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Abstract

Access to information is a major challenge
for deaf communities, especially in emergen-
cies where communication is often delivered
through spoken or written language that may
not be fully accessible to sign language users,
and in regions where sign language linguis-
tic resources and technological tools are lim-
ited. This paper presents a system for translat-
ing Standard Arabic text into Moroccan Sign
Language (MSL) using a rule-based architec-
ture enhanced with Large Language Model
(LLM)-based lexical disambiguation. The sys-
tem uses Arabic linguistic analysis, contextual
word sense disambiguation (WSD), rule-based
grammatical transformations, and video-based
sign generation to produce sign language out-
put. The main contribution of the system is the
introduction of an automated disambiguation
mechanism that resolves polysemous Arabic
words without requiring manual user interven-
tion. The approach builds on previously de-
veloped linguistic resources, including a bilin-
gual Arabic-MSL lexical database with approx-
imately 3000 entries and data collected within
the framework of a large-scale MSL corpus
project involving deaf participants from the
12 regions of Morocco. Preliminary evalua-
tion shows that contextual disambiguation im-
proves translation performance when ambigu-
ous Arabic words correspond to different MSL
signs. The proposed system contributes to the
development of accessibility technologies for
under-resourced sign languages and supports
improved access to information for deaf com-
munities.

1 Introduction

Research in cognitive neuroscience shows that the
way language is perceived, processed, and pro-
duced depends on the interaction between the hu-
man brain, sensory organs, and the surrounding
social environment (Dehaene, 2009). Spoken lan-
guages are primarily auditory and linear, whereas

sign languages are visual–gestural, spatial, and mul-
timodal. Rather than relying on a standardized
written form, they encode grammatical information
through hand configuration, movement, orienta-
tion, location, facial expression, gaze, and body
posture (Brentari, 2010; Sandler and Lillo-Martin,
2006). These fundamental modality differences
have important implications for both linguistic anal-
ysis and computational processing.

Deaf and hard-of-hearing individuals often face
significant barriers to linguistic accessibility. Com-
munication support services, such as sign language
interpreters, are frequently scarce, costly, or un-
available, which restricts access to education, em-
ployment, and public services. In Morocco, these
challenges are evident. According to the 2014 cen-
sus conducted by Morocco’s High Commission for
Planning, approximately 3.5% of the population
(1,182,681 individuals) experience some degree
of hearing loss. Among them, 0.2% (56,745 indi-
viduals) have profound deafness, 1.0% (347,386
individuals) report severe hearing difficulties, and
2.3% (778,550 individuals) experience moderate
hearing difficulties (El Ouazzani, 2015; Lkhoulf,
2017). Despite the size of this population, access
to educational materials and communication tech-
nologies is extremely limited.

The educational situation of deaf individuals in
Morocco reflects these accessibility gaps. Most
textbooks and teaching materials are produced in
Standard Arabic or French, with virtually no con-
tent available in MSL. As a result, deaf learners
often rely on informal instruction provided by com-
munity associations, where teachers may lack spe-
cialized training in deaf education and advanced
proficiency in MSL. The absence of institutional
programs dedicated to training sign language inter-
preters further exacerbates this situation, leaving
many deaf individuals without reliable linguistic
mediation in essential contexts such as healthcare,
legal services, and public information (Soudi and
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Vinopol, 2019).
Another major challenge is the limited linguis-

tic documentation of MSL itself. Like many sign
languages worldwide, MSL is under-documented,
with relatively few linguistic descriptions or digital
resources available. This lack of documentation
makes it difficult to develop educational materi-
als, linguistic tools, and assistive technologies for
the deaf community. Linguistic research on sign
languages in general still lags behind research on
spoken languages. Indeed, very few sign languages
possess comprehensive reference grammars compa-
rable to those available for spoken languages (Pal-
freyman et al., 2015).

From an information and communication tech-
nology perspective, these challenges are amplified
by the modality differences between spoken and
signed languages. Spoken languages can be pro-
cessed through text or speech recognition systems,
whereas sign languages require visual representa-
tions such as animations, avatars, or video record-
ings for both analysis and generation. Accordingly,
computational approaches designed for spoken lan-
guage processing cannot be transferred directly to
sign languages without significant adaptation.

Recent work has highlighted the importance
of developing linguistic resources and assis-
tive technologies for under-resourced sign lan-
guages (Efthimiou et al., 2020; Johnston, 2010).
However, most computational research in sign lan-
guage processing has focused on well-resourced
languages (Camgöz et al., 2018). MSL is largely
absent from this research landscape.

To address this gap, this paper presents a rule-
based translation system that converts Standard
Arabic text into MSL. The system integrates lin-
guistic analysis of Arabic input, AI-assisted lexical
disambiguation, rule-based grammatical transfor-
mation, and video-based sign generation. The ap-
proach is specifically designed for low-resource
sign languages, where large parallel corpora re-
quired by data-driven machine translation systems
are not yet available.

The main contributions of this work include the
integration of AI-assisted lexical disambiguation
within a constrained translation pipeline, the in-
troduction of a fingerspelling fallback mechanism
for handling out-of-vocabulary items, and the use
of linguistic resources collected through a nation-
wide Moroccan Sign Language corpus initiative
involving deaf participants, which helps identify
the grammatical structure of MSL and supports

the generation of translations consistent with its
linguistic features.

2 Related Work

Research on sign language processing has ex-
panded considerably in recent years, and in-
cludes tasks, such as sign recognition, translation,
avatar generation, and multimodal linguistic analy-
sis (Bragg et al., 2019). Early sign language trans-
lation systems were primarily rule-based, relying
on explicit linguistic transformations to convert
spoken or written language structures into sign lan-
guage. For example, Stein et al. (2006) proposed
a statistical translation system for German Sign
Language enhanced with morpho-syntactic infor-
mation, and Morrissey and Way (2005) investigated
example-based translation between English and
Sign Language of the Netherlands (NGT). These
approaches rely on explicit grammatical rules, bilin-
gual dictionaries, and structured linguistic repre-
sentations to generate sign sequences.

More recently, data-driven approaches have been
widely used in machine translation research. These
include Statistical Machine Translation (SMT) and
Neural Machine Translation (NMT). While SMT
systems learn translation patterns from parallel cor-
pora using statistical models, NMT architectures,
mainly those based on the Transformer model,
learn contextual representations through deep neu-
ral networks. However, both SMT and NMT ap-
proaches require large annotated datasets, which
are rarely available for most sign languages. This
limitation is particularly evident in sign language
translation. The PHOENIX14-T corpus (Forster
et al., 2012), which consists of approximately 8,000
weather-forecast sentences, was among the earli-
est datasets for sign language translation research.
It enabled the development of deep learning ap-
proaches, including the Transformer-based models
introduced by Camgöz et al. (2020).

Although these models achieved promising re-
sults on PHOENIX14-T, their performance drops
significantly when applied to more diverse datasets,
which makes it difficult to generalize neural models
beyond restricted domains.

Recent research has attempted to address these
limitations by integrating multimodal and mul-
titask learning architectures. Models such as
SLTUNet (Zhang et al., 2023) combine sign-to-
gloss and gloss-to-text modules, whereas other ap-
proaches incorporate intermodal representations
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that link text, gloss, and video data. Pre-trained lan-
guage models and Large Language Models (LLMs)
have also opened new possibilities for low-resource
and sign language translation. Models such as
BERT (Devlin et al., 2019), mBART (Liu et al.,
2020), and GPT-3 (Brown et al., 2020) have demon-
strated strong contextual representation, multilin-
gual transfer, and few-shot learning capabilities,
respectively. Nevertheless, these approaches are
highly dependent on the availability of large anno-
tated datasets and often fail to account for regional
variation and the multimodal nature of sign lan-
guages.

For under-resourced sign languages, corpus de-
velopment and linguistic documentation are essen-
tial prerequisites for natural language processing
(NLP) applications (Johnston, 2010; Crasborn and
Hanke, 2003). Several large-scale sign language
corpora have been created. These include the BSL
Corpus (Schembri et al., 2013), the Auslan Cor-
pus (Johnston, 2008), and the DGS Corpus for Ger-
man Sign Language (Konrad et al., 2020). These
projects have provided linguistic resources and
methodological frameworks for documenting sign
languages and supporting computational research.

However, MSL is largely under-documented.
Early lexical resources contained only a few hun-
dred signs (Wismann and Walsh, 1987), while more
recent initiatives have focused on developing edu-
cational resources and digital sign databases. The
scarcity of large-scale annotated datasets limits
the use of data-driven approaches for Arabic-MSL
translation.

In low-resource contexts, alternative approaches
such as Example-Based Machine Translation
(EBMT) have been explored. EBMT constructs
translations by analogy with previously translated
segments, making it more interpretable than neural
approaches and potentially more suitable for lan-
guages with limited training data. Prior work on
Brazilian Sign Language generation illustrates the
use of avatar-based systems for sign output (De-
Martino et al., 2017). More broadly, work on
low-resource machine translation has examined
trade-offs between rule-based and data-driven ap-
proaches (Ramesh and Sankaranarayanan, 2018;
Bayón and Sánchez-Gijón, 2019).

Despite these advances, the lack of extensive
corpora is a central obstacle to building NLP appli-
cations for sign languages. Hurskainen and Tiede-
mann (2018) argued that the exclusive reliance on
large-scale neural approaches risks excluding the

vast majority of the world’s languages, approxi-
mately 99.8%, from computational development.

In light of these constraints, this work adopts a
rule-based machine translation (RBMT) approach
for Arabic–MSL translation. While MSL is under-
resourced, a small but growing set of linguis-
tic resources described in prior work (Soudi and
Vinopol, 2019) provides an initial foundation for
this approach. More precisely, a bilingual lexical
database of approximately 3000 Standard Arabic
words and their corresponding MSL video signs
supports the translation process. In addition, the
Madrasati-Signs platform (Soudi and Van Laer-
hoven, 2025) facilitates the lexical documentation
of MSL through a crowdsourcing approach that in-
volves deaf associations and deaf signers across
Morocco. The platform allows contributors to
record and validate sign videos for Arabic lexical
items in a database categorized into 21 thematic do-
mains: family, colors, home, food, clothing, time,
sports and hobbies, body, emotions, geography,
transportation, education, nature and weather, an-
imals, health, mathematics, business and careers,
media, arts, technology, the alphabet, life sciences,
and physics). The platform supports the gradual
expansion and verification of the bilingual sign
database used by the system. An important advan-
tage of the RBMT architecture is its modularity and
extensibility. New lexical entries and grammatical
rules can be incorporated incrementally without
retraining the entire system. This design also fa-
cilitates the integration of MSL regional variations
which are very highly based on the so far collected
data.

3 Arabic–MSL Translation System

This section describes the architecture of the pro-
posed system for translating Standard Arabic text
into Moroccan Sign Language (MSL). The trans-
lation process follows a modular pipeline that in-
cludes Arabic linguistic analysis, contextual lexical
disambiguation, rule-based grammatical transfor-
mations, and sign video generation. The overall
architecture of the system is illustrated in Figure 1.

The translation pipeline begins with preprocess-
ing of the Arabic input sentence, including nor-
malization and tokenization. The tokens are then
processed by an Arabic linguistic analysis mod-
ule that performs morphological analysis using
AraMorph (Buckwalter, 2002) and syntactic depen-
dency parsing and morphological disambiguation
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Figure 1: Architecture of the Standard Arabic–Moroccan Sign Language Translation System

using CamelParser (Shahrour et al., 2016). The
resulting linguistic information is used to estab-
lish the morphological and syntactic context of the
input sentence.

The system then checks each token against the
WSD database in order to detect lexical ambiguity.
Arabic contains many polysemous words whose
interpretation depends strongly on context, and se-
lecting an incorrect meaning can lead to an incor-
rect MSL sign.

In our previous work on Arabic–MSL transla-
tion, we handled lexical ambiguity through explicit
user interaction (Soudi et al., 2025a). When the sys-
tem encountered a polysemous word, it retrieved
the list of possible meanings from a lexical resource
and presented them to the user, who was required
to manually select the correct interpretation before
the translation process could continue. While this
strategy ensured semantic correctness, it introduced
a dependency on user intervention and prevented
full automation of the translation pipeline.

To overcome this limitation, the present system
introduces an AI-assisted lexical disambiguation

mechanism that automatically performs contex-
tual interpretation. The system relies on the WSD
dataset introduced by Kaddoura and Nassar (2024),
which contains 100 frequently used polysemous
Arabic words associated with 367 different senses.
Each sense is accompanied by contextual sentence
examples that illustrate the appropriate interpreta-
tion of the word in different semantic contexts. The
dataset contains approximately 3,670 contextual
sentence samples collected from domains, such as
news, medicine, and finance.

When the system encounters a lexical item that
exists in the WSD database, it retrieves the candi-
date meanings associated with that word and in-
cludes them in a prompt submitted to a language
model along with the original sentence context.
The model evaluates the semantic compatibility be-
tween the sentence and the candidate meanings and
selects the most appropriate interpretation. The
selected meaning is then mapped to the correspond-
ing MSL gloss stored in the bilingual translation
database. The model selects from predefined can-
didate meanings, which ensures that the chosen
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interpretation corresponds to a sign representation
available in the translation system. Once the lexical
interpretation has been resolved, the system applies
mapping rules and rule-based grammatical transfor-
mations that convert the Arabic sentence structure
into the MSL grammatical structure. These rules
account for differences between spoken and signed
languages, which include, inter alia, variations in
word order and the treatment of temporal expres-
sions.

The translation system draws on two comple-
mentary linguistic resources: a Moroccan Sign Lan-
guage (MSL) corpus and a bilingual Arabic–MSL
lexical database that consists of 3000 Standard Ara-
bic signs and their corresponding MSL video signs
and graphics. The MSL corpus project is an ongo-
ing initiative to document MSL through large-scale
video data collection, carried out in collaboration
with deaf associations across all twelve adminis-
trative regions of Morocco (Soudi et al., 2025b).
Participants are selected based on sociolinguistic
criteria, including age, gender, regional origin, and
language acquisition background. The corpus ini-
tiative aims to collect recordings from 240 deaf
signers distributed across the twelve regions of Mo-
rocco. During the pilot phase, 66 participants from
four regions contributed to the initial data collec-
tion, producing approximately 27,91 hours of con-
versational and interview video recordings. These
recordings are a valuable resource to understand
MSL grammar and variation. The collected video
data are annotated using the ELAN annotation en-
vironment, which allows time-aligned annotation
of multimodal linguistic features such as glosses,
hand configuration, facial expressions, and spatial
structures (Wittenburg et al., 2006).

After the gloss sequence has been generated,
the system produces the final sign language output
through a video concatenation module. Each gloss
corresponds to a sign video stored in the bilingual
database. The system retrieves the relevant video
signs and concatenates them according to the MSL
sentence structure.

The disambiguation strategy can be illustrated
by the Arabic word 	á�
j. «, which may have differ-
ent meanings depending on context. In a culinary
context, such as 	Q�.

	
jÊ Ë

	á�
 j. ª Ë@ Q�

	
� m�

�
'

(“preparing the dough for bread”), the word refers
to bread dough, which corresponds to an MSL
sign. However, in a different context such as
ÈA

	
®£



B@

	á�
j. ªK. É
	
®¢Ë@ I. ªÊK
 (“the child plays with

modeling clay”), the word refers to children’s mod-
eling clay (play dough). These meanings corre-
spond to different MSL signs, as illustrated in Fig-
ure 2. When the system encounters the word
	á�
j. « , it retrieves the candidate meanings from

the WSD database and evaluates them within the
sentence context. The AI-assisted disambiguation
module then selects the interpretation that best fits
the sentence before mapping it to the corresponding
MSL sign representation.

MSL sign corresponding to
“children’s modeling clay”

MSL sign corresponding to
“bread dough”

Figure 2: Lexical disambiguation example for the Ara-
bic word “ 	á�
j. «” with two corresponding Moroccan
Sign Language signs

To ensure that every word in the input sentence
is translated, the system includes a fingerspelling
fallback mechanism. If a lexical item does not exist
in the Standard Arabic-MSL database, the system
automatically fingerspells it.

4 Evaluation

Evaluating translation systems for low-resource
sign languages is challenging due to the limited
availability of standardized datasets and annotated
evaluation benchmarks. Unlike well-resourced sign
languages, MSL currently lacks large parallel cor-
pora that could support large-scale quantitative
evaluation. As a result, evaluation strategies must
often rely on targeted test sets and qualitative eval-
uation of translation outputs.

To assess the effectiveness of the AI-assisted
lexical disambiguation strategy, we analyzed the
3000-word Arabic–MSL bilingual database used
by the system and identified 38 ambiguous Arabic
lexical items. Among these ambiguous words, 15
are also represented in the WSD dataset used by the
disambiguation module. Test sentences containing
these ambiguous words were constructed to exam-
ine the system’s ability to select the appropriate
meaning in different contextual environments.

The system processed these sentences through
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the complete translation pipeline, including contex-
tual lexical disambiguation and rule-based genera-
tion of Moroccan Sign Language gloss sequences.
The results show that the AI-assisted disambigua-
tion mechanism selects contextually appropriate
meanings and maps them to the corresponding
MSL signs. Compared with the earlier version of
the system, which required manual user selection,
the new approach enables the translation pipeline
to operate fully automatically.

These observations indicate that the integration
of AI-based contextual reasoning improves the
translation process in cases where polysemous Ara-
bic words correspond to different signs.

5 Limitations

A major limitation of the current system concerns
the coverage of the available lexical and linguistic
resources. Although the bilingual database con-
tains approximately 3000 lexical entries, it does
not yet cover the full vocabulary of Standard Ara-
bic.

Similarly, the Word Sense Disambiguation
dataset used in the system is not exhaustive and cur-
rently includes only a subset of ambiguous Arabic
words. As a result, some cases of lexical ambiguity
may remain unresolved when the corresponding
lexical items are not present in the disambiguation
resource.

Another limitation concerns the size of the MSL
corpus. The amount of annotated data is still lim-
ited. Expanding the lexical database and enriching
the annotated corpus will therefore be important
steps for improving translation coverage and sup-
porting future data-driven approaches for Arabic–
MSL translation.

It is worth noting that the documentation of sign
languages requires sustained long-term efforts in
data collection, annotation, and validation. The
approach adopted in this work recognizes the im-
portance of involving the Deaf community from the
beginning of the research process and supporting
their leadership in the documentation of MSL data.
This strategy aims to foster a sense of ownership of
the linguistic resources within the Deaf community,
which may support the long-term sustainability and
continuous expansion of the MSL documentation
effort.

6 Conclusion

This paper presented a rule-based Standard-Arabic
MT system that is enhanced with AI-assisted lexi-
cal disambiguation. The system integrates Arabic
linguistic analysis, contextual word sense disam-
biguation, rule-based grammatical transformations,
and video-based sign generation to produce sign
language output.

A major improvement over previous work is
the introduction of an automated contextual dis-
ambiguation mechanism, which replaces the earlier
manual ambiguity-resolution process and allows
the translation pipeline to operate fully automati-
cally.

The system also benefits from the results of the
large-scale MSL corpus project, which contribute
to a better understanding of MSL grammar, an im-
portant component of the MSL generation module
that generates outputs that follow MSL linguistic
features.

Future work will focus on expanding the lexical
database and MSL annotation in order to further
improve the quality and coverage of Arabic–MSL
translation.
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