

Table 5: Complete evaluation results. We report Character Error Rate (CER, lower is better) and
Word Error Rate (WER). Word Correctness (100–WER) may be negative when insertion/deletion
errors exceed the total word count; we retain it to allow direct comparability with prior transliteration
work. All metrics are reported as percentages (%).

Model Test Domain Char Acc CER WER Word Corr.

MSA-only

Quranic 8.70 91.30 123.46 −23.46
MSA 92.32 7.68 26.58 73.42
Bib. 56.70 43.30 98.24 1.76

Mi-Avg 53.61 46.40 86.63 13.37

Quran-only

Quranic 80.36 19.64 57.40 42.60
MSA 48.31 51.69 110.51 −10.51
Bib. 14.27 85.73 176.18 −76.18

Mi-Avg 39.30 60.70 130.07 −30.07

Bib-only

Quranic 38.91 61.09 106.68 −6.68
MSA 68.24 31.76 86.06 13.94
Bib. 87.26 12.74 31.64 68.36

Mi-Avg 70.42 29.58 63.01 36.00

Prop-Mix

Quranic 75.14 24.86 63.39 36.61
MSA 88.78 11.22 38.59 61.41
Bib. 87.11 12.89 34.12 65.88

Mi-Avg 83.67 16.33 45.36 54.63

Equal-Mix

Quranic 80.27 19.73 56.08 43.92
MSA 89.07 10.93 38.49 61.51
Bib. 83.63 16.37 44.81 55.19

Mi-Avg 84.15 15.85 46.05 53.95
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