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Abstract

We present the findings of the first shared
task on Qur’anic pronunciation assessment,
which focuses on addressing the unique chal-
lenges of evaluating precise pronunciation of
Qur’anic recitation. To fill an existing research
gap, the Iqra’Eval 2025 shared task intro-
duces the first open benchmark for Mispro-
nunciation Detection and Diagnosis (MDD)
in Qur’anic recitation, using Modern Standard
Arabic (MSA) reading of Qur’anic texts as its
case study. The task provides a comprehensive
evaluation framework with increasingly com-
plex subtasks: error localization and detailed
error diagnosis. Leveraging the recently devel-
oped QuranMB benchmark dataset along with
auxiliary training resources, this shared task
aims to stimulate research in an area of both
linguistic and cultural significance while ad-
dressing computational challenges in pronun-
ciation assessment.

1 Introduction

The field of Computer-Aided Pronunciation Train-
ing (CAPT) and its core component, Mis-
pronunciation Detection and Diagnosis (MDD),
have become indispensable tools for self-directed
language learners globally (Neri et al., 2008;
Rogerson-Revell, 2021). CAPT systems have
two main usages: (i) pronunciation assessment,
where the system is concerned with the errors in
the speech segment; (ii) pronunciation teaching,
where the system is concerned with correcting and
guiding the learner to fix mistakes in their pro-
nunciation (Kheir et al., 2023a). Arabic presents
unique challenges for CAPT due to its linguis-
tic complexity and diverse varieties. The Arabic
phonological system comprises 34 phonemes, in-
cluding 28 consonants and 6 vowels with distinct
short and long forms, which already surpasses the
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complexity of many Indo-European languages. A
particularly salient challenge is posed by complex
phonetic structures not commonly found in other
languages, such as uvular and pharyngeal conso-
nants, and the subtle but semantically crucial dis-
tinction between emphatic and non-emphatic con-
sonants (e.g., / t/ vs. /T/ or /s/ vs. /S/). A slight
mispronunciation, such as a substitution between
these pairs, can alter the meaning of a word en-
tirely (Kheir et al., 2023b, 2024; Alrashoudi et al.,
2025). These challenges in Arabic are ampli-
fied in the domain of Qur’anic recitation. The
recitation of the Holy Qur’an is governed by a
strict set of rules known as Tajweed, which dic-
tates the precise articulation of every phoneme,
including specific rules for elongation, nasaliza-
tion (Idgham, Ikhfaa, Iglab), and bouncing sounds
(Qalqgala). These rules introduce a layer of pho-
netic complexity that is absent in Modern Stan-
dard Arabic (MSA) and requires specialized mod-
els and datasets that can capture these fine-grained
acoustic details (Ahmad et al., 2018; Alagrami and
Eljazzar, 2020; Rahman et al., 2021; Alsahafi and
Asad, 2024). The IqgraEval 2025 challenge is mo-
tivated by the Unified Benchmark for Arabic Pro-
nunciation Assessment, with Qur’anic recitation
as its case study (El Kheir et al., 2025). Build-
ing on this foundation, IqraEval 2025 introduces
a standardized benchmark supported by carefully
curated datasets to tackle the challenges of Ara-
bic MDD. To fill existing gaps, we present the first
open benchmark for mispronunciation detection in
MSA, specifically focusing on Qur’anic recitation.
Our main contributions are:
* Task Description: Quranic Mispronuncia-
tion Detection and Diagnosis System.
* Phoneme Set Description: Detailed
phoneme inventory for MSA-based recita-
tion.
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» Dataset Release: Over 80 hours of training
and development speech data.

e Evaluation Framework: Clearly defined
criteria for benchmarking performance.

* Leaderboard: The first public leaderboard
for Qur’anic Mispronunciation Detection.

2 Iqgra’Eval 2025

2.1 Task Description

The Iqgra’Eval 2025 shared task focuses on mis-
pronunciation detection and diagnosis in Qur’anic
recitation.  Given a speech segment and its
corresponding reference transcript, the objective
is to automatically identify pronunciation errors
and localize their positions. In this first itera-
tion of the shared task, the task is framed as a
phoneme recognition problem, where the systems
are expected to accurately predict the pronounced
phonemes in a given MSA-style read Qur’anic
Arabic speech recording.

2.2 Dataset and Evaluation

2.2.1 Training Dataset

CV-Ar Dataset This dataset incorporates an
82.37 hours subset of the Common Voice Dataset
(Ardila et al., 2019) version 12.0 specifically for
MSA Arabic speech recognition. The data set con-
sists of read speech samples collected from a di-
verse pool of speakers with a well-balanced gen-
der distribution. Fully vowelized versions of the
transcriptions developed by El Kheir et al. were
used in this shard task. Additionally, the cor-
pus has been augmented with samples drawn from
Qur’anic recitations (Alrashoudi et al., 2025).

TTS Augmentation Dataset Introduced in El
Kheir et al. to address the scarcity of mispro-
nounced annotated speech data, based on the gen-
erative approach techniques demonstrated in Ko-
rzekwa et al. 2022. The authors used seven in-
house single-speaker TTS systems (5 male and
2 female voices) trained on fully vowelized tran-
scriptions to generate 26 hours of error-free speech
(canonical pronunciations) and 26 hours of speech
with systematically introduced mispronunciations.
The mispronunciation patterns were created by
systematically modifying the input of canonical
transcripts based on a predefined confusion-pairs
matrix derived from phoneme similarity data ex-
tracted from Kheir et al. 2022.

2.2.2 Testing Dataset

QuranMB The test set introduced by El Kheir
et al. consists of 98 verses from the Qur’an, re-
cited by 18 native Arabic speakers (14 females,
4 males), resulting in approximately 2.2 hours of
recorded speech. The speakers were instructed to
read the text while deliberately producing speci-
fied pronunciation errors, which were systemati-
cally selected to emulate the most prevalent mis-
pronunciations reported in the literature on com-
mon errors in Qur’anic recitation. A custom
recording tool was developed to highlight modi-
fied text and display additional instructions speci-
fying the type of error to ensure consistency in er-
ror production (Alrashoudi et al., 2025). The test
set was further annotated by 3 Arabic linguistic
annotators.

2.3 Evaluation

We utilize the specialized phoneme set for
Qur’anic Arabic developed in El Kheir et al.,
2025, which builds on the phonetizer introduced
by Halabi and Wald, 2016. This set of phonemes
includes 62 unique phonemes that account for
all MSA sounds, including gemination (the dou-
bling of consonant sounds). The phonemizer has
been optimized for phonetic coverage in speech
synthesis, employing a greedy algorithm to min-
imize corpus size while maintaining comprehen-
sive phonetic and prosodic coverage.

Evaluation Metrics Our evaluation protocol
adopts the hierarchical structure established in
prior mispronunciation detection research (Li
et al.,, 2016; Leung et al., 2019; Kheir et al.,
2023a). This framework jointly considers (i) the
annotated verbatim sequence, (ii) the canonical
text-dependent reference sequence, and (iii) the
model prediction. Based on the alignment of these
three sources, predictions are categorized into four
primary classes:

* True Accept (TA): correctly accepted
phones that are both annotated and predicted
as correct pronunciations.

* True Reject (TR): correctly rejected phones
that are both annotated and predicted as mis-
pronunciations. These are further exploited
to distinguish between Correct Diagnosis
(CD) and Error Diagnosis (ED) depending
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Figure 1: Iqra’Eval Shared Task main page.

on whether the predicted phone matches the
canonical pronunciation.

 False Reject (FR): phones that are actually
correct but are incorrectly predicted as mis-
pronunciations.

* False Accept (FA): phones that are actually
mispronounced but misclassified as correct.

From these four categories, we derive the fol-
lowing error rates.

FR

FRR =5 M
FA

FAR = FA+TR &)
ED

DER =575 ©)

In addition to error rates, we adopt standard di-
agnostic metrics to evaluate system performance.
Precision and Recall are defined as:

TR
recision TR+ TR “4)
TR
Recal=———=1—FA
T TRTFA RO

Finally, the overall performance is summarized
using the F1-score, i.e., the harmonic mean of Pre-
cision and Recall:

Precision - Recall

=2 (6)

" Precision + Recall
3 Shared Task Teams

Submission Rules All resources for IqraEval
are consolidated on the dedicated Hugging Face
organization page' (see Fig. 1). This page serves
as the central hub for datasets, baseline models,
reference resources, and evaluation tools. Its main
components are summarized as follows:

* Baseline Models. Four pretrained SSL
models are released for participants:
Igra_hubert_base, Iqra_wav2vec2_base,
Igra_mhubert_base, and
Igra_wavlm_base. These provide standard-
ized starting points and ensure comparability
across submissions.

* Datasets. The page hosts multiple datasets
covering training, evaluation, and auxiliary
resources:

"https://huggingface.co/IqraEval
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Rankings for different systems.

Team Fi-score Precision Recall
& Baic 0.4726 0.3713 0.6501
@ Hafs2Vec 0.4650 0.3292 0.7920
% Ghalib 0.4477 0.3218 0.7353
Mubeen 0.4462 0.3250 0.7115
baseline 1 0.4414 0.3093 0.7707
Metapseud 0.4236 0.2879 0.8012
baseline 2 0.4042 0.2715 0.7908
IgraVec 0.3922 0.3526
Push_n_Pray 0.3799 0.8403
MISRAJ 0.3592 0.7833
MoNaDa 0.3497 0.8456

ANLPers 0.3224 0.7624

Correct Rate

Accuracy

Figure 2: Iqra’Eval Shared Task Leaderboard.

— IgraEval/Igra_train: training cor-
pus for system development.

— IgraEval/open_testset: public eval-
vation split for leaderboard submis-
sions.

— IgraEval/Iqra_TTS: synthetic speech
dataset for data augmentation and ro-
bustness testing.

— IgrakEval/dummy_samples:
lightweight set for debugging and
format verification.

e Arabic Phonemes. A dedicated Space
provides an interactive inventory of MSA
phonemes, including examples of canonical
pronunciations, which supports error diagno-
sis.

e Papers. A collection highlights accepted
publications, including the IqraEval Inter-
speech 2025 paper (EI Kheir et al., 2025),
which formally describes the benchmark.

* Leaderboard’. An interactive Hugging Face
Space is maintained to visualize and compare
system outputs. Submitted predictions are
automatically evaluated and the leaderboard
is updated with human-in-the-loop.

¢ Code Samples and Evaluation Scripts. The
organization provides baseline code, sample
commands, and the official implementation
of evaluation metrics to standardize experi-
mental pipelines and ensure reproducibility.

thtps://huggingface.co/spaces/IqraEval/
Leaderboard
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Figure 3:
Pipeline

Mispronunciation Detection Modeling

* Submission Workflow. Participants submit
their system outputs in the prescribed CSV
format by email following the format pro-
vided by the organizers. All valid runs are
evaluated automatically, and the results are
published on the leaderboard.

Participating Teams A total of 29 teams regis-
tered for the shared task. Out of these, 11 teams
actively participated in the testing phase and had
their systems ranked on the official leaderboard.
Among them, 6 teams submitted a system descrip-
tion paper, and 5 of these were accepted for pub-
lication in the proceedings of the Iqra’Eval shared
task. The participation spanned multiple regions
across the globe, including teams from the Mid-
dle East, North Africa, Sub-Saharan Africa, South
Asia, Europe, North America and Oceania, reflect-
ing the international interest and diversity of the
research community engaged in this task.

Baselines We establish two baselines for the
Igra’Eval shared task, as shown in our benchmark
(El Kheir et al., 2025), both of which leverage
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Team Affiliation Paper Published
ANLPers Prince Sultan University, Saudi Arabia v
BAIC Applied Innovation Center , Egypt v
Greentech Greentech Apps Foundation, United Kingdom/Bangladesh
Hafs2Vec The University of New South Wales, Australia v
IgraVec Imperial College London, United Kingdom

Metapseud Independent, Sudan v
Misraj Tech ~ Misraj Technology, Saudi Arabia

MONADA -, Tunisia v
Mubeen -, -

Ghalib - -

Push_n_Pray Euromed University of Fes, Morocco

Table 1: List of teams that participated in Iqra’Eval Shared Task.

SSL speech models combined with temporal mod-
eling, as illustrated in Figure 3. Following the
SUPERB setup (wen Yang et al., 2021), the SSL
encoder parameters are frozen and the layer-wise
representations are aggregated through a weighted
sum across transformer layers. The resulting fea-
tures are passed to a model head consisting of
a 2-layer, 1024-unit Bi-LSTM trained with Con-
nectionist Temporal Classification (CTC) (Graves
et al., 2006) loss on phoneme sequences. During
inference, phoneme sequences are obtained using
greedy CTC decoding.

* Baseline 1 (mHuBERT): This system em-
ploys the multilingual HuBERT (mHu-
BERT) (Zanon Boito et al., 2024), pretrained
on 90,430 hours of speech covering 147
languages. It represents a strong multilin-
gual SSL model suitable for cross-lingual
phoneme recognition.

e Baseline 2 (WavLM).: This system is
based on WavLM (Chen et al.,, 2022), a
94M-parameter model pretrained on English
speech. It provides a monolingual reference
point against the multilingual variant.

Our baselines allow us to contrast the effective-
ness of multilingual versus monolingual SSL rep-
resentations for MDD. Below, we provide a brief
description for each team system.

3.1 ANLPers:

ANLPers’System (Qandos et al., 2025) is based
on Whisper-large-v3 (Radford et al., 2023), the
largest Whisper model with 1.55B parameters and

multilingual capabilities. Audio input is resam-
pled to 16 kHz as required by Whisper. The to-
kenizer is extended with 68 phoneme tokens from
(Halabi and Wald, 2016), and the embedding layer
is resized accordingly.

The dataset is preprocessed to retain only au-
dio and phoneme attributes. Audio features are
extracted using the Whisper feature extractor,
and phoneme sequences are encoded as labels.
Training is performed using the Hugging Face
transformers library with a batch size of 4, gra-
dient accumulation of 4 steps, a learning rate of
1 x 1075, and 2 epochs.

3.2 BAIC:

BAIC’System (Mattar et al., 2025) is based on
Wav2Vec2-BERT (Chung et al., 2021). It employs
task-adaptive continued pretraining on large Ara-
bic speech datasets, using phoneme-level labels
automatically generated via the Iqra’Eval phone-
tizer, followed by fine-tuning on the official train-
ing data augmented with synthetic Quran recita-
tions created using XTTS-v2. This strategy allows
the model to internalize fine-grained phonetic dis-
tinctions relevant to mispronunciation detection.

3.3 Hafs2Vec:

This system (Ibrahim, 2025) was trained on two
datasets: EveryAyah/QUL, consisting of 94 hours
of Quran recitations from 28 professional reciters
(filtered to verses under 10 seconds, 54k clips),
and the IqraEval training set ( 79 hours, 74k clips).
Phoneme labels for the reciters were generated
using a custom Quranic phonemizer that outputs
context- and Tajweed-aware phoneme sequences
aligned with the IqraEval phoneme set. The model
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is based on facebook/wav2vec2-xls-r-1b and
fine-tuned for 15 epochs with an effective batch
size of 352, a learning rate of 3 x 10~°, AdamW
optimization, and CTC loss over the phoneme vo-
cabulary, trained on the UNSW Katana HPC with
mixed precision.

3.4 Metapseud:

The submission (Mansour, 2025) applies do-
main adaptation with multi-stage fine-tuning
for phoneme-level Qur’anic mispronunciation
detection using Wav2Vec2.0. In the first stage, the
pretrained  wav2vec2-large-xlsr-53-arabic
model is fine-tuned on a large Qur’anic phoneme-
annotated dataset (245k recitations), producing
a general-purpose phoneme recognizer. In the
second stage, the model is further fine-tuned on
the official IqraEval training set (79h) to special-
ize in Qur’anic phoneme structures. Decoding
is performed with CTC and beam search, which
improves performance on the IqraEval open test
set.

3.5 MONADA:

Team MONADA (DAOUD and MESSAOUD,
2025) designed a lightweight system to balance
performance with memory efficiency by plac-
ing a shallow transformer on top of a pretrained
Wav2Vec2.0 feature extractor. Raw audio is pro-
cessed with the S3PRL Wav2Vec2.0 Base fea-
turizer, producing 768-dimensional frame-level
representations, which are then projected into a
smaller hidden dimension and fed into a 3-layer
transformer encoder with 4 attention heads per
layer and a feed-forward size of 1024. The model
is trained using CTC loss. Training is conducted
for 15 epochs with Adam optimizer (learning rate
3 x 10~%, cosine annealing scheduler, minimum
learning rate 1.5 x 10~%), dropout of 0.15, and gra-
dient clipping. The best model is selected based on
correct rate performance on the development set.

3.6 Mubeen:

The system is based on fine-tuning a Whisper-
medium model using the IqraEval training and
TTS augmentation data. Only the decoder layers
were trained, while the encoder was frozen due to
limited hardware and time, using a learning rate
of 1 x 1075 for 2 epochs. An additional fine-
tuning pass applied a conservative SpecAugment

(Park et al., 2019) strategy, and the resulting mod-
els were combined by weight averaging. Inference
employed three model configurations with a pair-
wise WER voting strategy.

3.7 Usubmitted Papers

Out of the 11 participating teams in the IqraEval
2025 Shared Task, 5 teams submitted their test set
results to the leaderboard but did not provide any
system description or accompanying paper. While
their performance contributed to the overall com-
petition rankings, the lack of documentation pre-
vents a detailed analysis of their approaches, train-
ing strategies, or architectural choices.

4 Shared Task Results

The overall results for the shared task are in Ta-
ble 2. Team BAIC (Mattar et al., 2025) pre-
sented the best approach, with the best score in
5 of 9 metrics reported. Their model is fol-
lowed closely by Hafs2Vec (Ibrahim, 2025) and
Ghalib. The top 2 approaches included additional
training data with BAIC using synthetic data and
Hafs2Vec using Quranic recitation from human
speakers. The Quranic recitation supplementation
data (94 hours) might have affected the model’s
performance since the training set (79 hours) for
Igra’Eval 2025 is read in MSA style.

5 Lessons from the First Quran
Pronunciation Challenge

The submissions revealed three main sources of
innovation: model design, data strategies, and
training/inference practices. These reflect the
community’s attempt to balance performance,
computational cost, and linguistic specificity.

5.1 Model Innovations

Most teams built on large pretrained encoders such
as Whisper, Wav2Vec2, XLS-R, or Wav2Vec2-
BERT, demonstrating the effectiveness of trans-
fer learning for Qur’anic mispronunciation de-
tection. Some groups explored lightweight de-
signs, for example MONADA and ShallowTrans-
former, which placed shallow transformer layers
on top of frozen representations to reduce compu-
tational cost. Other innovations included extend-
ing model vocabularies, such as ANLPers, which
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Team Fl-scoref Precisionf Recallf Correct Ratel Accuracy? TA FR FA CD

Baic 0.4726 0.3713 0.6501 0.8985 0.8701 0.9209 0.0791 0.3499 0.6873
Hafs2Vec 0.4650 0.3292 0.7920 0.8655 0.8488 0.8840 0.1160 0.2080 0.6252
Ghalib 0.4477 0.3218 0.7353 0.8667 0.8506 0.8886 0.1114 0.2647 0.5925
Mubeen 0.4462 03250 07115 08667 ( 0.8506  0.8938 0.1062 0.2885 0.5781
baseline 1 0.4414 0.3093 0.7707 0.8361 0.8234 0.8763 0.1237 0.2293 0.6120
Metapseud 0.4236 0.2879 0.8012 0.8397 0.8213 0.8575 0.1425 0.1988 0.6030
baseline 2 0.4042 0.2715 0.7908 0.8093 0.7955 0.8474 0.1526 0.2092 0.5847
IqraVec 0.3922 0.4483 0.3526 0.5871 0.6123 0.1511 0.2174 0.5812 0.4193
Push_n_Pray 0.3799 0.2454 0.8403 0.8000 0.8510 0.8143 0.1857 0.1597 0.6088
MISRAJ 0.3592 0.2331 0.7833 0.7947 0.7684 0.8147 0.1853 0.2167 0.5355
MoNaDa 0.3497 0.2205 0.8456 0.7713 0.7430 0.7851 0.2149 0.1544 0.5892
ANLPers 0.3224 0.2045 0.7624 0.7682 0.6894 0.7868 0.2132 0.2376 0.5418
GreenTech 0.1997 0.1128 0.8682 0.5033 0.4585 0.5093 0.4907 0.1318 0.4719

Table 2: Evaluation results of different submissions across multiple metrics. Best scores per column are highlighted

in bold. Dashed line separates the top 3 submissions.

augmented Whisper’s tokenizer with 68 Quran-
specific phoneme tokens and resized embeddings
accordingly.

5.2 Data Innovations

Several submissions showed that carefully de-
signed resources were central to performance.
Hafs2Vec introduced a Tajweed-aware phonem-
izer to capture recitation rules such as Idgham and
Ikhfaa, ensuring that phoneme sequences reflected
Qur’anic articulation. BAIC and Mubeen demon-
strated the value of TTS-based augmentation us-
ing XTTS-v2 to generate synthetic recitations.
Hafs2Vec also mixed data from EveryAyah/QUL
with the official IqraEval training set to expand
speaker and style diversity. In addition, BAIC ap-
plied large-scale automatic phoneme labeling with
the IqraEval phonetizer to enable task-adaptive
continued pretraining on Arabic speech corpora.

5.3 Training and Inference Innovations

Beyond data and model design, training prac-
tices had a notable impact. Metapseud applied
multi-stage fine-tuning, first adapting to a large
Qur’anic phoneme corpus and then specializing
on IqraEval. Mubeen selectively fine-tuned only
the Whisper decoder layers due to hardware con-
straints, showing a practical path for parameter-
efficient adaptation. Other strategies included the
use of SpecAugment and conservative regulariza-
tion, weight averaging, WER-based voting, and
beam search decoding. BAIC highlighted the ben-
efits of task-adaptive pretraining, further reinforc-

ing the importance of domain-specific adaptation.

The summary of innovation by each team is de-
scribed in the Table 3.

5.4 Emerging patterns

A number of common themes emerged across sys-
tems. All teams relied on pretrained SSL en-
coders, either Whisper or Wav2Vec?2 variants, un-
derlining their versatility as general-purpose fea-
ture extractors. Quran-specific resources, such as
Tajweed-aware phonemizers and synthetic recita-
tions, consistently boosted accuracy and provided
linguistic grounding. Training strategies such as
multi-stage fine-tuning, selective adaptation, and
ensembles yielded measurable gains even without
major architectural changes. Finally, the leader-
board revealed different trade-offs in recall versus
precision, with some systems favoring high recall
for error detection and others prioritizing precision
for stricter evaluation.

5.5 Iqra’Eval 2025 Limitations

Limited Linguistic Scope The generalizability
of our findings is constrained by the limited lin-
guistic scope of the test data. Although the written
Quranic text is standardized, modern spoken Ara-
bic exhibits significant dialectal variation. How-
ever, for this shared task, test data was collected
exclusively from speakers of the Saudi Arabic di-
alect. This might limit the generalizability of the
results, as the model may fail to capture the rich
diversity of the Arabic spoken language.
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Team/System | Model Innovation Data Innovation Training/Inference Innovation
ANLPers Whisper-large-v3  with | — HF fine-tuning with resized em-
extended phoneme tok- beddings
enizer
BAIC Wav2Vec2-BERT back- | TTS augmentation | Task-adaptive pretraining; fine-
bone (XTTS-v2);  automatic | tuning on augmented data
phoneme labeling
Hafs2Vec Wav2Vec2-XLS-R-1B Custom Tajweed-aware | Large-batch CTC training with
phonemizer; mixing Ev- | AdamW; mixed precision
eryAyah/QUL + IgraEval
Metapseud Wav2Vec2.0 (xIsr-53- | Large Qur’anic phoneme | Multi-stage fine-tuning; CTC
arabic) corpus (245k) with beam search
MONADA Lightweight shallow | — Efficient training with cosine an-
transformer on Wav2Vec?2 nealing, dropout, clipping
features
Mubeen Whisper-medium  with | TTS augmentation SpecAugment; weight averag-
frozen encoder; decoder- ing; WER-based voting
only training

Table 3: Summary of innovations from teams that participated in the first Iqra’Eval Shared Task, grouped by

model, data, and training methods.

Targets-Specific Common Errors During data
collection, speakers were instructed to pro-
duce specific pronunciation mistakes deliberately.
While this covers some common mistakes, it
may not accurately represent the subtle, context-
dependent errors that occur in natural recitation,
which could limit the model’s ability to detect er-
rors in real-world scenarios.

Children IqraEval To the best of our knowl-
edge, there are no publicly available corpora ded-
icated to children’s Qur’an pronunciation learning
and recitation assessment. This lack of resources
highlights a significant research gap, mainly due
to the difficulties of collecting and annotating chil-
dren’s recitation data.

6 Future Work:

We propose the following three directions for fu-
ture research on our challenge, informed by in-
sights from Iqra’25:

6.1 Task Modelling

Looking ahead, three areas appear particularly
promising: (i) the balance between precision
and recall remains an open challenge: systems
must avoid over-flagging errors while still catch-
ing subtle mispronunciations; (if) resource cre-
ation is essential, especially for rare phonemes and

Tajweed-specific contexts where current datasets
are imbalanced; (ii7) efficient adaptation methods
such as parameter-efficient fine-tuning, streaming-
friendly architectures, or lightweight ensembles
could make these models more practical for de-
ployment in real learning settings.

6.2 Data Collection

We need more effort to collect and incorporate
data from a wide range of Arabic dialects, in-
cluding but not limited to Egyptian, Levantine,
and North African. To capture real-world errors,
the next step is to collect recitation audio from a
large, diverse group of non-professional reciters,
which will then be annotated to identify sponta-
neous mispronunciations. Further more, we need
to develop and release a dedicated corpus for chil-
dren’s Qur’an pronunciation learning and recita-
tion assessment, addressing the current absence of
such resources.

6.3 Crowdsourcing platform

We addressed the lack of available data by devel-
oping a custom crowd-sourcing platform 3. This
web application allows users to register and pro-
vide basic demographic information, including
their spoken language, gender, and age. For each

*https://quran-data-collection.sanad.ink
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sentence, a specific instruction guides the user to
introduce a targeted mispronunciation as shown in
Figure 4. In cases where a sentence is particu-
larly challenging, no mispronunciation instruction
is given, and the user simply reads the sentence as
it is. Finally, after a user submits their recordings,
we collect the audio data along with their demo-
graphic metadata. This information is then pre-
pared for release as a dataset. The collected data
will be shared on the Hugging Face platform as
part of a shared task, making it accessible to the
wider research community. We invite researchers
to use our platform to participate and build di-
veristy corpora for the next Iqra’ challenge.
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Figure 4: Data collection screenshot
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