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Abstract
Arabic Language Models (LMs) are pretrained
predominately on Modern Standard Arabic
(MSA) and are expected to transfer to its di-
alects. While MSA as the standard written
variety is commonly used in formal settings,
people speak and write online in various di-
alects that are spread across the Arab region.
This poses limitations for Arabic LMs, since its
dialects vary in their similarity to MSA. In this
work we study cross-lingual transfer of Arabic
models using probing on 3 Natural Language
Processing (NLP) Tasks, and representational
similarity. Our results indicate that transfer is
possible but disproportionate across dialects,
which we find to be partially explained by their
geographic proximity. Furthermore, we find
evidence for negative interference in models
trained to support all Arabic dialects. This
questions their degree of similarity, and raises
concerns for cross-lingual transfer in Arabic
models. 1

1 Introduction

Arabic is a major world language with over 400 mil-
lion speakers and a central role in cultural, histori-
cal, and religious life across the Middle East and
North Africa (MENA) (Owens, 2006; Versteegh,
2014). Structurally, it is a Semitic language with a
long written tradition, but for NLP the most salient
property is its pervasive diglossia: a standardized
written variety, Modern Standard Arabic (MSA),
coexists with a rich spectrum of non-standardized
dialects that vary across the MENA region (Fergu-
son, 1959). MSA (FusHa) dominates education,
news, and formal writing, whereas dialects are the
default medium of everyday communication and
online interaction.

Although Modern Standard Arabic (MSA) is far
less frequent in daily speech than Dialectal Ara-
bic (DA), it remains the dominant variety in the

1Our code: https://github.com/muizzkhalak/cross_lingual_
transfer_arabic

digital corpora used to train Large Language Mod-
els (LLMs). Consequently, most existing Arabic
LMs are predominantly MSA-centric, with limited
and disproportionate coverage of diverse dialects
(Antoun et al., 2020; Inoue et al., 2021; Abdul-
Mageed et al., 2021; Antoun et al., 2021; Sen-
gupta et al., 2023; Lan et al., 2020). While these
models are often implicitly expected to generalize
across the Arabic continuum, cross-lingual trans-
fer is not guaranteed, particularly as many dialects
exhibit low mutual intelligibility with MSA and
one another (Abu Farha and Magdy, 2022; Ke-
leg et al., 2023). This linguistic imbalance has
spurred the development of dialect-specific mod-
els (Qarah, 2024b; Gaanoun et al., 2025; Abdaoui
et al., 2021; Qarah, 2024a; Shang et al., 2025;
AlYami and Al-Zaidy, 2022). However, the neces-
sity of such specialization remains an open ques-
tion: Do MSA-centric or multi-dialect models
transfer equitably across the Arabic dialectal
landscape? To investigate this, we probe the inter-
nal representations of Arabic LMs to evaluate their
transferability to various dialects across three core
NLP tasks—Sentiment Analysis (SA), Named En-
tity Recognition (NER), and Part-of-Speech (POS)
tagging—benchmarking their performance against
specialized, dialect-specific counterparts.

While probing provides a functional account of
cross-lingual transfer, its scope is often constrained
by specific task selections and potential confound-
ing dataset characteristics. Prior research has lever-
aged annotated linguistic features to predict inter-
lingual transfer or interference (Lin et al., 2019;
Eronen et al., 2023); however, the scarcity of gran-
ular linguistic annotations for Arabic dialects ren-
ders such approaches currently unfeasible. While
Alsudais et al. (2022) utilized lexical overlap within
the parallel MADAR corpus (Bouamor et al., 2018)
as a proxy for dialectal similarity, surface-level
overlap fails to adequately capture deeper syntactic
and semantic nuances. Given the proficiency of

https://github.com/muizzkhalak/cross_lingual_transfer_arabic
https://github.com/muizzkhalak/cross_lingual_transfer_arabic
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LMs in encoding these high-level features (Con-
neau et al., 2018a), we propose employing Rep-
resentational Similarity Analysis (RSA) between
MSA and DA model representations. Specifically,
we utilize Centered Kernel Alignment (CKA) (Ko-
rnblith et al., 2019) to quantify layer-wise similarity
between DA and MSA models using parallel sen-
tences from the MADAR dataset. We posit that this
provides an intrinsic metric of cross-lingual trans-
fer: high representational similarity between MSA
and DA models serves as a robust signal for effec-
tive transferability and suggests that inter-dialectal
interference will be minimized.

We integrate these two methodologies—Probing
and Representational Similarity Analysis (RSA)—
to provide a holistic evaluation of cross-lingual
transfer between MSA and its dialects. Our find-
ings indicate that, in general, MSA-centric models
demonstrate strong transferability to DA, occasion-
ally outperforming dialect-specific models. How-
ever, this transfer remains significantly dispropor-
tionate across the dialectal spectrum. To investigate
the drivers of this disparity, we correlate model
performance with factors such as geographic prox-
imity and pretraining data volume. Our analysis
reveals that dialect-specific models consistently ex-
ceed the performance of MSA and multi-dialect
models only when supported by substantial DA
pretraining data. Furthermore, geographic proxim-
ity serves as a strong predictor of transferability,
aligning with the dialectal continuum hypothesis:
as geographic distance increases, mutual intelligi-
bility diminishes, posing a greater challenge for
MSA-to-DA transfer.

2 Related Work

Cross-Lingual Transfer. Prior work consistently
shows that transfer effectiveness depends strongly
on source–target similarity: typologically or lin-
guistically closer languages yield better zero-shot
transfer, and language-distance metrics correlate
with downstream accuracy (Eronen et al., 2023;
Philippy et al., 2023). Consequently, selecting a
related transfer source—rather than defaulting to
English—can substantially improve performance
for low-resource targets (Lin et al., 2019; Eronen
et al., 2023). Multilingual LMs such as mBERT
further demonstrate robust cross-lingual general-
ization without explicit alignment, achieving com-
petitive zero-shot results across tasks like Natu-
ral Language Inference (NLI) and NER after fine-

tuning on a single language (Conneau et al., 2018b;
Pires et al., 2019; Wu and Dredze, 2019). This be-
havior is often attributed to increasingly language-
agnostic representations in higher layers (K et al.,
2020; Artetxe et al., 2020); notably, retraining only
the embedding layer of a monolingual transformer
can effectively adapt it to a new language, suggest-
ing that upper-layer features are largely transferable
(Artetxe et al., 2020). However, multilingual train-
ing often leads to negative interference especially
for high resource languages (Bapna and Firat, 2019;
Chang et al., 2024; Alastruey et al., 2025). Overall,
these findings motivate balanced transfer strate-
gies, where leveraging one or a few related high-
resource languages yields strong gains for low-
resource targets without incurring excessive inter-
ference (Seto et al., 2025). In this study, we exam-
ine how well MSA-centric and multi-dialect Arabic
models transfer to DA varieties, and whether nega-
tive interference occurs in dialectal context, even
when linguistic similarity is assumed. Although
our process follows cross-dialectal transfer across
Arabic models, we use "cross-lingual" in the rest
of the paper to align with literature norms.

Probing Arabic Language Models. Previous
work has examined how linguistic information is
distributed across layers and neurons in Arabic
transformer models, including dialect-trained vari-
ants (Abdelali et al., 2022). This line of research
reports that lower and middle layers primarily en-
code morphology, upper layers capture syntactic
dependencies, and MSA-based models often fail to
represent dialect-specific nuances despite substan-
tial vocabulary overlap; embedding-layer neurons
tend to be polysemous, whereas mid-layer neurons
are more specialized for particular linguistic prop-
erties (Abdelali et al., 2022). By contrast, we fo-
cus on model-level representations: we assess how
MSA, general-purpose Arabic (MIX/Multi-DA),
and dialect-specific encoders encode morphologi-
cal and syntactic information via controlled prob-
ing tasks, comparing best-layer performance across
models rather than inspecting individual neurons.

Similarity of Arabic Dialects. Recent work in
Arabic dialectometry links textual similarity to ge-
ography, showing that geographically proximate
varieties tend to be linguistically closer, sometimes
more so than political boundaries (Alsudais et al.,
2022). Across dialectal corpora, classic NLP/IR
similarity measures further reveal strong Levan-
tine cohesion and suggest that Palestinian is par-
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ticularly close to MSA (Kwaik et al., 2018), while
comparisons with Classical Arabic provide a histor-
ical reference for modern variation (Abouzahr and
Abouzahr, 2025). Analyses of the MADAR corpus
also report Muscat (Spoken in Oman) as among
the closest dialects to MSA and Sfax (Spoken in
Tunisia) among the most distant (Bouamor et al.,
2018). These lexical analyses remain limited at
capturing syntactic and semantic similarity, there-
fore, our work studies whether such proximity rela-
tionships are internalized by pre-trained language
models, which were shown to capture syntactic and
semantic features.

3 Methodology

In this section, we outline our methodological
framework for studying cross-lingual transfer of
Arabic LMs. We combine two complementary
methods for this study, namely: linear probes
trained on frozen layer-wise embeddings (Sec-
tion 3.1), and similarity of model representations
measured using Centered Kernel Alignment (CKA)
(Section 3.2). Furthermore, motivated by the lin-
guistic theory of dialect continuum and its implica-
tions (Chambers and Trudgill, 1998), we propose a
proxy for measuring geographic proximity to MSA
(Section 3.3).

3.1 Probing Classifiers

Probing has been widely applied to analyze multi-
lingual models, where it can reveal whether mod-
els encode language-specific features or universal
cross-linguistic structures (Tenney et al., 2019b). In
the case of Arabic, probing classifiers can help de-
termine whether dialectal and MSA models capture
similar linguistic phenomena and whether knowl-
edge acquired in one variety (e.g., MSA) transfers
to another (e.g., Egyptian or Levantine Arabic).
By training probes on embeddings derived from
dataset of one variety using a language model of
different variety.

The standard probing setup involves training a
lightweight classifier—commonly a linear or shal-
low feedforward model—on top of frozen repre-
sentations extracted from different layers of the
LM. We train probes to predict a supervised lin-
guistic property (e.g., POS tags) using embeddings
as input. If the probe achieves high accuracy, this
suggests that the relevant linguistic information is
encoded in the representations at that layer and
is easily extractable by a simple function (Hewitt

Figure 1: Architecture of the probing classifier for the
example sentence “The boy is eating the apple now.”
Sentence representations pass through N layers, and
each layer is probed using the classifier in Eq. 1.

and Manning, 2019). Probing classifiers are de-
liberately kept simple to minimize the chance that
the probe itself learns the task from scratch. In-
stead, their purpose is to act as a diagnostic tool
that reveals the presence (or absence) of linguistic
features in the LM representations (Pimentel et al.,
2020). Figure 1 illustrates the probing architecture,
where we employ a linear classifier with a softmax
activation layer. For a given layer l, the probability
distribution yl is computed as:

yl = softmax(Wzl + b) (1)

where zl is a representation derived from the hid-
den states Hl = {hl,1, . . . , hl,T }. We define two
pooling strategies depending on the probing task:

• Token-level to POS and NER tasks: zl = hl,i,
the embedding at index i.

• Sentence-level for the SA task: zl =
1
T

∑T
i=1 hk,i, the mean-pooled average of all

token embeddings in the sequence.

3.2 Representation Similarity Analysis
Besides cross-lingual transfer as measured using
probing on selected tasks, we also compute rep-
resentation similarity, which can be viewed as an
intrinsic signal for transfer. Primarily, we seek to
study whether MSA LMs learn similar representa-
tions to their DA counterpart, which can be seen
as a signal of similarity between DA varieties and
MSA, and of the sufficiency of MSA for capturing
the nuances of DA varieties.

Figure 2 illustrates our architecture for represen-
tation similarity, where we use Centered Kernel
Alignment (CKA) (Kornblith et al., 2019) to mea-
sure the similarity of hidden representations. Let
X ∈ Rndx and Y ∈ Rndy be representations of the
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Figure 2: Architecture of CKA for representation simi-
larity. MADAR parallel sentences are encoded by MSA
and DA encoders through N layers, and the resulting
representations are compared using linear CKA (Eq. 2).

same n inputs. For linear CKA, we set K = XX⊤

and L = Y Y ⊤ and compute:

CKA(X,Y ) =
∥X⊤Y ∥2F

∥X⊤X∥F ∥Y ⊤Y ∥F
∈ [0, 1], (2)

where higher values indicate the representations
are similar. Linear CKA is invariant to orthogonal
transformations and isotropic rescaling of features,
making it robust to rotations and global scaling
differences between models.

This yields a compact and task-agnostic view of
how similarly MSA and dialectal models encode
Arabic input, complementing our probing-based
analysis of functional transfer.

3.3 Evaluating Dialectal Continuum
We test whether similarity measures track geo-
graphical proximity continuum, i.e., whether mod-
els associated with countries closer (geographi-
cally) to a chosen MSA anchor exhibit higher sim-
ilarity to an MSA-pretrained encoder. Similar ap-
proaches have been used for finding a relationship
between language distance and cross-lingual trans-
fer (Eronen et al., 2023; Philippy et al., 2023). A
key challenge is that MSA has no fixed geographic
locus, as it is used in formal contexts across all
Arab countries. The literature proposes several
proxies: one strand argues that MSA is particu-
larly close to Palestinian (Levantine) Arabic, based
on lexical similarity within Levantine and North-
African varieties (Kwaik et al., 2018), however,
this study did not include Gulf dialects. Other work
highlights the strong affinity between Classical Ara-
bic (CA) and Yemeni Arabic, citing the preserva-
tion of archaic forms, phonological features, and
relative isolation, and notes that Gulf Arabic, de-
spite borrowings (e.g., from Persian), maintains
close ties to Bedouin dialects (Boyi et al., 2024).
A separate lexical / lexical-semantic comparison

with CA across regions also identifies Yemeni Ara-
bic as the closest modern variety (Abouzahr and
Abouzahr, 2025); although the authors attribute
this in part to corpus-size bias for Yemeni data,
they also show that Gulf Arabic—geographically
close to Yemen—has high similarity to CA. Fi-
nally, analysis of the MADAR corpus reports that
Muscat (Oman) is the dialect most similar to MSA
(Bouamor et al., 2018), and Muscat is likewise
geographically near Yemen. Given the widely at-
tested closeness of MSA to CA, we therefore use
Yemen as a geographic proxy for the MSA an-
chor, while explicitly acknowledging this as an
operational choice.

4 Experimental Setup

4.1 Probing Datasets

For fair cross-dialect comparison, we select dialec-
tal datasets per task and enforce equal sample sizes
per probe: for POS/NER we balance by number
of labeled tokens, and for SA by number of sen-
tences. General-purpose Arabic models are con-
sistently evaluated against dialect-specific models
on the latter’s native test sets. Table 2 details the
corpora utilized for each dialect; for multi-dialectal
datasets, we partition and reuse relevant subsets
for their corresponding varieties. Due to the ab-
sence of publicly available NER corpora for Gulf
dialects (specifically Riyadh and Muscat), we de-
rive a silver-standard dataset from the MADAR cor-
pus (Bouamor et al., 2018). We extract 2,000 sen-
tences per dialect and perform automated entity an-
notation using the CAMeL-Lab/bert-base-arabic-
camelbert-da-ner model (Inoue et al., 2021).

For the POS tagging task, we apply prepro-
cessing tailored to Arabic cliticization, where
multiple grammatical units are written as a sin-
gle orthographic word. For example, �§A�w�¤

(“and mobile”) combines ¤ (CONJ) and �§A�w�

(NOUN); we normalize such cases by aggregat-
ing clitic and stem tags into composite labels (e.g.,
CONJ+NOUN), following prior work in Arabic
POS tagging (Darwish et al., 2018; Habash and
Rambow, 2006). NER datasets are used with their
original tags and no additional preprocessing. For
sentiment analysis, where data often comes from
tweets and other social media, we remove URLs,
HTML tags, usernames, and strip emojis using the
emoji2 library.

2https://pypi.org/project/emoji/

https://pypi.org/project/emoji/
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Dialect identification filtering. Because many
probing datasets originate from noisy online
sources, they may contain off-target sentences
(other dialects or MSA). To mitigate this, we run
automatic dialect identification on every sentence
using CAMeL-Lab/bert-base-arabic-camelbert-
mix-did-madar-corpus26 (Inoue et al., 2021).
City-level predictions (e.g., Riyadh, Jeddah, Cairo)
are mapped to countries, and we retain only
sentences whose predicted country matches the
dataset’s target dialect (or reassign them when the
dataset explicitly spans multiple countries). This
filtering step yields cleaner, better-aligned inputs
for subsequent probing analyses.

4.2 Similarity Analysis Dataset

Our similarity analysis requires access to parallel
sentences between MSA and dialects. Therefore,
we use the MADAR corpus (Bouamor et al., 2018),
which provides aligned versions of the same sen-
tences in MSA and 25 city-level dialects. The cor-
pus contains 2000 parallel sentences per city which
helps avoid sample-size artifacts.

4.3 Models

We focus on BERT-style encoders throughout this
study, so that cross-model comparisons are not con-
founded by architectural differences and transfer
effects remain directly comparable. Table 1 sum-
marizes the models used and their key properties
that help contextualize their behavior and perfor-
mance across our experiments.

4.4 Probing

Probe Training We employ a linear statistical
classifier—multinomial logistic regression (soft-
max over a single affine layer)—implemented with
the NEUROX toolkit (Dalvi et al., 2019). For the
word-level tasks (POS and NER), we aggregate sub-
word representations by selecting the embedding
of the final subword token (Liu et al., 2019). For
sentence-level Sentiment Analysis, representations
are derived via mean-pooling across all tokens in
the sequence.. We use stratified 80/20 train/test
splits, the Adam optimizer with a small learning
rate. Each layer ℓ is probed independently, produc-
ing a performance curve per model and task. Token-
level embeddings for POS/NER are obtained by
aggregating subword representations to the word
level (using the embedding of the last subword to-
ken (Liu et al., 2019)), while sentence-level embed-
dings for sentiment are computed by mean-pooling

Figure 3: Performance of best performing layer on MSA
Tasks.

token representations over the sequence.

Probe Evaluation We use the F1 score for the
evaluation. We measure the performance of Gen-
eral models (i.e. MSA, Multi-DA and MIX) and
DA models on both MSA only and DA datasets.
We think that this offers a bidirectional look at the
cross-lingual transfer of Arabic models. Where DA
model that can transfer to MSA might indicate that
the dialect is close to MSA and vice versa. Unless
specified differently, we report the best F1 score
across the model layers.

4.5 Representation Similarity

We use CKA to measure the representation sim-
ilarity between MSA and DA models. We com-
pute hidden states on the MADAR dataset, take the
mean over the sentence tokens, then measure the
layer-wise CKA similarity. The fact that MADAR
is a parallel dataset allows us to investigate the
following three scenarios:

1. MSA model vs. Dialect model representation
of DA sentences.

2. MSA model vs. Dialect model representation
of MSA sentences.

3. MSA model vs. Dialect model representation
of MSA and DA sentences respectively.

Finally, since MADAR contains city level dialec-
tal sentences and some countries are represented
by more than one city (e.g., Egypt: Alexandria,
Aswan, Cairo), we take the mean of CKA simi-
larity over the cities to obtain the similarity per
country, and consequently, per dialect.
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Model Family Model Name Training Varieties Tokens

CAMeLBERT CAMeLBERT-MSA (Inoue et al., 2021) MSA 12.6B
CAMeLBERT-DA (Inoue et al., 2021) DA 5.8B
CAMeLBERT-MIX (Inoue et al., 2021) MSA + DA + CA 17.3B

Dialect-Specific SaudiBERT (Qarah, 2024b) Saudi Dialect 2.7B
EgyBERT (Qarah, 2024a) Egyptian Dialect 1.07B
DarijaBERT (Gaanoun et al., 2025) Moroccan Dialect (Darija) 100M
DziriBERT (Abdaoui et al., 2021) Algerian Dialect 20M

AraRoBERTa AraRoBERTa-SA (AlYami and Al-Zaidy, 2022) Saudi Dialect 45.4M
AraRoBERTa-EGY (AlYami and Al-Zaidy, 2022) Egyptian Dialect 37.2M
AraRoBERTa-OM (AlYami and Al-Zaidy, 2022) Omani Dialect 3.8M
AraRoBERTa-LB (AlYami and Al-Zaidy, 2022) Lebanese Dialect 3.6M
AraRoBERTa-JO (AlYami and Al-Zaidy, 2022) Jordanian Dialect 2.6M
AraRoBERTa-DZ (AlYami and Al-Zaidy, 2022) Algerian Dialect 1.9M

Table 1: Overview of Arabic Pre-trained Language Models (PLMs)

Figure 4: Impact of pretraining corpus size on probe
performance across tasks. The Percentile Rank of the
number of tokens is displayed for better visual interpre-
tation.

5 Results and Analysis

5.1 Probing Analysis
For probing experiments implemented in Section
4.4, we analyze and compare the performance of
the best layer for each model. This is based on
evidence that models store different information
disproportionately in different layers (Tenney et al.,
2019a), while we are interested in comparing mod-
els in terms of their absolute performance rather
than per-layer comparison.

Figure 3 reports the macro-F1 of the best-
performing layer for each model and task on the
MSA datasets, as discussed in Section 4.4. Across
POS, NER, and SA, a consistent pattern emerges:
the MSA-pretrained model achieves the strongest
performance on MSA text, outperforming both
the MIX and Multi-DA models. Among dialect-
specific encoders, Saudi and Egyptian models typ-
ically rank closest to the MSA model, while other
regional models lag more substantially. The same
trend holds within the AraRoBERTa family, where
Saudi and Egyptian variants systematically outper-
form other dialectal variants on MSA inputs. By

Figure 5: Relative performance of general vs. dialect-
specific Arabic models on native dialectal datasets.
Points to the right of the reference line denote cases
where the dialect-specific model achieves higher perfor-
mance, while points to the left indicate that the general
model remains superior.3

contrast, models trained on North African varieties,
such as DziriBERT and DarijaBERT, generalize
poorly to MSA across all tasks, likely reflecting the
pronounced lexical and morphological divergence
between Maghrebi dialects and MSA. When we re-
late model training size, as summarized in Table 1,
to performance on MSA data, we observe the trend
visualized in Figure 4: models trained on larger
and more diverse corpora tend to exhibit stronger
generalization, underscoring the importance of cor-
pus scale and linguistic variety for cross-dialectal
robustness.

Figure 5 compares an MSA model, a Multi-DA
model, and a MIX model against DA encoders on
dialectal POS, NER, and SA. We compare mod-
els at their best-performing layer to control for
layer specialization effects. We report the macro-

3Non-normalized F1 score results are provided in our code
repository.
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F1 score performance of each model relative to the
dialect specific model. We compute the relative
difference as follows:

∆ =
F1DA − F1M

F1DA
(3)

where M = {MSA, Multi-DA, MIX}. We normal-
ize by F1DA to make the results comparable across
dialects.

Overall, DA models such as EgyBERT and
DziriBERT consistently excel on their native di-
alects—especially for SA and for POS where
morphology and cliticization diverge most from
MSA—highlighting the benefits of dialect-specific
pretraining. The MSA model, while weaker on SA
for most dialects, remains competitive on structural
tasks (POS, NER) for several varieties, indicating
that MSA pretraining preserves transferable syntac-
tic and entity-structure regularities. The Multi-DA
model provides a strong dialect-agnostic baseline,
where it often outperforms the MSA model on the
SA task, but often falls short of the strongest DA
models on their home dialect although it is trained
on more data. This suggests that training on mul-
tiple Arabic dialects can still lead to negative in-
terference (Wang et al., 2020), although they are
regarded as similar in literature. The MIX model
shows a similar breadth–sharpness trade-off: it can
match or surpass many dialectal models on POS,
but tends to underperform DA encoders on NER
and SA when domain and style are highly dialect-
specific. Across these comparisons, pretraining
scale emerges as a key factor. DA models that re-
liably beat the general-purpose encoders (MSA,
Multi-DA, MIX) are often trained on substan-
tially larger pretraining corpora than lighter dialec-
tal models (e.g., EgyBERT vs. AraRoBERTa-EGY,
DziriBERT vs. AraRoBERTa-DZ). This suggests
that the amount of pretraining data is crucial to
improve the model’s encoding of dialect-specific
morphological, syntactic, and semantic features.

5.2 Representation Similarity Analysis
Figure 6 summarizes the average layer-wise CKA
between the MSA model and each DA model
across all three scenarios discussed in Section
4.5. When both models encode the same dialec-
tal sentences (Scenario 1), the highest alignment
is observed for SaudiBERT on Saudi text, fol-
lowed by DziriBERT, EgyBERT, and DarijaBERT,
with AraRoBERTa-LB showing the closest align-
ment among the AraRoBERTa variants. When both

Figure 6: Average layer-wise CKA between the MSA
model and DA models for the three scenarios described
in Section 4.5.

encoders process the MSA versions of the same
sentences (Scenario 2), the order of BERT-based
dialect models remains similar, while within the
AraRoBERTa family, AraRoBERTa-EGY becomes
the closest to the MSA encoder and the remain-
ing variants form a slightly lower, tightly clus-
tered group. In scenario 3, where the MSA
model encodes MSA sentences and dialectal
models encode parallel dialect sentences, the
BERT models ranking largely persists (SaudiBERT
> DziriBERT > EgyBERT > DarijaBERT),
whereas within AraRoBERTa, Levantine vari-
ants (AraRoBERTa-JO, AraRoBERTa-LB) show the
strongest alignment, followed by North-African
variants (AraRoBERTa-DZ, AraRoBERTa-EGY), then
Gulf variants (AraRoBERTa-SA, AraRoBERTa-OM).
Across scenarios, scenario 3 has the lowest similar-
ity scores, showing the representations of DA and
MSA models are not agnostic to their input variant.
Furthermore, even when the input is the same vari-
ant (i.e. scenario 1 and 2), the similarity is always
lower than 0.8, showing that MSA models fail to
capture DA specific nuances and vice versa. The
results of AraRoBERTa models suggest that this
can be partly explained by the amount of training
data, where the similarity of these models is lower
than the BERT-based models, which are trained on
more data.

5.3 Proximity Analysis

As discussed in Sections 5.2 and 5.1, there is sig-
nificant disparity between dialect specific models
in terms of their probing performance and simi-
larity with MSA models. Motivated by the docu-
mented linguistic phenomena of dialect continuum
(Chambers and Trudgill, 1998), and by previous
studies that investigated the relationship between
geographic proximity and lexical overlap (Alsu-
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(a) Geographic proximity vs. probing performance. (b) Geographic proximity vs. CKA-based similarity.

Figure 7: Comparison of Geographic Proximity with Probing Performance and CKA Similarity. The black star
marks Yemen (the MSA anchor), and each bubble denotes a DA model; bubble size encodes (a) macro-F1 score on
MSA and (b) average CKA score.

dais et al., 2022), we study whether geographic
proximity can explain the disparity in probing and
representation similarity results. Note that we use
Yemen as the geographic location for MSA as ex-
plained in Section 3.3. Figure 7a shows dialectal
models by their geographic location, with bubble
sizes proportional to their macro-F1 score on MSA
text from the probing tasks. Across all tasks, we
observe a clear dialectal continuum: models associ-
ated with regions geographically closer to the MSA
anchor are represented by larger bubbles, which
gradually shrink with increasing distance. This pat-
tern indicates that cross-lingual transfer in terms of
functional similarity aligns well with geographic
proximity. Figure 7b presents an analogous view
for CKA-based similarity. Here, the dialectal con-
tinuum is evident primarily for models trained on
large-scale corpora, while models with more lim-
ited pretraining data (i.e. AraRoBERTa models) do
not reflect a dialect continuum effect. The results
suggest that proximity plays a role in model per-
formance and similarity, and is in line with the
phenomena of dialect continuum, where more dis-
tant dialects and less mutually intelligible, which
leads to weaker cross-lingual transfer and lower
similarity. Specifically, Scenario 2 in Figure 7b is
more comparable with Figure 7a since we compare
the dialectal continuum of the MSA model and the
DA models on MSA text.

6 Discussion

Based on the probing results on MSA datasets, we
observe that the MSA model outperforms both MIX
and Multi-DA models. The relative underperfor-
mance of the MIX model aligns with prior findings
that monolingual MSA encoders surpass mixed-
variant models on MSA tasks (Inoue et al., 2021).

Although the MIX model is trained on MSA data,
the underperformance can be due to curse of mul-
tilinguality which adversely affects high-resource
varieties (Chang et al., 2024). Among the DA mod-
els we observe that cross-lingual transfer to MSA
is strongly dependent on the amount of data the
model is trained on. This observation is further val-
idated by geographical proximity analysis where
models trained on large amount of data capture di-
alect continuum more efficiently. We also observe
that it is easier for the language models to capture
functional similarity even with less training data.
But it is more difficult for Arabic language models
to capture structural similarity as observed from ge-
ographical proximity analysis. Furthermore, prob-
ing and CKA reveal a clear functional–structural
gap: some models (e.g., DziriBERT) can be struc-
turally close to MSA yet fail to convert this into
superior probing performance. This is in line with
prior work showing that high CKA similarity does
not guarantee functionally similar or equally useful
features (Davari et al., 2023).

The probing performance on the DA datasets
shows that the MSA-pretrained encoder is gener-
ally stronger on NER and POS tasks, while DA
models tend to excel on SA tasks. The perfor-
mance on POS suggests that Arabic and its dialects
maintain a similar syntax, while the performance
on NER can be attributed to code switching, where
DA varieties often use MSA for entities. However,
this does not translate to a higher performance on
SA, where higher level semantic and pragmatic
understanding is required to predict the sentiment.
These findings suggest that Arabic dialects are sim-
ilar to MSA in their syntax and use code switching
for entities which explains their performance on
POS and NER tasks respectively, however, they
struggle on SA which is characterized by dialect



204

specific idioms, non-standard orthography and dis-
tinct negation patterns that are absent from their
pretraining data.

Comparing DA models with general dialectal
models (Multi-DA; MIX) on downstream tasks
(Figures 5) shows that general models frequently
achieve stronger average performance across di-
alects, a likely consequence of larger and more
diverse pretraining. The MIX model commonly
surpasses the Multi-DA model, suggesting that in-
corporating MSA and Classical Arabic alongside
dialectal text improves the encoding of morpholog-
ical and syntactic regularities. Nonetheless, there
are notable exceptions: DziriBERT and EgyBERT
often outperform general models on their native
dialects. For SA, multiple DA models (with the
exception of some AraRoBERTa variants) outper-
form general models, while the MIX model retains
advantages on NER and POS tasks, where train-
ing on MSA text gives an advantage. We see that
for most high resource dialects (Egyptian, Saudi
Arabia), DA models usually outperform general
dialect models. Whereas for low resource dialects
(Lebanese, Jordan), general dialect models outper-
form native dialectal models. This observation is
consistent with recent research on curse of mul-
tiliguality (Chang et al., 2024; Wu and Dredze,
2020), where multi-dialect pretraining benefits low
resource dialects, but negatively affects high re-
source dialect performance.

7 Conclusion

In this work, we study how Arabic language mod-
els (LMs) capture cross-lingual transfer among
dialects and their relationship to Modern Stan-
dard Arabic (MSA), combining functional evi-
dence from probing classifiers (POS, NER, SA)
and structural evidence from representation simi-
larity (CKA), and linking both to geographic prox-
imity. Our analysis covered MSA, MIX, and Multi-
DA encoders alongside mono-dialectal DA models.
We find consistent signals of a dialectal continuum:
models associated with geographically closer vari-
eties tend to align more closely with MSA in both
probing and CKA, but this effect strongly depends
on the amount of pretraining data. Interestingly,
even among dialects of the same language we find
evidence for negative interference, where Multi-
DA models underperform mono-dialectal models
of high resource dialects. Our findings question the
assumption of cross-lingual transfer from MSA to

its dialects, where transfer is feasible but dispro-
portionate across varieties. Furthermore, Multi-DA
models might benefit from dialect or dialect-region
specific parameters to avoid negative interference.

Limitations

Our work has the following limitations:
Dialectal dataset coverage: No publicly available
Gulf-dialect NER dataset exists to our knowledge;
we therefore leveraged MADAR and produced
proxy annotations using an existing NER model.
This introduces potential annotation noise and do-
main mismatch that may affect NER-related com-
parisons. Additionally, we rely on regional datasets
(e.g., Gulf, Maghrebi) that are further segmented
by country (e.g., Saudi, Moroccan) using automatic
dialect identification. However, dialect identifica-
tion is imperfect, and occasional false positives
may introduce noise into the country-level splits
and, consequently, into our downstream analyses.
Geographic proxy for MSA: Our choice of
Yemen as a geographic proxy for MSA is literature-
informed but not definitive. Results involving
distance-to-anchor should be interpreted as oper-
ational rather than canonical; alternative anchors
could yield different effect sizes.
Model heterogeneity: The compared models dif-
fer in training size, vocabularies, and pretraining
hyperparameters. Such heterogeneity can confound
attribution of observed effects. A more controlled
comparison—equalizing corpus size, and training
settings—would yield more robust findings.
Pretraining data composition: The paper does
not focus the effect of the composition of pre-
training data of dialectal models. Some models,
such as DarijaBERT, were trained by filtering out
MSA data, where as SaudiBERT, DziriBERT, and
EgyBERT were trained on data collected based on
geolocation, which may include traces of MSA
data. The presence of noisy MSA data in dialectal
models may affect the model’s performance.
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Task Dataset Dataset Dialect Used for Dialect Total Samples Dialect Samples

POS

NArabizi (Seddah et al., 2020) Algeria Algeria 1279 731
QCRI Arabic POS Dialect (Darwish et al., 2018) Egypt, Levant, Gulf, Maghreb Egypt, Morocco 350, 350, 350, 350 338, 145
Shami (Abu Kwaik et al., 2018) Levant Lebanon, Jordan 1069 240, 159
CAMeL Treebank (Habash et al., 2022) MSA and CA MSA 5755 (MSA Variant, 21st Centuary) 2399
GUMAR (Khalifa et al., 2016) Gulf Saudi, Oman 15205 1774, 1633

NER

CLEANANERcorp (AlDuwais et al., 2024) MSA MSA 4899 3050
ACDNER (Elkhbir et al., 2023) Egypt, Morocco, Syria Egypt 353, 378, 361 210
DzNER (Dahou and Cheragui, 2023) Algeria Algeria 5859 1153
DarNERcorp (Moussa and Mourhir, 2023) Morocco Morocco 2511 2177
Wojood (Jarrar et al., 2022) MSA, Lebanon, Jordan Lebanon, Jordan 24643, 383, 4705 190, 570
MADAR (Tagged) (Bouamor et al., 2018) Multi-Dialect, MSA Saudi, Oman 2000 each 2000, 2000

SA

DZYT (Benmounah et al., 2023) Algeria Algeria 49942 7828
AET (Kora and Mohammed, 2019) Egypt Egypt 39993 24546
JHSC (Ahmad et al., 2024) Jordan Jordan 276003 30603
L-HSAB (Mulki et al., 2019) Lebanon Lebanon 5377 1142
LABR (Aly and Atiya, 2013) MSA MSA 63257 21696
MYC (Jbel et al., 2024) Morocco Morocco 19455 6306
MARSA (Alowisheq et al., 2021) Gulf Saudi, Oman 68128 10146, 2906

Table 2: Overview of Probing Datasets
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