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Abstract—Developing cross-lingual educational chatbots
presents significant challenges when handling dynamic language
switching and content retrieval across different languages. We
introduce EduX-RAG, a framework that integrates Retrieval-
Augmented Generation (RAG) with prompt engineering to enable
cross-lingual conversations in educational chatbots. EduX-RAG
addresses the complexities of managing multilingual content and
cross-lingual queries within a single interaction. We validate
the effectiveness of EduX-RAG using 13 languages, including
high- and low-resource languages and commonly confused
language pairs. Deployed in a fully functional educational
chatbot, EduX-RAG demonstrates strong cross-lingual retrieval
capabilities with a high answer rate of 92%, even when
query and material languages differ. Overall, EduX-RAG
delivers robust cross-lingual capabilities, achieving a Language
Identification Accuracy of 90%, Material Citation Accuracy of
99%, and a Response Similarity Score of 70%.

Index Terms—LILM, chatbot, RAG, prompt-engineering, edu-
cation

I. INTRODUCTION

Large Language Models (LLMs) have significantly en-
hanced educational chatbots, enabling interactive and person-
alized learning experiences [1]-[3]. However, ensuring their
reliability remains a pressing challenge [4] as hallucinations,
inconsistent tone, and formatting issues can introduce misin-
formation and undermine trust in educational contexts [5]-[7].

One major yet underexplored requirement in this domain
is cross-lingual robustness. This is defined as the ability of
chatbots to support multilingual learners who may switch
languages mid-conversation or pose questions in one language
(e.g., their native language) while learning in a different
medium. This is especially relevant in multilingual class-
rooms and international academic institutions where linguistic
diversity is the norm [8]-[10]. Examples include Arabic-
speaking students in international, English-medium classrooms
or Estonian-speaking students in Finnish schools.

To address this gap, we develop EduX-RAG, a frame-
work that integrates Retrieval-Augmented Generation (RAG)
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with dynamic prompt engineering to enable reliable, context-
aware, and linguistically adaptive educational chatbots. RAG
enhances LLMs by incorporating external knowledge sources,
allowing the model to retrieve relevant and up-to-date informa-
tion for more accurate, context-specific responses [11]-[13].
What distinguishes EduX-RAG is its end-to-end design for
multilingual education: it handles material ingestion across
multiple languages, identifies the query language even in code-
switched input, retrieves context from multilingual sources,
and adapts prompts in real time, without relying on pre-aligned
translations or language-specific retraining.

We demonstrate the real-world applicability of EduX-RAG
through its deployment in Cipherbot, an Al educational as-
sistant used in schools and universities across Qatar, Finland,
China, Vietnam, Korea, and the United States [7], [14]. While
Cipherbot serves as a case study, EduX-RAG is broadly ap-
plicable to any educational assistant operating in multilingual
contexts.

To validate EduX-RAG, we conduct a targeted evalua-
tion using educational materials in 13 different languages.
Our assessment spans both high-resource and low-resource
languages, including closely related language pairs such as
Finnish—Estonian, Tagalog—Spanish, Arabic—Persian, and Ko-
rean—Japanese, among others. We evaluate the system’s ability
to identify language accurately, retrieve the correct content
cross-lingually, respond appropriately in dynamic multilingual
exchanges, and manage subtle distinctions between similar
languages.

Our research addresses two primary research questions
(RQs):

RQ1: How can a RAG-based framework effectively manage
the challenges of multilingual content retrieval in educational
settings across high- and low-resource languages?

RQ2: How can prompt engineering techniques be optimized
to improve language-switching accuracy, minimize language
mismatches and ensure contextually appropriate multilingual
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responses in educational chatbots?

Our major contributions are summarized as follows:

e We introduce EduX-RAG, a novel framework that unifies
multilingual material ingestion, cross-lingual context re-
trieval, and dynamic prompt engineering for educational
chatbots.

« We deploy the system in real-world multilingual class-
rooms and demonstrate its practical utility in diverse
linguistic settings.

« We design an evaluation methodology based on functional
capabilities including language identification, cross-
lingual retrieval, dynamic language switching, and dis-
ambiguation of similar languages rather than relying on
existing baselines.

e We conduct a comprehensive evaluation using materials
in 13 languages, including both high- and low-resource
languages, and report performance across a wide range
of multilingual scenarios.

This work contributes a reusable, modular framework and a
practical evaluation methodology for cross-lingual educational
Al systems. By focusing on multilingual content alignment
and dynamic language use, EduX-RAG provides a foundation
for building more inclusive, equitable, scalable, and reliable
learning tools.

II. RELATED WORK

The integration of LLMs into educational assistants and
chatbots has opened up new possibilities for interactive learn-
ing, intelligent tutoring, and scalable student support [15]-
[18]. The release of ChatGPT in late 2022 accelerated their
adoption across educational contexts, bringing renewed atten-
tion to the potential and limitations of conversational Al in
classrooms [2], [19], [20]. Despite growing enthusiasm, exist-
ing work highlights persistent concerns regarding reliability,
learner engagement, and pedagogical alignment.

Several studies have emphasized the need for learner-centric
and pedagogically grounded chatbot designs. Bahja et al. [21]
and Ilieva et al. [22] underline the importance of tailoring chat-
bot systems to users’ educational needs, technological skills,
and learning contexts. However, as noted in recent reviews
[23], [24], most chatbot deployments remain exploratory, with
limited research on how to structure learning interactions or
measure long-term impact.

Reliability and evaluation are particularly pressing in high-
stakes educational environments. LLM-based systems are
prone to hallucinations, factual inconsistencies, and formatting
issues that reduce their trustworthiness [5], [25]. To address
these challenges, new evaluation frameworks have emerged.
Factored evaluation mechanisms and benchmarks provide met-
rics for assessing content fidelity and response relevance [5],
[26], [27]. However, few of these efforts account for language
variation or multilingual contexts.

Multilingual capability remains a critical and underexplored
aspect of educational chatbots [28]. Most current systems are
either monolingual, offer limited bilingual support, or are
typically focused on language learning or translation tasks

[29]-[31]. Even LLM-powered teaching assistants have been
shown to struggle in multilingual classrooms [32], [33]. These
systems cannot often handle dynamic language switching or
retrieve class-specific content across multiple languages [34],
[35]. Some progress has been made in other domains (e.g.
healthcare) where cross-lingual retrieval and response genera-
tion have received more attention [8], [36], but education has
lagged behind [37].

Research has begun exploring direct use of ChatGPT [38]
and retrieval-augmented techniques for multilingual generation
[39], [40], but such systems often rely on pre-translated
corpora and rarely address the need for dynamic language
adaptation during user interaction.

Our work addresses these gaps by introducing EduX-RAG,
a cross-lingual framework that integrates multilingual material
ingestion, dynamic query language identification, cross-lingual
retrieval, and prompt-level response control. Unlike prior ap-
proaches, EduX-RAG is designed specifically for educational
settings and enables seamless language transitions within a
single interaction, without relying on pre-aligned translations
or language-specific retraining. This positions EduX-RAG as
a practical and extensible solution for multilingual learning
environments.

III. EDUX-RAG FRAMEWORK

The EduX-RAG framework addresses the complexities of
cross-lingual educational environments through three key com-
ponents: (1) Materials Processing Pipeline, (2) Query Han-
dling Pipeline, and (3) Dynamic Prompt Engineering. These
components work together to process multilingual educational
content efficiently, delivering accurate, cross-lingual responses
in real-time.

A. Materials Processing Pipeline

As shown in Figure la, when new instructional material
is added to the RAG, a content fingerprint (e.g., hash) is
computed to detect duplicates and avoid redundant processing.
This deduplication step is particularly valuable for large-scale
deployments, as parsing and chunking educational content
can be computationally expensive. If the material has already
been processed, previously generated metadata is reused to
accelerate subsequent query resolution.

The pipeline first detects the material’s format and routes
it through an appropriate preprocessing module. For audio
inputs, an automatic speech recognition (ASR) component
transcribes the audio into text using a batched inference mech-
anism. For text-based formats such as PDFs, Word documents,
presentations, or markdown files, a document parsing module
extracts structured content, including text blocks, tables, and
embedded metadata. Optical Character Recognition (OCR) is
applied as needed to handle scanned or image-based docu-
ments !

'In our deployment, we use Microsoft Azure Document Intelligence and
Azure Speech Services for parsing and transcription. However, our framework
is modular and supports interchangeable components for multiple services.

Authorized licensed use limited to: Qatar University. Downloaded on February 20,2026 at 06:44:34 UTC from IEEE Xplore. Restrictions apply.

466



2025 3rd International Conference on Foundation and Large Language Models (FLLM)

Aud\o transcription

Material upload g title
B

1% / g recammendd qusstions |

e,,,
N obtain embedding &
‘ I detect language
chunk
Document
i \
\ €3 Question-Answer pool

ENENE]

dupllcaled

=

Re-use metadata

-8

€ openal  JA Azure

42K text-embedding-3-small W& langchain

(a) Materials processing pipeline. Uploaded materials are parsed,
transcribed if necessary, segmented into overlapping chunks, and
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metadata and vector representations, are stored in a vector-
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(b) Query handling pipeline. Incoming queries are embedded and
language-tagged, filtered by class context, aligned to the language of
indexed materials, and matched with relevant chunks using semantic
similarity. Retrieved content is used to construct a context-rich
prompt for grounded response generation.

Fig. 1: Overview of the EduX-RAG framework. (a) The materials pipeline automates the ingestion and processing of
educational content in various modalities, generating structured metadata and retrieval-ready embeddings. (b) The query pipeline
dynamically processes user messages, identifies relevant multilingual content based on semantic similarity, and constructs

contextual prompts for the language model.

Once parsed, the material is segmented into overlapping
chunks to facilitate context-aware retrieval. We use a sliding-
window approach that retains a portion of the preceding con-
tent to preserve local coherence and continuity. This overlap
is tuned to balance semantic coverage with computational
efficiency, as overly small overlaps can fragment the material
and weaken context while larger overlaps may introduce re-
dundancy and processing overhead [41]. After chunking, each
segment is processed in parallel to extract auxiliary metadata
for downstream indexing and retrieval tasks.

Key tasks in this pipeline include:

o Al-generated Metadata. Using OpenAI’s GPT-40 mini,
titles, summaries, and recommended questions are gen-
erated for each material. These additional details supple-
ment the content and allow for faster answer retrieval.

+ Embedding and Language Detection. Embeddings for
each chunk are obtained, and the material’s language is
detected, both stored as metadata. Embeddings for the Al-
generated summaries are also created, which are crucial
for the materials filtering step discussed in Section III-B

¢ Question-Answer (QA) Pool Generation. A pool of
possible questions and corresponding answers is gen-
erated for each chunk using the OpenAl GPT-40 mini
model. Embeddings of the questions are saved for use
in the cosine similarity calculations outlined in Section
III-B. This QA pool serves as the primary knowledge
base from which the system retrieves information.

B. Query Handling Pipeline

Upon receiving a user query, the system computes its
embedding to facilitate semantic retrieval. We use a multi-
lingual embedding model selected for its balance of efficiency

and cross-lingual performance.? Concurrently, the query’s lan-
guage is automatically identified using a language detection
module.® These components are modular and can be substi-
tuted based on deployment constraints or model availability.

To ensure contextual relevance, the retrieval process begins
by filtering the corpus to include only materials associated
with the user’s class or domain. This scoped retrieval ensures
that the chatbot only considers materials uploaded by the
relevant instructor, aligning with the principles of RAG. Since
both the user query and the indexed materials may exist
in different languages, the system aligns them through a
lightweight translation step. Although the embedding model
supports multilingual input, empirical evidence suggests that
aligning both inputs in the same language before embedding
often improves retrieval accuracy [42].

Semantic similarity is computed between the query em-
bedding and precomputed embeddings of question-answer
(QA) pairs drawn from the processed educational materials
(see Section III-A). Cosine similarity is used as the distance
metric, with a threshold of 0.8 applied to select only highly
relevant matches. This threshold is calibrated to strike a
balance between precision and recall, as setting it too low
risks retrieving irrelevant material, while overly high values
may exclude semantically useful content that is not an exact
match.

Once the most relevant QA pairs are identified, their content
is used to construct a context-aware prompt for generation.
This prompt includes the user query, the immediate conversa-
tion history (typically the previous ten turns), and summaries
or titles associated with the retrieved QA pairs. This aggre-

%In our deployment, we use OpenAl’s text-embedding-3-small model.
3Implemented using Azure’s Language Detection APL
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gated context is passed to the language model to produce a
grounded and coherent response tailored to the user’s question.

C. Dynamic Prompt Engineering

Dynamic prompt engineering involves creating adaptable
prompts that adjust based on user input and context, enabling
the framework to generate accurate question-answer pairs and
to handle multilingual queries effectively. This section details
the structure and application of our dynamic prompts, which
are designed to address specific needs in educational contexts.

1) Creating Question-Answer Pairs: This prompt is de-
signed to understand the material, formulate relevant ques-
tions, and identify concise, informative answers that match the
intent of the educational content. The full prompt is shown in
Figure 2a. Components of the prompt include:

« Content Introduction. The prompt begins by presenting
the educational material within a defined text block,
identified as content.

« Language Specification. It specifies the language of
the content, ensuring both questions and answers are
generated in the same language.

e Focused and Exhaustive Question Generation. The
prompt generates only content-answerable questions, con-
tinuing until all possible questions are exhausted.

« Output Format. Responses are structured in JSON, with
each Q&A pair as an object, ensuring seamless chatbot
integration.

o Temperature and Sampling Settings. The model is set
with a temperature of 0 and a top_p value of 0.1.

2) Processing and Answering Queries: The query process-
ing prompt is designed to guide the chatbot in answering
questions with contextually relevant and language-specific
responses. Instructing the chatbot to act as a teaching assistant
helps ensure that responses are comprehensive, context-aware,
and tailored to the student’s level and the language of the
query. The system retrieves relevant materials and utilizes both
the current query and historical context to formulate accurate
and helpful answers. Components of the prompt include:

o Teaching Assistant Role Definition. The prompt starts
by setting the chatbot’s role as Cipherbot, a teaching
assistant for a specific class and educational level.

« Class Instruction Contextualization. The chatbot refer-
ences class-specific details, dynamically generated by a
modular function to ensure course-aligned responses.

o Student Personalization. The chatbot addresses students
by name, enhancing engagement and a sense of person-
alization through an instruction function.

o School Level Adaptation. A function adjusts detail,
vocabulary, and response length to match the student’s
educational level.

« Language Specification. A function ensures responses
match the query language, maintaining linguistic consis-
tency in multilingual interactions.

« Follow-Up and Formatting Guidance. The prompt en-
forces JSON formatting and allows follow-up questions
when relevant.

IV. FRAMEWORK VALIDATION
A. Data Gathering

To evaluate the cross-lingual capabilities of EduX-RAG,
we selected 13 academic journals, each written in a different
language and covering distinct, non-overlapping topics. With
the selection of languages, we sought to include both widely
spoken languages, such as English, Chinese, and Arabic, and
languages commonly confused due to linguistic similarities,
as identified in [43] (see Figure 3).

B. Evaluation Metrics

To assess the effectiveness of the EduX-RAG framework,
we define a set of evaluation metrics that reflect its ability
to manage complex multilingual interactions in educational
settings. These metrics are designed to evaluate core capa-
bilities such as accurate language detection, robust content
retrieval across languages, and coherent handling of language
switching and mixed-language inputs. Together, they provide
a structured foundation for evaluating system performance in
realistic, multilingual classroom environments.

1) Language Identification: Accurate language identifica-
tion is a foundational requirement for any multilingual edu-
cational chatbot. It enables appropriate content retrieval and
response generation by ensuring that the system correctly
interprets both the language of instructional materials and
student queries.

We evaluate three widely used language detection tools:
Python’s langdetect library [44], Microsoft Azure Lan-
guage Detection API [45], and OpenAI’s GPT-40 mini model
[46]. Each tool is tested on a multilingual dataset (see Table 3)
consisting of questions with known ground-truth language
labels. Performance is evaluated using the following metrics:

« Language Identification Accuracy (LIA): The propor-

tion of queries where the predicted language matches the
ground truth. Defined as:

Number of language match

LIA = -
Total number of queries
o Precision and Recall (per language): Precision mea-
sures the proportion of correctly identified instances
among all predictions for a given language, while recall
measures the proportion of correctly identified instances
among all actual instances of that language.

2) Query Resolution Evaluation (Answered and Unan-
swered): We evaluate EduX-RAG’s ability to resolve user
queries across both language-matched and cross-lingual sce-
narios by measuring how effectively it distinguishes between
answerable and unanswerable questions. This assessment cap-
tures not only the system’s response generation capacity but
also its self-awareness in recognizing gaps in knowledge.

« Answered Question Rate (AQR): The proportion of user
queries that receive a substantive, informative response.
Formally:

Number of answered queries

AQR =
Q Total number of queries
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( start of TEXT )

{content}

( end of TEXT ) Content Introduction
TASK:

Generate a question answering pool in {language} for comprehensive understanding on the given
TEXT. Language Specification
Generate only the questions which are answerable only based on the given TEXT.

Do not generate about the references or citations.

Generated questions should not refer the given TEXT as 'in the text', instead include
keywords. Focused and Exhaustive
Use the same (or majority) language for question and answer as the TEXT. Question Generation
Respond in the following JSON format:

- questions (array of question object (question, answer))

-- question (string) : the question

-- answer (string) : the answer {questions}

Your response in JSON:

"" questions_instruction = f""" You have generated already the below questions, so do not
generate the same questions:
== {questions} ==
Do not generate questions if you cannot generate anymore, just return an empty list

Output Format

(a) Prompt used for generating synthetic question—answer pairs from
parsed educational materials. This step enables the construction of

a searchable QA pool to support retrieval during user interactions.

“You are a teaching assistant, Cipherbot, your role is to assist {school_level label} students of
the class, {class_name}, in understanding "
"by providing answers only derived from the retrieved materials and the given context, including

your previous responses and the student's messages.\n" Teaching Assistant Role Defenition
"{class_instruction}" Class Instruction Contextualization
"{student_name_instruction}" Student Personalization
"{school_level_instruction}" School Level Adaptation

“When student requests for further information or more detailed explanations, you must look into
previous context for a corresponding answer.\n"

“{language_response_instruction}”

“If the question cannot be answered from the retrieved materials or the given context, "

“be sweet and apologetic and guide them towards asking more appropriate guestions.\n"

)

'~ Your final output should be in this JSON format:\n'

"{"response": "<your response with citations>", "follow_up_questions’: ["<questionl>", "
<question2>", "<question3>"]}\n'

"~ Make your response in markdown formatting in the right places, including line changes, bullet
points, numbered points, and bold text to improve clarity and readability (without title).\n"

"- Generate maximum 3 follow-up questions without bullet/numbered points which are contextually
appropriate and answerable based on the retrieved materials while ensuring that the their
language matches response's language.\n"

)

(b) Prompt structure used for responding to user queries. It integrates
the query, prior conversation history, and retrieved question—answer
pairs to ensure accurate, context-aware, and grounded responses.

Fig. 2: Prompt engineering in EduX-RAG. (a) illustrates the generation of question—answer pairs during material preprocessing
to support downstream retrieval, (b) shows the construction of response prompts that combine the user query with relevant

context retrieved from the indexed materials.

« Unanswered Question Rate (UQR): The proportion
of queries for which the system explicitly indicates its
inability to provide an answer (e.g., through fallback
responses such as “I’'m not sure how to answer that”).
This reflects the framework’s capacity for calibrated
uncertainty:

Number of unanswered queries

UQR =
Q Total number of queries

o Classification Accuracy (CA): A weighted metric that
combines the accuracy of both answered and unanswered
predictions, taking into account the relative proportion of
each:

CA = (AQR X Accanswered) + (UQR X ACCunanswered)

3) Multilingual Content Retrieval Accuracy: Given that

EduX-RAG is designed to operate across diverse languages,
the accuracy of content retrieval is critical to its overall per-
formance. We evaluate the framework’s ability to retrieve rel-
evant educational materials and align them with user queries,
regardless of language.

o Material Citation Accuracy (MCA): The proportion
of responses in which the correct source material is
cited, based on known ground-truth associations between
questions and materials:

MCA — Correctly cited materials

" Total material references

« Response Similarity Score (RSS): Measures the seman-
tic similarity between the system-generated response and
the reference answer, independent of language. This is
computed using cosine similarity between the embedding
vectors of the generated and expected answers:

A-B iy AiBi
RSS = cos(f) = — dic

IAlBI - /S, 42>, B?

where A and B are embedding vectors of the generated
and ground-truth responses, respectively.

4) Language Switching Handling: In multilingual ed-
ucational settings, students often switch languages mid-
conversation to improve understanding or clarify concepts.
To support such fluid interactions, a robust chatbot must
dynamically detect and adapt to language changes within
ongoing dialogues.

We evaluate this capability using the Language Consis-
tency Score (LCS), which measures how consistently the
chatbot responds in the same language as the user query.
For example, if a student transitions from English to Spanish
during a conversation, the system should detect the switch and
respond in Spanish. The LCS is computed as:

LCS — Number of language-matched responses

Total number of responses

A higher score indicates better alignment between the re-
sponse language and the user’s intended language, reflecting
the chatbot’s ability to manage dynamic language switching
accurately.

5) Common Language Confusion Management: A critical
challenge in cross-lingual systems is distinguishing between
closely related or commonly confused languages, such as
Finnish—Estonian or Arabic—Persian. These language pairs of-
ten share syntactic structures, vocabulary, or phonetic similar-
ities, making accurate identification and retrieval particularly
difficult.

Rather than introducing a separate metric, we evaluate
confusion management implicitly through existing metrics
above, specifically, LIA, MCA, and RSS. By including these
linguistically challenging language pairs in our test suite, we
assess whether EQuX-RAG can maintain retrieval and response
quality without misclassification or degradation. This ensures
the framework’s robustness in handling real-world multilin-
gual interactions involving subtle linguistic distinctions.
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Region Language Topic Journal Title Total Question-
Answer Pool
East Asian Chinese 5G Network 5G MERARRIMRIIE Bia 162
Japanese Society HLE. HERAHLTEFRHREESE 131
Hot=h
Korean IoT ToT C|B0| A5 283t W EQHH AjAg Q) 104
TH UMY
South-East Tagalog Politics Ang Estetika, Politika, at Ideolohiyang Pilipino 355
Asian sa Arkitekturang Filipino: Ang Kaso ng Ilang
Antigong Bahay sa Malolos, Bulacan
Indonesian Asian History Isu Tabungan Orang Melayu dalam Sejarah 322
Pengerjaan Haji Era Kapal Laut
Afro- Arabic Education Shidga s e el (Ml el e o 3l g el gl 214
Asiatic gt daala Ay il LK AL
Persian Humanitieis Iaeadle ylate 31 sl iy jai by O ol )l g ol JuS 405
Somali History Qaaccessa Qabiyyee Faaruu Loonii Hawaasa 276
Oromoo Booranaa
European  Spanish Data Science Compartir datos de investigacion: reflexiones 150
desde el ethos de la ciencia de Robert K. Merton
Finnish Personal Work Palkkioiden ja optimistisuuden yhteydet 287
Goals henkilokohtaisiin tyStavoitteisiin
Estonian Literacy Kuidas lugeda kaaneteksti? Algupéraste 333
proosaraamatute kaanetekstide analiiiis
Norwegian Literature Det absurde ved 4 vare fanget i blodbankende 261
materie
Americas English Entrepreneurship  The interplay of context and entrepreneurship: 145
the new frontier for contextualisation research
3145

Fig. 3: Testing Dataset. List of the 13 multilingual journal used in the evaluation of the EduX-RAG framework, showing the
region, languages grouped by region, the journal titles, and the number of questions with answers Cipherbot generated for
each. The 3145 questions were used in the cross-lingual evaluation presented in this research.

V. RESULTS

A. Language Identification

We evaluated three language identification tools across
3,145 multilingual QA pairs (Fig. 3) using the material’s
original language as ground truth. As shown in Table I,
OpenATI’s model achieved the highest raw accuracy (91.7%),
while Azure’s Language Detection API demonstrated superior
precision (86.1%) and recall (81.8%). This suggests that while
OpenAl may better match the majority language, Azure is
more consistent across a diverse language set and better
at avoiding misclassifications, making it more suitable for
deployment in educational contexts.

Notably, all tools struggled with linguistically similar pairs
such as Malay—Indonesian and Somali—-Oromo. These results
underscore the challenge of differentiating between closely
related languages and highlight the need for future work

TABLE I: Language Identification Tools Comparison. Highest
values in bold.

Tool Accuracy  Precision  Recall
LangDetect 0.884 0.762 0.757
Azure API 0.900 0.861 0.818
OpenAl 0.917 0.714 0.667

focused on fine-grained disambiguation in low-resource lan-
guage settings.

B. Query Resolution Evaluation: Answered and Unanswered

EduX-RAG successfully answered 92% of all queries,
demonstrating its ability to retrieve relevant information even
in cross-lingual scenarios. Only 7.79% of queries were classi-
fied as unanswered, often due to insufficient overlap between
query content and indexed material. This high answer rate
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illustrates the system’s effectiveness in managing diverse mul-
tilingual inputs.

To validate classification accuracy, we reviewed unanswered
queries with high embedding similarity scores (above 0.7)
and found that 31% may have been misclassified. A majority
(85%) of these occurred in Chinese-related queries, suggesting
language-specific retrieval or encoding issues that warrant
further investigation. Additionally, 28.2% of answered queries
had lower-than-expected similarity scores (below the 25th
percentile), suggesting that while answers were generated, they
may have lacked alignment with the most relevant material.

Despite these edge cases, the overall classification accuracy
of 71.57% remains strong given the complexity of multilingual
retrieval. Future work can explore adaptive thresholds or
confidence-based mechanisms to better distinguish ambiguous
cases.

C. Multilingual Content Retrieval Accuracy

1) Material Citation Accuracy: To evaluate EduX-RAG’s
ability to accurately cite educational materials across multiple
languages, we analyzed the responses to 577 multilingual
questions. The goal was to assess how well EduX-RAG
retrieved the correct source material in its responses, even
when the query language differed from the language of the
educational content. Out of the 577 questions processed,
only one instance of material mis-reference was observed.
Table II details the conversation where this mis-referencing
occurred. Regardless, the overall material citation accuracy
remains extremely high, with this being the only observed
mis-reference out of 577 interactions, yielding 99% accuracy
on this metric.

2) Response Similarity Score: Figure 4 illustrates the dis-
tribution of cosine similarity scores between generated and
reference answers. Answered queries consistently show higher
similarity values, validating the effectiveness of the retrieval
and response generation pipeline. Unanswered queries show
more variance, but some still exceed the 0.7 similarity thresh-
old, further supporting our earlier observation of conservative
misclassification.

The mean similarity score across all responses was 0.70
(SD = 0.20), with a peak of 0.98, indicating high semantic
alignment even under challenging multilingual conditions.
These results demonstrate that EduX-RAG generates content
that remains semantically faithful to ground-truth responses
across languages.

D. Language Switching Handling

EduX-RAG achieved a 73% language consistency score
in our evaluation of language switching, indicating that the
system responded in the same language as the query in the
majority of cases. The remaining 27.21% (157 out of 577
cases) were language mismatches, most frequently involving
Tagalog, Finnish, Estonian, Korean, and Spanish.

These results suggest that while the system handles most
mid-conversation language transitions effectively, further re-
finement is needed for real-time language switch detection,
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Fig. 4: Box plots for the different Question and Answer
similarity scores.

especially for less frequently seen or morphologically complex
languages. Enhancing language continuity in response gener-
ation remains an important direction for future work.

VI. DISCUSSION

EduX-RAG was designed to address two central research
questions: whether RAG framework can effectively man-
age multilingual content in educational settings (RQ1), and
whether prompt engineering techniques can support language-
switching in dynamic, cross-lingual conversations (RQ?2).

For RQ1, our results strongly support the viability of a
RAG-based approach for multilingual educational dialogue.
The framework achieved a 92% answered question rate and
99% material citation accuracy, even when the query and con-
tent were in different languages. This shows that embedding-
based retrieval is not only language-agnostic in theory but
functionally reliable in practice when paired with multilingual
educational materials. Moreover, the high performance across
both high-resource and closely related language pairs (e.g.,
Finnish—Estonian, Arabic—Persian) confirms the robustness of
the retrieval pipeline in linguistically ambiguous contexts,
which was a known challenge for prior chatbot systems. The
90% language identification accuracy further contributed to
this performance by ensuring that queries were routed through
the appropriate language-specific retrieval processes. While
this step may seem straightforward, it is critical in multilingual
deployments where incorrect detection could lead to retrieval
from entirely irrelevant content domains. These results confirm
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entrepreneurship.

TABLE II: Only mis-referenced response from the chatbot. In this case, the question was posed in Chinese, but the material
referenced in the response came from a Somali history journal rather than the correct English journal on entrepreneurship.

that RAG can be extended beyond monolingual environments
if the pipeline is carefully structured to support language
awareness at each step.

In addressing RQ2, EduX-RAG’s dynamic prompt engi-
neering was effective in preserving conversational coherence
during mid-session language transitions. A 73% language
consistency score indicates that, in most cases, the chatbot
responded in the same language as the query, even in settings
involving code-switching or rapid language shifts. This level of
control, achieved through prompt design rather than retraining,
shows promise for systems that need to adapt flexibly to
multilingual input without tightly coupling to a single model
per language. However, the 27% mismatch rate suggests that
generation remains a more brittle component than retrieval
in this architecture. This likely reflects the current limitations
of generative models, particularly in cross-lingual settings
where the system must infer not only intent but also linguistic
preference. Nevertheless, the use of prompts for controlling
response language rather than hard-coded templates or rule-
based post-processing offers a scalable direction for managing
multilingual dialogue.

VII. CONCLUSION

This work introduced EduX-RAG, a framework that com-
bines Retrieval-Augmented Generation with prompt engineer-
ing to support multilingual educational chatbots. Evaluated
across 13 languages and deployed in multilingual academic
environments, EduX-RAG demonstrated strong performance
in retrieval accuracy, language identification, and multilin-
gual response generation. Its design enables context-aware,
grounded responses, even in complex cases involving language
switching or closely related language pairs. While challenges
remain particularly in generation-level language control and
system generalization to underrepresented languages, EduX-
RAG provides a solid foundation for building more inclusive
and adaptable Al-driven learning tools. By prioritizing re-
trieval and linguistic flexibility, it offers a practical step toward
more accessible educational technologies.
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