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Abstract
Parsing dialectal Arabic remains underexplored, with limited progress over the past two decades. Existing Modern
Standard Arabic (MSA) parsers perform poorly on dialectal data, motivating the need for dialect-specific approaches.
We revisit this task using modern neural models and present new results on Egyptian and Gulf Arabic dependency
parsing. We demonstrate that even small amounts of dialectal training data yield substantial improvements in
parsing accuracy. Our contributions include: (1) introducing a new annotated dataset for Gulf Arabic, (2) releasing
a state-of-the-art multi-variety Arabic parser, and (3) employing dialect identification as a diagnostic tool to better
understand how training data affects parsing performance across dialects and test sets.
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1. Introduction

Arabic dialects, such as Egyptian (EGY), Gulf
(GLF), Levantine, and Maghrebi, are the dominant
spoken varieties across the Arab world. They per-
vade informal communication, social media, and
everyday discourse, yet remain underrepresented
in computational linguistics (Darwish et al., 2021).
In contrast, Modern Standard Arabic (MSA) has
long benefited from extensive linguistic resources
and treebanks (Maamouri et al., 2004; Habash and
Roth, 2009; Taji et al., 2017; Habash et al., 2022).
As Table 1 shows, even strong MSA parsers like
CamelParser2.0 (Elshabrawy et al., 2023) degrade
significantly on dialectal input, underscoring the
need for dialect-focused approaches.

While large language models (LLMs) raise ques-
tions about the role of traditional parsing, syntac-
tic analysis remains crucial for tasks requiring in-
terpretability and structure, especially in educa-
tion, grammar-aware tools, and low-resource set-
tings (Guo et al., 2024). Parsing also offers reliable
scaffolding for downstream tasks such as error de-
tection and information extraction, where LLMs may
lack consistency or transparency (Kanayama et al.,
2024; Li et al., 2025; Fan et al., 2025).

This paper revisits Arabic dialectal parsing, a
task largely neglected for over two decades (Chi-
ang et al., 2006). We adopt a modern neural depen-
dency parsing architecture to build a state-of-the-art
open-source parser for multiple variants of Arabic.

Our main contributions are: (a) the introduction
of a new annotated Gulf Arabic dependency
treebank, enabling the first parsing results for this

* Equal contribution.

System MSA EGY GLF AVG
CamelParser2.0 87.5 73.3 72.7 77.8
Ours 87.2 84.2 80.3 83.9

Table 1: Labeled Attachment Score (LAS) perfor-
mance of the MSA-trained CamelParser2.0 and of
our system on MSA, EGY, GLF test sets.

dialect; (b) the release of a state-of-the-art multi-
variety Arabic parser (MSA, EGY, GLF) (Table 1);
and (c) the use of dialect identification as a diag-
nostic tool to assess parsing complexity and data
impact.1

2. Related Work

2.1. Arabic Treebanks
A number of Arabic treebanks have been devel-
oped, differing in size, syntactic formalism, and
genre coverage. Among these, the Penn Arabic
Treebank (PATB) (Maamouri et al., 2004) has been
the primary resource for MSA syntactic analysis.
The PATB consists mainly of newswire and web
texts. Although originally annotated using a phrase-
structure representation, it has been converted into
several dependency formalisms (Smrž et al., 2002;
Habash and Roth, 2009; Taji et al., 2017).

Building on PATB and related efforts, several
MSA dependency treebanks have been developed.

1We make our code and data available at
https://github.com/CAMeL-Lab/camel_parser_dialects.

https://github.com/CAMeL-Lab/camel_parser_dialects
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PADT was the first Arabic dependency treebank
and employs a multi-layered annotation scheme
capturing functional morphology, analytical depen-
dency syntax, and tectogrammatical representa-
tions of meaning (Smrž et al., 2002). The Columbia
Arabic Treebank (CATiB) (Habash and Roth, 2009)
introduced a streamlined dependency representa-
tion inspired by traditional Arabic grammar. The
Quranic Arabic Corpus (Dukes and Buckwalter,
2010) provided a hybrid dependency–constituency
annotation of Quranic scripture. The Arabic Poetry
Treebank (ArPoT) (Al-Ghamdi et al., 2021) applies
the CATiB formalism, with extensions, to Classical
Arabic poetry. The i3rab treebank (Halabi et al.,
2021) adopts a dependency representation closely
aligned with traditional Arabic grammatical theory.
The Camel Treebank (CamelTB) (Habash et al.,
2022) has further expanded MSA dependency re-
sources across multiple genres and time periods.

In addition to MSA, several dialectal treebanks
have been developed. The Linguistic Data Con-
sortium (LDC) released dialectal resources derived
from conversational transcripts, including the Lev-
antine Arabic Treebank (LATB) (Maamouri et al.,
2006) and the Egyptian Arabic Treebank (ARZTB)
(Maamouri et al., 2014). More recently, a 22K-token
Algerian Arabic treebank was introduced by Sed-
dah et al. (2020).

2.2. Parsing Arabic and its Dialects
Parsing efforts in Arabic have predominantly fo-
cused on MSA, largely due to the presence of rich
annotated datasets. Early work on MSA parsing
includes Habash and Roth (2009), where they built
a transition-based dependency parser using Malt-
Parser (Nivre et al., 2006). This work was extended
in subsequent systems with improved features,
such as those by Marton et al. (2013) and Shahrour
et al. (2016). Recent work on neural Arabic depen-
dency parsing has explored a variety of modeling
approaches, including multi-task easy-first depen-
dency parsing (Kankanampati et al., 2020), depen-
dency parsing as a sequence labeling task (Al-
Ghamdi et al., 2023), and graph-based biaffine
dependency parsing (Elshabrawy et al., 2023).

Dialectal Arabic parsing, however, has received
limited attention. Early pioneering work by Chiang
et al. (2006) explored a treebank transduction ap-
proach, leveraging MSA resources for parsing Lev-
antine Arabic. Muller et al. (2020) investigated the
transferability of multilingual language models to
Algerian Arabic for dependency parsing. Abo Mokh
et al. (2024) evaluated the performance of an MSA-
trained parser on a small set of sentences in Gulf,
Levantine, Egyptian, and Maghrebi dialects. In
this work, we present empirical studies on building
a state-of-the-art dialectal dependency parser for
Egyptian and Gulf Arabic.

In this work, we adopt the CATiB dependency rep-
resentation across MSA, EGY, and GLF for consis-
tency. For MSA, we use CamelTB and train on both
the CATiB-converted PATB and CamelTB data. For
EGY, we automatically convert ARZTB into CATiB
style. For GLF, we introduce the first dependency
treebank for the dialect, consisting of over 25K to-
kens, manually annotated following CATiB guide-
lines with minor extensions. All evaluations are
conducted in the CATiB framework.

2.3. Dialect Identification
Dialect Identification (DID) is the task of predict-
ing the dialectal variety of a given speech or text
segment (Etman and Beex, 2015). There has
been a growing interest in DID, reflected in a se-
ries of shared evaluation campaigns, including
MADAR and NADI (Bouamor et al., 2019; Abdul-
Mageed et al., 2021, 2024), and the development
of various datasets and tools (Zaidan and Callison-
Burch, 2011; Bouamor et al., 2014; Salama et al.,
2014; Alsarsour et al., 2018; Abu Kwaik et al.,
2018; Zaghouani and Charfi, 2018; Salameh et al.,
2018; Bouamor et al., 2019; Abdelali et al., 2021;
Baimukan et al., 2022).

DID has been shown to improve downstream
NLP performance by enabling dialect-aware sys-
tem selection or adaptation, including in machine
translation (Salloum et al., 2014) and morphological
tagging (Obeid et al., 2022). In this work, we adopt
DID not as an end task, but as an analytical tool to
obtain finer-grained evaluation subsets, allowing us
to better understand cross-variety parsing behavior
and training data effects.

3. Arabic Syntax Representation

We follow the Columbia Arabic Treebank (CATiB)
annotation scheme (Habash et al., 2009, 2022).
Grounded in traditional Arabic grammar yet deliber-
ately simplified, CATiB is intuitive for native speak-
ers and well-suited for consistent annotation across
Arabic varieties. Figures 1 and 2 are examples of
CATiB annotated trees. Next is a very compact
summary of the CATiB representation.

In terms of tokenization, CATiB segments all
clitics except the definite article Al+ ‘the’, and nor-
malizes basewords to their uncliticized form.

CATiB uses six part-of-speech tags: NOM (com-
mon nominals), PROP (proper nouns), VRB (active
verbs), VRB-PASS (passive verbs), PRT (particles,
including prepositions and conjunctions), and PNX
(punctuation). This compact tagset supports effi-
cient annotation while maintaining syntactic ade-
quacy.

As for dependency relations, CATiB uses eight:
SBJ (subjects of verbs and topics of simple nominal



96

yςny 
concern

AlklAm
talk

hðA
this

+ny
me 

lA
not

!  
!

MSA

AlklAm
talk

dh
this

mA
not

+ny
me 

+š
not  

!
!  

ylzm
concern

EGY

Figure 1: Parallel MSA and EGY CATiB dependency trees for ‘this talk does not concern me.’ Words are
shown with transliteration and gloss.

Dataset
#Sentences #Tree Tokens

ALL TRAIN DEV TEST ALL TRAIN DEV TEST
PATB (Maamouri et al., 2004) 19,738 15,789 1,986 1,963 738,889 590,819 73,945 74,125

CamelTB (Habash et al., 2022) 13,337 9,397 2,022 1,918 241,910 171,735 35,418 34,757
ARZTB (Maamouri et al., 2014) 31,688 24,428 3,542 3,718 508,548 393,193 57,360 57,995
CamelTB-Gumar (Ours) 2,881 2,021 435 425 25,516 17,648 4,112 3,756
Total 67,644 51,635 7,985 8,024 1,514,863 1,173,395 170,835 170,633

Table 2: Dataset statistics for all treebanks used in this study. For each dataset, we report the total
number of sentences and tree tokens (ALL), together with their counts in the TRAIN, DEV, and TEST
splits. Data splits follow Diab et al. (2013) for PATB and ARZTB and Habash et al. (2022) for CamelTB.

sentences), OBJ (objects of verbs, prepositions, or
deverbal nouns), TPC (topics of complex nominal
sentences with explicit pronominal reference), PRD
(predicative complements in extended copular con-
structions), IDF (the idafa possessive construction),
TMZ (the tamyiz specification construction), MOD
(general modification of verbs or nominals), and —
(flat constructions, e.g., multiword proper names).

Figure 1 shows parallel MSA and EGY CATiB
analyses. Both have five orthographic words, but
clitic segmentation produces six tokens in MSA and
seven in EGY. The trees show structural similarities,
such as SVO order (though MSA often uses VSO),
preverbal negation, and direct object pronominal
clitics. They also highlight differences, including
EGY suffix negation ( �

�+ +š ‘not’) and postposed
demonstratives ( èX dh ‘this’).

4. Arabic Treebanks

In this paper, we make use of four Arabic treebanks:
two MSA, and two dialectal (one EGY and one GLF).
The latter (CamelTB-Gumar) is a new treebank we
introduce as part of this work and make publicly
available. Table 2 shows tree token counts across
splits for all treebanks. Two of the treebanks (one

MSA and EGY) were converted from constituency
representation to CATiB dependency; and two were
created directly in CATiB dependency representa-
tion. We discuss each of these resources next, and
finish the section with a comparison of lexical and
structural differences among them.

4.1. PATB (MSA Newswire)

The Penn Arabic Treebank (PATB) introduced ear-
lier in Section 2 is the largest Arabic treebank
to date.2 PATB focuses on MSA for newswire
and was created in constituency representation
(Maamouri et al., 2004). Following Habash and
Roth (2009), we use an automatically converted
version to CATiB created with the Arabic-C2D util-
ity.3 We use the data splits recommended by Diab
et al. (2013). The same conversion and splits are
used in CamelParser 1.0 and 2.0 (Shahrour et al.,
2016; Elshabrawy et al., 2023). In this paper we
only use PATB as part of the training.

2LDC2010T13, LDC2011T09, LDC2010T08
3Arabic-C2D GitHub repository.

https://catalog.ldc.upenn.edu/LDC2010T13
https://catalog.ldc.upenn.edu/LDC2011T09
https://catalog.ldc.upenn.edu/LDC2010T08
https://github.com/CAMeL-Lab/Arabic-C2D
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Figure 2: GLF CATiB tree for ‘Hend: OK, I’ll call him now.’ Words are shown with transliteration and gloss.

4.2. CamelTB (MSA Mixed Genres)
The Camel Treebank (CamelTB) includes 13 sub-
corpora comprising selections of texts from pre-
Islamic poetry to social media online commentaries,
and covering a range of genres from religious and
philosophical texts to news, novels, and student
essays (Habash et al., 2022). The CamelTB was
annotated directly in CATiB representation. We use
the data split recommended by Habash et al. (2022).
The CamelTB Train is used with PATB Train as the
MSA Train baseline, as used in CamelParser2.0.
The CamelTB Dev and Test sets are our only MSA
test sets. We chose to focus on CamelTB as MSA
for testing because of its genre diversity.

4.3. ARZTB (EGY Forums & Chat)
For Egyptian Arabic, we use the Egyptian Arabic
Treebank (ARZTB) (Maamouri et al., 2014), a con-
stituency representation treebank containing data
from discussion forums, text messaging, and chat.4
We converted to the CATiB formalism following the
approach of Habash and Roth (2009) discussed
above for PATB.3 We use the data splits recom-
mended by Diab et al. (2013). We make our Arabic-
C2D conversion map publicly available.

4.4. CamelTB-Gumar (GLF Internet
Novels)

We introduce the Gulf Treebank (CamelTB-Gumar),
the first dependency treebank for Gulf Arabic, an-
notated in the Columbia Arabic Treebank (CATiB)
scheme (Habash and Roth, 2009), and following
the updated guidelines used in the Camel Treebank
(Habash et al., 2022). The CamelTB-Gumar data
comprises the development set of the 200K-word
morphologically annotated portion of the Gumar
Corpus (Khalifa et al., 2016, 2018). We define our
own splits for CamelTB-Gumar following Diab et al.
(2013)’s guidelines. We make the treebank and
splits publicly available.

We leverage the existing gold tokenization and
POS tags to create syntactic annotations, start-
ing from automatic parses generated by Camel-
Parser1.0 (Shahrour et al., 2016), trained on PATB

4LDC2018T23

MSA EGY GLF
PATB (MSA) 91.2 / 92.6 82.3 / 96.4 65.5 / 74.1
CamelTB (MSA) 85.7 / 97.4 72.0 / 87.9
ARZTB (EGY) 75.7 / 83.9

Table 3: Pairwise cosine similarity (%) across
treebanks (Lexical / Structural). Columns corre-
spond to reference treebanks: MSA (CamelTB),
EGY (ARZTB), and GLF (CamelTB-Gumar).

data. Annotation was carried out by a team of
native speakers with extensive experience in lin-
guistic annotation, hired through a professional an-
notation firm and fairly compensated. An expert
Arabic native speaker linguist manually reviewed
and corrected 125 sentences (1,218 tokens) from
the training data, representing ∼5% of the full cor-
pus. The resulting agreement scores were very
high: POS accuracy reached 99.9%, while syntac-
tic scores were 99.0% UAS, 99.2% LS, and 98.9%
LAS. These results indicate that the annotations
are of excellent quality.

The CamelTB-Gumar differs markedly from other
Arabic treebanks due to its genre: conversational
internet novels. The text contains frequent frag-
ments, dialogue formatted as (Name: Speech), el-
lipsis, elided vocatives, missing punctuation, and
interrupted phrases, making it syntactically more
challenging and distinct from formal newswire tree-
banks. Figure 2 illustrates a typical example, where
a minimally punctuated sentence is analyzed as
four fragments under a single root.

4.5. Treebank Analysis

We compare the four treebanks in terms of lexical
and structural similarity. Table 3 reports pairwise
cosine similarity over lexical distributions and struc-
tural dependency bigrams.

Lexical Similarity The two MSA treebanks
(PATB and CamelTB) are the most similar lexically
(91.2%), while EGY treebank shows moderate sim-
ilarity to MSA treebanks (82–86%). The GLF tree-
bank is the most divergent variety, with similarity to
MSA as low as 65.5%. Overall, the results indicate

https://catalog.ldc.upenn.edu/LDC2018T23
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a lexical gradient (MSA > EGY > GLF), suggest-
ing increasing difficulty for cross-treebank transfer
involving GLF.

Clitic distributions further illustrate these lexical
differences. Core clitics such as +ð w+ ‘and’, è+
+h ‘his’, +H. b+ ‘with/by’, and +È l+ ‘to/for’ are fre-
quent across all treebanks.Dialect-specific clitics
appear prominently in ArzTB, including the future
marker +h H+ ‘will’ and the negation suffix �

�+ +š
‘not’, which are absent from MSA and GLF. Con-
versely, GLF exhibits distinctive forms such as h. ++j
‘you/your [f.s.]’ and + �

� š+ ‘what’ that do not occur
in the other datasets.

Structural Similarity For structural comparison,
we compute cosine similarity over the frequencies
of 235 dependency bigram types (e.g., VRB-SBJ-
NOM) in the union of all treebanks. Table 3 shows
that structural similarity is generally higher than lex-
ical similarity. ARZTB is highly similar to both MSA
treebanks (96–97%), even exceeding the similarity
between PATB and CamelTB. This may reflect the
broader genre and stylistic diversity of CamelTB
and ARZTB, compared to the more homogeneous
PATB (newswire) and CamelTB-Gumar (internet
novels). GLF remains the most distinct variety,
though its structural distance (74–88%) is less pro-
nounced than its lexical distance. Overall, the re-
sults suggest that cross-treebank variation is driven
more by lexical differences than by major syntactic
restructuring.

Frequent structural tuples further support this
pattern. Core configurations such as PRT-OBJ-
NOM, NOM-IDF-NOM, and VRB-OBJ-NOM are
almost categorically head-first across all treebanks,
indicating stable word order. Greater variation ap-
pears in subject and modifier relations: for exam-
ple, VRB-SBJ-NOM is predominantly head-first in
MSA (80–85%) but much less so in the dialectal
treebanks (36–39%). Similarly, nominal verb modi-
fier relations (e.g., VRB-MOD-NOM) show stronger
head-first tendencies in MSA treebanks than in the
dialectal treebanks. These differences point to sub-
tle shifts in syntactic realization in the dialects, de-
spite overall structural similarity.

5. Experimental Setup

In this section, we describe the data, model con-
figurations, and evaluation protocol used to study
multi-variety Arabic parsing.

5.1. Data
Evaluation Data Table 4 shows the development
and test splits we use in our experiment. For MSA,
we use the CamelTB development and test sets and

exclude PATB because CamelTB is more diverse
(genre-wise) and therefore more representative of
MSA evaluation. For EGY (ARZTB), we follow the
recommended splits of Diab et al. (2013). For GLF
(CamelTB-Gumar), we use our predefined splits
(Section 4.4).

#Sentences #Tree Tokens

DEV
MSA 2,022 35,418
EGY 3,542 57,360
GLF 435 4,112

TEST
MSA 1,918 34,757
EGY 3,718 57,995
GLF 425 3,756

Table 4: DEV and TEST set statistics used in
our evaluation. MSA refers to CamelTB, EGY to
ARZTB, and GLF to CamelTB-Gumar. We report
the number of sentences and tree tokens for each
variant.

Training Data #Sentences #Tree Tokens
MSA{PATB, CamelTB} 25,186 762,554
EGYARZTB 24,428 393,193
GLFCamelTB-Gumar 2,021 17,648
MSA+EGY 49,614 1,155,747
MSA+GLF 27,207 780,202
EGY+GLF 26,449 410,841
MSA+EGY+GLF 51,635 1,173,395

Table 5: TRAIN data statistics for the MSA (PATB
and CamelTB), EGY (ARZTB), and GLF (CamelTB-
Gumar) treebanks, as well as their aggregated com-
binations. We report the total number of sentences
and dependency tree tokens used in each setup.

Training Data and its Combination For train-
ing, we use PATB and CamelTB train splits as a
base representative for MSA training. This matches
the training setup of CamelParser2.0. For EGY
(ARZTB), we follow the recommended training
splits of Diab et al. (2013). For GLF (CamelTB-
Gumar), we use our predefined training splits (Sec-
tion 4.4). Furthermore, we examine how train-
ing data composition affects cross-variety pars-
ing through controlled comparisons. We train
single-variety models (MSA, EGY, GLF) as in-
domain baselines; two-variety models (MSA+EGY,
MSA+GLF, EGY+GLF) to assess mixed setups;
and an all-variety model (MSA+EGY+GLF) to test
joint training. Architecture and hyperparameters
are fixed; only the data mix varies. Training sizes
are shown in Table 5.
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Parameter Value Parameter Value
bert_pooling mean mlp_dropout 0.33
clip 5.0 mu 0.9
encoder_dropout 0.1 n_arc_mlp 500
epochs 10 n_bert_layers 4
eps 1e-08 n_rel_mlp 100
fix_len 20 nu 0.999
lr 5e-5 update_steps 4
lr_rate 10 warmup 0.1
min_freq 2 weight_decay 0
mix_dropout 0.0

Table 6: Hyperparameters used to train our pars-
ing models.

5.2. Dependency Parser
We adopt a biaffine dependency parser (Dozat and
Manning, 2017), implemented in SuPar (Zhang
et al., 2020), using BERT-based embeddings as
input. As a baseline comparison point, we include
CamelParser2.0 (Elshabrawy et al., 2023), which
uses CAMeLBERT-MSA (Inoue et al., 2021) as its
contextual encoder backbone. In our models, we
instead use CAMeLBERT-MIX for contextual em-
beddings, as it is better suited for handling multiple
Arabic variants, following the recommendations of
Inoue et al. (2021).

For training, we use the hyperparameter settings
of CamelParser2.0 (Elshabrawy et al., 2023), sum-
marized in Table 6 for reproducibility. All models
are trained and evaluated on a single NVIDIA V100
GPU, with a total computational cost of approxi-
mately 200 GPU minutes. Each parsing model has
approximately 110M parameters.

5.3. Dialect Identification for
Subset-Level Evaluation

Arabic is inherently diglossic (Ferguson, 1959), and
even datasets labeled as a particular dialect of-
ten contain a mixture of text from different variants.
To enable dialect-specific analysis of parsing re-
sults, we estimate the distribution of predicted di-
alect labels using the dialect identification system
of Salameh et al. (2018) implemented in CAMeL
Tools (Obeid et al., 2020). We use Model-26 with
regional-level labels, achieving an F1 score of 84.0
on the evaluation set reported by Salameh et al.
(2018). We select the dialect label with the high-
est predicted probability among the three target
variants: MSA, EGY, and GLF.

5.4. Evaluation Metric
We report Labeled Attachment Score (LAS), de-
fined as the percentage of tokens for which both
the predicted head (parent) and the dependency
relation label are correct.

|SALL| %SMSA %SEGY %SGLF

Dev
MSA 2,022 63.4 2.6 34.0
EGY 3,542 8.4 55.3 36.3
GLF 435 0.5 3.0 96.6

Test
MSA 1,918 64.6 2.9 32.5
EGY 3,718 10.1 55.6 34.3
GLF 425 0.7 4.7 94.6

Table 7: Distribution of dialectal varieties in the de-
velopment and test sets. For each evaluation sub-
set (MSA, EGY, GLF), we report the total number
of sentences (|SALL|) and the percentage of sen-
tences identified as MSA, EGY, and GLF (%SMSA,
%SEGY, %SGLF).

6. Results

In this section, we present parsing results across
MSA, Egyptian (EGY), and Gulf (GLF) Arabic under
different training configurations. We begin with di-
alect identification statistics to motivate subset-level
evaluation, then compare single- and multi-variety
models on DEV and TEST, and conclude with a
detailed comparison against CamelParser2.0.

6.1. Dialect Identification
Table 7 presents the proportion of sentences pre-
dicted as MSA, EGY, and GLF in our evaluation sets.
EGY (ARZTB) is mostly predicted as EGY, with a
notable portion labeled as GLF. GLF (CamelTB-
Gumar) is almost entirely predicted as GLF, while
MSA (CamelTB) is largely predicted as MSA. These
trends suggest that the predicted labels generally
align with the expected dialectal focus of each
dataset, while highlighting some degree of variety
and possibly genre mixing, especially in ARZTB.
When considering all datasets combined, the pre-
dicted dialect distribution is nearly balanced among
the three variants. Given this, we evaluate perfor-
mance by predicted dialect rather than by treebank,
using subsets of sentences identified as MSA, EGY,
and GLF (denoted SMSA, SEGY, and SGLF, respec-
tively). For example, SMSA denotes the set of sen-
tences in a given evaluation dataset predicted as
MSA, while SEGY and SGLF denote those predicted
as EGY and GLF.

6.2. Dependency Parsing
DEV Set Results Table 8 reports LAS scores on
the DEV sets under different training configurations.
Overall, the full-data model (MSA+EGY+GLF)
achieves the highest macro-average performance
(83.1 in SALL), improving over CamelParser2.0 by
6.1 LAS points. It also yields the strongest dialect-
specific macro-averages (SMSA: 88.7, SEGY: 83.7,
SGLF: 83.9).
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Training Data
MSADEV EGYDEV GLFDEV AVG

SALL SMSA SEGY SGLF SALL SMSA SEGY SGLF SALL SMSA SEGY SGLF SALL SMSA SEGY SGLF

MSA 86.9 86.8 87.4 87.1 72.1 80.7 70.0 72.8 71.5 77.8 78.6 71.2 76.8 81.8 78.7 77.0
EGY 80.0 80.0 81.6 79.7 83.3 84.1 82.4 85.3 65.6 88.9 76.4 65.1 76.3 84.3 80.1 76.7
GLF 65.7 64.7 69.8 68.8 58.0 57.4 57.2 60.1 71.2 83.3 70.7 71.1 65.0 68.5 65.9 66.7
MSA+EGY 86.8 86.7 87.5 87.4 84.1 84.8 83.3 85.7 67.3 94.4 74.3 66.9 79.4 88.6 81.7 80.0
MSA+GLF 87.0 86.8 87.4 87.4 73.5 80.9 71.7 74.1 79.5 88.9 87.1 79.1 80.0 85.5 82.1 80.2
EGY+GLF 80.7 80.6 82.9 80.8 83.3 84.3 82.3 85.2 76.9 88.9 77.1 76.8 80.3 84.6 80.8 80.9
MSA+EGY+GLF 86.9 86.7 87.4 87.2 83.9 85.0 82.9 86.0 78.6 94.4 80.7 78.4 83.1 88.7 83.7 83.9
CamelParser2.0 87.2 87.1 87.5 87.6 72.4 80.9 70.0 73.7 71.4 77.8 77.1 71.2 77.0 81.9 78.2 77.5

Table 8: LAS scores on the DEV sets for models trained on various data combinations evaluated on the
MSA, EGY, and GLF. We report overall scores (SALL) as well as dialect-specific subset scores (SMSA,
SEGY, SGLF). The AVG column shows the macro-average across the three DEV sets. Bold indicates the
best result within each column.

Training Data
MSATEST EGYTEST GLFTEST AVG

SALL SMSA SEGY SGLF SALL SMSA SEGY SGLF SALL SMSA SEGY SGLF SALL SMSA SEGY SGLF

MSA 87.3 87.0 90.6 88.2 73.0 81.4 70.7 73.6 73.3 66.7 72.5 73.3 77.9 78.4 77.9 78.4
EGY 79.2 79.5 86.3 77.4 83.9 85.3 83.1 84.8 68.7 75.0 65.6 68.8 77.3 79.9 78.3 77.0
GLF 65.4 64.9 71.7 66.6 58.7 58.4 58.4 59.5 73.8 66.7 77.3 73.7 66.0 63.3 69.1 66.6
MSA+EGY 87.1 86.9 91.2 87.5 84.4 85.7 83.6 85.3 70.1 66.7 68.3 70.2 80.5 79.8 81.0 81.0
MSA+GLF 87.2 86.9 90.6 88.2 74.4 81.3 72.7 74.0 81.0 83.3 79.9 81.1 80.9 83.8 81.1 81.1
EGY+GLF 80.0 80.0 86.5 79.3 83.8 85.0 83.1 84.8 79.4 75.0 73.0 79.7 81.1 80.0 80.9 81.3
MSA+EGY+GLF 87.2 86.9 91.8 87.7 84.2 86.1 83.6 84.6 80.3 66.7 78.3 80.5 83.9 79.9 84.6 84.3
CamelParser2.0 87.5 87.3 91.0 88.0 73.3 82.2 70.9 73.5 72.7 66.7 72.5 72.7 77.8 78.7 78.1 78.1

Table 9: LAS on the TEST sets for models trained on different data combinations. Bold indicates the
best result within each column.

Examining individual DEV sets reveals three
main patterns. First, single-variety training lim-
its cross-variety generalization. The MSA-only
model performs well on MSADEV (86.9) but drops
markedly on EGY and GLF, and similar degra-
dation is observed for EGY-only and GLF-only
setups. Our MSA-only model is also slightly
below CamelParser2.0 under the same setting,
likely due to the pretrained encoder choice: as
noted by Inoue et al. (2021), CAMeLBERT-MSA
(used by CamelParser2.0) is optimal for pure MSA,
whereas CAMeLBERT-MIX (used here) favors di-
alectal and mixed scenarios, prioritizing robustness
over peak MSA performance. Second, combining
varieties consistently improves robustness. In all
cases, two-variety models outperform their single-
variety counterparts on the relevant DEV sets (e.g.,
MSA+GLF over GLF-only on GLFDEV), indicating
positive cross-variety transfer rather than interfer-
ence. Third, even small amounts of additional di-
alectal data can have a large impact. Adding GLF to
MSA+EGY substantially boosts GLF performance
(67.3→78.6 in SALL) with minimal effect elsewhere,
suggesting that limited low-resource data can ef-
fectively leverage transfer from higher-resource va-
rieties. Although some two-variety models achieve

slightly higher scores on specific subsets, the dif-
ferences are marginal. Overall, the full-data model
offers the best macro-average and the most bal-
anced cross-variety performance, supporting a sin-
gle unified parser.

TEST Set Results Table 9 confirms that the
trends observed on DEV generalize to TEST.
The full-data model (MSA+EGY+GLF) achieves
the highest overall macro-average (83.9 in SALL),
substantially outperforming CamelParser2.0 (77.8
AVG). It also yields the best dialect-specific av-
erages (SEGY: 84.6, SGLF: 84.3). We note that
SMSAon GLFTEST is much lower than on DEV;
however, SMSAsentences constitute less than 1%
of the GLF subsets (Table 7), making this met-
ric highly sensitive to small fluctuations and not
indicative of overall trends. As in DEV, single-
variety models perform best in-domain but de-
grade elsewhere, whereas multi-variety training
improves cross-variety robustness. The unified
model achieves the best overall average and re-
mains competitive with the dedicated MSA baseline
on MSATEST, reflecting the same trade-off observed
on DEV. Overall, TEST results confirm that incor-
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Section Metric
MSATEST EGYTEST GLFTEST Avg

BEST CP2.0 BEST CP2.0 BEST CP2.0 ∆

Overall
UAS 89.6 89.8 86.7 78.4 82.5 76.8 +4.6
LS 92.9 93.1 91.6 83.1 85.1 80.6 +4.3
LAS 87.2 87.5 84.2 73.2 80.3 72.7 +6.1

Relation

MOD 94.7 94.9 93.2 85.6 85.6 80.7 +4.1
— 79.3 79.9 80.1 61.5 74.1 72.1 +6.7
OBJ 94.1 94.3 92.8 86.4 90.3 86.6 +3.3
IDF 97.1 97.1 95.2 91.8 97.1 91.3 +3.1
SBJ 89.2 89.1 87.6 77.7 83.1 77.5 +5.1
PRD 87.9 87.8 89.2 74.4 88.6 70.9 +10.9
TPC 35.6 39.1 68.2 23.8 55.2 38.1 +19.3
TMZ 69.3 64.2 33.3 6.1 – – +16.2

Root
F-score 77.3 77.4 80.4 71.4 68.1 66.1 +3.6
Precision 93.1 93.2 88.1 78.2 95.5 92.7 +4.2
Recall 66.0 66.1 73.9 65.6 52.9 51.3 +3.2

Table 10: Comparison between our multi-variety BEST system setup (MSA+EGY+GLF) and Camel-
Parser2.0 (CP2.0) on MSA, EGY, and GLF test sets. Results are organized by overall accuracy, relation-
level F-scores, and ROOT identification. Cells marked “–” indicate that the relation did not occur in the
dataset. Bold indicates higher scores; ∆ denotes the average improvement of BEST over CP2.0.

porating all dialectal data yields the most balanced
and strongest parser across varieties.

6.3. Analysis
To help us understand where the improvement
in performance is happening, we compare our
BEST system setup (MSA+EGY+GLF ) and Camel-
Parser2.0 across MSA, EGY, and GLF Test sets
(Table 9). We present our analysis from three per-
spectives: (1) overall parsing accuracy in terms
of Unlabeled Attachment Score (UAS) and Label
Score (LS) in addition to LAS, (2) relation-level F-
score, and (3) ROOT parent identification. While
CamelParser2.0 remains highly competitive on
MSA, BEST yields substantial gains on dialectal
Arabic without sacrificing MSA performance. The
detailed results are presented in Table 10.

Overall Accuracy BEST slightly trails Camel-
Parser2.0 on MSA in UAS (89.6 vs. 89.8) but yields
substantial gains on dialectal data: +8.3 on EGY
and +5.7 on GLF. A similar pattern holds for LS,
with near parity in MSA (92.9 vs. 93.1) and clear im-
provements in EGY (+8.5) and GLF (+4.5). These
gains culminate in LAS, where BEST improves
markedly on EGY (+11.0) and GLF (+7.6) while
remaining comparable on MSA (87.2 vs. 87.5).

Relation-Level Analysis BEST consistently out-
performs CamelParser2.0 on both dialectal vari-
eties, while remaining largely on par in MSA. The
largest gains occur in syntactically marked con-
structions. Predicate (PRD), Topic (TPC), and
Tamyiz (TMZ), the three least frequent relations,

show the greatest relative improvements: +10.9,
+19.3, and +16.2, respectively. Core grammatical
relations (SBJ, OBJ, IDF) also exhibit steady gains
(3–5 points), indicating broad and systematic im-
provements rather than isolated effects.

Root Identification ROOT parent identification
shows clear gains in EGY and modest improve-
ments in GLF, while remaining on par in MSA. In
EGY, F-score increases by +9.0, driven by improve-
ments in both precision (+9.9) and recall (+8.3), re-
flecting more accurate clause boundary detection
and predicate selection. In GLF, gains are smaller
(+2.0 F1), with very high precision (95.5) but consid-
erably lower recall (52.9). This precision–recall im-
balance is consistent with the previously discussed
fragmentation observed in CamelTB-Gumar sen-
tences (Section 4.4).

Overall, our BEST setup outperforms Camel-
Parser2.0 on average across test sets, driven by
substantial improvements on EGY and GLF, while
remaining only marginally lower on MSA. These
results demonstrate robust cross-variety improve-
ments without materially sacrificing performance
on standard Arabic. Nevertheless, there remains
room for improvement across all varieties.

7. Conclusion and Future Work

This work revisits dialectal Arabic parsing, a task
that has seen limited progress despite the well-
documented shortcomings of MSA-trained parsers
on dialectal data. We present new empirical results
on Egyptian and Gulf Arabic, demonstrating that
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even modest amounts of dialectal annotation yield
substantial improvements in parsing accuracy. Our
contributions include a newly annotated Gulf Arabic
dataset, a strong multi-variety Arabic parser, and
a dialect identification–based analytical framework
that clarifies how training data influences perfor-
mance across dialects and evaluation settings.

In the future, we aim to move toward a truly
pan-Arabic parser capable of robust generalization
across varieties. This will involve expanding anno-
tation to additional dialects and genres, evaluating
full pipelines from raw text, and further examining
cross-variety transfer effects. We also plan to use
the new treebanks to systematically assess large
language models on Arabic parsing. More broadly,
by releasing datasets, models, and tools, we hope
to foster a more inclusive and empirically grounded
ecosystem for Arabic NLP research.
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