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Motivations

▶ Rationale
▶ Lack of open source and accessible transcribed and time-aligned multidialectal Arabic

dataset
▶ Lack of diacritised Arabic script
▶ Inaccessibility of some romanisation/transliteration systems

▶ Led to the development of the first free, open-source, accessible and GDPR
compliant romanisation and forced-alignment systems: Arabic WebMAUS
Al-Tamimi et al., 2022

▶ I’ll present the Arabic WebMAUS system; how it was built, data used, what it
can do, and issues

▶ I’ll end with current developments and remaining to do.
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WebMAUS - BAS Webservices
▶ WebMAUS (“BAS WebServices”) ⇒ suite of webservices, free for academic users
▶ Comprises around speech and language processing tools (Kisler et al., 2017)
▶ Since its introduction in 2013, roughly 17 million media files (April 2022); likely over

20 million now!
▶ A powerful pipeline framework allows concatenation of several individual services

▶ Automatic phonetic and syllabic segmentation
▶ Labelling of a speech recording is first performed using Automatic Speech Recognition

(ASR)
▶ Text-to-phoneme translation, the WebMAUS engine and a Syllabification service in one

processing call.
▶ Etc..

▶ Additional tools, e.g., speaker diarisation, speech enhancement, noise reduction,
automatic transcription (Google Cloud services; local installation of whisperX), etc.

▶ Arabic was not part of WebMAUS services ⇒ No accessible open-access transcribed
and time-aligned datasets
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Arabic WebMAUS
▶ To allow inclusion of Arabic to WebMAUS, various steps were required

▶ A Grapheme-2-Phoneme conversion tool from text-based transcriptions
▶ Various language-specific acoustic models (Arabic WebMAUS)

▶ We developed both to answer this
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ATR Romanisation system I
Arabic script ⇒ transcriptions of only consonants and long vowels; Vowelisations (or
diacritisation) of the short vowels is generally optional because it can be predictable based on the
utterance meaning; Issues

▶ Forced-alignment systems require a perfect match between character and phoneme
Solution → A dictionary with specific lexical items associated with specific phonemic transcriptions.
→ Standard Arabic lacks a common and a standardized Romanisation system

▶ Dialectal Arabic ⇒ spoken-only varieties with no specific written script available (except in some
cases)
No specific standardised written system; no diacritisation (even when using Google Cloud services)
Multiple spelling variations accepted for a particular word item → even a langauge model would fail
to account for all intricacies

▶ Current systems not adequate:
Arabizi ⇒ generic; multiple sounds = same symbol → e.g., symbols ‘2’ and ‘a’ for the letter hamza
(for IPA /ʔ/; X-SAMPA ‘?’)
Buckwalter Arabic translator of Arabic script to romanized symbols ⇒ although it allows for
vowelisation of short vowels, these are unfortunately rarely transcribed in the orthographic
transcriptions
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ATR Romanisation system II
Our solution
▶ Develop a phonetically-based orthographic transcription of spoken speech
▶ Transparent and direct match between sounds and orthography with a 1-to-1 match

between a produced sound and a symbol to transcribe it, using ASCII characters.
▶ ATR contains 98 phonemes ⇒ covers all possible sounds present in the various

varieties including standard

▶ Many phonetic variants included, e.g.,
▶ All MSA Cs (singleton and geminates) and Vs (short and long)
▶ Phonemes /zˤ/ and /dˤ ðˤ/, /lˤ/
▶ Variants of /x χ/ or /ɣ ʁ/
▶ Phonemes /q ɡ/
▶ Phonemes /ʧ ʤ/
▶ 12 long + 12 short vowels
▶ Etc..
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ATR Romanisation system III
49 phonemes ⇒ Geminates + long vowels table (*2 for singleton and short vowels).

IPA ATR System X-SAMPA
ʔʔ 22 ??
bb bb bb
tt tt tt
θθ t\t\ TT
ʒʒ jj ZZ
ħħ HH X\
xx xx xx
χχ XX XX
dd dd dd
ðð d\d\ DD
rr rr rr
zz zz zz
ss ss ss
ʃʃ s\s\ SS
sˤsˤ SS s_?\s_?\
dˤdˤ DD d_?\d_?\
tˤtˤ TT t_?\t_?\
ðˤðˤ D\D\ D_?\D_?\
zˤzˤ ZZ z_?\z_?\

IPA ATR System X-SAMPA
lˤlˤ LL l_?\l_?\
ʕʕ 33 ?\
ɣɣ GG GG
ʁʁ G\G\ G\G\
ff ff ff
qq qq qq
ɡɡ gg gg
kk kk kk
ll ll ll

mm mm mm
nn nn nn
hh hh hh
ww ww ww
jj yy jj
ʧʧ chch tStS
ʤʤ djdj dZdZ
vv vv vv
pp pp pp

IPA ATR System X-SAMPA
iː ii i:
ɪː II I:
eː ee e:
ɛː EE E:
æː aeae {:
aː aa a:
ɑː AA A:
ɔː OO O:
oː oo o:
uː uu u:
ʊː UU U:
əː @@ @:
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Arabic WebMAUS I
Used the WebMAUS technique Schiel (1999) ⇒ HMM-based ASR systems based on MFCCs features
obtained from audio signals using Gaussian Mixture Models (GMM)

▶ Acoustic model ⇒ estimates the posterior probability for a phone class given a segment of speech
▶ Pronunciation (language) model ⇒ estimates the probability of a sequence of spoken phones
▶ AM ⇒ 98 phoneme classes to represent nearly all Arabic varieties
▶ Ideally ⇒

▶ Verified segmented and labelled training set of speech recordings
▶ Enough samples of each phoneme class from every Arabic variety
▶ Spoken by at least 50 native speakers of both sexes

▶ Issue ⇒ no publicly available resources to fulfil these requirements!
▶ Solution ⇒

▶ Collected speech recordings from various Arabic varieties.
▶ Bahraini, Saudi Arabian, Lebanese, Levantine (comprised of Lebanese, Syrian, Palestinian Arabic).
▶ Recordings + transcriptions ⇒ collected, unified and merged into a common annotation format
▶ Automatically segmented using the language-independent system of WebMAUS + manual verification
▶ Time-aligned speech signal + orthographic/phonetic transliteration and segmentation
▶ Transcription convention ⇒ broad phonetic transcription of the incoming signal; accommodated within

the ATR system ⇒ Optimal bottom-up approach to the transcription which relied on what speakers
said and how they said it

▶ Arabic WebMAUS (version 2) ⇒ 6610 recordings, from 94 speakers, with a total duration of
16h10min and 509804 labelled phone segments
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Arabic WebMAUS II

Sentence

Word
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var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton0'){ocgs[i].state=false;}}



1.4628565


var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton1'){ocgs[i].state=false;}}


0.52244884



Arabic WebMAUS II

Sentence

Word
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var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton2'){ocgs[i].state=false;}}


var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton3'){ocgs[i].state=false;}}



Arabic WebMAUS II

Sentence Word 11 / 20


var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton4'){ocgs[i].state=false;}}


var ocgs=host.getOCGs(host.pageNum);for(var i=0;i<ocgs.length;i++){if(ocgs[i].name=='MediaPlayButton5'){ocgs[i].state=false;}}



Arabic WebMAUS III

▶ Performance
▶ Arabic WebMAUS ⇒ ≈ 95% accuracy at 20ms, comparable to other systems;

increasing to 100% for nasals, laterals, and some back consonants; much lower for other!

▶ Arabic WebMINNI ⇒ Variable ≈ Baseline 50% - 100%
▶ Increase performance and sample size ⇒

▶ Various new datasets over 200 participants → 100 Jordanian; 20 Saudi; 30 Egyptian,
20 Lebanese; 20 Algerian; 10 Moroccan

▶ Variable types of data ⇒ Word lists, spontaneous, read and retold stories, etc.
▶ Issues related to transcription
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▶ Issues related to transcription
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Variability in Arabic
▶ Working on obtaining phonetically-informed automatic transcription of dialectal

Arabic
▶ Accounting for dialectal variation (see M2 thesis work by Maatallaoui, 2025:24)

Phoneme Realizations Example Dialects Notes
/q/ [ʔ], [ɡ], [q] ڢܹص /qalb/ → [ʔalb], [ɡalb] Egyptian, Gulf, Levantine Urban vs. rural distinc-

tion
/d͡ʒ/ [ʒ], [ɡ], [j] ᆇᅹܭ /d͡ʒamal/ → [ʒamal], [gamal], [jamal] Maghreb, Egypt, Levant Sociolinguistic variation
/θ/ [s], [t], [z] ۰ٔఈఃٔ /θalaːθa/ → [talaːta], [salaːsa] Egypt, Sudan, Gulf Fricative → stop
/k/ [t͡ʃ] ଫଃ܋ٴ /kabiːr/ → [t͡ʃbiːr] Gulf, Iraqi Gender/context-based

shift
/ð/ [d], [z] ۱ڍا /haːðaː/ → [haza], [hada] Egyptian, Levantine Fricative → voiced stop
/ɣ/ [ʁ], [ʕ] ೞಱਵؗ /ɣariːb/ → [ʁariːb], [ʕariːb] Gulf, Moroccan Uvular vs. pharyngeal
/r/ [r], [ɾ], [ʁ] ر༥ܭ /raʒul/ → [ra�ul], [ʁaʒul] Moroccan, Iraqi Trill, tap, or uvular

Emphatics Vowel backing, spread ݬڎلݑ /sˤadiːq/ → [sˤdˤiːq], [sadiːq] MSA vs. dialects Stronger in Maghreb
Short vowels Elision, centralization ܋ٺص /kataba/ → [ktib] Moroccan, Levantine Causes alignment errors
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wav2vec2 and whisper I
▶ Used state-of-the-art approaches wav2vec2 and whisper ⇒ Constitute

foundation of recent advances in multilingual and low-resource speech
processing

▶ wav2vec2
▶ Self-supervised pretrained model for ASR (Baevski et al., 2020)
▶ Trained on large amount of raw audios ⇒ masking parts of the representations

and learning to predict the true representations using contrastive learning
▶ Multiple layers initialised through the Transformer encoder ⇒ mapping

features to corresponding tokens through the Connectionist Temporal
Classification (CTC)

▶ Whisper
▶ Supervised model pretrained on a large dataset of 680k hours of labeled

multilingual and multitask speech (Radford et al., 2023)
▶ Use of Transformer-based encoder-decoder design ⇒ Audios are first

preprocessed to obtain the Log-Mel Spectogram, with feature normalization
▶ Audios passed through two 1D-convolutional layers with positional embeddings

and obtains contextual latent representations Output ⇒ generated
transcriptions using the learned embeddings

▶ Both capture fine phonetic details and overall meaning
▶ Wav2vec2 focuses on the acoustic details and subtle variations

→ Looks at a specific tree (or actually branch) and fine-grained speech
characteristics
⇒ Not ideal for broader semantic context in ambiguous cases

▶ Whisper adopts a high-level, semantic-driven approach
→ Looks at the forest ⇒ producing fluent and plausible transcriptions that
make sense in context, even when input audio is unclear
⇒ misses subtle phonetic nuances and pronunciation differences
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wav2vec2 and whisper II
▶ Maatallaoui (2025)’s M2 thesis (see

Maatallaoui and Al-Tamimi, in preparation)
▶ Aim ⇒ Build an ASR model that preserves

phonetic fidelity, unlike what is common in
existing Arabic ASR systems

▶ Datasets
▶ Data from 94 speakers (Al-Tamimi et al.,

2022)
▶ 10 Levantine Arabic (producing real words)

(Khattab et al., 2024)
▶ 10 Egyptian Arabic (Ibrahim et al., 2020)
▶ 60 Jordanian Arabic (Abuoudeh et al.,

2024a,b)

Variety NbWords Duration
Arabic Bahraini 9 532 00:52:46
Arabic Egyptian 7 108 00:41:06
Arabic Lebanese 7 323 01:17:11

Arabic Levantine 1 2 034 00:26:39
Arabic Levantine 2 3 825 01:52:30

Arabic Saudi 1 26 806 02:59:38
Arabic Saudi 2 20 968 02:16:40

Arabic Jordanian 27 159 02:48:33
Arabic Standard 120 094 22:38:29

Total 224 849 35:53:30

▶ Dialectal data ⇒ Romanized transcriptions converted to Arabic script with/out diacritics using the
ATR converter tool (Maatallaoui and Al-Tamimi, in preparation); Standard Arabic with diacritics

▶ Full datasets ⇒ Divided into 80-10-10% (training, validation and testing)
▶ Wav2vec2 ⇒ trained and evaluated on the dialectal Arabic → 5 hours with 2 epochs
▶ Whisper (small) ⇒ finetuned on both dialectal and diacritized Standard Arabic
▶ Word Error Rate (WER%), Diacritization Error Rate (DER%), and Character Error Rate (CER%)
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wav2vec2 and whisper III
▶ Maatallaoui (2025)’s M2 thesis (see Maatallaoui and Al-Tamimi, in preparation)
▶ Whisper on diacritised text

▶ With diacritics ⇒ 0.2561 (WER); 0.1113 (DER); 0.0829 (CER)

▶ Stripped diacritics ⇒ 0.1689 WER); 0.0707 (CER)
▶ Wav2vec2 ⇒ inscreased (WER (close to 50%) on evaluation

→frequent incoherence, especially in cases involving dialectal variation and learner
pronunciation errors

▶ Variation ⇒ Overall decrease in the three metrics in ”stripped diacritics“ condition,
except from Levantine Arabic (=isolated words)

With diacritics

Variety WER DER CER
Arabic Bahraini 0.2803 0.1629 0.0868
Arabic Egyptian 0.7377 0.3301 0.3343
Arabic Lebanese 0.1571 0.0422 0.0347
Arabic Levantine 0.0443 0.0000 0.0144
Arabic Saudi 0.1477 0.0660 0.0442
Standard 0.4590 0.2085 0.1450

Stripped diacritics

Variety WER DER CER
Arabic Bahraini 0.2443 – 0.0776
Arabic Egyptian 0.6478 – 0.3364
Arabic Lebanese 0.1148 – 0.0354
Arabic Levantine 0.0443 – 0.0152
Arabic Saudi 0.1074 – 0.0419
Standard 0.2292 – 0.1060
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wav2vec2 and whisper IV
▶ Maatallaoui (2025)’s M2 thesis (see Maatallaoui and Al-Tamimi, in preparation)
▶ Whisper on undiacritised text

▶ Overall ⇒ 0.1795 (WER); 0.0778 (CER)

▶ Variation ⇒ Variable performance, except from Levantine/Lebanese Arabic (=isolated
words)

whisper

Variety WER CER
Arabic Bahraini 0.2827 0.0952
Arabic Egyptian 0.6141 0.2853
Arabic Lebanese 0.1107 0.0361
Arabic Levantine 0.0690 0.0189
Arabic Saudi 0.0990 0.0352
Standard 0.2172 0.1011
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wav2vec2 and whisper V
▶ Trials on wav2vec2 on diacritised text showed many inconsistencies
▶ Looked at dialectal difference (with Shuhua Cao)

▶ Overall ⇒ 0.68 (WER)

▶ Variation ⇒ Best performance on Levantine/Lebanese Arabic (=isolated words);
difficulties with contextualised and long phrases (on other varieties) ⇒ Issues leading
to clear generalisations between datasets.

wav2vec2
Variety WER
Arabic Bahraini 0.0305
Arabic Egyptian 0.4119
Arabic Lebanese 0.0611
Arabic Levantine 0.0
Arabic Saudi 0.0848

▶ Worth exploring performance of wav2vec2 on individual dialects ⇒ Can we benefit
from dialectal proximity? ⇒ Next steps
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Discussion and Conclusion I

▶ Results promising but show several issues
▶ Diacritisation ⇒ challenging task especially for dialectal Arabic

→ Requires large-scale diacritised dataset ⇒ Under development via Youtube channels
≈ 14h59min (see Maatallaoui and Al-Tamimi, under review, LREC)

▶ LLM-Based Diacritisation (using DeepSeek-R1-Distill-Llama-8B) ⇒ Maatallaoui
(2025)’s M2 thesis (see Maatallaoui and Al-Tamimi, in preparation) on Classical,
Standard and Dialectal Arabic ⇒ Both romanised and diacritised versions (with 16, 20
and 7 hours fine-tuning) ⇒ Promising results, some errors due likely to inconsistent
diacritisation/romanisation
⇒ Increased processing power and accessibility to large-scale datasets with both
romanisation and diacritisation
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Discussion and Conclusion II
▶ Aim to develop a forced-alignment system leverages LLM and current developments

in ASR
▶ Explore dialectal proximity and influence on performance of models ⇒ Leverage on

performance from wav2vec2

▶ Explore the use of wavLMMs (Hu et al., 2024) based on wavLM (Chen et al., 2022)
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