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Abstract

The increasing size of pre-trained language
models has raised major concerns regard-
ing computational cost, energy consumption,
and deployment in resource-constrained set-
tings. These issues are particularly relevant
for low-resource and linguistically complex
languages such as Maghrebi Arabic dialects,
which are highly variable and often involve
code-switching. This work explores frugal
modeling strategies for Maghrebi Arabic di-
alects, including pruning, classical knowledge
distillation, and dynamic distillation. A set of
lightweight and dialect-specific models is devel-
oped and evaluated, covering MagBERT, Tiny-
DziriBERT, DynaMoroccanBERT, DynaAlgeri-
anBERT, and DynaTunisianBERT. The analysis
focuses on the trade-offs between model size,
architectural design, and performance across
multiple downstream tasks. Experimental re-
sults show that dynamic, task-specific distilla-
tion consistently achieves the best balance be-
tween efficiency and performance, sometimes
slightly outperforming larger baseline models
while substantially reducing computational cost,
even without additional unlabeled data. Prun-
ing also yields gains, with an improvement of
4.8% in sentiment analysis compared to a larger
model. Finally, preserving model depth appears
crucial for maintaining strong performance, as
Transformer layers are essential for capturing
hierarchical representations.

Keywords: Frugal Al, Lightweight BERT, Dyn-
aBERT, Arabic dialects.

1 Introduction

Recent advances in natural language processing
have been largely driven by large pre-trained lan-
guage models such as BERT (Devlin et al., 2019),
which achieve state-of-the-art performance across
a wide range of tasks. However, these models are
computationally expensive and memory-intensive,

making their deployment challenging in real-world
and resource-constrained environments. This has
motivated the emergence of frugal Al (Arga et al.,
2025), which aims to design efficient models that
maintain strong performance while reducing com-
putational cost.

These challenges are particularly pronounced
in the context of Arabic dialects, and especially
Maghrebi Arabic, which includes the dialects spo-
ken in Algeria, Morocco, and Tunisia. Unlike Mod-
ern Standard Arabic, these dialects exhibit substan-
tial linguistic variability, lack standardized orthog-
raphy, and frequently involve code-switching with
languages such as French and English, often written
in both Arabic and Latin scripts (Arabizi) (Hamed
et al., 2025). In addition, the scarcity of annotated
data and the high degree of intra-dialectal varia-
tion make the development of robust NLP systems
particularly challenging (Abidi and Smaili, 2021).

To address these issues, several dialect-specific
BERT-based models have been proposed, in-
cluding DziriBERT (Abdaoui et al., 2021), Dar-
ijaBERT (Gaanoun et al., 2024), and Tun-
BERT (Messaoudi et al., 2021). While these models
achieve strong performance, they remain relatively
large, which limits their applicability in resource-
constrained settings. More recently, TinyDziriB-
ERT (Laggoun et al., 2025) showed that knowledge
distillation can reduce model size while preserving
competitive performance.

Despite these advances, the use of frugal model-
ing strategies for Maghrebi Arabic dialects remains
limited. In particular, the comparative impact of
different compression approaches and architectural
choices on dialectal tasks has not been systemati-
cally studied.

This work investigates several complementary
frugal strategies for modeling Maghrebi dialects.
These include pruning-based compression through
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MagBERT, classical knowledge distillation through
TinyDziriBERT, and dynamic, task-specific com-
pression using DynaBERT (Hou et al., 2020). The
proposed approaches are evaluated on multiple
downstream tasks, including dialect and language
identification, sentiment analysis, and topic classi-
fication, using several datasets.

The main contributions of this work are fourfold.
First, we present a comparative study of frugal mod-
eling strategies for Maghrebi Arabic dialects, in-
cluding pruning, classical distillation, and dynamic
distillation. Second, we conduct an empirical eval-
uation across multiple tasks and datasets, empha-
sizing the impact of architectural design choices
such as width and depth. Third, we show that dy-
namic, task-specific distillation achieves the best
performance—efficiency trade-off, and that preserv-
ing model depth is essential for maintaining strong
performance. Finally, we provide insights into the
influence of teacher quality and cross-dialect gen-
eralization in low-resource settings.

The remainder of this paper is organized as fol-
lows. Section 2 reviews existing work on model
compression and dialectal language modeling. Sec-
tion 3 presents the proposed approaches, includ-
ing MagBERT, TinyDziriBERT, and DynaBERT.
Section 4 describes the datasets, evaluation tasks,
experimental settings, and reports and discusses the
experimental results. Finally, Section 5 concludes
the paper and outlines directions for future work.

2 Related Work

The growing computational demands of large pre-
trained language models have motivated extensive
research on model compression and frugal Al (Arga
etal., 2025), a paradigm that aims to design efficient,
resource-aware systems without compromising per-
formance. The main compression approaches in-
clude pruning, knowledge distillation, and quanti-
zation, all of which seek to reduce the memory and
computational footprint of neural models while pre-
serving their ability to generalize across tasks (Kim
et al., 2025). These challenges are particularly crit-
ical in the context of low-resource languages and
dialects, where developing and maintaining large-
scale models is both costly and impractical (Arga
et al., 2025).

Pruning methods focus on removing redundant
parameters or structural components from pre-
trained models. For instance, LayerDrop (Fan et al.,
2019) demonstrated that up to 50% of Transformer
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layers can be removed with minimal impact on per-
formance. Similarly, CoFi (Xia et al., 2022) pro-
posed a structured pruning approach that jointly re-
moves coarse-grained and fine-grained components,
achieving significant speedups while maintaining
accuracy.

Knowledge distillation (Hinton et al., 2015) of-
fers an alternative strategy by training a smaller
student model to mimic the behavior of a larger
teacher model. DistilBERT (Sanh et al., 2020) re-
duces BERT’s size by 40% while retaining most
of its performance, whereas TinyBERT (Jiao et al.,
2020) further improves compression by distilling
intermediate representations and attention mecha-
nisms. More recently, DynaBERT (Hou et al., 2020)
introduced a dynamic distillation framework capa-
ble of generating multiple sub-networks with vary-
ing width and depth, enabling flexible trade-offs
between efficiency and performance at inference
time.

In parallel, several efforts have focused on devel-
oping language models for Arabic dialects, particu-
larly Maghrebi Arabic, which includes the dialects
spoken in Algeria, Morocco, and Tunisia (Abdaoui
et al., 2021; Messaoudi et al., 2021; Abdul-Mageed
et al., 2021; Moussaoui and El Younoussi, 2023;
Gaanoun et al., 2024). These dialects present sig-
nificant challenges for NLP due to their divergence
from Modern Standard Arabic (MSA) in vocabu-
lary, morphology, and syntax, as well as their strong
influence from Berber, French, and Spanish (Har-
rat et al., 2018). Additionally, Maghrebi Arabic
exhibits frequent code-switching between Arabic
and foreign languages, often written in both Arabic
and Latin scripts (Arabizi), which further compli-
cates modeling (Hamed et al., 2025). The lack of
standardized orthography, combined with limited
annotated data and high intra-dialectal variability,
makes the development of robust models particu-
larly challenging (Abidi and Smaili, 2021).

To address these challenges, several dialect-
specific BERT models have been proposed. DziriB-
ERT (Abdaoui et al., 2021) was the first model pre-
trained exclusively on the Algerian dialect, achiev-
ing strong performance despite being trained on
a relatively small corpus. This was followed by
DarijaBERT (Gaanoun et al., 2024) for Moroc-
can Arabic and TunBERT (Messaoudi et al., 2021)
for Tunisian Arabic. However, these models re-
main relatively large, with parameter counts rang-
ing from 109M to 147M, limiting their applicabil-



ity in resource-constrained environments. More
recently, TinyDziriBERT (Laggoun et al., 2025)
demonstrated that knowledge distillation can effec-
tively reduce model size while maintaining compet-
itive performance.

Despite these advances, the application of model
compression techniques to Maghrebi Arabic di-
alects remains largely underexplored. This gap is
particularly important, as frugal approaches could
enable the development of models that achieve per-
formance comparable to existing benchmarks while
significantly reducing computational and deploy-
ment costs.

3 Models for under-resourced languages

Large Language Models (LLMs) achieve remark-
able performance across a wide range of natural
language processing tasks. However, training and
deploying such models require substantial compu-
tational resources, costly hardware infrastructures,
and massive amounts of data. Their development
also involves extensive training times and signifi-
cant energy consumption. These constraints raise
important economic and environmental concerns,
while also limiting the accessibility of state-of-the-
art models in resource-constrained settings. This
challenge is particularly acute for Maghrebi Ara-
bic dialects, where language resources remain lim-
ited and research efforts are still at an early stage.
In such contexts, frugal Al offers a promising di-
rection by aiming to design models that are both
efficient and competitive while requiring fewer com-
putational resources. To address this issue, several
model compression techniques have been explored
for Maghrebi Arabic dialects, notably pruning and
knowledge distillation. In this work, we investi-
gate three complementary architectures. The first,
MagBERT, relies on structured pruning by reducing
the number of Transformer layers while preserving
the original architecture. The second, TinyDziriB-
ERT (Laggoun et al., 2025), is a compact student
model trained using conventional knowledge distil-
lation, where the student learns from the soft pre-
dictions generated by a larger teacher model. The
third, DynaBERT (Hou et al., 2020), adopts a more
flexible distillation strategy by producing dynamic
sub-networks with different width and depth con-
figurations. A key distinction lies in the training
paradigm. Both MagBERT and TinyDziriBERT
require an initial pre-training phase on large unla-
beled corpora, followed by task-specific fine-tuning.
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In contrast, DynaBERT operates directly in a down-
stream setting: starting from an already pre-trained
teacher, it performs distillation during fine-tuning
using only the labeled data of the target task. This
property makes DynaBERT particularly attractive
for low-resource scenarios, where computational
efficiency and reduced training costs are essential.

3.1 MagBERT: Maghrebi BERT

MagBERT is a lightweight variant of BERT specif-
ically developed for Maghrebi Arabic dialects, in-
cluding Moroccan, Algerian, and Tunisian Arabic.
Compared with BERT-base, it adopts a significantly
smaller architecture with six encoder layers, a hid-
den size of 384, and six attention heads. This re-
duced configuration makes MagBERT more suit-
able for resource-constrained environments while
maintaining strong performance on dialectal Ara-
bic tasks. Table 1 summarizes the architectural
differences between MagBERT and BERT-base.

[ Model | Layers | H.Size | Heads |
BERT-base 12 768 12
MagBERT 6 384 6

Table 1: Comparison between BERT-base and Mag-
BERT architectures.

MagBERT was first pre-trained on an unlabeled
corpus introduced in (Abidi and Smaili, 2021). This
corpus contains sentences in Algerian, Moroccan,
and Tunisian dialects, written in both Latin and
Arabic scripts. Table 2 reports the token counts for
each dialect in the pre-training dataset.

[ Dialect [ Tokens (M) |
Algerian 23
Moroccan 22
Tunisian 16

[ Total [ 61 ]

Table 2: Dialectal composition of the pretraining dataset.

Overall, MagBERT was pre-trained on a rela-
tively modest corpus of 61 million words compared
to contemporary large-scale language models. The
model employs a WordPiece vocabulary of 70,000
tokens derived directly from the pre-training data.
Training follows the Masked Language Modeling
(MLM) objective, where 15% of tokens in each
sequence are randomly masked. Pre-training was
conducted for 15 epochs with a batch size of 16, con-
strained by the memory limitations of an NVIDIA
Tesla V100-PCIE GPU (16 GB). The model was
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| Down-stream task
, dataset H

| Pre-training Corpus (Algerian, |
 Moroccan and Tunisian dialect) |

Pre-trained model

Figure 1: Pre-training and fine-tuning of MagBERT.

subsequently fine-tuned on downstream tasks (see
figure 1). The design of MagBERT is motivated by
the need for an efficient language model tailored
to Maghrebi Arabic in low-resource settings. By
halving the number of Transformer layers (from 12
to 6), reducing the hidden size (from 768 to 384),
and decreasing the number of attention heads (from
12 to 6), the model significantly reduces parameter
count and computational cost. This compact design,
combined with training on a relatively small dialec-
tal corpus, reflects realistic constraints in under-
resourced language settings where large-scale data
are unavailable. As a result, MagBERT provides
a practical framework for studying the trade-off
between model efficiency and downstream task per-
formance in dialectal Arabic processing.

The model was optimized using Adam with a
learning rate of 5x107°, following a linear decay
schedule with 10% warm-up, a maximum sequence
length of 128 tokens, and gradient accumulation
to compensate for the limited batch size. Training
used a fixed random seed (42) for reproducibility.

3.2 DynaBERT: DynamicBERT

DynaBERT (Hou et al., 2020) is a distillation frame-
work designed to generate multiple compact sub-
models from a single pre-trained BERT model. Its
core idea is that one pre-trained and fine-tuned
model can produce a family of dynamically ad-
justable sub-networks. To achieve this, DynaBERT
introduces two adaptive dimensions: width and
depth. The width corresponds to the number of at-
tention heads and the size of the feed-forward layers,
while the depth refers to the number of Transformer
layers (i.e., encoder layers in BERT).

As shown in figure 2, the distillation process is
carried out in two stages. First, knowledge is trans-
ferred from a teacher BERT model to an intermedi-
ate model, denoted as DynaBERT,,,, which supports
adaptive width. In this stage, the number of atten-
tion heads and feed-forward neurons can be scaled
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Figure 2: A two-stage procedure to train Dyn-
aBERT (Hou et al., 2020).

to 25%, 50%, or 75% of the original model size, or
kept unchanged. The knowledge transfer leverages
the teacher’s predictions, embeddings, and hidden
representations.

After this stage, multiple width-adaptive configu-
rations are obtained. DynaBERT,, then serves as a
teacher assistant for the second stage, where depth
adaptability is introduced. Specifically, the number
of encoder layers can be reduced to 50% or 75% of
the teacher assistant’s depth. The final fine-tuning
process produces a total of 12 sub-networks with
different width—depth trade-offs.

In this work, DziriBERT, DarijaBERT, and Tun-
BERT are used as teacher models. Table 3 summa-
rizes the dialect associated with each teacher model
within the DynaBERT framework. The motivation
behind this setup is to investigate whether dynamic
compression can effectively capture dialect-specific
characteristics while leveraging shared representa-
tions across sub-networks. Although this approach
has shown promising results in English task-specific
settings, its effectiveness for dialectal Arabic re-
mains underexplored. This is particularly relevant
for Maghrebi dialects, where resources are limited
and linguistic variability is high.

Teacher Model | Dialect
DziriBERT Algerian Arabic
DarijaBERT Moroccan Arabic
TunBERT Tunisian Arabic

Table 3: Teacher models and their associated dialects in
the DynaBERT framework

3.3 TinyDziriBERT

TinyDziriBERT is trained via knowledge distilla-
tion using DziriBERT (Abdaoui et al., 2021) as the
teacher model. DziriBERT is a BERT-based pre-
trained language model specifically developed for
the Algerian dialect, trained on over one million
tweets in both Arabic and Latin scripts.
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Figure 3: [llustration of the Pre-training and fine-tuning
of TinyDziriBERT.

While DziriBERT follows the standard BERT-
base architecture, TinyDziriBERT, used as the stu-
dent model, is significantly smaller in size. Table 4
provides a detailed comparison of their respective
architectures. Figure 3 illustrates the process used
to obtain a specialized version of the TinyDziriB-
ERT model.

Model Layers | H.Size | Heads
DziriBERT 12 768 12
TinyDziriBERT 3 256 4

Table 4: Comparison of Teacher and Student Model
Architectures.

Both DziriBERT and TinyDziriBERT share the
same vocabulary of 50,000 tokens, which corre-
sponds to the teacher’s tokenizer.

Since the upper layers of the teacher model cap-
ture richer syntactic, semantic, and contextual in-
formation, the student model is initialized using a
bottom-up layer mapping strategy. Specifically, if
the teacher has N x k layers and the student has
Nlayers, the i-th layer of the student is initialized
from the (¢ x k)-th layer of the teacher.

The training process utilizes Masked Language
Modeling (MLM), where a 15% of tokens in each in-
put sentence from the dataset are randomly masked.
The objective is to predict these masked tokens. The
sentences with masked tokens are then processed
by both the teacher model and the student model to
generate logits.

The student model is then optimized using a hy-
brid loss function combining Cross-Entropy (CE)
loss with respect to the ground-truth labels and Kull-
back—Leibler (KL) divergence between the teacher
and student logits. The total loss is defined as fol-
lows:
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The total loss is calculated as:

a X T2 KL(ysI%c_i'ent

(D
+ (1 - Oé) CE(ystudenta ylabel)

Where « balances the contribution of the distil-
lation loss and the MLM 10ss. Ystudent aNd Jteacher
are the logits generated by the student and teacher
models, respectively, and y1.pe1s represents the true
tokens. The logits are softened using a temperature
parameter 7". The KL divergence is scaled by 72

During distillation, we used a temperature T =
2 and a distillation coefficient o = 0.5 These val-
ues were selected empirically following common
practice in BERT distillation.

Table 5 summarizes and compares the models
in terms of number of parameters and supported
dialects. For DynaBERT, which produces 12 sub-
networks across different width and depth configura-
tions, we report the best-performing configuration
in terms of the size—performance trade-off. This
optimal configuration retains all Transformer layers
while reducing the model width to 75%. The sizes
of all sub-network configurations are reported in
Appendix A.

Loss =

4 Results and discussions

This section presents the performance of the frugal
models: MagBERT, DynaBERT (the DynaBERT
sub-network used for comparison in this section has
75% of the original width and the same depth), and
TinyDziriBERT, when fine-tuned on several down-
stream tasks relevant to Maghrebi Arabic dialects.
These tasks include dialect and language identifica-
tion on the MADAR (Multilingual Arabic Dialect
Applications and Resources) dataset (Bouamor
et al., 2018) and the Boutef (Bolstering Our Un-
derstanding Through an Elaborated Fake News Cor-
pus) dataset (Smaili et al., 2024), sentiment analysis
on the TSAC (Tunisian Sentiment Analysis Corpus)
dataset (Medhaffar et al., 2017), and topic classifica-
tion on the MTCD (Maghrebi Topic Classification
Dataset) (Gaanoun et al., 2024).

For each task, the models are compared against
the top-performing baseline models specific to each
dataset and dialect setting.

4.1 Experimental Setup

For all downstream fine-tuning experiments,
datasets were split 80%/20% for training and test-
ing. Fine-tuning was conducted for 4 epochs (ex-
cept NER, 5 epochs, given its task complexity
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[ Model [ #P (M) [ Scripts | Dialect [UJT]
DarijaBERT (Gaanoun et al., 2024) 147 A Moroccan vV IV
DziriBERT (Abdaoui et al., 2021) 124 A+L Algerian vV IV
TunBERT (Messaoudi et al., 2021) 109 A+L Tunisian v |V
MagBERT 41 A+L Algerian, Moroccan, Tunisian | v | v/
TinyDziriBERT (Laggoun et al., 2025) 18 A+L Algerian V|V
DynaMoroccanBERT 94 A+L Moroccan X | v
DynaAlgerianBERT 77 A+L Algerian X | v
DynaTunisianBERT 66 A+L Tunisian X | v

Table 5: Comparison of Maghrebi Arabic dialect models in terms of number of parameters (#P), vocabulary scripts,
supported dialects, and training data requirements. Scripts refer to the writing systems covered in the model’s
vocabulary: A (Arabic) and L (Latin). U indicates whether the model uses unlabeled data for pre-training, and T
indicates whether task-specific data is used for fine-tuning. DynaXBERT denotes a DynaBERT model trained with a

dialect X teacher.

and smaller dataset size), using a learning rate of
2x107° and a batch size of 16, with early stopping
based on validation loss.

4.2 Dialect and Language Identification

In this section, we evaluate our models on the lan-
guage identification task using two distinct datasets.

4.2.1 Language identification on MADAR

The MADAR corpus is a parallel dataset (Bouamor
et al., 2018) that contains sentences in 25 Arabic
dialects, in addition to Modern Standard Arabic,
English, and French. In this study, the focus is only
on Algerian, Tunisian, and Moroccan dialects, con-
sidering only the Arabic script due to the specific
models developed in this study. Due to the limited
amount of data available for each sub-dialect, re-
gional variants are grouped together, such as Tunis
and Sfax for Tunisian, and Rabat and Fes for Moroc-
can. The corpus is, however, unbalanced, as shown
in Table 6. To assess the effect of data distribution,
the models are fine-tuned on both the original un-
balanced MADAR dataset and a balanced version
(MADAR-bal), in which the dataset size is fixed
equally across all classes.

[ Dialect [ MADAR [ MADAR-bal ]
Algerian 2,000 2,000
Tunisian 14,000 2,000
Moroccan 14,000 2,000

Table 6: Distribution of the number of sentences per
dialect in the unbalanced and balanced versions of the
filtered MADAR corpus.

The results on the MADAR corpus, presented in
Table 7, show a consistent trend across all models:
performance is generally higher on the unbalanced
version of the dataset compared to the balanced one,
both in terms of accuracy and F1-score. This can
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be attributed to the fact that the unbalanced setting
preserves the original data distribution, which may
implicitly favor dominant dialects present in the
training data. This gap suggests that class imbal-
ance in MADAR may inflate accuracy by favoring
the dominant Tunisian and Moroccan classes; the
balanced setting (MADAR-bal) is therefore a more
reliable indicator of true cross-dialect performance,
and we recommend it as the primary reference for
future comparisons.

[ Metric | DzB | MagB [ TDB [ DyAlgB |
Factor - 3 7 2
Acc-Unbalanced | 93.16 | 93.73 | 90.00 93.70
F1-Unbalanced 93.11 | 88.79 | 84.80 93.65
Acc-Balanced 90.32 | 87.50 | 85.10 90.83
F1-Balanced 90.39 | 87.54 | 84.01 90.84

Table 7: Results on the MADAR corpus for both un-
balanced and balanced versions. Factor indicates the
relative model size with respect to DziriBERT, i.e., how
much smaller each model is compared to DziriBERT.
DzB: DziriBert, MagB: MagBERT, TDB: TinyDziriBert,
DyAlgB: DynaAlgerianBERT

An exception is observed for the smaller mod-
els, particularly TinyDziriBERT, which exhibits a
noticeable drop in performance, especially on the
unbalanced setting, where it significantly under-
performs compared to larger architectures such as
DziriBERT and DynaBERT. This highlights that
highly compact, distillation-based models are par-
ticularly sensitive to uneven data distributions.

Among all models, DynaBERT achieves the most
competitive and overall best results on both bal-
anced and unbalanced MADAR dataset. Despite
reducing the number of attention heads and feed-
forward neurons to 75% and having half the size of
DziriBERT, it consistently matches or surpasses its
performance. This suggests that task-specific dy-



namic distillation is particularly effective for dialect
identification.

The full results of all DynaBERT configurations
are provided in Appendix B (Tables 15 and 16).

In contrast, MagBERT also performs strongly,
outperforming TinyDziriBERT. This can be ex-
plained by the fact that TinyDziriBERT relies solely
on logit-level distillation from DziriBERT, whereas
MagBERT benefits from a more expressive archi-
tecture with multiple Transformer layers trained on
unlabeled pre-training data.

4.2.2 Language identification on BOUTEF

The tests on this corpus concern BOUTEF which
is a datset of fake news collected from social net-
works. As shown in Table 8, BOUTEF corpus con-
tains sentences in Modern Standard Arabic (MSA),
English, French, two Maghrebi dialects (Algerian
and Tunisian), as well as code-switching data. Each
sentence is labeled according to its corresponding
language or dialect.

Table 8: Distribution of comments by language or dialect
in the used subset of BOUTEF.

Language / Dialect | Number of comments
Algerian Dialect 1078

French 862

MSA 784

Tunisian Dialect 554
Code-switching 421

English 104

The results on BOUTEF dataset, presented in
Table 9, further confirm the effectiveness of Dyn-
aBERT in resource-constrained settings.

Model Factor | Acc F1

DziriBERT - 84.16 | 83.04
MagBERT 3 83.05 | 81.84
TinyDziriBERT 7 79.21 | 78.80
DynaAlgerianBERT 2 84.48 | 83.87

Table 9: Performance of models on the Boutef dataset.
Factor indicates the relative model size with respect
to DziriBERT, i.e., how much smaller each model is
compared to DziriBERT.

Despite using only 75% of the model width, Dy-
naAlgerianBERT outperforms slightly DziriBERT,
which is approximately twice its size, achieving
the best performance in terms of both accuracy
(84.48%) and F1-score(83.87%). This indicates
that task-specific dynamic distillation is able to pre-
serve, and even enhance, discriminative informa-
tion in multilingual and code-switched contexts, re-
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sults of the remaining configurations of DynaBERT
are provided in Table 17.

In contrast, MagBERT shows performance rela-
tively close to that of DziriBERT despite being three
times smaller. This relatively strong performance
can be explained by its training strategy, which in-
cludes pre-training on the three target dialects (Al-
gerian, Moroccan, and Tunisian). These dialects are
known to naturally incorporate lexical borrowing
from other languages, particularly French and En-
glish, due to historical contact and sociolinguistic
influence. Moreover, BOUTEF corpus is extracted
from social media data, where users freely mix lan-
guages and writing styles without strict linguistic
constraints. As aresult, MagBERT benefits from ex-
posure to this heterogeneous linguistic environment
during pre-training, which improves its robustness
in code-switching scenarios.

4.3 Sentiment analysis

Regarding the sentiment analysis task, evaluation
is done on TSAC dataset which is a corpus of
17,000 comments in the Tunisian dialect, evenly
split between positive and negative sentiment labels.
In this case, we used the appropriate LLM Tun-
BERT which is dedicated to Tunisian dialect. Dyn-
aBERT was generated from TunBERT to achieve
DynaTunisianBERT

Model Factor | Acc F1

TunBERT - 82.67 | 82.67
MagBERT 3 96.68 | 96.68
TinyDziriBERT 6 94.52 | 94.51
DynaTunisian BERT 2 86.76 | 86.76

Table 10: Performance comparison of models on the
TSAC dataset. Factor represents the relative size com-
pared to TunBERT, i.e., how much smaller the models
are than TunBERT.

The results on the TSAC dataset, presented in
Table 10, show that MagBERT achieves the best
performance, with an accuracy and Fl-score of
96.68%, significantly outperforming all other mod-
els. This strong performance can be attributed to its
pre-training on multiple Maghrebi dialects, which
likely improves its ability to generalize to Tunisian
sentiment analysis. In contrast, TunBERT, despite
being specifically designed for the Tunisian dialect,
achieves substantially lower performance. This sug-
gests that the quality and scale of pre-training data
play an important role in downstream performance.
This also directly impacts the performance of Dy-
naTunisianBERT (more results in 18), which relies
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on TunBERT as a teacher model. The relatively low
results obtained by DynaBERT highlight a key lim-
itation of knowledge distillation approaches: their
strong dependence on the teacher model. When the
teacher is suboptimal, the student model inherits
these limitations, leading to degraded performance.

Interestingly, TinyDziriBERT achieves compet-
itive results (94.52%), outperforming both Tun-
BERT and DynaBERT. This indicates that cross-
dialect transfer is possible within Maghrebi Ara-
bic, even when the student model is trained from a
teacher specialized in a different dialect (Algerian).
This can be explained by the linguistic proximity
between Maghrebi dialects, as well as the avail-
ability of a high-quality task-specific dataset such
as TSAC, which helps the model adapt effectively
during fine-tuning

4.4 Topic classification

In this identification task, the objective is to detect
topics expressed in Moroccan dialect and classify
them into one of the following categories: Gam-
ing, Kitchen, Sport, and General. The data are
sourced from the MTCD corpus. DynaMoroccan-
BERT is derived from DarijaBERT, a model specif-
ically designed for the Moroccan dialect. The re-
sults presented in Table 11, show that DarijaBERT
achieves the best performance, with an accuracy
and Fl-score of 91.99%. DynaMoroccanBERT
achieves very competitive results, closely match-
ing DarijaBERT while being approximately twice
smaller. This again highlights the effectiveness
of task-specific distillation, showing that a well-
designed student model can retain most of the
teacher’s performance even under significant com-
pression. The small performance gap suggests
that DynaBERT successfully captures the key task-
relevant representations despite reduced size. Re-
sults of the other sub-networks of DynaMoroccan-
BERT are showed in Table 19.

MagBERT also performs well, with results close
to the best model, despite being four times smaller
than DarijaBERT. Its strong performance can be
attributed to its exposure to multiple Maghrebi di-
alects during pre-training, which likely enhances
its ability to generalize across dialectal variations.
However, the slight drop compared to DarijaBERT
indicates that dialect-specific specialization still
provides an advantage for this task.

In contrast, TinyDziriBERT shows a more no-
ticeable decrease in performance. This can be ex-
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plained by its smaller size and its reliance on a
teacher model trained on a different dialect (Alge-
rian), which may limit its ability to fully capture
Moroccan-specific thematic patterns.

[ Model [ Factor | Acc [ F1 |
DarijaBERT - 91.99 | 91.99
MagBERT 4 90.77 | 90.98
TinyDziriBERT 8 87.69 | 87.68
DynaMoroccanBERT 2 91.82 | 91.83

Table 11: Performance comparison of models on the
MTCD dataset. Factor represents the relative size com-
pared to DarijBERT, i.e., how much smaller the models
are than DarijaBERT.

4.5 Error Analysis

To complement the quantitative results, we manu-
ally inspected a sample of misclassified instances
across tasks. On BOUTEF, most errors involve
code-switched sentences where French or English
segments dominate the sentence length, causing
smaller models (TinyDziriBERT, DynaAlgerian-
BERT) to default to the majority class. On MADAR-
unbalanced, TinyDziriBERT frequently confuses
Tunisian and Moroccan sentences sharing common
MSA-derived vocabulary, reflecting its narrower
Algerian-only pretraining. On TSAC, MagBERT’s
errors concentrate on short, ambiguous comments
(e.g., single-word replies) lacking sufficient context,
a limitation shared across all models.

5 Conclusion

This work investigates several frugal Al approaches
for Maghrebi Arabic dialects, including pruning
and both classical and dynamic knowledge distilla-
tion. A set of lightweight and dialect-specific mod-
els is introduced, namely MagBERT, TinyDziriB-
ERT, DynaMoroccanBERT, DynaAlgerianBERT,
and DynaTunisianBERT. The study analyzes the
trade-offs between model size, architectural design,
and downstream task performance across multiple
benchmarks.

Experimental results demonstrate that dynamic,
task-specific distillation consistently achieves the
best balance between efficiency and performance.
In several cases, it even surpasses larger baseline
models while significantly reducing computational
cost, without relying on unlabeled data. In partic-
ular, DynaBERT configurations with 75% width
and full depth consistently provide the most effec-
tive size—performance trade-off across most tasks.
This confirms that moderate width reduction has



a limited impact on performance, whereas depth
reduction is considerably more detrimental.

Beyond architectural aspects, the findings also
highlight the importance of pre-training diversity
and task-specific adaptation. MagBERT, despite
being a layer-pruned model pre-trained on multilin-
gual Maghrebi data, demonstrates strong general-
ization capabilities, especially on code-switching
and cross-dialectal transfer tasks such as BOUTEF
and TSAC. This highlights the value of multilingual
pre-training even within a closely related language
family.

TinyDziriBERT, while the most compact model
evaluated, achieves competitive results on sev-
eral tasks, particularly when cross-dialect transfer
within the Maghrebi language family is possible.
However, its performance is more sensitive to data
imbalance and task complexity, reflecting the limi-
tations of output-level distillation under strong ar-
chitectural constraints.

Overall, this study shows that frugal NLP ap-
proaches are not limited to high-resource languages
such as English. Instead, they can be effectively ex-
tended to low-resource settings such as Maghrebi di-
alects, offering promising directions for deploying
efficient language models in resource-constrained
environments.

Human evaluation was not conducted because the
benchmark datasets already provide expert anno-
tations. Establishing human performance on these
datasets remains an interesting direction for future
work. We report single-run results without vari-
ance estimates across seeds; statistical significance
testing (e.g., bootstrap resampling) is left for future
work.
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Appendix A Sub-network sizes of
DynaBERT

This appendix reports the size of the DynaBERT
sub-network configurations, in terms of the number
of parameters, for the three teacher models. The
model sizes vary depending on the width and depth
multipliers. For example, in the case of DziriBERT,
the number of parameters ranges from 12M, corre-
sponding to 25% of the width and 50% of the depth,
to 124M for the full model configuration. Here, m,,
and mgy denote the width and depth multipliers, re-
spectively.

’mw ‘ mgq ‘#P(M)‘

0.50 12
0.25 | 0.75 14
1.00 15
0.50 30
0.50 | 0.75 36
1.00 41
0.50 53
0.75 | 0.75 65
1.00 77
0.50 82
1.00 | 0.75 103
1.00 124

Table 12: Sub-network configurations of DynaAlgerian-
BERT.

| my | mg [ #P (M) |

0.50 18
0.25 | 0.75 19
1.00 21
0.50 42
0.50 | 0.75 47
1.00 52
0.50 71
0.75 | 0.75 83
1.00 95
0.50 105
1.00 | 0.75 126
1.00 147

Table 13: Sub-network configurations of DynaMoroc-
canBERT.



| mw | mg [ #P (M) |

0.50 9
0.25 | 0.75 10
1.00 11
0.50 23
0.50 | 0.75 28
1.00 33
0.50 42
0.75 | 0.75 54
1.00 66
0.50 67
1.00 | 0.75 88
1.00 109

Table 14: Sub-network configurations of DynaTunisian-
BERT.

Appendix B DynaBERT Results

This appendix reports the full evaluation results of
all DynaBERT sub-network configurations on the
fine-tuning datasets : MADAR, Boutef, TSAC and
MTCD.

B.1 DynaBERT results on MADAR

[ Width | Depth | Acc (%) | F1(%) |

0.25 0.5 87.99 87.98
0.50 0.5 88.41 88.42
0.75 0.5 88.74 88.75
1.00 0.5 89.16 89.17
0.25 0.75 89.07 89.10
0.50 0.75 89.57 89.61
0.75 0.75 90.33 90.37
1.00 0.75 90.16 90.19
0.25 1.0 89.74 89.76
0.50 1.0 90.41 90.43
0.75 1.0 90.83 90.84
1.00 1.0 91.16 91.15

Table 15: DynaAlgerianBERT ealuation results on the
MADAR-Balanced dataset (DziriBERT is the teacher
model).
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[Width | Depth | Acc (%) | F1(%) |

0.25 0.5 93.05 92.99
0.50 0.5 93.20 93.09
0.75 0.5 93.28 93.17
1.00 0.5 93.17 93.07
0.25 0.75 92.98 92.87
0.50 0.75 93.18 93.09
0.75 0.75 93.58 93.44
1.00 0.75 93.65 93.63
0.25 1.0 93.00 92.89
0.50 1.0 93.52 93.42
0.75 1.0 93.70 93.65
1.00 1.0 93.75 93.71

Table 16: DynaTunisianBERT ealuation results on the
MADAR-Unbalanced dataset.

B.2 DynaBERT results on Boutef

[ Width | Depth | Acc (%) | F1(%) |

0.25 0.5 82.83 81.76
0.50 0.5 83.73 82.80
0.75 0.5 84.17 83.37
1.00 0.5 84.21 83.62
0.25 0.75 83.23 82.34
0.50 0.75 84.08 83.42
0.75 0.75 84.46 83.93
1.00 0.75 84.21 83.59
0.25 1.0 83.35 82.25
0.50 1.0 84.28 83.57
0.75 1.0 84.48 83.87
1.00 1.0 84.73 83.94

Table 17: DynaAlgerianBERT evaluation results on the
Boutef dataset.

B.3 DynaBERT results on TSAC

[Width | Depth | Acc (%) | F1(%) |

0.25 0.5 85.82 85.82
0.50 0.5 86.38 86.38
0.75 0.5 86.41 86.41
1.00 0.5 86.50 86.50
0.25 0.75 86.47 86.47
0.50 0.75 86.38 86.37
0.75 0.75 86.38 86.38
1.00 0.75 86.76 86.76
0.25 1.0 86.56 86.56
0.50 1.0 86.56 86.56
0.75 1.0 86.56 86.56
1.00 1.0 86.68 86.68

Table 18: DynaTunisianBERT evaluation results on the
TSAC dataset.
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B.4 DynaBERT results on MTCD

[ Width [ Depth | Acc [ FI |

0.25 0.5 90.85 | 90.86
0.50 0.5 91.30 | 91.31
0.75 0.5 91.52 | 91.52
1.00 0.5 91.63 | 91.63
0.25 0.75 91.20 | 91.20
0.50 0.75 | 91.50 | 91.50
0.75 0.75 91.64 | 91.64
1.00 0.75 | 91.82 | 91.83
0.25 1.0 91.24 | 91.24
0.50 1.0 91.67 | 91.67
0.75 1.0 91.94 | 91.95
1.00 1.0 91.92 | 91.92

Table 19: DynaMoroccanBERT evaluation results on
the MTCD dataset.

The detailed results presented in Tables 15-19
provide a comprehensive view of the impact of
width and depth scaling on DynaBERT perfor-
mance across different tasks and datasets. Several
consistent trends can be observed.

First, across all datasets, increasing both width
and depth generally leads to improved performance,
with the best results almost always obtained using
the full configuration (width = 1.0, depth = 1.0).
However, the performance gains tend to saturate
quickly, and smaller configurations remain highly
competitive. In particular, configurations with 75%
width and full or near-full depth (e.g., 0.75/1.0 or
0.75/0.75) consistently achieve results very close
to the full model, while offering a significant reduc-
tion in model size. This confirms that a substantial
portion of the model redundancy lies in width rather
than depth.

Second, depth appears to have a more critical im-
pact on performance than width. Reducing depth
(e.g., from 1.0 to 0.5) leads to a more noticeable
degradation compared to reducing width. This
trend is consistent across MADAR, Boutef, TSAC,
and MTCD, suggesting that Transformer layers en-
code essential hierarchical and contextual represen-
tations that are difficult to compress without loss.
This observation supports the earlier findings in the
main text, where models relying on depth reduction
(e.g., MagBERT) showed lower performance com-
pared to DynaBERT configurations that preserve
deeper structures.

Third, the effect of compression varies depend-
ing on the task. On MADAR and Boutef, which
involve dialect and language identification with po-
tentially higher variability, performance differences
between configurations are more pronounced. In
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contrast, on TSAC and MTCD, the performance gap
between configurations is relatively small, indicat-
ing that these tasks may rely more on surface-level
or task-specific features that can be captured even
by smaller sub-networks.

The results also reflect the influence of the
teacher model. For example, DynaTunisianBERT
(TSAC) shows limited variation across configura-
tions, which aligns with the relatively lower perfor-
mance of its teacher (TunBERT). In contrast, Dy-
naTunisianBERT and DynaMoroccanBERT based
on stronger teacher models, exhibit both higher
performance and more consistent scaling behav-
ior. This further reinforces the dependency of
distillation-based methods on the quality of the
teacher model.



