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Abstract

Arabic NLP faces a fundamental mismatch
between training and deployment conditions.
While most language models are trained
predominantly on Modern Standard Arabic
(MSA), real-world communication occurs
largely in spoken dialects. To bridge this
gap, we leverage social media content from
Reddit, Twitter, and YouTube as a scalable
proxy for spoken Arabic. We construct a
1.04-billion-token pretraining corpus and
train SALM, a compact 336M-parameter
decoder-only language model pre-trained via
next-token prediction alone without masked
language modelling, dialect labels, or task-
specific signal. Despite an order-of-magnitude
smaller training corpus than existing dialectal
PLMs and a generative training objective
that provides no direct classification signal,
SALM outperforms MARBERT, explicitly
pre-trained on one billion dialectal tweets,
on MADAR-26 dialect identification by 4.2
accuracy points and 4.8 macro-F1 points, and
leads all seven evaluated baselines outright
on both MADAR-26 and MADAR-9. Fine-
tuning SALM end-to-end further raises its
own MADAR-26 accuracy from 44.9% to
57.0% (macro-F1 44.3% — 57.2%). Under
the same frozen probe on binary Arabic
sentiment (AJGT), SALM reaches 92.2%
accuracy, the highest among evaluated Arabic
PLMs, encoder and decoder alike, under a
single-seed evaluation. We release the corpus
and trained model to facilitate future research
on Arabic spoken language modelling.

1 Introduction

Arabic is spoken by approximately 400 million na-
tive speakers across 22 countries, making it the
fifth most widely spoken language in the world.
This geographic breadth produces substantial lin-
guistic diversity: the Arabic-speaking world spans
from Morocco in the west to Oman in the east,
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and each region has developed its own spoken di-
alect. Western varieties such as Moroccan Dar-
ija blend Classical Arabic with Amazigh substrate
vocabulary and French loanwords; Egyptian Ara-
bic, the most widely understood supra-regional va-
riety, serves as an informal spoken lingua franca;
Gulf dialects preserve Bedouin phonological pat-
terns; and Iraqi Arabic retains morphological fea-
tures largely absent from MSA. Despite this diver-
sity, the prestige written form, Modern Standard
Arabic (MSA), is a single codified variety taught
in schools and used across formal media through-
out the Arab world.

Current NLP systems are poorly equipped for
this diversity for two reasons. First, the data
used to train large language models skews heav-
ily toward written formal text: Wikipedia arti-
cles, news corpora, and digitised books are over-
whelmingly MSA, systematically underrepresent-
ing the spoken varieties that characterise everyday
communication. Second, dialects are not simply
noisy variants of MSA: they differ in morphology,
phonology, lexicon, and syntax to a degree that
can produce mutual unintelligibility, making an
MSA-trained model a weak prior for dialectal text
(Zaidan and Callison-Burch, 2014).

Social media platforms, Twitter, Reddit, and
YouTube, offer a scalable and naturalistic solution.
Hundreds of millions of Arabic speakers commu-
nicate daily in their native dialects on these plat-
forms, generating a continuous stream of authen-
tic dialectal text. We leverage this observation to
construct SALM (Social Arabic Language Model),
a 336M-parameter decoder-only causal language
model pre-trained on a 1.04-billion-token corpus
of Arabic social media text. Unlike encoder-
based Arabic PLMs, SALM is trained solely with
a causal language-modelling objective and uses
no dialect supervision or task-specific pre-training
signal. Its 1.04-billion-token corpus is an order
of magnitude smaller in token count than the one-
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billion-tweet training set of MARBERT (Abdul-
Mageed et al., 2021), and the entire training run
fits on two consumer-class GPUs. Under a frozen
linear-probe protocol, SALM outperforms MAR-
BERT and every other evaluated baseline on the
two most fine-grained MADAR granularities.

We summarize our contributions as follows:

* A 1.04-billion-token corpus of dialectal Ara-
bic text curated and cleaned from Twitter,
Reddit, and YouTube.

* SALM, a compact 336M-parameter decoder-
only causal language model trained on this
corpus via next-token prediction alone, with
the pre-trained checkpoint publicly released.

* A frozen linear-probe and full fine-
tuning evaluation on dialect identifica-
tion (MADAR) and sentiment analysis
(AJGT), demonstrating that SALM outper-
forms purpose-built dialectal encoders on
fine-grained dialect identification despite a
training corpus an order of magnitude smaller
and without any classification signal.

2 Related Work

MSA-focused Arabic PLMs. Arabic NLP has
long been dominated by models targeting Mod-
ern Standard Arabic. AraBERT (Antoun et al.,
2020) extends masked language modelling to Ara-
bic by pre-training on large MSA corpora drawn
from news and Wikipedia, and ArBERT (Abdul-
Mageed et al., 2021) follows a similar approach.
These models achieve strong results on MSA
benchmarks but do not directly address the dialec-
tal diversity of spoken Arabic.

Dialect-aware Arabic PLMs. MAR-
BERT (Abdul-Mageed et al., 2021) is pre-trained
on one billion Arabic tweets and is the current
state-of-the-art representation model for Arabic
dialect tasks. CAMeLBERT-DA (Inoue et al.,
2021) is trained specifically on dialectal Arabic
text and achieves competitive results on dialect
identification. = Both models are encoder-only
(bidirectional BERT-style), which confers a
structural advantage in classification tasks relative
to decoder-only architectures. Crucially, both
adopt a masked-language-modelling pretrain-
ing objective specifically designed to produce
classification-ready representations.

Arabic generative models. AraGPT2 (Antoun
et al., 2021) adapts GPT-2 (Radford et al., 2019)
to Arabic using MSA text, demonstrating that
decoder-only pre-training is viable for Arabic but
limited to the formal written register. More recent
large-scale efforts apply instruction-tuned GPT-
style pre-training at the multi-billion-parameter
scale, again with an MSA focus.

Dialectal language models. The closest work to
ours in spirit is AICLaM (Aldarmaki et al., 2024),
a BERT-based encoder pre-trained from scratch
on dialectal Arabic text collected from social me-
dia and evaluated on downstream discriminative
tasks.! Unlike AICLaM, SALM is a decoder-
only causal language model: rather than a masked-
language-modelling objective tailored to classifi-
cation, SALM is trained solely via next-token pre-
diction and is evaluated on downstream classifi-
cation benchmarks, dialect identification and sen-
timent analysis, using both frozen and fine-tuned
representations.

3 Dataset

We curated pretraining data from three social me-
dia platforms: Reddit, Twitter, and YouTube. All
collected data is publicly available and was ob-
tained using standard libraries and APIs in compli-
ance with each platform’s terms of service. Table 1
reports corpus statistics; token counts are exact fig-
ures derived from the tokenised . npy shards rather
than character-based estimates.

Corpus Documents Tokens Share
Twitter 202,700,438 730M  70.5%
Reddit 4,670,468 240M  23.2%
YouTube 25,100 66M 6.3%
Total 207M+ 1.04B  100%

Table 1: Pretraining corpus statistics (exact BPE token
counts from tokenised shards; Twitter document count
is the full pain/Arabic-Tweets dataset, tokens after
quality filtering).

Reddit. We collect from 57 Arabic-speaking
subreddits spanning the Arab world, with
the largest communities centred on Egypt
(#/CAIRO, v/Egypt, r/ExEgypt) and Saudi Arabia
(v/saudiarabia, r/SaudiForSaudis). The corpus
comprises 4,670,468 documents after cleaning

(24.7% of 18.9M raw rows), with a median

'AICLaM reports 3.4M training sentences (no token
count); our 207M+ raw documents (Table 1) are roughly sixty
times more.
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length of 129 characters. 88% of documents are
comments rather than top-level posts, reflecting
the conversational register of the data. Posts
span from January 2009 to June 2026, providing
temporal diversity.

Twitter. We use the pain/Arabic-Tweets
dataset from HuggingFace, containing 202.7M
Arabic tweets. Tweets are short (median 63
characters, 12 words) and uniformly high-quality
in terms of Arabic script content (Arabic character
ratio = 1.0 after cleaning). Despite the large
raw document count, the tokenised corpus yields
730M tokens after quality filtering, reflecting the
filtering of very short or non-dialectal tweets.

YouTube. We collect transcripts of Arabic-
language YouTube videos, primarily movies, se-
ries, and podcasts, yielding 25,100 unique videos
after exact- and near-duplicate removal. Tran-
scripts are substantially longer than social media
posts (median 3,416 characters, 684 words), pro-
viding the model with extended discourse context
absent from Twitter and Reddit.

Appendix B (Figure 2) gives paraphrased exam-
ples of raw text from each platform, illustrating
their register and dialect mix.

Dialect coverage. We characterise dialect distri-
bution across all three corpora using camelbert?,
a BERT model fine-tuned on the NADI 2020
country-level Arabic dialect identification shared
task (Abdul-Mageed et al., 2020), which classi-
fies documents into 21 Arabic-speaking countries
with no reject/unassigned option. We draw a ran-
dom sample of 8,000 documents per corpus (fixed
seed 42); YouTube transcripts, being substantially
longer than tweets or Reddit posts, are first win-
dowed into ~40-word, tweet-length chunks so
the classifier sees comparable-length input across
all three corpora. We collapse the 21 country-
level predictions into seven broad dialect regions
used elsewhere in this paper (Egyptian, Levantine,
Gulf, Iraqi, Maghrebi, Sudanese, Yemeni) plus an
Other bucket for the small number of countries
with no clean regional match. Table 2 reports
the resulting region shares; every sampled docu-
ment receives a regional assignment by construc-
tion. Egyptian Arabic (EGY) is the dominant va-
riety on Reddit and YouTube (45.8% and 55.7%
respectively), reflecting Egypt’s large online pres-
ence and media output. Gulf Arabic (GLF) in-

2CAMeL-Lab/bert-base-arabic-camelbert-mix-did-nadi

stead dominates on Twitter (48.6%), with Egyp-
tian second (20.0%), consistent with high social
media engagement across the Gulf region. Egyp-
tian and Gulf content jointly account for 72—-80%
of sampled documents on every platform; Levan-
tine, Maghrebi, and Iraqi Arabic are each present
at low-single-digit-to-low-teen shares, while Su-
danese and Yemeni Arabic remain under 5% on
every platform (see Limitations).

Region Reddit YouTube Twitter
EGY (Egyptian) 45.8% 55.7% 20.0%
GLF (Gulf) 26.7% 24.6% 48.6%
LEV (Levantine) 11.2% 6.8% 5.5%
MAG (Maghrebi) 7.0% 3.3% 10.3%
IRQ (Iraqi) 4.9% 4.5% 10.6%
YEM (Yemeni) 3.9% 4.8% 3.9%
SUD (Sudanese) 0.4% 0.2% 0.4%
Other 0.2% 0.1% 0.8%

Table 2: Dialect region share, 8,000-document ran-
dom sample per corpus (seed = 42), collapsed from 21
camelbert-mix-did-nadi countries to 7 regions (0%
unassigned).

3.1 Preprocessing

We conduct heavy preprocessing of the social
media text prior to tokenisation. Social media
text is characteristically noisy, exhibiting code-
switching, non-Arabic script, URLs, diacritics,
and punctuation-heavy formatting. Inspired by (EI-
Haj et al., 2024), we develop a multi-stage filter
applied uniformly across all three sources: (1) re-
moval of Latin characters and non-Arabic punc-
tuation,> (2) stripping of diacritics (tashkeel), (3)
a minimum character-length gate (20 characters
post-cleaning), (4) an Arabic content gate (at least
40% of non-whitespace characters must be Ara-
bic script), and (5) exact- and near-duplicate re-
moval for YouTube transcripts (MinHash, Jaccard
threshold = 0.8). For Reddit, an additional 11.9M
documents (62.9% of raw rows) were removed as
punctuation-only or near-empty entries. The final
output per document is a single cleaned line con-
taining the social media post with no punctuation,
diacritics, or non-Arabic tokens. Appendix A pro-
vides detailed per-platform cleaning statistics.

3This step also removes Arabizi (Arabic transliterated into
Latin script) and code-switched Latin-script segments, since
the pipeline has no transliteration component to map them
back to Arabic script. We made this deliberate choice for sim-
plicity and acknowledge its limitations (see Limitations).
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4 SALM Model

4.1 Model Architecture

SALM follows the GPT-2 decoder-only Trans-
former architecture (Radford et al., 2019). Each
block applies pre-layer normalisation, causal
multi-head self-attention computed via scaled
dot-product attention, and a position-wise feed-
forward network with GELU activation (tanh ap-
proximation). A single layer normalisation is ap-
plied before the output projection. Token embed-
ding and output projection weights are tied to re-
duce parameter count.

SALM has 24 transformer layers, 16 attention
heads, and a model dimension dy,oge1 = 1024, to-
talling 336M parameters. The model uses a con-
text length of 512 tokens and a vocabulary of
32,000 BPE subword units (Section 4.2).

4.2 Tokenizer

Arabic NLP systems typically rely on tokeniz-
ers trained on MSA-heavy corpora, which under-
segment dialectal words absent from their train-
ing distribution. We train a custom BPE tokenizer
on a subset of the pretraining corpus (Reddit and
YouTube), ensuring the vocabulary reflects the di-
alectal and social media register of the data.

Design. We use a Whitespace pre-tokenizer
rather than the ByteLevel encoding common in
multilingual models. ByteLevel maps each byte
to a printable ASCII character, distorting Ara-
bic codepoints and producing unintuitive subword
boundaries; Whitespace splitting instead preserves
Arabic character identity and aligns splits with di-
alectal morphological units. No normaliser is ap-
plied beyond what has already been performed in
preprocessing (Section 3.1); further normalisation
risks collapsing dialectal character variants that
carry morphological information. Subword con-
tinuation pieces are marked with a ## prefix, and
the decoder uses a WordPiece-style strategy (rather
than the ByteLevel BPE decoder) to correctly re-
insert spaces on decode.

Vocabulary. The vocabulary comprises 32,000
BPE types trained with minimum merge frequency
2, plus five special tokens (<pad>, <unk>, <bos>,
<eos>, <mask>). Of the 32,000 types, 31,555
(98.6%) contain at least one Arabic character; only
5 types contain Latin characters, reflecting the
Arabic-script-only training data. Zero diacritic-
bearing types appear in the vocabulary, consis-

tent with diacritic removal in preprocessing. Sub-
word pieces (marked ##) account for 5,464 types
(17.1%); the majority of vocabulary entries are
therefore whole words, appropriate for the short ut-
terances that dominate social media text.

Fertility. Across Egyptian, Levantine, and Iraqi
samples, fertility is approximately 1.0—1.1 tokens
per whitespace-delimited word: common dialectal
words such as mish (not), wallah (by God), and
btihki (you speak) each map to a single token. Gulf
and Maghrebi varieties show marginally higher fer-
tility due to a small number of characters absent
from the training data, which are mapped to <unk>.
Latin-script text (Arabizi, code-switched English)
maps entirely to <unk> by design, as the pretrain-
ing corpus is Arabic-script only. Encode—decode
round-trips are lossless for the three major varieties
tested; any mismatch in Gulf or Maghrebi samples
is attributable to a single <unk> substitution per
sentence with no subword leakage.

4.3 Training Setup

SALM is trained on two L40S GPUs (48 GB each)
with an effective batch size of 131,072 tokens
per gradient step, achieved via micro-batching
with gradient accumulation (micro-batch B =8, se-
quence length T'=512, accumulation steps=16
across 2 GPUs). The optimiser is fused AdamW
(61=0.9, $2=0.95, =108, weight decay=0.1)
with gradient norm clipping at 1.0. The learn-
ing rate follows a linear warmup over 315 steps
(approximately 3% of the planned training sched-
ule) followed by cosine annealing to a minimum
of 6 x 107%; the peak learning rate is 6 x 10~
Training runs in bfloatl6 mixed precision with
float32_matmul_precision="high'.

SALM is evaluated at the checkpoint corre-
sponding to step 18,950 (2.48B training tokens
consumed). Validation cross-entropy loss at this
checkpoint is 4.36 on a held-out 10% split of the
pretraining corpus (/=~100M tokens), and the train-
ing curve shows no plateau at this point, indicating
the model would benefit from continued training.

5 Experiments

5.1 Evaluation Protocol

We evaluate SALM using two protocols. The pri-
mary evaluation is a frozen linear probe: the
backbone is held fixed and a single linear clas-
sification layer is trained on mean-pooled, L2-
normalised sentence embeddings extracted from
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the frozen model. A frozen probe directly tests
whether task-relevant structure is linearly decod-
able from pretrained representations (Alain and
Bengio, 2017), without allowing the backbone to
restructure in response to task labels. It also places
encoder and decoder architectures on equal foot-
ing: bidirectional pooling confers an advantage
under fine-tuning, but both reduce to a fixed em-
bedding function under the probe, making perfor-
mance differences attributable to pretraining cor-
pus effects rather than architectural inductive bi-
ases.

The probe is trained with class-weighted cross-
entropy (AdamW, Ir=1le-2, weight decay = le-4)
for up to 20 epochs, selecting the epoch with the
best accuracy on a held-out validation split. The
train/validation/test split used for each task is spec-
ified in the corresponding subsection below.

5.2 Dialect Identification

We evaluate on four granularities derived from the
MADAR parallel corpus (Bouamor et al., 2019)
(12,000 BTEC sentences, 26 city-dialect varieties):
MADAR-2 (binary, MSA vs. dialect), MADAR-6
(six broad regions: EGY, LEV, GLF, IRQ, MAG,
MSA), MADAR-9 (nine regions: Nile Egypt,
Nile Sudan, Levant, Iraq, Gulf, Yemen, Libya,
Maghreb, MSA), and MADAR-26 (26 city-level
varieties). The parallel corpus is unstacked so that
each non-empty (sentence, city) cell becomes one
labelled example, yielding 112,000 examples total.
Because MADAR is a parallel corpus, the same
underlying BTEC sentence is translated into all 26
city dialects; we therefore partition examples using
MADAR'’s official per-sentence train/dev/test as-
signment (95,600/ 11,200/ 5,200 examples) rather
than a fresh per-example split, so that different-
dialect translations of the same sentence cannot
cross the train/test boundary.* Model selection
(epoch/checkpoint choice, Section 5.1) uses the
dev split; the held-out test split is scored exactly
once per model, with the selected weights.

We compare SALM against six Arabic and mul-
tilingual PLM baselines. Majority-class baselines
on the test split are: MADAR-2 96.2%, MADAR-
6 26.9%, MADAR-9 23.1%, MADAR-26 3.8%.

“The test split fixes 200 sentences/city (200 x 26 =35,200),
so it is not class-balanced across the coarser MADAR-2/6/9
label sets, affecting their majority baselines below.

5.3 Sentiment Analysis

We evaluate on the AJGT (Arabic Jordanian Gen-
eral Tweets) dataset (Alomari et al., 2017), a bi-
nary sentiment corpus of 1,800 tweets (positive or
negative) with a balanced class distribution of 900
examples per class. AJGT has no official train/test
partition, so, unlike MADAR (Section 5.2), we use
the same frozen probe, embedding extraction, hy-
perparameters, and a stratified 80/20 train/test split
(seed=42) as described in Section 5.1.3

5.4 Full Fine-tuning

To assess SALM’s representational capacity be-
yond what a frozen linear probe reveals, we ad-
ditionally fine-tune SALM end-to-end on each
MADAR variant. A linear classification head is
placed on the mean-pooled final hidden states;
all backbone weights receive gradients. We use
AdamW with a backbone learning rate of 2x 107>
and a head learning rate of 1x1073, cosine-
decayed with 10% linear warmup over the first
epoch. Training runs for up to 10 epochs with early
stopping on validation accuracy (patience=3), us-
ing the same official MADAR train/dev/test split
as Section 5.2 throughout, so results are directly
comparable to the frozen-probe evaluation.

5.5 Training Evaluation

We monitor training progress by evaluating valida-
tion loss every 475 steps on a held-out 10% split
of the pretraining corpus (approximately 100M to-
kens). Checkpoints are saved at the same cadence,
enabling post-hoc selection of the best checkpoint
for downstream evaluation. SALM’s training loss
declines from 10.6 at initialisation to 4.6 at step
18,950 with no observed plateau, indicating the
model is likely to benefit from continued training.

6 Results

6.1 Dialect Identification

Table 3 reports accuracy and macro-F1 across all
four MADAR variants for the frozen linear probe.

SALM leads on fine-grained dialect identifi-
cation. SALM achieves 44.9% accuracy and
44 3% macro-F1 on MADAR-26, the best score
of any evaluated model on both metrics, ahead
of the next-best accuracy (CAMeL, 42.3%) and

*AJGT may overlap with the pain/Arabic-Tweets pre-
training data, though this is unlikely given AJGT’s narrow
construction (a small, curated set of Jordanian tweets).
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Accuracy (%) Macro-F1 (%)
Model M-2 M6 M9 M-26 | M2 M6 M9 M-26
Multilingual PLMs
mBERT 884 50.8 452 310 | 654 495 410 297
LaBSE 87.1 449 39.1 234 | 635 434 342 220
MSA-focused Arabic PLMs
AraBERT 942 646 595 378 | 766 640 549 369
ArBERT 91.8 643 598 385 | 71.3 62,6 543 375
MSA+Dialect Arabic PLMs
MARBERT 92.0 709 639 407 | 71.5 683 583 395
CAMeL 945 680 632 423 | 769 667 575 414
This work (frozen linear probe)
SALM 93.0 695 651 449 | 735 675 595 443

Table 3: Dialect identification via frozen linear probe, scored once on the official held-out test split (Section 5.2).
M-2/6/9/26 = MADAR granularity. Bold = best per column.

the next-best macro-F1 (MARBERT, 39.5%), de-
spite never being trained on any classification sig-
nal. SALM also leads MADAR-9 (65.1% accu-
racy, 59.5% macro-F1), narrowly ahead of MAR-
BERT (63.9%, 58.3%). At the coarser MADAR-2
and MADAR-6 granularities SALM is competitive
but not best: CAMeL leads MADAR-2° (94.5%
accuracy, 76.9% macro-F1) and MARBERT leads
MADAR-6 (70.9% accuracy, 68.3% macro-F1).

Arabic-specific pre-training dominates over
multilingual scale. LaBSE and mBERT are the
weakest baselines (23.4% and 31.0% accuracy at
MADAR-26), confirming that Arabic-specific pre-
training contributes far more to dialectal represen-
tation quality than multilingual scale alone. The
gap between mBERT and SALM at MADAR-26
is 13.9pp; against LaBSE it is 21.5pp.

6.2 Sentiment Analysis

Table 4 reports accuracy and macro-F1 on AJGT.
The dataset is perfectly balanced (900 per class), so
the majority baseline is 50.0% and accuracy and
macro-F1 are numerically near-identical through-
out.

SALM achieves the highest sentiment accu-
racy among evaluated PLMs. SALM achieves
92.2%, the highest accuracy of any evaluated
model, ahead of the strongest encoders ArBERT
(91.9%) and CAMeLBERT-DA (91.7%). The
largest gap is between SALM and MARBERT
(87.5%, —4.7pp), a model pre-trained on one bil-
lion dialectal tweets with a classification-oriented
MLM objective and training data an order of mag-

Every model falls below the 96.2% MADAR-2 majority
baseline: the class-weighted probe trades raw accuracy for
minority (MSA) recall, so macro-F1 (x=49% for the majority
baseline vs. 63.5-76.9% here) is the more informative metric.

Model Acc (%) Macro-F1 (%)
Multilingual PLMs

mBERT 76.4 76.3
LaBSE 88.1 88.0
MSA-focused Arabic PLMs

AraBERT 86.9 86.9
ArBERT 91.9 91.9
MSA+Dialect Arabic PLMs

MARBERT 87.5 87.5
CAMeLBERT-DA 91.7 91.7
This work (frozen linear probe)

SALM 92.2 92.2

Table 4: AJGT sentiment analysis via frozen lin-
ear probe, single stratified 80/20 split and seed (Sec-
tion 5.3). Majority baseline: 50.0%. Bold = best over-
all.

nitude larger. This result is notable for a causal
decoder-only model: SALM uses left-to-right at-
tention with a purely generative training objective,
yet attains the top accuracy among the bidirec-
tional encoder baselines evaluated here. These re-
sults reflect a single train/test split and a single
random seed; we have not established their sig-
nificance across seeds, nor verified the absence of
overlap between AJGT and the pretraining corpus
(Limitations).

6.3 Fine-tuning Results

Table 5 contrasts full fine-tuning with the frozen
probe for SALM. Fine-tuning yields consistent
and substantial gains over SALM’s own frozen
probe across all MADAR granularities: accuracy
improves by +4.3pp on MADAR-2, +11.6pp
on MADAR-6, +13.9pp on MADAR-9, and
+12.1pp on MADAR-26, with macro-F1 gains of
a similar magnitude (+11.6 to +15.2pp). Gains
are smallest on the coarse MSA-vs-dialect dis-
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tinction (MADAR-2) and largest at the regional
and city-level granularities, consistent with the
frozen probe being most constrained where a linear
head cannot compensate for causal mean-pooling’s
weaker cross-token aggregation relative to a bidi-
rectional encoder’s pooled representation.

We report MARBERT’s and CAMeL’s frozen-
probe scores in Table 5 for context only. Because
we do not fine-tune these baselines under an identi-
cal protocol (same optimiser schedule, dev-based
early stopping, single test evaluation), Table 5 sup-
ports a claim about SALM’s own gain from fine-
tuning, not a comparison against fine-tuned base-
lines.

7 Discussion

Small corpus, generative objective, compet-
itive performance. SALM’s 1.04B-token cor-
pus is an order of magnitude smaller than the
one billion tweets used to pretrain MARBERT,
an encoder-only model with a masked-language-
modelling objective specifically designed to pro-
duce classification-ready representations; SALM
instead uses only causal next-token prediction and
no dialect supervision. Despite this, SALM outper-
forms MARBERT on MADAR-26 accuracy (44.9
vs. 40.7, +4.2pp) and macro-F1 (44.3 vs. 39.5,
+4.8pp), and achieves the highest accuracy among
evaluated PLMs on AJGT sentiment. This sug-
gests that corpus quality and register relevance
matter more than corpus scale or pretraining ob-
jective when the data adequately covers the target
linguistic domain, and confirms that social media
content is a high-quality, scalable proxy for spoken
Arabic.

Fine-tuning further closes the architectural
pooling gap. Even though SALM already leads
the frozen-probe comparison at MADAR-9 and
MADAR-26 (Section 5.2), full fine-tuning still
yields large further gains over its own frozen-probe
score: MADAR-26 accuracy rises from 44.9% to
57.0% (+12.1pp), and macro-F1 from 44.3% to
57.2% (+12.9pp). This is consistent with mean-
pooled causal embeddings being a structurally
weaker classification-ready representation than a
bidirectional encoder’s pooled embedding: even
when SALM’s frozen representations already con-
tain enough dialectal signal to lead the frozen-
probe comparison, allowing the backbone to adapt
end-to-end still recovers substantial additional ac-
curacy. We do not have a matched fine-tuned base-

line under an identical protocol to test whether an
encoder would show a comparably sized gain (Sec-
tion 5.4).

The corpus dialect distribution shapes repre-
sentation quality. The dialect distribution in Ta-
ble 2 shows that Maghrebi Arabic constitutes 7.0%
of the Reddit sample and 3.3% of the YouTube
sample, and Sudanese Arabic under 0.4% of every
platform. MADAR-26 includes several Maghrebi
city labels (Tunis, Rabat, Sfax, etc.), and macro-
F1 penalises underperformance on these and other
minority classes. SALM’s macro-F1 lead over
MARBERT at MADAR-26 (44.3 vs. 39.5, +4.8pp)
suggests that the multi-platform corpus composi-
tion provides useful dialect coverage for minority-
class recall, despite the Egyptian/Gulf skew docu-
mented in Table 2.

Qualitative generation. Figure 1 shows repre-
sentative completions from SALM across four di-
alectal varieties (full continuations in Appendix C,
Figure 3), each preserving variety-specific lexical
items absent from MSA: Egyptian e5/L>V/y 5 L,
Levantine Jo! 3L/} 2, Iragi S/, b (the most
distinctive Iraqi’ ma}ker), and Maghrebi §/J\,
(the latter borrowed from Amazigh, exclusive to
Maghrebi Arabic). This qualitative evidence com-
plements the linear probe results: the dialectal
knowledge the probe captures reflects genuine
structure encoded during pretraining, not an arte-
fact of probe training.

Sentiment representations generalise from di-
alectal pretraining. The AJGT result (Sec-
tion 5.3) extends the dialect identification finding:
social media pretraining on a compact corpus in-
duces representations broadly useful for Arabic so-
ciolinguistic tasks, not only for dialect distinctions.

8 Conclusion

We introduced SALM, a compact 336M-parameter
decoder-only language model pre-trained on a
1.04-billion-token corpus of dialectal Arabic social
media text from Twitter, Reddit, and YouTube, us-
ing only a causal next-token-prediction objective,
no masked language modelling, no dialect labels,
no task-specific signal. Despite a training corpus
an order of magnitude smaller than existing dialec-
tal Arabic PLMs, SALM outperforms MARBERT
and every other evaluated baseline on MADAR-
9 and MADAR-26 dialect identification under a
frozen linear probe, by 4.2 accuracy points and
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Accuracy (%) Macro-F1 (%)
Model M-2 M6 M9 M-26 | M2 M6 M9 M-26
SALMjrobe 93.0 69.5 651 449 | 735 675 595 443
SALMginetune 97.3 81.1 79.0 57.0 | 8.2 791 747 572
MARBERTyobe  92.0 709 639 407 | 71.5 683 583 395
CAMeL jrobe 945 68.0 632 423 | 769 667 575 414

Table 5: Full fine-tuning vs. frozen probe on MADAR for SALM. Bold = best SALM row per column. MAR-
BERT/CAMeL frozen-probe scores are shown for context only, not fine-tuned comparison (Section 5.4).

A5 8 pae OV g b G
3 0> ey Lol 4ille
056 e O '@u

“Some people say Egypt
was a secular state, but we

think thats empty talk be-
cause we have a law...”

ookl o sk (1 sle iy
PV | T L_’;Le o L el
TR

‘:lfy God, this thing hap-
pened to me yesterday, at

night but no one was home.
Lord, provide for me...”

Piragi——————— WPMaghrebi
(oo ¢ 7 STl S e || i) el PaS” S B

QLI r J34 4o 51
A

“My friend, what’s up, ev-
erything’s fine — where is
there anyone who’d send me
a WhatsApp message, even
from an unknown number?”’

J»C\:s'-u:w&\}!bag O
Bw)

“How are you, how are
you doing, may God protect
you. Where is there any-
thing? You don't need any-
one to hold you...”

Figure 1:

SALM completions across four dialectal varieties (temperature=0.85, top-k=50, repetition

penalty =1.2). Bold = prompt; plain text = model continuation. Excerpted from the full prompts and continua-

tions in Appendix C (Figure 3).

4.8 macro-F1 points at MADAR-26. Fine-tuning
SALM end-to-end raises its own MADAR-26 ac-
curacy to 57.0% (macro-F1 57.2%)), a further gain
of 12.1 accuracy points over its frozen probe. Un-
der the same frozen probe on binary Arabic sen-
timent (AJGT), SALM achieves 92.2% accuracy,
the highest among evaluated Arabic PLMs.

These results establish three conclusions. First,
social media content is a high-quality and scal-
able training signal for dialectal Arabic representa-
tion learning even at modest corpus scale, with the
induced representations generalising to sentiment
analysis without any task-specific adaptation. Sec-
ond, a decoder-only generative model pre-trained
on social media can already match or exceed, un-
der a frozen probe, encoder models purpose-built
for classification, and fine-tuning yields substan-
tial further gains on top of this. Third, even where
SALM’s frozen-probe representations already lead
the comparison, fine-tuning still recovers a large
further improvement, consistent with mean-pooled
causal embeddings being a structurally weaker
classification-ready representation than a bidirec-
tional encoder’s pooled embedding.

We release the pre-trained SALM model and
evaluation code to support future work on Arabic
dialect representation, generation, and zero-shot
transfer.

Limitations

Architectural mismatch for classification.
SALM is a causal (decoder-only) language model;
representations are extracted by mean-pooling
over the causal context, where each token attends
only to preceding tokens. This is structurally
weaker than bidirectional BERT-style pooling for
classification tasks, so the frozen-probe results
likely underestimate SALM’s representational
capacity even where SALM already leads the
frozen-probe comparison (Section 5.2), as the
fine-tuning results in Section 5.4 demonstrate.

Corpus geographic bias. Egyptian Arabic dom-
inates Reddit (45.8%) and YouTube (55.7%); Gulf
Arabic dominates Twitter (48.6%). Egyptian
and Gulf content jointly account for 72—-80% of
sampled documents on every platform (Table 2),
while Sudanese Arabic represents under 0.4% and
Yemeni Arabic under 5% of every corpus, a signif-
icant underrepresentation relative to their speaker
populations in the Arab world. This skew may
affect SALM’s representations of Sudanese and
Yemeni dialects, both of which have dedicated la-
bels in MADAR-9 and MADAR-26.

Sentiment evaluation robustness. The AJGT
sentiment results (Section 5.3) reflect a single
train/test split and a single random seed; we have
not run a significance test (e.g. across multiple
seeds, or a paired test such as McNemar’s) to es-
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tablish whether the reported margins over base-
lines are reliable rather than an artefact of this
particular split. We have also not verified the
absence of exact- or near-duplicate overlap be-
tween AJGT and the pretraining corpus. Because
SALM’s pretraining objective is next-token predic-
tion and never sees AJGT’s sentiment labels, such
an overlap could at most make SALM’s represen-
tations unusually well-tuned to the surface form of
specific tweets, not leak label information the way
a supervised train/test overlap would, but this has
not been empirically confirmed. Both checks are
needed before drawing strong conclusions from
the sentiment results.

Arabizi and code-switched text. Our prepro-
cessing pipeline (Section 3.1) removes non-
Arabic-script text, which excludes Arabizi (Arabic
transliterated into Latin script) and code-switched
segments common in real social media use. We
have not measured what fraction of the raw scraped
data this affects, so the corpus and the resulting
model should be understood as covering Arabic-
script dialectal text specifically, not the full range
of scripts in which Arabic speakers communicate
online.

Evaluation scope. This paper focuses on di-
alect identification and binary sentiment analysis.
SALM has not been evaluated on MSA NLU tasks
(NER, question answering), text generation quality
(perplexity, human evaluation), or cross-lingual
transfer. The sentiment evaluation uses dialectal
Twitter data (AJGT) and does not cover MSA sen-
timent benchmarks. Whether social media pre-
training benefits or harms MSA task performance
remains an open question for future work.
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A Pretraining Corpus Statistics

Tables 6 and 7 provide detailed per-platform statis-
tics after all filtering and deduplication steps.
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Source Example (paraphrased)
Twitter (Egyptian) Lo S8 4ol Jsl s ?fwj{ by aw ol SR CMS

“Listening to Tamer Hosny while you draw? Thats the loveliest thing you could be doing.”
Twitter (Gulf) o2 o A1 gl o) ) oSle Sl i a eined &)

“God grant you happiness — but why did you get that idea? I want to understand: when was
the last time you visited them?”

Red(dit (r/cairo, Egyptian)

Reddit (r/jordan, Levantine)

PPt ey sl 4 st ols M e ey Ly

Gos 4 S e SN oo o b SBYe Al

“My dad just got back from the Gulf with some savings and wants to invest them, but he has no
connections here — if anyone has good business ideas, let me know.”

fsr 5 ;41{ & oA S5 S Al 13 o ) el Jlse
“A question for married folks: how much did the whole wedding cost you, and which part was
the most expensive?”

YouTube (Egyptian, drama)

YouTube (Gulf, drama)

e U adl oyl e ble e i

da g o) (’JY G anley (23 Jsb I8 asly 2l o) 50

“Cousin, 1 really can 't forget what he did to me. My mother s face is in front of me all the time,
and 1 feel like I have to get justice from him.”

osladly 4l )L T A B e B O]

“We didn 't wish their harsh father dead, but thank God he passed and we 're free of him. Now
we can live here well, and enjoy peace and happiness.”

Figure 2: Representative examples of raw pretraining text by source. Examples are paraphrased from real posts,
comments, and transcripts in our corpus rather than quoted verbatim (privacy; platform redistribution terms): word-
ing and specifics are altered while preserving the original dialect, register, and topic. Twitter posts are short and
topically varied; Reddit posts are longer and conversational; YouTube transcripts reflect the spoken dialogue regis-
ter of movies, series, and podcasts.

Twitter Reddit YouTube
Raw documents 202.7M 18.9M 26,189
After filtering 202.7M 4.6TM 25,100
Retention rate 24.7% 95.8%
Median length (chars) 63 129 3,416 Filtering step Reddit  YouTube
Median length (words) 12 s 684 .
Max length (chars) 280 : . Raw input 18,939,794 26,189
Total tokens (BPE) 730M 240M 66M Punct.-only / near-empty —11916915
Below min. length —2,351,651
Corpus share 70.5% 23.2% 6.3% Non-Arabic script 760
Arabic char ratio 1.00 >0.40 >0.40 Exact duplicates ) _992
Date range Jan 09-Jun 26 s Near-dups (MinHash) > —858
0, 0,
I/J“ comments ; 885/7” : After filtering 4,670,468 25,100
mique subreddits ’ ’ Retention rate 24.7% 95.8%

Table 6: Per-platform corpus statistics after cleaning
and deduplication. Twitter raw/retention figures are not
tracked separately (full pain/Arabic-Tweets dataset
used). YouTube figures are unique videos after Min-
Hash near-deduplication (Jaccard threshold =0.8).

B Raw Corpus Examples

C Qualitative Generation Examples

Character-level cleaning (Reddit)
Raw characters
After cleaning

4,027,096,974
1,021,920,741

Character retention 25.4%
English words removed 501,067,877
URLSs removed 13,341
Quranic chars stripped 241,940

Table 7: Cleaning pipeline statistics for Reddit and
YouTube; Twitter required no document-level filter-
ing (Arabic char ratio = 1.0). Reddit’s low retention
(25.4%) reflects aggressive removal of Latin-script and
punctuation-heavy content.
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Dialect Prompt (bold) + generation (plain)

Egyptian = 056 L OV §,6 ()’{ o5 oy Ll L aslle dys &8 e OV i b B
gl Y e Ol ske b G G e 0ol )l s SN 2 Y et U5,
w}\uy\cg\x\.\»b;ﬂ)bucw\ﬁueCW\dﬁ
“Some people say Egypt was a secular state, but we think that’s empty talk because we have a law

allowing us to bear arms , though some say Egypt can't carry arms without those weapons. I just wish
nobody would comment on the music.”

Levantine uU\ e .Acb Al uﬂ S L}JJL 4cL.,J\ C)Ln\ uu)l.a 6"” sla 4»\)

) &w, oW 5y df ok ‘5u.\ ¥ ! d (st le

“By God, this thing happened to me yesterday at mght there was a sound at the door but no one was
home. Lord, provide for me for You are the best of providers; give me good news of what hides joy
ahead; Lord, enlist for me the soldiers of earth and the angels of heaven.”

Iraqi u‘,'or;)y)&uU\)haﬂgij\;\g‘)rlﬁﬁ;bﬂu&M
@\(;uachwfuf)bwéf)law\uywu{}\»ur,dc«»\{}udu,a\(

“My friend, what's up , everythings fine. Where is there anyone who'd send me a WhatsApp message,
even from an unknown number? Not a good word, not a message. Why this silence? I heard a huge
explosion but didn 't pay attention , [ was asleep, nothing.”

Maghrebi o Lo 8 Slias o i 2 2l Jly 7 Crp St il ellls BIAS™ 21, By
V\J‘d.\cb wb ulﬂﬁlbw;-d.ls:; au-\ oA?MMJ\ J)K.e\ O ge uﬁj\{\ C-}..)\
“How are you, how are you doing , may God protect you. Where is there anything? You don 't need

anyone to hold you every time you fall or hurt , just the sound of your own thoughts makes life feel
better and gives you a sense of safety sitting at home.”

Figure 3: Dialectal completions from SALM (temperature = 0.85, top-k =50, repetition penalty =1.2). Prompt in
bold; continuation in plain text; dialect-specific items discussed in the text.
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