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Abstract

Lemmatization for dialectal Arabic poses many
challenges due to the lack of orthographic
standards and limited morphological analyz-
ers. This work explores the effectiveness of
Seq2Seq models for lemmatizing dialectal Ara-
bic, both without analyzers and with their in-
tegration. We assess how well these models
generalize across dialects and benefit from re-
lated varieties. Focusing on Egyptian, Gulf,
and Levantine dialects with varying resource
levels, our analysis highlights both the poten-
tial and limitations of data-driven approaches.
The proposed method achieves significant gains
over baselines, performing well in both low-
resource and dialect-rich scenarios.

1 Introduction

Arabic lemmatization is particularly challenging
due to Arabic’s complex root and pattern morphol-
ogy, and orthographic ambiguity caused by op-
tional diacritics. These challenges are further am-
plified by the wide variation across dialects, which
lack standardized spelling and differ significantly
from Modern Standard Arabic (MSA) in vocabu-
lary, syntax, and morphology, limiting the effec-
tiveness of conventional NLP methods.

Lemmatization is a task of reducing a word to
its base form, that abstracts away from its inflec-
tional variants, which is a fundamental step in many
NLP pipelines. Accurate lemmatization is crucial
for downstream tasks such as Arabic diacritiza-
tion (Habash and Rambow, 2007), summarization
(El-Shishtawy and El-Ghannam, 2014), machine
translation (Yeong et al., 2016) and and readability
prediction (Liberato et al., 2024).

While lemmatization for MSA has been widely
explored through systems such as (Abdelali et al.,
2016; Obeid et al., 2020; Jarrar et al., 2024; Saeed
and Habash, 2025), dialectal lemmatization re-
mains significantly underexplored. Prior work has

Lemmatizer
Dataset MSAcr DIAcr  Our Sys
MSA 98.0 - -
EGY 69.2 90.4 90.9
GLF 64.0 79.1 93.7
LEV 64.4 58.7 79.5

Table 1: Lemma accuracy (L) on MSA and dialectal
test sets using CAMeL Tools (CT)’s MSA and Dialectal
(EGY, GLF, and LEV) disambiguators, and our system.

primarily focused on the Egyptian dialect, includ-
ing efforts such as (Pasha et al., 2014; Zalmout and
Habash, 2020a,b). More recently, CAMeL Tools
(Obeid et al., 2020) has developed dialect-specific
disambiguators for Egyptian (EGY), Gulf (GLF),
and Levantine (LEV) Arabic, which we adopt as
our primary baselines in this study.

As shown in Table 1, applying an MSA-trained
disambiguator to MSA data performs well, but
its effectiveness drops sharply on dialectal data,
highlighting the limitations of cross-dialect gener-
alization without dialect-specific resources. When
such disambiguators are available, performance
improves significantly, with an average gain of
10.2% over the MSA disambiguator. Our proposed
system further boosts accuracy by 12% over the
dialect-specific setups. Overall, the improvement
from MSA disambiguation on dialects to our sys-
tem reaches 22.2%, demonstrating its effectiveness
in both low-resource and dialect aware scenarios.
We explore these gains in detail as we examine
Seq2Seq performance without analyzers and how
it improves when integrated with them. All code
and models are released to support continued re-
search in Arabic lemmatization.'

The paper is structured as follows: §2 reviews
background, related work, and datasets, §3 outlines
our methodology, §4 presents the evaluation results,
and §5 provides an in-depth error analysis.

"https://github.com/CAMeL-Lab/
seg2seqg-arabic-dialect-lemmatization
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Diacritization Lemma POS  English
8isg wiH.dah ~ 8d>g wiH.dah ~ noun  unit
8.:\;3 wiH.dah 8.:\;3 wiH.dahk~ noun  loneliness
55\95 waHidah 5.:\9: Hidah noun  separately
33> § waHid~ah 33> Hid~ah ~ noun intensity

3d>3 waH.dah ~ 3i>3§ waH.dah noun_num one

0u=§ waH.dh A5 waH.d noun  alone
03.9’5 waHad~uh 35 Had~ verb delimit
c.’\;j waH~iduh .\;3 waH~id verb unite

Table 2: Example surface forms and corresponding
lemmatization variations.

2 Background and Related Work

2.1 Arabic Lemmas

Arabic is a morphologically rich and orthographi-
cally ambiguous language, characterized by com-
plex root-and-pattern derivation and frequent omis-
sion of diacritics. This leads to significant surface
ambiguity, where a single word form may corre-
spond to multiple lemmas, parts of speech (POS),
morphological features, such as gender, number,
person, aspect, and a long list of attachable clitics
and senses.

Table 2 illustrates this ambiguity using variants
of the form ou=g wHdh.> While some surface

forms have distinct diacritics, others are not, and
can differ in part-of-speech (POS), e.g. noun vs.
verb, as well as meaning, e.g., ‘unit’, ‘intensity’,
‘alone’, ‘to unite’. These distinctions are non-
trivial, especially in dialects that lack standardized
orthography and diacritic usage.

2.2 Lemmatization Resources

Several morphological databases and lexicons ex-
ist to support Arabic dialects lemmatization; how-
ever, these resources remain limited in coverage,
with certain dialects lacking dedicated resources
entirely, thereby significantly increasing the com-
plexity of the task. Tharwa Lexicon (Diab et al.,
2014) is a comprehensive three-way electronic lex-
icon linking Dialectal Arabic (initially Egyptian),
Modern Standard Arabic, and English, with over
73K entries compiled from diverse sources. Maknu-
une Lexicon (Dibas et al., 2022) is a large open-
resource lexicon for Palestinian Arabic, containing
over 36K entries from around 17K lemmas, includ-
ing diacritized orthography, phonological transcrip-

2 Arabic in HSB Romanization (Habash et al., 2007).

tions, and English glosses. Qabas Lexicon (Jarrar
and Hammouda, 2024) is an extensive open-source
Arabic lexicon with around 58K lemmas, compiled
from 110 lexicons and linked to 12 annotated cor-
pora ( 2M tokens). It covers Classical Arabic, MSA,
dialects, and transliterated foreign words.

In this research, we utilize the morphologi-
cal taggers developed by CAMeL Tools (Obeid
et al.,, 2020; Inoue et al., 2022) for Egyptian,
Gulf, and Levantine. The quality of these ana-
lyzers connected to the taggers varies considerably.
The Egyptian analyzer was manually annotated
using expert linguistic annotations, resulting in
high-quality morphological outputs (Habash et al.,
2012b). In contrast, the Gulf and Levantine analyz-
ers were automatically generated using paradigm
completion techniques (Eskander et al., 2013; Khal-
ifa et al., 2020), which may introduce inconsisten-
cies and limit their accuracy due to the absence of
manual validation.

Several Arabic dialect lemmatization benchmark
datasets have been created as part of larger an-
notation efforts, including ARZATB for Egyptian
Arabic (Maamouri et al., 2012, 2014), Curras for
Palestinian (Levantine) Arabic (Jarrar et al., 2016),
Gumar Annotated Corpus for Gulf Arabic (Khalifa
et al., 2018), a six-dialect corpus covering Saudi,
Moroccan, Iraqi, Syrian, Yemeni, and Jordanian
Arabic (Alshargi et al., 2019), Baladi for Lebanese
Arabic (Al-Haff et al., 2022), Nabra for Syrian
Arabic (Nayouf et al., 2023), and Lisan dataset
covering Iraqi, Yemeni, Sudanese, and Libyan di-
alects (Jarrar et al., 2023). In this research, we
focus on lemmatization for three Arabic dialects:
Egyptian, Gulf, and Levantine. We examine the
structure, coverage, and consistency of these corre-
sponding datasets and report lemmatization results
using both baseline and proposed approaches.

2.3 Lemmatization Approaches

Arabic lemmatization has been a central task in
morphological analysis, and it has been extensively
explored through a variety of computational ap-
proaches over the years. These include rule-based
finite state machines (MINNEN et al., 2001), which
utilize manually crafted morphological rules and
transition systems to derive lemmas from surface
forms. Lexicon-based selection methods depend
on comprehensive dictionaries or morphological
databases to select the correct lemma based on
the observed word and its context (Roth et al.,
2008; Ingason et al., 2008; Jongejan and Dalianis,
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2009; Mubarak, 2018; Ingdélfsdéttir et al., 2019;
Zalmout and Habash, 2020a; Jarrar et al., 2024).
Tagging-based frameworks approach lemmatiza-
tion as a classification task by predicting a set
of morphological tags (e.g., POS, gender, num-
ber), which are then used to infer the lemma (Ges-
mundo and Samardzic, 2012; Miiller et al., 2015).
More recently, Seq2Seq neural models have been
adopted, treating lemmatization as a generation
task that maps inflected word forms to lemmas
using deep neural architectures trained on large
corpora, often leveraging contextual embeddings
for improved generalization (Sennrich and Had-
dow, 2016; Bergmanis and Goldwater, 2018; Kon-
dratyuk et al., 2018; Zalmout and Habash, 2020b;
Sahala, 2024).

Despite the richness and variety of approaches
for Modern Standard Arabic (MSA), research on di-
alectal Arabic lemmatization remains significantly
underdeveloped. Most existing work has focused
almost exclusively on Egyptian Arabic, which ben-
efits from relatively better linguistic resources. In
contrast, other dialects have received little to no
attention in lemmatization studies, despite their
widespread use and linguistic diversity. This high-
lights a major gap in the field and underscores the
need for broader efforts to develop lemmatization
tools that can effectively handle the morphological
complexity and variability of Arabic dialects.

Zalmout and Habash (2020a) proposed a uni-
fied model for joint morphological tagging and
lemmatization. A Bi-LSTM tagger predicts non-
lexicalized features using full sentence context and
character embeddings, while lexicalized features
are generated by character-level decoders condi-
tioned on tags and encoder states. Gradient flow
from decoder to tagger is blocked, and CODA nor-
malization is applied to address dialectal variation
in MSA and Egyptian Arabic.

Zalmout and Habash (2020b) proposed a lemma-
tization method for MSA that integrates heuris-
tic and unsupervised subword features, including
stems, patterns, roots, and segments from morpho-
logical analysis. These are fed into a character-
level Seq2Seq model with context, and the architec-
ture supports multitask learning by jointly training
lemmatization and subword prediction.

Our work is inspired by Saeed and Habash
(2025), who demonstrated that Seq2Seq models
can be trained for lemmatization without relying on
external resources, and that integrating morpholog-
ical analyzers can enhance performance. Building

Dataset Train Dev Test

EGY (Maamouri et al., 2012) 133,746 21,146 20,462
GLF (Khalifa et al., 2018) 161,815 20,181 20,089
LEV (Jarrar et al., 2016) 45,018 5,823 5,854

Table 3: Number of words in the train, dev, and test
splits for the dialectal dataset we study.

on this, we show that cross-dialectal approaches
leveraging shared datasets and analyzers not only
support generalization but also improve lemmatiza-
tion accuracy within individual dialects.

2.4 Datasets

We conduct our experiments on three publicly avail-
able datasets: ARZATB for EGY (Maamouri et al.,
2012, 2014), Gumar Annotated Corpus (henceforth
Gumar) for GLF (Khalifa et al., 2018), and the
Curras corpus for LEV (Jarrar et al., 2016).

All of these sets provide reliable lemmatization
annotations suitable for robust evaluation. Other
available dialectal datasets were excluded due to
major inconsistencies in lemma diacritization, such
as irregular treatment of initial vowels or selective
retention of final vowels and tanween. To be usable,
these datasets would require normalization based
on standardized conventions like the Conventional
Orthography for Dialectal Arabic (CODA) (Habash
et al., 2012a), which would help align them with
consistent diacritization rules and make them valu-
able for expanding cross-dialectal lemmatization
research.

To provide an overview of the scale and distri-
bution of our data, Table 3 reports the number of
words in the train, dev, and test splits for each of
the three dialectal datasets used in our experiments.
Understanding the size of each split is essential,
as it highlights the relative richness of the train-
ing resources and the robustness of the evaluation
sets. These statistics offer insight into the potential
learning capacity and generalization behavior of
the lemmatization models trained on each dialect.

In addition to the above, we use multiple MSA
data sets: ATB (Maamouri et al., 2004), NEM-
LAR (Yaseen et al., 2006), Quranic Corpus (Dukes
and Habash, 2010), WikiNews (Mubarak, 2018),
ZAEBUC (Habash and Palfreyman, 2022), and
the BAREC dataset lemmas annotated version (EI-
madani et al., 2025; Saeed and Habash, 2025). We
specifically use these datasets in experiments with
ATB alone and with all MSA sets combined (MSA)
(see Table 4).*
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3 Approach

We explore and evaluate a range of approaches for
lemmatizing Arabic dialects, aiming to address the
linguistic complexity and morphological richness
inherent in these varieties. Our primary focus is
on the effectiveness of Seq2Seq models in gener-
ating accurate diacritized lemmas across different
dialects. We investigate how these models perform
when used independently, as standalone lemma-
tizers, as well as how they can be integrated into
larger morphological analysis pipelines to refine
outputs. We discuss the different lemmatization
strategies considered in this study next.

Disambiguator (Tagger) This approach uses a
dialect-specific POS taggers trained on annotated
data, primarily focusing on the Egyptian, Gulf, and
Levantine models by Inoue et al. (2022). Each
word is assigned a ranked list of morphological
analyses, and each analysis includes over 37 fea-
tures, including pos, gender, number, clitics, along
with the lemma and pos-lex (POS-Lemma) log-
probability. The top 1 scoring analysis is selected,
with the pos-log probability used to break ties. This
setup serves as our main baseline.

Standalone Seq2Seq Model Our first proposed
approach treats lemmatization as a standalone
Seq2Seq task, where the model takes a target word
along with a two-word context window on each
side and is trained to generate the diacritized lemma
for this target word. We experiment with six train-
ing configurations to systematically assess the im-
pact of different supervision settings:

1. Dialect Specific (DS) S2S trains a separate
model for each dialect using only its own data;
each dialectal model is also evaluated on the
other dialects to assess cross-dialect general-
ization.

2. ATB S2S trains a model solely on the Penn
Arabic Treebank (ATB) data.

3. Dialect+ATB (DS+ATB) S2S augments each
dialect’s data with ATB.

4. All Dialects (AD) S2S trains a unified model
on a combined dataset that includes EGY,
GLF and LEV.

5. MSA-only (MSA¥*) S28 uses only the MSA
datasets (See Section 2.4)

6. All Dialects+MSA (AD+MSA%*) S2S aug-
ments each dialect’s data with all available
MSA resources.

These variations enable us to explore the effects
of dialect-specific training, MSA-based supervi-
sion, and cross-dialectal learning, allowing for a
fine-grained comparison of their contributions to
lemmatization performance.

Seq2Seq-Guided Single Tagger The second pro-
posed approach integrates the Seq2Seq model as
a filtering stage applied to the output of a dialect-
specific morphological tagger. The analyzer not
only narrows down the candidate space signifi-
cantly but also provides the pos tag, addressing
a limitation of the standalone Seq2Seq model. We
use the lemma predicted by the Seq2Seq model
to filter the tagger set of lex-pos candidates, re-
taining only the candidates whose lemma matches
the Seq2Seq output, and if no match exists, we
fall back to the top-ranked candidate from the tag-
ger. All the training configurations used in the
standalone Seq2Seq approach whether dialect only,
ATB augmented, MSA enriched, or cross-dialectal
are reused in this setup to examine how different
levels of supervision influence the filtering stage.
Additionally, we explore two variants of this strat-
egy: (i) one that filters over all tagger generated
candidates (All), and (ii) another that filters only
within the top scoring subset (Top). This enables us
to evaluate the trade off between broad exploration
and high confidence disambiguation.

Seq2Seq-Guided Multi Tagger Building on the
two previous approaches, this strategy also com-
bines Seq2Seq outputs with morphological taggers,
but differs in the number of taggers used, integrat-
ing outputs from all three dialect specific taggers:
Egyptian, Gulf, and Levantine. The goal is to en-
hance the performance of GLF and LEV analyz-
ers, which are automatically generated and less
reliable, by leveraging the higher quality Egyp-
tian tagger that benefits from expert manual an-
notation. This cross dialect tagger setup enables
weaker resourced dialects to benefit from morpho-
logical signals present in more robust analyzers.
These approaches allow us to examine how inte-
grating generative models with multiple taggers
affects lemmatization quality and whether cross
dialect Seq2Seq models can outperform single di-
alect models. They also help assess the extent to
which support from high quality resources like the
Egyptian tagger can improve performance in lower
resource dialects.
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Dialect DS ATB  DS+ATB AD MSA*  AD+MSA*
EGY 133,746 503,015 636,761 340,579 1,141,165 1,481,744
GLF 161,815 503,015 664,830 340,579 1,141,165 1,481,744
LEV 45,018 503,015 548,033 340,579 1,141,165 1,481,744

Table 4: Number of words used for training across setups. DS (Dialect Specific) refers to the dialect in the
corresponding row; AD (All Dialects) refers to the union of all dialectal data

Dialect DS ATB DS+ATB AD MSA*  AD+MSA*

Dev Test Dev Test Dev Test Dev Test Dev Test Dev Test
EGY 55 65 322 297 41 45 48 56 281 254 35 36
GLF 20 21 464 458 15 1.6 15 15 428 415 1.3 1.3
LEV 13.3 13.5 350 357 88 85 84 85 324 314 67 64

Table 5: OOV lex (%) in Dev and Test sets. DS (Dialect Specific) refers to the dialect in the corresponding row; AD

(All Dialects) refers to the union of all dialectal data.

Dialect DS ATB DS+ATB AD MSA*  AD+MSA*

Dev Test Dev Test Dev Test Dev Test Dev Test Dev Test
EGY 164 18.1 29.3 309 119 134 14.1 155 262 269 10.0 114
GLF 8.1 82 353 347 63 65 63 65 304 296 53 56
LEV 288 30.3 32.5 33.0 199 19.7 18.2 19.7 28.5 28.7 145 15.0

Table 6: OOV word forms (%) in Dev and Test sets. DS (Dialect Specific) refers to the dialect in the corresponding
row; AD (All Dialects) refers to the union of all dialectal data.

4 Evaluation

4.1 Experiments Setup

Seq2Seq Models Hyperparameters We fol-
lowed the Seq2Seq architecture introduced by
Saeed and Habash (2025). Models are trained for
100 epochs with a learning rate of 5e-5, using batch
sizes of 64 (train) and 32 (eval), and gradient check-
pointing. The best model was selected based on
validation accuracy at the end of each epoch. Train-
ing was conducted on three A100 GPUs, taking
between 2-5 hours for dialect specific models and
up to 24 hours for the all-dialects model, depending
on the size of the training data.

Seq2Seq Models Data  All development and eval-
uation in this work focused on the three dialectal
datasets mentioned earlier, EGY, GLF, and LEV,
which have been previously used in the morphosyn-
tactic tagging paper by Inoue et al. (2022), making
them a consistent and validated choice for lemma-
tization. Model variations were tuned using the
last 10% of the training set as the tuning set, with
evaluation performed on the corresponding dev set.
Tuning was carried out separately for each dialec-
tal training set; however, for models involving AD,
the tuning set was constructed by taking 10% from
each of the dialectal training sets (EGY, GLF, and
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LEV), while for the ATB and MSA setup, the tun-
ing data was drawn only from the MSA portion.

To further analyze the training data, we report
three complementary statistics. Table 4 presents the
total number of words used for training across the
different setups. Table 5 reports the percentage of
unseen lex entries (OOV lex) that appear in the dev
and test sets but were not present in training, and
Table 6 provides the percentage of unseen surface
word forms (OOV words) that occur in the dev
and test sets. For both OOV lex and OOV word
analyses, we first extracted the unique words from
each training set, ensuring that repeated tokens
were excluded from these calculations.

Seq2Seq Models Tokenizer We used the
AraT5v2-base-1024 tokenizer, which is the latest
release of AraT5. This version provides improved
handling of Arabic text and is capable of process-
ing diacritics, allowing us to preserve important
linguistic information during tokenization.

Metrics We report results using two evaluation
metrics, with lemma accuracy (L) serving as our
primary evaluation metric. Lemma accuracy (L) is
computed by comparing the predicted lemma to the
gold lemma after removing from both any sukuns
and any diacritics preceding g, j,\ A,w,y (used to

indicate long vowels). We also report normalized



Analyzer Taggerset S2S Metric DS GLF LEV ATB DS+ATB AD MSA* AD+MSA*
Single Top - L 90.0 - - - - - - -
- - S28 L 79.2 429 404 5938 66.8 83.0 564 70.6
Single Top S2S L 904 878 887 83.0 83.9 904 833 82.8
Single All S2S L 895 853 873 768 80.3 893  78.1 79.2
Multiple Top S28 L 90.0 79.0 851 821 83.2 88.8 823 81.8
Multiple All S28 L 892 768 842 763 80.0 88.0 769 78.7
Single Top - L 96.3 - - - - - - -
- - S2S L 851 578 499 738 78.9 90.9  68.8 83.7
Single Top S28 L 964 959 963 942 94.7 96.5 944 94.4
Single All S28 L' 958 946 953 9038 92.6 96.1 91.1 91.9
Multiple Top S2S L 96.1 943 953 936 94.2 96.0 93.6 93.8
Multiple All S2S8 L 956 931 946 904 92.4 95.7 89.9 91.5

Table 7: Comparison of lemmatization techniques on the EGY dev set across different training setups. The table
summarizes system components for each configuration, including tagger type (single or multi), tag set (top or all),
use of a Seq2Seq model, and granularity level (L vs. L"). Columns represent the various training setups introduced

earlier.

lemma accuracy (L'), which offers a more lenient
evaluation by further removing all diacritics and
normalizing all forms of Alef to a standard form.
This allows us to assess the robustness of the model
to surface level variations while maintaining L as
the central measure of lemma correctness.

For initial evaluation, we applied the CAMeL
Tools tagger, relying on its top one ranked anal-
ysis for each word as our baseline. We then ad-
vanced to the proposed approach, which begins
with training a Seq2Seq model under the various
training configurations described earlier. In this
setup, the Seq2Seq models can be applied on their
own, where they serve not only as an additional
point of comparison but also as a simple yet robust
baseline or being empowered by integrating them
with the outputs of the dialectal taggers, allowing
us to better exploit cross-dialectal information and
enhance the overall predictive performance.

4.2 Results

Development Phase We begin by presenting the
results of the proposed approaches on the dev sets
of EGY, GLF, and LEV datasets. These initial eval-
uations allow us to analyze performance during
model development. We then report results on the
corresponding test sets of these three datasets. In
the following tables, we experiment with eight dif-
ferent models: DS (each trained on one dialect and
additionally evaluated on the other two dialects),
ATB, DS+ATB, AD, MSA*, and AD+MSA*,
For the EGY dev set, as shown in Table 7, only
the top tagger set with a single analyzer improves
lemma accuracy (L) over the baseline, whether us-

ing the DS model or the AD model, achieving the
highest score of 90.4%. Notably, multiple taggers
did not enhance L, indicating that the Egyptian an-
alyzer alone delivers high quality outputs without
requiring additional taggers. In addition to that,
the Seq2Seq model on its own, without the ana-
lyzer did not surpass the baseline. As for L', most
configurations with the DS and AD models outper-
formed the baseline, with the AD setup achieving
the highest score of 96.5%, again excluding the
standalone Seq2Seq model, which underperformed
in the absence of analyzer support.

For the GLF dev set, as shown in Table 8, in
the Seq2Seq-only setup the model outperforms the
baseline on both DS and AD, achieving 92.2%
and 92.9% in lemma accuracy (L), and 93.7%
and 95.5% in normalized lemma accuracy (L),
respectively. When the tagger is integrated with
the Seq2Seq model, L improves over the base-
line across all single-tagger setups, regardless of
whether the top or all tagsets are used. Performance
further increases with multiple taggers, particularly
in the DS and AD setups, with the DS model yield-
ing the highest results 93.9% for L and 96.9% for
L'. Overall, tagger integration generally enhances
performance for L', with only a few configurations
failing to surpass the baseline, which highlights the
benefit of using multiple analyzers when the dialect
specific analyzer is not that good.

For the LEV dev set, as shown in Table 9 the
Seq2Seq models on their own outperform the base-
line for L in the DS, AD, and AD+MSA* setups.
For L', only the AD and AD+MSA* configura-
tions show improvement over the baseline. When
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Analyzer Taggerset S2S Metric DS EGY LEV ATB DS+ATB AD MSA* AD+MSA¥*
Single Top - L 78.7 - - - - - - -
- - S28 L 922 515 473 562 69.6 929  56.2 70.6
Single Top S2S L 88.3 81.6 815 829 85.8 882 829 85.3
Single All S2S8 L 899 815 81.8 824 86.1 89.7 82.0 85.6
Multiple Top S28 L 939 739 780 75.0 83.6 929  76.6 78.5
Multiple All S28 L 934 719 765 718 82.1 92.5 73.1 76.5
Single Top - L 88.8 - - - - - - -
- - S2S L 93.7 663 561 712 79.6 95.5 69.3 854
Single Top S28 L 953 914 90,6 912 93.5 95.3 91.2 93.3
Single All S28 L' 955 905 90.1 89.6 93.1 95.5 89.6 92.6
Multiple Top S2S8 L 969 91.7 91.1 89.6 94.0 96.9 903 92.7
Multiple All S2S8 L’ 963 900 899 86.9 93.0 9.4  87.1 91.4

Table 8: Comparison of lemmatization techniques on the GLF dev set across different training setups. The table
summarizes system components for each configuration, including tagger type (single or multi), tag set (top or all),
use of a Seq2Seq model, and granularity level (L vs. L"). Columns represent the various training setups introduced

earlier.
Analyzer Taggerset S2S Metric DS EGY GLF ATB DS+ATB AD MSA* AD+MSA*
Single Top - L 60.2 - - - - - - -
- - S28 L 62.1 586 49.6 56.6 56.1 742 555 62.5
Single Top S28 L 66.5 641 640 638 63.7 67.3 63.9 65.0
Single All S2S8 L 69.2 660 660 648 64.8 69.6 649 66.6
Multiple Top S28 L 788 726 679 665 66.3 76.7  68.4 68.3
Multiple All S28 L 740 683  63.1 629 62.5 742 643 65.3
Single Top - L 71.5 - - - - - - -
- - S28 L 64.5 689 63.1 73.1 72.5 854 684 78.6
Single Top S28 L 819 805 80.6 80.1 80.3 82.9 80.3 81.2
Single All S2S8 L 819 802 803 797 79.9 827 798 80.7
Multiple Top S28 L 882 868 865 859 85.9 90.0 85.8 86.7
Multiple All S28 L 834 828 819 825 82.1 87.3 82.0 83.6

Table 9: Comparison of lemmatization techniques on the LEV dev set across different training setups. The table
summarizes system components for each configuration, including analyzer type (single or multiple), tagger set (top
or all), use of a Seq2Seq model, and granularity level (L vs. L’). Columns represent the various training setups

introduced earlier.

integrating taggers, all single tagger setups using
both the top and all tagsets surpass the baseline
in L. Multi-tagger configurations also consistently
outperform the baseline and single tagger experi-
ments for each setup, with the best result (78.8%)
achieved using the DS model with the top tagger
set. For L, both single and multi-tagger setups
outperform the baseline across the board, with the
highest result obtained using the AD model, with
the multi-tagger top set setup achieving 90.0%.

In the development phase, the Seq2Seq mod-
els alone outperformed the baseline for GLF and
LEV in terms of lemma accuracy (L) using DS
or AD setups, but not for EGY. When combined
with taggers, multi-tagger setups produced substan-
tially better results for Gulf and Levantine com-

pared to single-tagger setups, whereas the single
tagger configuration worked best for EGY, likely
due to the already high quality of the EGY ana-
lyzer. These findings highlight the effectiveness of
cross-dialectal integration, whether through train-
ing data as in the DS or AD setup or through tagger
combinations, in improving lemma prediction for
lower-resource dialects. The highest L scores were
achieved using the DS model with multi-taggers
for GLF 93.9% and LEV 78.8%, while the single
tagger for EGY with 90.4% accuracy.

Testing Phase Based on the findings from the
development phase, we evaluate the best perform-
ing models on the test sets of EGY, GLF, and LEV.
Specifically, we test the baseline of each dataset
using the single analyzer Top tagger configuration
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Dataset Analyzer Tagger set S2S Metric DS
EGY Single Top - L 90.4
EGY Single Top S2S L 90.9
EGY Single Top - L' 96.1
EGY Single Top S2S L 96.3
GLF Single Top - L 79.1
GLF  Multiple Top S2S8 L 93.7
GLF Single Top - L' 89.1
GLF  Multiple Top S28s L' 972
LEV Single Top - L 58.7
LEV ~ Multiple Top S28 L 79.5
LEV Single Top - L' 764
LEV  Multiple Top S2S L 88.3

Table 10: Top tagger results on EGY, GLF, and LEV
test sets.

for EGY data, while applying the multiple analyzer
Top tagger setup for GLF and LEV. For all three
datasets, we use the DS Seq2Seq model as it con-
sistently showed the strongest performance during
development.

As shown in Table 10, the key insights from the
development phase generalize well to the test phase.
In all three dialect datasets, the DS Seq2Seq model
consistently outperforms the baseline. For EGY,
the performance gains are marginal, reflecting the
already high quality of its tagger, improving from
90.4% to 90.9%. In contrast, GLF and LEV show
more substantial improvements rising from 79.1%
t0 93.7% and from 58.7% to 79.5%, respectively,
when leveraging multi- analyzer outputs, highlight-
ing the value of cross-dialectal support. These re-
sults reinforce the effectiveness of our selected con-
figurations for robust lemmatization across diverse
dialects.

5 Error Analysis

To better understand the limitations of our lemmati-
zation system, we conduct a manual error analysis
on a sample of 300 words: 100 each from the devel-
opment sets of Egyptian, Gulf, and Levantine Ara-
bic. For each instance, we annotate three aspects:
(1) whether the gold lemma is a valid lemmatiza-
tion (i.e., free of annotation errors), (2) whether the
model prediction is fully correct, plausibly accept-
able, or clearly incorrect, and (3) the specific error
type in case of errors.

Table 11 summarizes the distribution of the first
two judgments (Gold validity and Prediction cor-
rectness) across the full sample and each of the

Gold Prediction All EGY GLF LEV
Valid Wrong 56% 37% 15% 57%
Valid Plausible 11% 20% 4% 9%
Valid Correct 10% 19% 4% 7%
Error Wrong 8% 6% 9%  10%
Error Correct 14% 18% 8% 17%
Valid - T7% 76% 83% 713%
Error - 23% 24% 17% 27%
- Wrong 65% 43% 84% 67%
- Plausible 11% 20% 4% 9%
- Correct 24% 37% 12% 24%

Table 11: Manual analysis of 300 lemmatization errors
sampled from dev sets (100 per dialect). Judgments
reflect gold lemma validity and prediction correctness.

three dialects. We find that around 23% of the total
errors are due to problems with the gold reference
itself, such as annotation inconsistencies or outright
mistakes. This highlights the difficulty of ensuring
high-quality gold annotations for dialectal Arabic,
especially given orthographic variation and limited
guidelines.

When the gold lemma is valid, our system’s er-
rors are actually correct 10% of the time, and plau-
sibly acceptable in an additional 11%, suggesting
that some “errors” may be more a matter of inter-
pretation. Only 56.3% of the predictions are clearly
incorrect relative to the gold.

Dialect-specific trends are also noteworthy: Gulf
Arabic has the highest share of correct gold ref-
erences but also the highest proportion of clearly
wrong predictions, indicating robustness issues in
generalization. Egyptian, conversely, has the high-
est proportion of plausibly correct outputs and the
lowest share of outright wrong predictions.

Our manual analysis of error types reveals sev-
eral key challenges in dialectal Arabic lemmati-
zation. The most frequent error category is Hal-
lucination (14.0%), where the model generates
a lemma unrelated to the input word’s meaning,
often due to overgeneralization or ambiguity in sur-
face forms. Verb pattern confusion, especially

within the Form I vs. Form II paradigms (e.g., 25§

wag~af Vvs. g_uj wagqaf’), is another significant
source of error (10.7%), highlighting the difficulty
of capturing subtle morphological distinctions with-
out context or diacritics.

Nominal derivation confusions (e.g., Nominal
Patterns and Nominal-Verbal errors, 14.7% com-
bined) further indicate that the model struggles to
distinguish between semantically related noun and
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Error Type % Word Gold Lemma Predicted Lemma
Hallucination 14.0 I tsrgh G saraq to steal I sam~ay to name
Verbal Patterns 10.7 sy wqf k_.L; y  waqraf halt Y] 3 waqaf stand up
Nominal Patterns 7.7 dnaiz mjtmsh cs:; muj.tamis  gathering C;; muj.tamas ~ community
Nominal-Verbal 7.0 &> jnyh Cem o Jineviy~ genie = Jjanay to reap

Clitic Confusion 73 i ,ud [hdrjh K.>’ 35 darajah degree i% jud  hadrajah hydrogenation
Diacritization 5.7 A=y btsbr f&- cab~ar to express Jf_c cb~r to express (Sp)
Input Typo 4.7 Jea  nfwl JG qal to say J.m nafal to loot
Lemma Choice 3.7 & Algtin er qAtil killer & qatlah killers
Spelling 40 o ‘JLAJ 'y wnDArAr & JU;J naD~Aral,  glasses 8 JL;.' naD~Arah glasses (sp)

Table 12: Representative lemmatization errors by category. Each row includes the original dialectal word, the gold

lemma and gloss, and the predicted lemma and gloss.

verb forms. Clitic segmentation errors (7.3%)
suggest issues with boundary detection in fused
forms, a known challenge in dialects lacking stan-
dard orthography.

Errors due to input noise (typos) or spelling
variation (8.7%) show the importance of robust
preprocessing and orthographic normalization. Fi-
nally, some diacritic-related mismatches (5.7%)
reflect annotation inconsistencies or cases where
both gold and prediction are plausible, indicating
the limits of purely form-based evaluation.

These findings suggest that integrating contex-
tual modeling, improved orthographic handling,
and richer morphological priors could further en-
hance lemmatization performance in dialectal set-
tings.

6 Conclusion and Future Work

This work introduced Arabic dialect lemmatization
as a Seq2Seq task, evaluating both standalone mod-
els and configs that integrate taggers. Results show
that some standalone Seq2Seq setups for LEV and
GLF outperform the baseline, while this is not the
case for EGY. With taggers, LEV and GLF surpass
the baseline with single tagger setup, and the best
results come from multi tagger DS and AD configs.
For EGY, the top performance is with single tagger
setups under DS and AD. Notably, while combin-
ing taggers or applying cross-dialectal approaches
does not always benefit dialects with high-quality
resources, such strategies greatly improve perfor-
mance for under-resourced dialects.

Future work includes addressing occasional hal-
lucinations from Seq2Seq models, possibly through
constrained decoding, and exploring the integra-

tion of additional morphological features(e.g., POS
tags, affix patterns) to enrich input representations
and better guide training; and applying CODA nor-
malization (Habash et al., 2012a) to remaining di-
alectal datasets to standardize lemma annotations
particularly since no prior work has systematically
reported on these datasets for lemmatization task.
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Limitations

While our Seq2Seq lemmatization approach shows
strong performance across dialects, several limita-
tions remain. First, the system relies heavily on su-
pervised data, which is limited in both quantity and
quality for dialectal Arabic. In particular, we found
that a notable portion of evaluation errors stem
from inconsistencies or inaccuracies in gold anno-
tations. Second, the model operates purely at the
surface level without explicit morphological struc-
ture or linguistic constraints, which may hinder
generalization to rare or unseen forms. Although in-
tegration with existing analyzers improves results,
such tools are only available for a few dialects and
vary in coverage. Future work could explore un-
supervised or semi-supervised techniques, richer
features, and broader dialect coverage to enhance
robustness and reduce dependence on annotated
resources.
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* Gumar Annotated Corpus (Khalifa et al., 2018): NYU Abu Dhabi Non-commercial, research-only
license.

* NEMLAR Corpus (Yaseen et al., 2006): Non Commercial Use - ELRA END USER
* Quran Corpus (Dukes and Habash, 2010): GNU General Public License
» WikiNews Corpus (Mubarak, 2018): Creative Commons Attribution 4.0 License

* ZAEBUC Corpus (Habash and Palfreyman, 2022): Creative Commons Attribution-NonCommercial-
ShareAlike 4.0

¢ CAMeL Tools (Obeid et al., 2020) and CAMeLBERT (Inoue et al., 2021): MIT License.
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