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Abstract

This paper presents Mwando, a virtual ed-
ucational assistant designed to support the
teaching and preservation of shiKomori, the
language of the Comoros Islands. The sys-
tem covers the four main dialectal variants
(shiNgazidja, shiMwali, shiNdzuani and shi-
Maore) through a knowledge base constructed
from phrases, proverbs, dictionaries and gram-
mar lessons. A multi-agent architecture com-
bining vector search, a knowledge graph and
web search fallback enables accurate and
context-aware responses. Evaluation on 500
queries demonstrates strong performance on
vocabulary lookup and grammar explanations,
while qualitative case studies illustrate both ca-
pabilities and current limitations. This work
represents an initial step toward computational
support for shiKomori and provides a blueprint
for developing Al-powered educational tools
for other low-resource languages.

1 Introduction

Language preservation is a central concern for inter-
national organizations such as the United Nations
Development Programme (UNDP), which empha-
sizes African languages as key drivers of the con-
tinent development (United Nations Development
Programme and Ministry of Enterprises and Made
in Italy, 2024). However, this potential remains
largely unrealized, as very few technological so-
lutions currently support these languages (Wild,
2025). This situation is problematic, as language
and culture are major drivers of development (Ro-
tondo, 2016) and play a central role in everyday
life across African societies. However, advances
in language processing technologies, particularly
generative Al systems, offer a promising opportu-
nity: when appropriately adapted to cultural and
linguistic specificities, these models can serve as
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effective conduits for the preservation of cultural
heritage (Colace et al., 2025; Koc, 2025).

In this work, we aim to contribute to the ini-
tial development of Natural Language Processing
(NLP) technologies for shiKomori, the language
spoken in the Comoros Islands. Building on our
previous work on foundational NLP resources for
Comorian and its dialectal variations (Naira et al.,
2024, 2025), we shift the focus to an applied edu-
cational setting.

Specifically, we introduce Mwando, a virtual as-
sistant designed for teaching shiKomori, with the
goal of supporting the transmission and preserva-
tion of Comorian culture. Mwando ("beginning" in
shiKomori) honors Sheikh Ahmed Kamar-Eddine’s
pioneering work on Comorian language documen-
tation and writing standardization (Lafon, 2007;
Naira et al., 2025). Our contributions are threefold:

* We compile and organize a multi-source cor-
pus for shiKomori, covering phrases, proverbs,
dictionaries and grammar lessons and make
these data publicly available to support future
research.

* We develop a virtual assistant for educational
purposes, capable of interacting with learners
in shiKomori.

* We evaluate the assistant’s potential for sup-
porting language learning and cultural preser-
vation, providing insights for further devel-
opment of NLP resources for extremely low-
resource languages.

2 Motivations

The arrival of generative Al has been a serious
game changer in education (Team et al., 2025) and
it was immediately adopted by students and lan-
guage teachers (Zaim et al., 2025). Among the
reasons justifying this rapid adoption is the possi-
bility for students to obtain quick feedback through
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a virtual teacher and for teachers, the ability to
quickly and effectively customize lessons accord-
ing to different cases (Galaczi and Luckin, 2024).
It is precisely along these lines that a project was
adopted in Senegal in elementary education to sup-
port French teachers in better teaching in class-
rooms composed of students with significant cul-
tural and linguistic diversity (Agence Francaise de
Développement, 2025).

In the Comoros, although the use of Al and in-
formation technology in education is very poorly
documented (Roukiyat, 2026), there are previous
studies that have emphasized the importance of tak-
ing shiKomori into account in teaching for greater
effectiveness (DANIEL, 2024). And local initia-
tives such as the Maecha association have set them-
selves the goal of literacy in Comorian for the adult
population, which is composed of approximately
49.7% illiterate individuals (Chauvet, 2015).

Consequently, it is crucial to consider modern
solutions for learning shiKomori. Such initiatives
could not only benefit other categories of people
and sectors, such as improving the experience of
tourists in the archipelago, but they would also
play an important role in the country’s sustainable
development (Roukiyat, 2026). Furthermore, they
would hold strong potential for the inclusion of
descendants of the Comorian diaspora, particularly
those in France, whose population is estimated at
more than 300,000 people (Le Monde, 2024) and
who contribute significantly to the development of
the archipelago (Abdillahi, 2012).

3 Linguistic Resources

One of the biggest challenges for this research was
obtaining the data. Our approach was to consult
every possible resource available in order to build
our knowledge base. However, to ensure the relia-
bility of the dataset, manual checks were necessary
at each stage of processing. In this section, we
therefore describe all the corpora used, from the
raw data to the transformed data for this work.

3.1 Language Overview

Spoken exclusively in the Comoros archipelago,
shiKomori is a Bantu language, closely related
to Swahili (Ahmed Chamanga, 2022) and to the
Sabaki language group (Serva and Pasquini, 2021).
It consists of four dialectal varieties, each primar-
ily associated with one island, yet exhibiting a
high degree of mutual intelligibility among speak-

ers (Ahmed Chamanga, 2022; Naira et al., 2024).
ShiKomori holds the status of a national language
in the archipelago, while French and Arabic are
the official languages. In practice, shiKomori is
mainly used orally in everyday communication and
informal media, French dominates administrative
and formal educational domains and Arabic is pre-
dominantly used in religious contexts (Chauvet,
2015).

In written form, shiKomori can be transcribed
using either the Latin alphabet or the Arabic script
(Lafon, 2007; Naira et al., 2025). However, its
written use remains limited and is characterized by
a lack of orthographic standardization. Despite
recent initiatives aimed at improving the repre-
sentation of African languages in NLP (Adebara
et al., 2025), shiKomori remains largely underrep-
resented in the field, except for a few prior works
(Naira et al., 2024, 2025; Abdourahamane et al.,
2016).

3.2 Data Sources

This work relies on six primary data sources, illus-
trated in Figure 1. These sources are grouped into
four main categories of data:

* Useful phrases: These consist of commonly
used phrases in shiKomori, without distinc-
tion between dialectal varieties. The phrases
are translated into English and cover a wide
range of topics, from simple greetings to ex-
pressions commonly used in contexts such
as markets, travel and everyday interactions.
The data were obtained from a Google Drive
repository gathering various resources related
to the Comoros Islands'.

* Proverbs: The proverbs were collected from
the Instagram page ProverbesComoriens® us-
ing the Apify scraping tool. Each post con-
tains proverbs in shiKomori along with their
French and English translations. However, the
posts are published as images. To extract the
textual content, we used DeepSeek-OCR (Wei
et al., 2025). This OCR-based extraction occa-
sionally introduced minor errors, particularly
with diacritics and special characters, which
were manually corrected during the data clean-

ing phase.

1https ://drive.google.com/drive/folders/17C_
03qCMm2rGDhgGqi_8PKIfR30V_S96
2ht’cps: //www.instagram.com/proverbescomoriens/
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* Dictionaries: Two dictionaries were used.
The first, focusing on shiNgazidja, is a no-
table work produced by the Bahari Founda-
tion®, which provides shiNgazidja words and
expressions translated into English, with ex-
plicit annotation of nominal and grammatical
classes. The second dictionary was obtained
from the same Google Drive repository men-
tioned above and contains shiMwali words
translated into English, along with grammati-
cal class annotations.

* Grammar lessons: The grammar lessons are
in shiMaore and shiNdzuani and were ob-
tained from the platforms The Swiss Bay*
and LiveLingua’, respectively.

Finally, all data sources used in this work are
publicly available online. For the Instagram data,
we only collected publicly accessible posts and
complied with the platform’s terms of service. The
dictionaries and grammar manuals are freely dis-
tributed by their respective publishers or hosting
platforms. We release our processed dataset un-
der an open license to facilitate future research on
Comorian language processing (see Table 1).

3.3 Knowledge Base Construction

A processing step was necessary to better structure
the data. Indeed, among the collected data, for ex-
ample, in the case of grammar lessons, some data
were in the form of tables, as illustrated in Figure
1. Although Large Language Models (LLM) are
effective at understanding textual data, they exhibit
limitations when processing text mixed with tabu-
lar content (Liu et al., 2024). This issue primarily
arises during the data tokenization phase. To miti-
gate this, we first applied a document structuring
step by converting the documents into Markdown
format using the Word2md platform®.
Subsequently, the Markdown content was fed
into the ChatGPT API to restructure the data into
a more easily exploitable knowledge base. This
process involved extracting elements such as chap-
ter sections, covered concepts, tables, definitions
3https://fr.scribd.com/document/619345660/
ShiNgazidja-English-Dictionary
*https://theswissbay.ch/pdf/Books/Linguistics/
Mega%20linguistics%2@pack/African/Niger-Congo/
Bantu/Shimaore%2C%20Manuel%20Grammatical%20@de.
df
i 5https://www.1ivelingua.com/peace—corps/
Comorian/Shinzwani%2@Grammar%20Book-%201st%

20ed%202015. pdf
®https://word2md. com/

and related content and organizing them into JSON
files. The specific structuring strategy varied de-
pending on the type of data. In all cases, a manual
validation step was conducted to review and correct
the outputs generated by ChatGPT.

4 Chatbot Workflow

In recent years, the use of multi-agent approaches
has significantly improved the reasoning capabili-
ties of virtual assistants, particularly in situations
where information must be retrieved from multiple
sources (Salve et al., 2024). In our context, where
we need to handle multiple dialectal variants and
types of datasets, adopting a multi-agent approach
was a natural choice. Figure 2 presents the overall
pipeline that summarizes the core of our reasoning
and information retrieval system.

To address the challenges of handling multiple
Comorian dialects and heterogeneous data sources,
we designed a multi-agent system that orchestrates
specialized agents, each responsible for a specific
type of query or knowledge domain. This archi-
tecture, illustrated in Figure 2, enables flexible and
robust information retrieval by combining vector
search, knowledge graphs and external web re-
sources.

4.1 Overall Pipeline

The system operates as follows: when a user sub-
mits a query, it is first processed by a central Re-
trieval Agent. This agent acts as an orchestrator: it
analyzes the query and determines which special-
ized agent should be invoked to provide the most
accurate and comprehensive answer. The response
is then generated by an LLM based on the retrieved
information and returned to the user.

4.2 Core Components and Specialized Agents

The system comprises five main specialized agents,
each leveraging different tools and knowledge
bases:

* Retrieval Agent: As the entry point for all
queries, this agent is responsible for query un-
derstanding and dynamic routing. It decides
whether to forward the request to a single
specialist or to combine results from multi-
ple agents. It relies on an LLM for intent
classification and on a Vector Search engine
to retrieve relevant passages from a precom-
puted embedding database covering all dialec-
tal variants.
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Figure 1: Data Preparation Pipeline.
Table 1: Overview of the datasets used in this work.

Category Dialect(s) # Rows Link

Useful Phrases All varieties 178 https://huggingface.co/datasets/
rifailabs/shikomori_phrases

Proverbs All varieties 329 https://huggingface.co/datasets/
rifailabs/shikomori_proverbs

Dictionary shiNgazidja 5,710 https://huggingface.co/datasets/
rifailabs/shingazidja_dictionary

Dictionary shiMwali 682 https://huggingface.co/datasets/

Grammar Lessons  shiMaore 54

Grammar Lessons  shiNdzuani 67

rifailabs/shimwali_dictionary
https://huggingface.co/datasets/
rifailabs/shimaore_lessons
https://huggingface.co/datasets/
rifailabs/shindzuani_lessons

* Translator/Proverb Agent: This agent han-
dles two closely related tasks. For transla-
tion queries, it accesses bilingual dictionaries
(shiNgazidja-English, shiMwali-English) and
phrase collections. For the queries related to
proverb, we use a dedicated graph database
that stores proverbs along with their meanings,
cultural contexts and translations. The graph
structure allows for semantic navigation (e.g.,
finding proverbs related to a specific theme).

Teacher Agent: Focused on pedagogical
needs, this agent provides grammar explana-
tions, conjugation tables and language learn-
ing resources. It draws upon the grammar
manuals (shiMaore and shiNdzuani) and can
generate structured lessons or exercises. It
also maintains a database of common learner
errors and misconceptions.

Culture Agent: For queries that fall out-
side the scope of other agents or require gen-
eral information not covered by specialized
knowledge bases, this agent performs live web
searches. It serves as a fallback mechanism,
ensuring that the system can still provide rele-

vant answers even when internal resources are
insufficient.

4.3 Technical Implementation

The system is built around several key technolo-
gies. For embeddings and vector search, all textual
resources including dictionaries, proverbs, phrase
collections and grammar lessons, were embedded
using Qwen3 Embedding (Zhang et al., 2025), a
multilingual sentence transformer. This model was
selected for two main reasons. First, it is among
the top-performing embedding models on recent
benchmarks, offering high-quality semantic repre-
sentations across multiple languages. Second, with
only 2 billion parameters, it is lightweight enough
to run in resource-constrained environments, mak-
ing it suitable for deployment in regions with lim-
ited computational infrastructure. The model was
deployed locally using Ollama, a lightweight frame-
work for running large language models efficiently
on consumer hardware. The resulting embeddings
were indexed in FAISS, a vector database (Douze
et al., 2025) for efficient similarity search, enabling
rapid retrieval of relevant passages based on query
semantics rather than keyword matching alone.
Regarding the knowledge graph, proverbs and
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Figure 2: RAG Pipeline.

cultural knowledge are stored in a graph database
using Neo4j. In this structure, nodes represent
proverbs, definitions and everyday life entities,
while edges capture semantic and thematic relation-
ships. This design allows for nuanced navigation
and reasoning across the knowledge base, which is
particularly valuable for answering queries.

For orchestration and reasoning, agent coordina-
tion is implemented using LangChain. This han-
dles prompt engineering, tool invocation, dynamic
query routing and response synthesis. The core
reasoning and language generation tasks are per-
formed using Groq’s ultra-fast inference platform,
which hosts gpt-oss, an open-source LLM opti-
mized for conversational Al. Additionally, the Cul-
ture Agent can perform live searches using Duck-
DuckGo when information is unavailable internally.
Retrieved web content is summarized by gpt-osss
before integration into the final response.

5 Evaluation

5.1 Retrieval Performance

For this evaluation, we set a target of testing 500
queries, divided among five evaluators with 100
queries each. Each evaluator categorized their
queries according to the following four areas:
Proverb Interpretation, Grammar Explanations, Vo-
cabulary Lookup and Cultural Questions. We mea-
sured the following metrics, often used to evaluate
the quality of a recommendation system (Jadon
and Patil, 2024) and more recently for evaluating a
RAG system (Gan et al., 2025):

* Precision@k: This metric measures the pro-
portion of relevant documents among the top

k results.

* Recall@k: This metric measures the propor-
tion of relevant items retrieved out of all ex-
isting relevant items. In other words, if there
are p relevant items in total and among the
top k results we find ¢ relevant items, then
Recall@k is q/p.

* Mean Reciprocal Rank (MRR): The average
of the reciprocal ranks of the first relevant
result. It is computed as follows:

1 N
M _ =
RR Nz::rank

where N is the total number of queries and
rank; is the rank position of the first relevant
result for query i.

Table 2 presents retrieval performance across
different query categories. The system performs
best on vocabulary lookup, which benefits from
direct matches in dictionary entries. Grammar ex-
planations and proverb interpretation yield lower
scores due to the complexity of these queries and
the variability in how concepts are expressed across
grammar manuals. Cultural questions are the most
challenging, as they often require synthesis from
multiple sources or reliance on web search.

5.2 Response Quality

The goal here is to evaluate the quality of the re-
sponses provided by the LLM. To do this, we re-
visited the 500 queries used during the retrieval
evaluation to examine the responses generated by



Table 2: Retrieval performance by query category

Query Category Precision@5 Recall@5 MRR
Vocabulary Lookup 0.82 0.76 0.81
Grammar Explanations 0.71 0.60 0.73
Proverb Interpretation 0.69 0.64 0.78
Cultural Questions 0.65 0.63 0.69
Average 0.71 0.65 0.75

the LLM. These responses were evaluated using a
5-point Likert scale along the following three axes:

* Accuracy: Is the information factually cor-
rect?

* Completeness: Does the response fully ad-
dress the query?

* Clarity: Is the response easy to understand
for a learner?

Table 3 summarizes the average scores. The eval-
uators noted that vocabulary and grammar queries
were generally well-handled, while proverb inter-
pretations sometimes lacked the depth of cultural
context that a human expert would provide. Cul-
tural questions occasionally suffered from incom-
plete or overly general answers when relying on
web search.

5.3 Case Studies

While the quantitative metrics presented in the pre-
vious section provide a high-level overview of sys-
tem performance, they do not capture the nuances
of individual interactions. To complement these
findings, we present four representative case stud-
ies (See Figures 3, 4, 5 and 6) that illustrate the sys-
tem’s behavior in practice. These examples span
the four different query categories analyzed previ-
ously. Each case concludes with a brief discussion
of strengths and limitations observed during the
interaction.

5.4 Discussion of Limitations

Our evaluation reveals several limitations:

* Coverage gaps: Despite our efforts, some
dialectal variants and specialized vocabu-
lary remain underrepresented, particularly for
shiNdzuani and shiMwali.

* Cultural depth: Proverb interpretations and
cultural explanations sometimes lack the nu-
anced understanding that a human expert
would provide.

* Web search quality: When relying on web
search, the system occasionally retrieves low-
quality or irrelevant information, affecting re-
sponse accuracy.

* Evaluation scale: Our human evaluation in-
volved only five annotators; a larger study
with more diverse participants (learners, teach-
ers, elders) would provide more robust in-
sights.

Despite these limitations, the results demon-
strate that Mwando provides a solid foundation
for computer-assisted language learning for shiKo-
mori, with particular strength in vocabulary and
grammar support.

6 Conclusion and Future Work

In this paper, we introduced Mwando, a virtual edu-
cational assistant for shiKomori, supporting its four
dialectal variants. We assembled a multi-source
corpus comprising phrases, proverbs, dictionaries
and grammar lessons and developed a multi-agent
architecture combining vector search, a knowledge
graph and web search fallback. The system lever-
ages lightweight embeddings (Qwen3 via Ollama)
and fast reasoning (Groq with gpt-oss, an open-
source LLM).

Evaluation on 500 queries showed strong perfor-
mance on vocabulary lookup and grammar explana-
tions, with qualitative case studies illustrating both
capabilities and current limitations, particularly in
cultural depth and proverb interpretation.

Coverage remains uneven across dialects and
web search quality is variable. Future work will
focus on expanding resources for shiNdzuani and



Table 3: Human evaluation of response quality (average scores, 1-5 scale)

Query Category Accuracy Completeness Clarity
Vocabulary Lookup 4.35 4.26 4.80
Grammar Explanations 4.24 4.76 4.39
Proverb Interpretation 4.08 3.82 4.15
Cultural Questions 3.65 3.24 3.86
Average 4.08 4.02 4.30

Figure 3: Vocabulary Query (shiNgazidja)

( User: Translate the word “hospital” in shiNgazidja.

N

Assistant: Word: lopitali / lapitali (malapitali)
Meaning: “hospital”

Grammatical class: noun (undefined)

Noun class: 9-10, 5-6

Origin: French (fr)

Analysis: The system correctly retrieves the dictionary entry with morphological variations (singular/plural) and etymology.

shiMwali, enriching cultural knowledge with ex-
pert input, improving web search filtering and de-
ploying Mwando in real-world educational settings.
We hope this work contributes to the preservation
of Comorian heritage and serves as a blueprint for
Al support in other low-resource languages.
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Figure 4: Proverb Interpretation

( User: I want a proverb about loss and its meaning. >

Assistant: Shikomori proverb: Namdodjipviwa ne shahanyu owakati mlonisho.

Meaning: We only realize the value of something after we have lost it; therefore, we must appreciate
it while it is still there.

Topic: Appreciate the present

Category: Time & Present

Analysis: The system successfully retrieves a relevant proverb based on semantic matching of “loss”. The response includes
both the original proverb and its French translation, along with thematic tags. The informal query syntax (“i want a proverb
about loss”) is correctly interpreted.

Figure 5: Cultural Questions

( User: What is the best way to greet an elderly person in ShiNdzuani?

N

Assistant: The most appropriate greeting for an older person in ShiNdzuani is:
Mungu nahunusuru.
This is the customary salutation used when addressing someone older than yourself.

Analysis: The system correctly identifies the culturally appropriate greeting for addressing elders in ShiNdzuani. This
demonstrates its ability to capture social norms and respectful language use, which is essential for learners navigating
Comorian cultural contexts. However, the response could be enriched with additional context, such as the literal meaning of
the phrase (“May God protect you”) or the expected response from the elder.
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Figure 6: Grammar Explanation (shiNdzuani)

( User: How do noun classes work in shiNdzuani? >

‘, Assistant: In shiNdzuani, every noun belongs to a noun class. The class is signalled by a prefix on\
the noun (and on the plural form of the noun). That same prefix is also used by adjectives, numbers,
demonstratives and verbs so that they agree with the noun.

How the class is recognised:
* Look at the singular prefix of the noun.

* The corresponding plural prefix tells you which class it is (the “singular-plural prefix correspon-
dence”).

» Example: the singular prefix m- (or mw-) pairs with the plural prefix wa- (this is class 1-2).

Examples:
Singular Plural Class Meaning
gari magari class ? (m-/ma-) ““voiture / voitures”
dzitso matso  class ? (d-/ma-)  “ceil / yeux”
Agreement:

* An adjective placed after the noun must take the same class prefix: gari kubwa (big car). If the
noun were plural, the adjective would also change: magari makubwa.

* Numbers and ordinal numbers behave the same way; most change form to match the class,
except a few invariable ones (e.g., muhimu, sita, saba, shendra, kumi).

* Verbs also carry the noun-class prefix so that the subject and verb agree in class.

So, to use shiNdzuani correctly you:
1. Identify the noun’s class by its singular-plural prefix pair.
2. Apply the same prefix to any modifying adjective, number, demonstrative, or verb.

3. If a word is listed without a prefix change (e.g., the invariable adjectives above), it does not
9 change with the noun class.

Analysis: This response demonstrates the system’s ability to provide structured grammatical explanations. It correctly
identifies noun class mechanisms and provides clear examples with agreement rules.
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