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Abstract
This paper explores building a baby language
model for Arabic in the context of the BabyLM
challenge, with a pretraining corpus limited to
10 million words. We focus on two areas: 1.
morphologically-aware segmentation and to-
kenisation methods suitable for Arabic, and 2.
the unique challenges of data curation in diglos-
sic linguistic settings, where the language spo-
ken at home and in everyday communication
(Dialectal Arabic) differs substantially from the
written language used in formal education and
most media (Modern Standard Arabic). We
evaluate our models using the BabyBabelLM
evaluation pipeline. We achieved a significant
improvement in the grammaticality scores us-
ing different tokenisation and data composition
strategies. We discuss these improvements in
detail, especially what they reveal about the ef-
fect of mixing Modern Standard Arabic and Di-
alectal Arabic in baby Arabic language models,
as well as the challenges they pose for building
developmentally plausible models in Arabic.

1 Introduction

The general trend in Large Language Models
(LLMs) has been to scale up both model size and
dataset size (Kaplan et al., 2020; Hoffmann et al.,
2022). However, this leads to computationally in-
efficient models that are power and data hungry
(Bender et al., 2021).

The contrast with how humans learn languages
is stark. While humans master languages with ex-
posure to around 100 million words (Gilkerson
et al., 2017), a (very) old model like BERT (2018)
(Devlin et al., 2019) is trained with 3 billion to-
kens, and GPT-3 (2020) was trained on 300 billion
tokens (Brown et al., 2020). Modern models are
trained over trillions of words, OLMo 2 for exam-
ple, is an open-weight model trained on 6.6 trillion
tokens (OLMo Team et al., 2025).

This substantial gap in data efficiency has moti-
vated research on small and baby language models

with fewer parameters that can be trained on sub-
stantially less data (Lu et al., 2024; Charpentier
et al., 2025).

The BabyLM challenge (Warstadt et al., 2023)
addresses this gap aiming to develop data-efficient
approaches that more closely mirror human lan-
guage acquisition, particularly that of children.
The challenge introduces a multilingual track
this year in BabyLM 2026 (BabyLM Team
et al., 2026; Jumelet et al., 2025) after following
English-only shared tasks between 2023-2025. A
developmentally-plausible Arabic dataset and eval-
uation pipeline were released as part of the multi-
lingual track (BabyBabelLM).

In this paper, we explore building a baby lan-
guage model for Arabic. Extending BabyLM to
Arabic introduces additional challenges due to the
linguistic structure of the language. First, Arabic is
a morphologically rich language with complex con-
catenative, derivational, templatic and inflectional
processes (Habash, 2010). Second, data curation
introduces its own challenges because of various
reasons: 1. Due to the diglossic nature of Arabic,
the spoken and written languages differ substan-
tially (Holes, 2004), creating challenges for child
speech data, as children are exposed primarily to
spoken Dialectal Arabic (DA) while Modern Stan-
dard Arabic (MSA) is used in written language. 2.
Available corpora combine text from different di-
alects which differ lexically, morphologically and
syntactically.

To overcome these challenges, we focus on two
areas: Tokenisation and dataset curation. We ex-
plore several segmentation and tokenisation meth-
ods suitable for Arabic morphology and we study
their interaction with dataset composition and their
performance in different tasks categories (i.e. gram-
maticality, reasoning, and knowledge). The re-
sults show a strong improvement in grammatical
learning over the baseline, where morphologically-
aware tokenisation paired with certain dataset com-
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position strategies, achieves 80% in MultiBLimP
(multilingual extension of the grammatical bench-
mark) (Jumelet et al., 2026).

Our main contributions are:

• A comparative and statistical analysis of var-
ious segmentation and tokenisation methods
and their effects on improving Arabic lan-
guage models.

• An analysis of the effects of dataset composi-
tion on downstream tasks, especially in terms
of mixing Arabic dialects and MSA.

• Five new Arabic datasets along with the best
performing models published on Hugging-
Face.1

The implementation of the models as well as the
notebooks used for analysis and dataset composi-
tion are publicly available2.

2 Background and Related Work

2.1 The Arabic context
The trend towards increasingly large models, in
terms of the parameter count and dataset size,
has also extended beyond English to languages
such as Arabic where the language modeling land-
scape is dominated by large headline-grabbing
models (Mashaabi et al., 2024). Much of the Ara-
bic LLM landscape is driven by large, government
or semi-government-affiliated initiatives: ALLaM,
developed by Saudi Arabia’s National Center for
AI (Bari et al., 2024), trained over 1.2 trillion to-
kens (of which 45% is Arabic); Fanar, developed
at Qatar Computing Research Institute, Hamad
Bin Khalifa University (Fanar Team et al., 2025),
trained on a corpus of 1 trillion tokens (40% Arabic,
50% English, 10% programming languages); and
Falcon-Arabic, developed at the Technology Inno-
vation Institute, Abu Dhabi (Boussaha et al., 2025),
trained over 600 billion tokens (40% Arabic).

On the smaller side of models, Kuwain is one
of the few models described as a Small Language
Model (SLM), although it is trained with 90 billion
Arabic tokens (Hennara et al., 2025). AraBERT is
trained with 70 million sentences (more than 2.5
billion tokens) (Antoun et al., 2020). To the best of
our current knowledge, there is no Arabic model at
the scale of a baby language model.

1The datasets and models are available at
https://huggingface.co/kabaros/datasets

2The code is on: https://github.com/kabaros/babylm-ara

For Arabic, a language shared by more than 20
countries with extremely different socio-economic
levels, and where the distribution of wealth does
not necessarily equate to the distribution of tal-
ent, this is very relevant and ties into the BabyLM’s
mission of democratising research opportunities in
language modeling, as it deprives many researchers
from the less economically developed parts of the
Arab world from the opportunity to contribute to
research.

2.2 Related work
Beyond the baseline submission from
BabyBabelLM (Jumelet et al., 2025), rela-
tively little work has explored Arabic language
models at this scale. However, several of the
techniques investigated in this work have been
studied extensively in the context of larger
language models.

Tokenisation is an important topic in the Ara-
bic NLP scene (Abdelali et al., 2016; Arnett and
Bergen, 2025). This is driven by the morphological
structure of Arabic that differs fundamentally from
English and requires tokenisation strategies that
are better suited to its rich morphology. Therefore,
Arabic-aware tokenisation and segmentation is at
the core of the Arabic LLMs (Boussaha et al., 2025;
Fanar Team et al., 2025; Hennara et al., 2025). In
this paper, we explore different techniques for Ara-
bic tokenisation: rule-based Arabic-aware segmen-
tation, stemming, unsupervised learning that learns
the morphology automatically from a given corpus
along Unigram and Byte Pair Encoding (BPE).

Dataset creation and dataset quality are cru-
cial in SLMs in general, however, the Arabic case
has its own specific challenges: the mixture and
interactions between dialects and MSA (Habash,
2010; Holes, 2004), culturally-aligned corpora (Al-
rashed et al., 2024) among other challenges like
code-switching and orthographic inconsistencies of
written Dialectal Arabic. Dataset creation has also
been one of the most effective approaches in previ-
ous years’ BabyLM challenges. Prévot et al. (2024)
uses speech data in French to create a linguistic
corpora, Ghanizadeh and Dousti (2024) curate a
dataset primarily sourced from child-directed tran-
scripts, Velasco and Roque (2025) curate a dataset
with simpler text, using shorter sentences, simpler
sentence structures, and simpler vocabulary.

In the context of BabyLM, several studies have
examined the role of morphology in language mod-
eling for morphologically-rich languages. For ex-
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Word Meaning

kataba to write
maktab desk
maktaba library
kitab book
kutub books
kutayyib booklet
maktub written
katib writer

Table 1: An example of the non-concatenative root-and-
pattern morphology of Arabic: The root k-t-b (“write”)
realised across multiple templatic patterns.

ample, Bölücü and Can (2025) looked at the ef-
fect of morphologically-aware tokenisation in En-
glish, Kriš and Šuppa (2025) researched building a
BabyLM for Slovak which has an inflection-based
morphology different from English, and Gelboim
and Sulem (2025) explored learning grammatical
rules in Hebrew, a Semitic language morphologi-
cally very close to Arabic. Fusco et al. (2025) also
explored morphologically-aware tokenisation tech-
niques finding that they improve comprehension
generalisation at the cost of syntactic accuracy.

3 Arabic Morphology

Morphology plays a central role in Arabic NLP due
to its deep interaction with both orthography and
syntax (Habash, 2010, Chapter 4).

3.1 Dimensions of morphology

Arabic, similar to other semitic languages like
Amharic and Hebrew, is fusional with an inflec-
tional morphology, where consonant roots follow
various templates that contribute to grammatical
categories and lexical meaning. Contrast to con-
catenative morphology where affixes are added at
the end of each word corresponding to a single
grammatical feature (person, tense etc.), Arabic
(like other fusional languages) has inflectional mor-
phology and affixes can encode several grammati-
cal categories at once.

Similarly to agglutinative languages such as
Turkish and Finnish, Arabic is also considered
morphologically rich. A single root can gen-
erate dozens of related word forms. This rich-
ness increases lexical sparsity and motivates
morphologically-aware NLP models. Table 1 il-
lustrates this richness with the triliteral root k-t-b
(“write”), shown in Latin transliteration.

3.2 Does morphology matter?
Complex inflectional morphology is one of the
factors contributing to differences between lan-
guages in NLP tasks (Arnett and Bergen, 2025).
Morphological richness generates a high number
of word forms from a single root and it substan-
tially increases the vocabulary size in NLP applica-
tions (Erdmann and Habash, 2018). Arabic, specif-
ically, can have out-of-vocabulary rate up to ten
times higher than that of English (Habash, 2010)
when using a 64K-word vocabulary.

To keep the vocabulary size optimum,
morphologically-aware segmentation and to-
kenisation methods have been widely explored
particularly in such morphologically rich lan-
guages, where they help reduce vocabulary size,
improve lexical generalization, and mitigate
out-of-vocabulary issues.

Tokenisation methods such as BPE and Word-
Piece generate subword tokens which are usu-
ally not aligned with linguistic morphemes, and
this has motivated some research to better align
subword tokens with linguistic morpheme bound-
aries (Bauwens and Delobelle, 2024). Morpheme-
aware tokenisation has also been explored for Ara-
bic language in a recent study (Asgari et al., 2025),
where the results show that morpheme-aware to-
kenisation improves intrinsic morphological coher-
ence and reduces language model cross-entropy,
and not only in Arabic, but also in other morpho-
logically rich languages such as Russian and Hun-
garian.

4 Dataset Creation for Arabic

4.1 Limitations of the BabyBabelLM corpus
BabyBabelLM provides an 8.3M dataset for Arabic3

as part of the first multi-lingual track in BabyLM
2026 (Jumelet et al., 2025). The BabyBabelLM
itself discusses the limitations of this dataset such
as the need to mix up different dialects into one
dataset due to the lack of developmentally plausible
corpora in Arabic.

We looked into possible modifications to the
dataset to make it more developmentally plausible
and more coherent in terms of its composition.

The current corpus is over-reliant on two sources:
OpenSubtitles and the Habibi corpus (El-Haj, 2020)
for Arabic songs. Together, they make almost 80%
of the total number of tokens. Subtitles make up

3https://huggingface.co/datasets/BabyLM-
community/babylm-ara
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BabyLM Arabic Custom 8.3M blend† BabyLM Spanish‡

Data Source Tokens % Tokens % Tokens %

Habibi (Arabic songs) 3.11M 37.18% 1.39M 16.78% 103.4K 1.1%
OpenSubtitles 3.52M 42.14% 1.40M 16.82% 1.34M 13.9%
The Arabic e-book corpus 1.57M 18.84% 1.57M 18.95% 3.95M 40.7%
vikidia 4.9K 0.06% 4.9K 0.06% 1.44M 14.8%
GlotStoryBook 12.1K 0.14% 12.1K 0.15% – –
Ririro 81.9K 0.98% 81.9K 0.99% – –
MagicHub Yemeni 36.0K 0.43% – – – –
MagicHub Egyptian 18.5K 0.22% 18.5K 0.22% – –
other-books (e-book genres; not in original) – – 697.1K 8.39% – –
Hindawi (YA fiction; not in original) – – 3.13M 37.64% – –
child-directed-speech (Spanish-only; not in babylm-ara) – – – – 2.87M 29.6%

Total 8.35M 100.00% 8.30M 100.00% 9.71M 100.00%

Table 2: Data source composition of babylm-ara (Arabic dataset from BabyBabelLM) vs. our 8.3M custom blend
vs. babylm-spa (Spanish dataset from BabyBabelLM), by token count and percentage of each dataset’s own total.
†custom-8.3M is the 8.3M Diverse blend. ‡babylm-spa figures are aggregated liberally to give a general sense of comparison.
Habibi equivalent in Spanish are the child-available-speech. The Arabic e-book corpus equivalent are the child-books category

(with many more data sources), and child-directed-speech is a major category that does not exist in Arabic.

42% of the corpus. For context, only 13% of the
Spanish corpus (a comparable Tier 2 language in
the BabyBabelLM datasets) consists of subtitles.

The subtitles dataset also has other issues. To
analyse it further, we augmented the dataset with
information about the subtitles, using Anthropic
Haiku model building a script that infers the movie
titles from the subtitles, and extracts the ratings
from IMDB API.

From the 559 movies in the original datasets,
347 are duplicated. For example, four versions of
Back to the Future Part III appear in the dataset
with identical translations except for the transla-
tor’s credits at the beginning. The subtitles also
include a large number of movies that are not suit-
able for children. Table 9 in Appendix A.1 shows
the breakdown of the dataset by movie age rating.

To address these issues, we rebuilt the subtitles
portion of the dataset from OPUS OpenSubtitles
dataset. We retrieved each movie’s title and age
rating using the IMDB ID used provided in the cor-
pus, and filtered the list to retain only the movies
suitable for children. We then ranked them from
the most suitable (U Rating) to PG-13, while dis-
carding movies for adults (age rating 15, 18+). We
also kept the age rating metadata as part of the aug-
mented dataset to help further experiments in the
future (e.g. for setting up age-appropriate curricu-
lum learning).

4.2 Modified datasets

As a result of the previous analysis, we built several
8.3 million datasets with an alternative composition.

The datasets relied mostly on augmentation from
the Arabic e-book corpus (Hallberg, 2024).

The original dataset already included all the chil-
dren stories from the Arabic e-book corpus (which
is built on freely available books from the Hin-
dawi foundation 4). We extended that pool with
an additional subset of books from additional top-
ics such as history, technology, arts, science,
and science fiction, that we reviewed (manu-
ally) and identified as suitable for middle or high-
school aged children.

We also supplemented the corpus with a popular
Arabic Young Adult book series called "The Man
of the Impossible"5. Although the series is part of
the Hindawi project, it has not yet been included in
the Arabic e-book corpus.

These additional texts offer several advantages.
First, they are written in Modern Standard Ara-
bic (MSA), consistent with the language used in
the BabyBabelLM evaluation dataset. Second, their
content is more age-appropriate than the movie-
based material in the original dataset. We therefore
argue that these texts more closely reflect the lin-
guistic input to which a typical Arabic-speaking
child might be exposed than the song and subtitle
corpora.

While we believe that these new datasets im-
prove upon the original dataset in terms of coher-
ence and suitability for the evaluation tasks, the
resulting corpus remains predominantly in MSA,
with only a small proportion of DA content. This

4https://www.hindawi.org/en
5https://en.wikipedia.org/wiki/Ragol_Al_Mostaheel
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distribution contrasts sharply with how Arabic is
typically acquired: children are exposed predom-
inantly, and sometimes exclusively, to DA until
they reach school age (Holes, 2004). We therefore
concur with Jumelet et al. (2025) on the impor-
tance of developing dialect-centric training corpora,
alongside dialect-centric evaluation data, for future
Arabic BabyLM research.

Table 3 presents a selection of our modified
datasets and their composition. Table 2 further com-
pares the source composition of the original dataset
with one of our modified data blends and the Span-
ish BabyLM dataset, a comparable Tier 2 dataset
from BabyBabelLM. This comparison provides con-
text for our data composition choices while high-
lighting the greater diversity of sources represented
in the Spanish dataset.

Name Size Composition

Original Data
BabyLM-community/b
abylm-ara, unmodified

8.35M Fixed children content 20.7%,
subtitles 42.1%, habibi 37.2%.

no-habibi-5M
Original with Habibi
and other DA

5.25M Fixed children content 32.9%,
subtitles 67.1%, habibi 0%.
Tests effect of removing DA.

8.3M blend (ebooks-
heavy) + variations
wiki_0-movies_x-habib
i_x-ebooks_100 blend

8.30M Fixed children content 20.2%,
ebooks 79.8%, (habibi | movies)
(0|5)%. Pure e-book augmenta-
tion (variations with 5% movies
or Habibi songs).

8.3M Diverse
fixed-20%-movies-17%
-habibi-17%-ebooks-8
%-hindawi-38% blend

8.30M Fixed children content 20.2%,
movies 17%, Habibi songs
(Egyptian) 17%, ebooks 8%,
hindawi 38% (YA books). Most
evenly-spread source blend.

8.3M Impossible Man
fixed-20%-ebooks-42%
-hindawi-38% blend

8.30M Fixed children content 20.2%,
ebooks 42.2%, hindawi 37.7%.
Augmented with popular Young
Adult book series in MSA.

Table 3: 8M-scale modified corpora (size in words). All
models contain a fixed 20% from the children books
corpus.

5 Methodology

5.1 Experiments

We ran all the experiments on the same base model
used in BabyBabelLM (Jumelet et al., 2025): GPT-
2 light (17M parameters), trained for 10 epochs
on Arabic corpora of varying composition (8.3M
words similar to the original BabyBabelLM dataset).
All experiments were conducted on a single NVIDIA
GeForce RTX 4090 GPU. The vocabulary size was
fixed at 8192. Experiments were run with three
random seeds, and the reported evaluation scores
are the mean of the three runs.

We deliberately kept the model architecture fixed
to isolate the effects of Arabic-specific factors, fo-

cusing instead on variation in dataset composition,
including content and dialectal distribution, as well
as linguistic properties of Arabic, such as its mor-
phology and syntax.

We use the multilingual evaluation suite intro-
duced by BabyBabelLM (Jumelet et al., 2025) and
report our results in the same format to facilitate
direct comparison. We additionally provide a more
detailed analysis of functional linguistic compe-
tence using MultiBLiMP (Jumelet et al., 2026). At
the relatively small scale considered here (approx-
imately 10M words), grammaticality judgments
provide the most informative signal for Arabic,
whereas performance on reasoning and knowledge-
based tasks remains near chance level. We there-
fore focus much of our analysis on grammatical
competence and its variation across different data
compositions.

5.2 Tokenisation methodology
The lack of morphological alignment in tokenisa-
tion negatively impacts the performance of models
for morphologically rich languages (Arnett and
Bergen, 2025). Given the morphological complex-
ity of Arabic, considerable effort has therefore been
devoted to developing tokenisation and segmenta-
tion strategies that better capture its morpholog-
ical structure. Fanar Team et al. (2025) created
MorphBPE (Asgari et al., 2025) which incorpo-
rates Arabic morphology within BPE, and Koubaa
et al. (2024) created AraNizer to address Arabic
morphology in their ArabianGPT model. Allam
LLM (Bari et al., 2024), Falcon (Boussaha et al.,
2025) and Kuwain (Hennara et al., 2025) used to-
keniser and vocabulary expansion to address the
same issues of morphological misalignment in ex-
isting tokenisers. All these studies emphasise the
importance of morphology-aware tokenisation in
building Arabic LLMs or adapting multi-lingual
LLMs to Arabic.

In this paper, we explore several tokenisation
methods to compare their effectiveness across dif-
ferent tasks in the BabyLM challenge, particularly
for the Arabic language:

- BPE: The most widely used tokeniser and the
default baseline used by BabyBabelLM.

- Unigram: The Unigram model has been shown
to be effective with Arabic (Kashirskiy et al., 2025)
as its probabilistic approach can capture the numer-
ous forms in Arabic morphology.

- Farasa: Farasa (Abdelali et al., 2016) is an
SVM-based segmenter trained on Arabic-specific
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lexicons and features.
- CAMeL: CAMeL (Obeid et al., 2020) is a

library of tools for Arabic NLP. We used its spe-
cialised MSA morphological analyser for segmen-
tation.
Farasa and CAMeL are segmenters used in pre-

tokenisation. We paired them with both BPE and
Unigram in our experiments.

We also explored ISRI (Taghva et al., 2005), an
Arabic stemmer in the NLTK library, and Morfes-
sor which uses unsupervised learning for morphol-
ogy.

Although Morfessor (Virpioja et al., 2013) is
theoretically language-independent, its segmenta-
tion approach mainly targets languages with a con-
catenative morphology such as Turkish. In our
experiments, the results were inconsistent, and the
resulting tokenisation was largely misaligned with
the morphological structure of Arabic.

Our motivation for incorporating ISRI was that,
although its relatively simple stemming procedure
would not capture the morphological distinctions
required for Arabic grammaticality judgments, its
ability to identify roots might nevertheless benefit
reasoning tasks. This intuition is consistent with
the stemmer’s reported effectiveness in informa-
tion retrieval (Taghva et al., 2005). The approach
is also interesting from the perspective of develop-
mental plausibility: we hypothesise that an early
emphasis on lexical roots may loosely resemble the
vocabulary-building stage of early Arabic language
acquisition. Moreover, root-based representations
may be more robust to dialectal variation, as many
dialectal forms can be traced to roots shared with
MSA (Darwish et al., 2014). Our results provide
some support for the reasoning hypothesis, albeit
with an important caveat: ISRI outperformed the
more sophisticated segmenters on zero-shot rea-
soning tasks, but, as in the other experiments, its
absolute performance remained only marginally
above chance. We therefore omitted both ISRI and
Morfessor from the main results and discussion,
as neither yielded additional insights beyond these
largely negative findings.

6 Results

Zero-shot grammaticality scores on MultiBLiMP
are reported in Table 4. Grammaticality showed the
largest improvements across our experiments, mak-
ing these results particularly informative for iden-
tifying potential optimisation strategies for small-

scale Arabic language models.

We also report results on the reasoning and
knowledge tasks. However, consistent with the
baselines reported by Jumelet et al. (2025), per-
formance showed no substantial improvement and
remained close to chance level, even after fine-
tuning.

6.1 Arabic BabyLMs can learn grammar

Across all experiments, grammaticality results im-
proved with the dataset and tokeniser choices. The
baseline score in Jumelet et al. (2025) is 75.9 (our
multi-seed reproduction of the same setup is lower
at 74.73) was improved significantly (up to 5%) by
changing the corpus composition and the tokeniser.

Across our five datasets, the morphologically-
aware tokenisers CAMeL and Farasa achieved the
best scores overall, when paired with Unigram. The
e-books heavy dataset was the best performing
dataset. The best score achieved on these datasets
was 79.23. For context, OLMo-2, a state-of-the-art
32 billion parameters model, trained over 6 trillion
tokens, achieves 87% on MultiBLiMP in Arabic
(Jumelet et al., 2026).

6.1.1 Tokenisation and dataset composition
both affect grammatical learning

Both tokenisation and dataset composition have
a significant effect on MultiBLiMP performance.
The two-way ANOVA decomposition reported in
Table 5 indicates that dataset composition is the
stronger factor, accounting for 42.1% of the total
variance, compared with 31.9% explained by to-
keniser choice. Both effects are statistically signifi-
cant, showing that improvements in small-scale
Arabic language modelling depend on both the
composition of the training data and the choice
of tokenisation strategy.

Source Sum Sq df F p
%

variance

Dataset 109.91 5 31.41 <0.001 42.1
Tokeniser 83.40 5 23.83 <0.001 31.9
Residual 67.89 97 – – 26.0

Table 5: Two-way ANOVA decomposition of
multiblimp_arb scores on the 6-dataset × 6-tokeniser
grid from Table 4 (fit on per-seed scores, not
dataset/tokeniser cell means). Both dataset and to-
keniser choices are statistically significant.
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Dataset BPE
CAMeL
(BPE)

CAMeL
(Unigram)

Farasa
(BPE)

Farasa
(Unigram) Unigram

Average by
dataset

Original Data 74.73 75.33 76.43 74.57 75.33 75.14 75.25

8.3M (ebooks-heavy) 76.57 79.23 79.12 78.33 77.70 76.68 77.94

8.3M (ebooks w/ 5% habibi) 76.00 77.48 78.85 77.34 77.97 77.01 77.44

8.3M (ebooks w/ 5% movies) 75.28 77.04 78.96 77.47 77.39 75.42 76.93

8.3M (Impossible Man) 74.98 78.05 78.19 78.02 78.90 77.78 77.65

8.3M (Diverse) 74.29 75.94 77.15 74.54 76.49 75.61 75.67

Average by tokeniser 75.31 77.18 78.12 76.71 77.30 76.27

Table 4: multiblimp scores (mean of 3 seeds) by dataset and tokeniser, with the best tokeniser per dataset in bold.
Original/BPE (74.73) is our multi-seed reproduction of (Jumelet et al., 2025). The paper’s reported score is 75.9

6.1.2 Mixing Arabic varieties dilutes learning
Across all tokenisers, the highest MultiBLiMP
grammaticality scores were obtained with datasets
containing a high proportion of MSA. In particular,
the e-books-heavy dataset achieved a mean score
of 79.23% across three random seeds, with the best
individual run reaching 80.3%.6

While non-Arabic speakers might find it reason-
able, even expected, that a DA-heavy dataset would
not perform well in an MSA-heavy benchmark, the
notion that "it is all one Arabic" (Holes, 2004) is
deeply entrenched for native Arabic speakers that
we think this is a finding worth calling out explic-
itly.

Mixing dialects and MSA is common in larger
models (Fanar Team et al., 2025; Hennara et al.,
2025; Boussaha et al., 2025), but our results show
that this is not beneficial for small models of
BabyLM scale. Table 6 shows the effect of re-
moving all DA content (i.e. Habibi songs, and
MagicHub children conversations in Yemeni and
Eygptian). Despite losing 3 million tokens, the
grammaticality scores remained comparable, even
improving with some tokenisers. The improve-
ment, tellingly, happens when using vanilla BPE
or Unigram rather than morphologically-aware to-
kenisation, further highlighting the linguistic dif-
ferences between MSA and DA, where the gram-
mar, syntax and phonology can differ substantially
(Habash, 2010, ch. 1, p. 2).

6.1.3 Morphologically-aware segmenters pair
better with Unigram than BPE

Pairing morphologically aware segmenters, such as
Farasa and CAMeL, with Unigram tokenisation con-

6The model corresponding to this run is pub-
licly available at https://huggingface.co/kabaros/
ar-camel-ebooks-heavy-8.3M.

BPE CAMeL Farasa Unigram

Original (8M) 74.73 75.33 74.57 75.14
No DA (5.1M) 75.12 74.78 74.21 76.00
delta +0.39 -0.56 -0.36 +0.85

Table 6: The change in MultiBLiMP scores after remov-
ing DA content (without re-augmentation)

sistently yielded higher scores than pairing them
with BPE.

Although Unigram proved effective as a stan-
dalone tokeniser without segmentation or pre-
processing, we hypothesized that it would not pair
well with a segmenter as segmentation would re-
move much of its advantage in inferring morpho-
logical boundaries. However, our experiments
showed Unigram consistently outperforms BPE
as a tokeniser after segmentation. Moreover,
HuggingFace implementation of Unigram outper-
formed Google SentencePiece implementation
(both as a standalone tokeniser or when paired with
the segmenters).
CAMeL + Unigram performs the best for 4

out of 6 datasets, while Farasa + Unigram out-
performs the others in one of them. CAMeL im-
proves 0.88% on average, while Farasa improves
0.31% by switching from BPE to Unigram. A
morphologically-aware segmentation paired with
Unigram beats vanilla Unigram in all the experi-
ments.

6.2 The tokenisers in isolation

To further investigate the effects of mixing dialects
in Arabic, we analyse the tokenisers in isolation
independently of their downstream language mod-
els as part of an intrinsic evaluation framework. To
this end, for each tokenisation method, we used a
tokeniser trained on a pure MSA dataset (the 8.3M
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Fertility 4+ token words % 1-char tokens % Vocab util.

Tokeniser MSA DA ∆ MSA DA ∆ MSA DA ∆ MSA DA ∆

BPE 2.39 1.99 −0.40 16.56 5.48 −11.08 41.75 19.55 −22.21 0.97 0.93 −0.04

CAMeL 2.20 2.32 +0.12 14.93 15.65 +0.72 25.97 17.10 −8.87 0.94 0.86 −0.08

CAMeL+Unigram 2.54 2.71 +0.17 22.52 25.98 +3.46 44.56 38.26 −6.30 0.96 0.89 −0.07

Farasa 1.93 2.14 +0.21 10.24 9.54 −0.69 8.19 8.86 +0.66 0.88 0.86 −0.02

Farasa+Unigram 2.63 2.80 +0.17 23.11 29.62 +6.51 51.45 49.85 −1.60 0.96 0.90 −0.06

Unigram 3.10 2.42 −0.67 23.74 16.80 −6.93 61.31 46.09 −15.22 0.97 0.89 −0.08

Table 7: Tokenisation metrics on MSA vs. DA content, using a tokeniser trained on the 8.3M Impossible Man
MSA dataset. ∆ is DA − MSA.

Impossible Man dataset) to tokenise the original
BabyLM corpus (with its mix of MSA and DA).
We then calculated tokenisation metrics following
the evaluation framework that Gazit et al. (2025)
applied to Hebrew, a language that shares Arabic
templatic morphology. The metrics are calculated
on the MSA part of the dataset, and the DA part
separately. The metrics reported are: 1. fertility
(the average number of tokens per word), 2. the
percentage of words tokenised into four or more
tokens or single-character tokens and 3. vocabulary
utilisation indicating how much of the tokeniser’s
vocabulary is being used.

The evaluation results are presented in Table 7.
However, these scores alone are not reliable indi-
cators of downstream performance in Arabic. For
example, although lower fertility is generally con-
sidered desirable, morphologically rich languages
may benefit from further segmenting words into
meaningful subword units, resulting in higher fer-
tility while better preserving morphological infor-
mation (Asgari et al., 2025).

What the numbers show are clear patterns within
tokenisation categories lines. These patterns, when
combined with downstream performance, can give
an indication of the intrinsic tokenisation metrics
that lead to better results in the case of Arabic.

For fertility, morphologically aware tokenisers
show an increase in scores from the MSA to the
DA portions of the dataset, whereas vanilla BPE
and Unigram show a decrease.

For 4+ token words and 1-char tokens, the
percentages decrease significantly between MSA
and DA for vanilla BPE and Unigram, while the
morphologically-aware segmenters remain rela-
tively stable, possibly indicating better resilience
to corpora with mixed dialects that explains their
better performance on mixed datasets corpora.
Unigram, whether used standalone or paired

with a segmenter, generates a higher percentage of
words split into four or more tokens. While a lower
percentage generally indicates better compression,
which has been associated with improved down-
stream performance (Gazit et al., 2025), models us-
ing Unigram performed better on Arabic. One pos-
sible explanation is that its finer-grained tokenisa-
tion may better capture meaningful subword units
in longer or morphologically complex words. This
is in line with the findings of Schmidt et al. (2024),
who show that better compression alone does not
necessarily translate into improved downstream
performance.

Vocabulary utilisation is high across tokenisers,
with the exception of Farasa, which improves sig-
nificantly when paired with Unigram. This pro-
vides a possible explanation for the findings re-
ported in Section 6.1.3 where we reported that pair-
ing with Unigram always outperforms pairing with
BPE.

These scores provide additional context for the
findings in Section 6.1.3, helping to explain why
pairing morphologically aware tokenisation with
Unigram yields the best overall results.

6.3 Reasoning and Knowledge

Consistent with the findings of Jumelet et al.
(2025), the fine-tuning results are generally modest
and exhibit no clear pattern. Unlike grammatical-
ity, performance on the knowledge and reasoning
tasks does not appear to respond systematically to
changes in dataset composition or augmentation.
This is consistent with the findings reported by Ols-
son et al. (2022) that such learning only starts in a
much higher scale rather than in these tiny models.

For completeness, we provide fine-tuning re-
sults along with zero-shot results in Table 10 in
Appendix A.2.
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7 Conclusion and Future Work

In this work, we explore building a baby language
model in Arabic. We focus on the interactions be-
tween tokenisation and dataset composition in the
Arabic context, especially the interactions between
Dialectal Arabic (DA) and Modern Standard Ara-
bic (MSA).

The results show that models of this size can
improve their grammatical learning despite being
trained on a limited number of tokens. This finding
contrasts with similar experiments on morpholog-
ically aware tokenisation in English (Fusco et al.,
2025), where improvements were observed in com-
prehension but not in grammaticality.

We also explore the effects of mixing DA
and MSA in the training corpus. We find that
morphologically-aware tokenisers, paired with Un-
igram, perform the best. Our results confirm previ-
ous findings (and intuition) about the importance
of tokenisation in morphologically-rich languages.
However, consistent with previous work (Fusco
et al., 2025), our results show that there is no sin-
gle best approach. Rather, the interaction between
dataset creation, data augmentation, and tokenisa-
tion plays a crucial role in determining the perfor-
mance of language models on a small scale.

Future work could explore the trajectory of learn-
ing, both in terms of different training regimes or
going beyond the 10M tokens. Other tokenisation
strategies should be explored such as dedicated
normalisation pipelines for Arabic orthographic
peculiarities (especially for DA), as well as other
techniques like splintering (Gazit et al., 2025) that
are promising for Arabic. For the interaction be-
tween DA and MSA, ideas from curriculum learn-
ing where MSA can be introduced later than DA, or
using age rating for an age-appropriate curriculum
learning could be interesting to explore.

Cross-lingual transfer is also another potential
research direction between Arabic, Amharic and
Hebrew, which are typologically similar Semitic
languages. However, its success likewise depends
on the availability of suitable datasets in these lan-
guages.

8 Limitations

The main limitation in this study is the limited
availability of child-appropriate datasets in Ara-
bic, especially in DA, as well as the absence of
suitable evaluation data for DA. The datasets we
created are still far from being developmentally

plausible, even compared to other Tier 2 languages
in BabyBabelLM.

For this initial exploration, we focused on pro-
viding a general overview of two topics we thought
are the most important in the Arabic context (to-
kenisation and dataset creation). Either of these
topics, in Arabic, deserves its own research and a
deeper investigation.

Some of these limitations are inherited from
Jumelet et al. (2025). However, like Jumelet et al.,
we view this work as a starting point and hope that
it will open the door to further research on Arabic
and provide a foundation for future work to build
upon.
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A Appendix

A.1 Notes about the original BabyLM corpus
The original Arabic BabyBabelLM dataset relies
heavily on OpenSubtitles, many movies are dupli-
cated, shown in Table 8 and many are unsuitable
for children. Table 9 shows the movie age-rating
of the original corpus.

Duplicates Sample movies

4 Frankenstein, Spider-Man, The Matrix
and 4 more

3 Shrek, Evil Dead and 14 more
2 The Polar Express, Rambo, Back to the

Future and 32 more

Table 8: Sample of duplicated movies in the original
dataset (58 movies out of 211 appear more than once)

Rating Classification Movies %

PG / PG-13 Child-friendly 97 45.8
G Child-friendly 13 6.1
U Child-friendly 9 4.2
12 Child-friendly 7 3.3

R Adult 32 15.1
15 Adult 8 3.8
18 Adult 2 0.9
NC-17 Adult 1 0.5

(null) Unknown 43 20.3

Total 212 100.0

Table 9: Rating composition of the OpenSubtitles
movies in the original BabyLM dataset.

A.2 Complete results
Table 10 presents the complete set of results for all
tasks and setups.
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Farasa 74.57 51.82 25.86 50.12 48.07 13.19 35.04 27.15 26.97 28.89 45.47 29.66 42.05 52.24
Farasa+Uni 75.33 52.89 25.77 49.60 48.40 14.34 35.90 29.15 26.56 29.44 47.72 31.36 45.20 54.23
Unigram 75.14 52.06 25.74 49.68 47.19 15.42 40.17 27.35 26.14 33.89 48.17 26.27 43.65 55.22

8.
3M

(e
bo

ok
s) BPE 76.57 52.57 25.20 51.14 48.56 14.43 38.46 27.05 26.76 26.67 46.54 27.12 43.20 55.22

CAMeL 79.23 52.32 25.31 50.35 47.97 14.51 35.90 27.25 28.22 26.11 45.81 30.51 42.40 52.24
CAMeL+Uni 79.12 51.74 25.48 50.81 48.81 14.92 34.19 27.55 29.46 26.11 49.35 27.97 44.45 57.21
Farasa 78.33 52.41 25.57 51.22 49.33 15.75 43.59 27.05 26.14 22.78 45.64 26.27 44.50 55.22
Farasa+Uni 77.70 53.29 25.53 50.32 49.20 14.51 36.75 27.50 27.80 26.11 48.40 27.97 44.25 61.19
Unigram 76.68 52.54 25.43 50.78 48.30 15.17 32.48 27.65 24.90 26.11 46.76 26.27 43.65 55.22

8.
3M

(e
bo

ok
s

w
/5

%
ha

bi
bi

) BPE 76.00 52.51 25.25 51.22 48.99 15.75 36.75 28.45 25.93 27.78 46.37 27.97 43.55 52.74
CAMeL 77.48 52.34 25.13 49.93 48.04 15.50 37.61 27.65 26.97 23.33 46.43 29.66 41.95 49.75
CAMeL+Uni 78.85 52.18 25.38 51.00 48.99 14.84 31.62 27.00 30.08 22.22 46.15 27.97 42.40 58.71
Farasa 77.34 52.43 25.52 51.19 49.25 15.17 36.75 27.50 27.18 25.00 46.20 29.66 41.55 48.76
Farasa+Uni 77.97 52.78 25.53 51.47 49.38 14.51 36.75 27.70 26.76 21.67 47.72 27.12 43.20 57.71
Unigram 77.01 52.43 25.32 50.29 48.12 15.42 40.17 27.75 26.76 27.22 46.37 25.42 43.05 57.21

8.
3M

(e
bo

ok
s

w
/5

%
m

ov
ie

s) BPE 75.28 52.59 25.27 51.47 48.17 15.50 41.03 27.00 27.80 28.33 46.60 30.51 41.50 55.72
CAMeL 77.04 52.26 25.26 50.48 47.68 15.33 36.75 26.55 25.31 30.56 45.64 30.51 42.50 51.74
CAMeL+Uni 78.96 52.47 25.38 51.00 48.14 15.33 32.48 26.80 25.52 25.00 47.21 35.59 44.10 51.74
Farasa 77.47 52.09 25.49 51.77 50.13 14.43 38.46 26.70 25.93 27.22 46.88 27.97 42.50 56.72
Farasa+Uni 77.39 53.06 25.54 51.14 49.10 14.26 36.75 28.40 28.01 26.11 48.00 31.36 43.50 56.22
Unigram 75.42 52.21 25.52 50.21 48.12 14.34 35.90 29.40 25.93 25.56 47.27 24.58 43.05 58.71

8.
3M

(I
m

po
ss

ib
le

M
an

)

BPE 74.98 52.60 25.66 50.45 48.38 16.49 33.33 28.60 27.39 26.67 45.13 26.27 43.75 53.73
CAMeL 78.05 51.73 25.60 50.84 47.39 16.82 34.19 28.85 24.27 26.67 47.55 27.12 42.70 56.72
CAMeL+Uni 78.19 52.58 25.76 49.22 49.10 15.09 34.19 27.70 28.63 27.78 47.38 28.81 43.40 58.71
Farasa 78.02 52.46 25.78 50.54 49.46 15.58 45.30 27.80 25.93 30.56 47.55 27.12 43.05 59.20
Farasa+Uni 78.90 52.22 25.64 49.57 48.99 14.51 35.90 28.30 26.14 23.89 47.55 27.12 43.45 61.69
Unigram 77.78 52.04 25.96 49.82 48.27 14.84 40.17 27.60 27.59 24.44 48.96 27.97 44.05 53.23

8.
3M

(D
iv

er
se

) BPE 74.29 51.97 25.73 50.51 48.53 15.25 38.46 27.95 26.14 24.44 46.43 27.97 42.45 48.26
CAMeL 75.94 52.31 25.68 50.64 47.58 14.51 37.61 28.80 26.97 31.11 46.93 25.42 44.30 44.78
CAMeL+Uni 77.15 52.50 25.63 49.57 48.22 15.09 35.90 27.80 26.97 29.44 47.55 28.81 41.70 60.20
Farasa 74.54 52.77 25.73 51.34 48.45 13.77 38.46 26.75 25.73 21.11 46.31 27.12 42.95 50.25
Farasa+Uni 76.49 53.45 25.87 50.23 48.20 15.66 34.19 28.90 28.01 23.89 48.96 28.81 44.30 63.68
Unigram 75.61 52.01 25.88 50.10 47.86 14.43 41.88 27.80 27.59 26.11 48.11 27.97 43.25 54.23

Table 10: Full results for zero-shot and fine-tuned tasks across multiple datasets and all tokenisers (zero-shot scores
are the mean of three seeds).
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