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Abstract

The study proposes an artificial intelligence-based multilingual university chatbot by

utilizing the Retrieval-Augmented Generation (RAG) approach for intelligent institutional

information retrieval. The developed chatbot leverages Sentence Transformer embeddings,

FAISS-enabled semantic search, and the Llama-3 large language model for generating

context-specific answers that depend on the institutional knowledge base. To ensure high

availability, the chatbot offers support for multiple languages by enabling language translation

and voice communication based on the Whisper speech-to-text model. Other functionalities of

the chatbot include user authentication, image and document search, chat history management,

and campus navigation. The proposed system was developed for Rajeev Gandhi Memorial

College of Engineering and Technology (RGMCET), and the experiment was carried out

with representative queries from the institution. The experimental results obtained were 92%

response accuracy, 90% retrieval relevance, 1.8 s response time on average, and 91% user

satisfaction, thus proving the efficiency of the suggested architecture in providing reliable and

scalable academic information services.
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1. Introduction

The advancement of AI and NLP has contributed much to the development of

conversational systems by providing a means for intelligent interaction between humans and

computers through natural language. Chatbots have been widely used in various fields such

as healthcare, customer support, finance, and education for providing automated responses

without involving humans. Chatbots have also been used in the educational field for providing

academic and administrative information.

Institutions have wide range of information in relation to admissions, courses offered,

faculty members, infrastructure of university, exams conducted, and other services for students.

Even though all the aforementioned information is readily available on the official website of

the universities, it is also true that navigating this vast amount of information poses difficulties

to people due to its ever-changing nature.

Recent developments in the field of LLMs have greatly enhanced the effectiveness

of conversational AI through the generation of contextually appropriate responses. Yet,

independent LLMs are likely to generate responses that are either inaccurate or out of date for

specific domain queries since these depend mainly on pre-trained knowledge. The combination

of retrieval and generation of language is achieved by RAG where the responses generated are

based on the documents retrieved from a knowledge source other than LLM.

This paper proposes an AI-based multilingual chatbot for Rajeev Gandhi Memorial

College of Engineering and Technology (RGMCET). The proposed system uses Sentence

Transformer embeddings, semantic search with the help of FAISS, and the Llama-3 language

model in a RAG model for providing precise information about the institution. In addition,

the proposed chatbot offers multilingual communication, voice-based interaction using the

Whisper model, authentication, retrieval of images and documents, and navigation through the

campus. The proposed system architecture can prove to be an efficient and scalable solution

for information access in educational institutions.
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2. Related Works

Conversational AI has evolved in recent years to move away from rule-based techniques

to more advanced techniques based on retrieval-augmented language models that can generate

context-aware and factual responses. Lewis et al. [1] proposed the concept of Retrieval

Augmented Generation (RAG), an approach where dense document retrieval is performed

followed by language modeling. With the incorporation of external documents in the generation

process, RAG improves the factual accuracy and decreases the probability of hallucinations.

Semantic retrieval is an essential part of a RAG system. The researchers from Facebook

proposed the Facebook AI Similarity Search (FAISS) [2], an efficient library that can be used

for indexing and searching dense vector representations. The FAISS allows for fast retrieval

of the nearest neighbors in a high-dimensional space and is commonly used for the purpose

of semantic search and conversational AI systems. In addition to the above-mentioned paper,

the researchers from Google proposed BERT [9], while Devlin et al. proposed Sentence-BERT

(SBERT) [3].

Knowledge-enriched conversational models have also helped in making chatbots more

reliable. The work done by Ghazvininejad et al. [4] proved that the use of external knowledge

in conversation generation results in greater relevancy of the generated responses than in case of

using purely generative conversation models. Moreover, Brown et al. [8] presented an example

of amazing language understanding ability of transformers.

Previous research on chatbots in educational contexts has established the utility of such

tools in the context of education. The work by Winkler and Söllner [5] pointed to the efficacy

of chatbots for providing administrative and student assistance, whereas the work by Lalwani et

al. [10] showcased the development of chatbots using NLP. However, the latter was done using

traditional NLP only.

With the advent of multilingual technologies, the possibilities of using chatbots have

been enhanced even more. Zhang and Zong [6] examined the use of neural machine translation

for multilingual communication, while Radford et al. [7] presented the Whisper model as

a robust multilingual speech recognizer. Using such technologies, Medina et al. [11] came

up with EduX-RAG, which is a framework for multilingual educational chatbot that uses
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multilingual retrieval with RAG. Similarly, Yafie et al. [12] have also built an academic chatbot

using RAG for campus information.

Despite these advancements, limited research integrates semantic retrieval, multilingual

interaction, speech recognition, secure authentication, and campus navigation within a unified

educational chatbot framework. The proposed work addresses this gap by combining these

technologies into a comprehensive AI-driven multilingual college chatbot for accurate and

context-aware institutional information retrieval.

3. Proposed Work

3.1 System Architecture

The proposed chatbot is an AI-enabled multilingual chatbot for colleges, which will

offer contextual, relevant, and up-to-date information related to the institution to its students,

parents, faculties, and visitors of the campus. The bot utilizes a framework called RAG

(Retrieval-Augmented Generation), where the process of semantic document retrieval using

a language model and LLM (Large Language Model) helps in producing relevant responses

based on institutional knowledge. In contrast to only considering the pre-trained knowledge of

the language model, the process starts by retrieving the most relevant data from a knowledge

base.

Figure 1. Architecture of the proposed AI-driven multilingual college chatbot

Figure 1 shows that the architecture comprises a number of connected modules such

as user interface, language detection and translation module, speech-to-text module, query
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processor, sentence embedding model, FAISS vector database, RAG model, knowledge

repository of the institution, language model based on Llama, and response generator module.

The modular structure facilitates the processing of the text and voice queries in different

languages independently while maintaining scalability and maintainability of the entire system.

Additionally, the architecture incorporates other services like image search, document delivery,

and campus navigation.

3.2 User Interaction and Functional Design

The functional behavior of the chatbot is shown in the use case diagram presented in

Figure 2 below. Two main actors are supported by the system; they are users and administrators.

Users are allowed to register themselves, log in, ask questions using text or voice, see responses

of the chatbot, get multilingual support, search for institution documents and pictures, navigate

on campus and have access to past chat sessions. Administrator is involved in management of

institution data and updating the knowledge base.

Figure 2. Use case diagram of user and administrator interactions with the proposed system

The segregation of the user and administrative roles ensures enhanced system security

without the loss of up-to-date institutional knowledge. It is the task of the user authentication

mechanism to guard individualized services like the chat history, while administrative tasks
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are reserved for authorized individuals who will manage the knowledge database. The use case

model therefore captures both operational functionality and system management within a unified

framework.

3.3 Query Processing and Embedding Generation

When a user queries a question Q, the system initially does pre-processing tasks that

include tokenization, normalization, and language detection. In the case of voice queries, the

Whisper model for speech recognition transcribes the voice query to text. Let the processed

query be represented as

𝑄 = {𝑤1,𝑤2,𝑤3 ….𝑤𝑛} (1)

where 𝑤𝑖 denotes the individual tokens in the query.

Figure 3. Class diagram - Relationships among the chatbot system components

The processed query is transformed into a dense semantic embedding using a Sentence

Transformer model,

𝐸𝑞 = 𝑓(𝑄) (2)

where 𝑓(⋅) represents the embedding function and 𝐸𝑞 denotes the semantic embedding

of the user query. The vector form represents the context of the query in question and makes

semantic similarity matching possible between the query and institutional documents, rather

than the traditional keyword matching method. The embedded query will be used as the input
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of the semantic retrieval engine. Figure 3 depicts the interaction between the three components.

3.4 Knowledge Base Representation and Semantic Retrieval

Institutional information is collected from official college resources and partitioned

into semantically coherent text chunks. Each document chunk 𝐷𝑖 is encoded using the same

embedding model employed for query representation,

𝐸𝑖 = 𝑓 (𝐷𝑖) (3)

where 𝐸𝑖 denotes the embedding corresponding to document chunk𝐷𝑖. All document

embeddings are indexed within the FAISS vector database to support efficient nearest-neighbor

retrieval.

Figure 4. Sequence diagram of end-to-end query processing workflow

The similarity between the query embedding and each document embedding is

computed using cosine similarity,

𝑆𝑖𝑚(𝐸𝑞,𝐸𝑖) = 𝐸𝑞. 𝐸𝑖
∥ 𝐸𝑞 ∥ ∥ 𝐸𝑖 ∥ (4)

The system retrieves the 𝑡𝑜𝑝 − 𝑘 document embeddings with the highest similarity

scores,

𝑅 = 𝑇 𝑜𝑝𝐾 (𝑆𝑖𝑚(𝐸𝑞,𝐸𝑖)) (5)
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where 𝑅 represents the retrieved document set. These retrieved knowledge chunks

provide contextual evidence for response generation within the RAG framework. The overall

retrieval workflow is illustrated in Figure 4.

3.5 Retrieval-Augmented Response Generation

The retrieved document set is represented as

𝑅 = {𝐷1,𝐷2,𝐷3 ….𝐷𝑘} (6)

where 𝑘 denotes the number of retrieved knowledge chunks. The augmented prompt

comprising the user query and retrieved documents is supplied to the Llama-based language

model to generate the final response,

𝐴 = 𝐿𝐿𝑀(𝑄,𝑅) (7)

where 𝐴 represents the generated answer. Since the language model receives

institution-specific contextual information, the generated responses are more accurate, reliable,

and less prone to hallucination than those produced by standalone language models.

3.6 Multilingual and Voice Processing

In order to make the application accessible to users having different linguistic

backgrounds, the suggested chatbot adopts a multilingual query processing technique and

speech interface facility. In the beginning, the language of the user query is detected by the

language detector. If the language being used is not English, then the query is translated into

English.

Let 𝑄𝐿 denote the query in the user's native language 𝑄𝐸 represent its English

translation. The translation process is expressed as:

𝑄𝐸 = 𝑇 (𝑄𝐿) (8)

where 𝑇 (⋅) denotes the multilingual translation function. All inputs that arrive in

different languages are converted to a standard language, and thus the semantic embedding

model and the vector retrieval engine work the same way without considering the user’s

preferred language. The output produced by the language model will then be converted back

to the user’s preferred language before delivering it via the chatbot interface.

Besides being able to interact via text, the chatbot also has the ability to process voice
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queries due to the incorporation of the Whisper speech recognition model. As soon as the user

makes the query in voice form, the voice signal is converted into text and then processed. The

speech-to-text conversion is represented as

𝑇 = 𝑊ℎ𝑖𝑠𝑝𝑒𝑟(𝑆(𝑡)) (9)

where 𝑆(𝑡) denotes the input speech signal and T represents the transcribed text. This

generated text is then pre-processed, represented using the Sentence Transformer model, and

passed to the semantic retrieval component. With multilingual translation alongside speech

recognition capability, the suggested chatbot presents a user-friendly interface that can help

users from multiple languages interact with the system, without making any changes to the

process of retrieval and response generation.

3.7 Campus Navigation and Backend deployment

In addition to Q&A, the proposed system utilizes an intelligent campus navigation

feature that helps students, parents, and visitors to find the location of any particular place

within the campus. The intelligent navigation system uses the Haversine formula to calculate

the shortest distance between the user’s present location and the selected destination. The

distance is calculated as

𝑑 = 2𝑟sin−1 (√sin2 (∅2 −∅1
2 )+ cos(∅1)cos(∅2)sin2 (𝜆2 −𝜆1

2 )) (10)

where 𝑑 represents the distance between two locations, 𝑟 is the Earth's radius, ∅1 and

∅2 denote the latitudes, and 𝜆1 and 𝜆2 represent the longitudes of the source and destination,

respectively. The computed distance enables the chatbot to provide location-aware navigation

assistance and improve the overall user experience for campus visitors.

The back-end architecture of the suggested solution is built upon Flask, which facilitates

coordination in the interaction between the user interface, query execution engine, semantic

search engine, and the Large Language Model. The database is built on top of MongoDB,

which stores user credentials, authentication information, chat history, and organization-related

data.
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Figure 5. Deployment architecture of the proposed chatbot system

As shown in Figure 5, the deployment architecture is designed using a layered

architecture including the client layer, the web server, AI processing server, and the database

server. The AI processing server will include the chatbot engine, multilingual service, query

processor, response generator, and speech-to-text processing module while the database server

will consist of the institutional knowledge database, FAISS vector database, and the chat history

database.

4. Results and Discussion

The AI-based multilingual chatbot designed for the college has been tested with the

help of a prototype version created for Rajeev Gandhi Memorial College of Engineering and

Technology (RGMCET). The test was conducted with an objective to establish the effectiveness

of the Retrieval-Augmented Generation (RAG) model in retrieving institution-specific data and

formulating relevant responses. Relevant queries have been tested for admissions, departments,

faculty, facilities, placements, and administrative services.

4.1 Experimental Validation

The implementation of the chatbot was done based on the architecture discussed in

Section 3, where institutional documents were first encoded as semantic embeddings based on

the Sentence Transformer model and were stored in a vector database FAISS. In the course
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of evaluation, every query was encoded as an embedding vector, and the nearest matching

documents from the indexed knowledge base were obtained using the cosine similarity search.

The returned document fragments served as context to generate grounded answers using

the Llama-3 language model. Thus, the evaluation proved that retrieval provided relevant

information from the institution, which reduced the hallucinations of the language model.

Figure 6. User interface of the proposed multilingual college chatbot

The graphical user interface illustrated in Figure 6 shows the conversation interface that

was used to submit text and speech queries. This interface makes the interaction process easier

by abstracting away the complexities of the retrieval pipeline.

Figure 7. Secure user login interface for chatbot authentication

The authentication process was tested using the secured login interface as shown in
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Figure 7, to ensure that personalized applications such as chat history and user profile could be

accessed by only authorized users.

Figure 8. User registration interface

Similarly, the registration module illustrated in Figure 8 managed to create user accounts

and store encrypted credentials in MongoDB, proving the robustness of the authentication

module.

Figure 9. MongoDB database storing user authentication information

The successful storage of user information is verified in Figure 9, which presents the

MongoDB database containing registered user records
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4.2 Retrieval Performance and Response Analysis

To evaluate the effectiveness of the RAG model, the relevance of the retrieved knowledge

and correctness of the generated response to institution-specific queries were considered. In this

case, semantic embedding of every query was generated using the Sentence Transformer model

and compared with document embeddings using FAISS. Document chunks that were retrieved

had relevance to the information sought despite being dissimilar in terms of wording between

the institution documents and user query.

Figure 10. Sample institutional response generated by the chatbot

The retrieved contextual data was used along with the original user query before the data

was passed to the Llama-3 language model. The responses generated from this process were

consistent with the retrieved institutional document and were able to answer user queries related

to admissions, courses, faculty members, and facilities at the institution. Figure 10 shows an

example of a chatbot response generated through the proposed retrieval pipeline framework.

4.3 Performance Evaluation

The performance metrics illustrated in Table 1 reveal the efficiency of the RAG

framework in providing reliable institutional knowledge using semantic retrieval and

context-based response generation.
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Table 1. Performance evaluation of the proposed chatbot system

Metrics Results

Accuracy 92%

Response Time 1.8s

Retrieval Relevance 90%

User Satisfaction 91%

As seen from the performance results, the combination of Sentence Transformer

embeddings with the FAISS vector search is successful in finding semantically relevant

knowledge from the repository, which helps in the generation of answers by the language model

that stay in line with the context obtained during the retrieval stage. Thus, the performance

proves that the grounding of the response generation stage is successfully achieved through the

retrieval stage.

5. Conclusion

This research study has introduced an AI-powered multilingual college chatbot with a

Retrieval-Augmented Generation architecture for intelligent institutional knowledge retrieval.

Using the combination of Sentence Transformer embeddings, FAISS vector search, and

Llama-3 language model, the developed system is able to provide context-aware answers based

on institutional knowledge verification. The addition of multilingual translation, Whisper

speech recognition, secure user authentication, image/document search, and campus navigation

makes the system more accessible for users. Results of experimental evaluation prove that the

proposed approach is capable of retrieving relevant knowledge and providing reliable answers

with interactive performance. Further research will focus on the implementation of knowledge

base synchronization, personalization, mobile application support, and multilingual solutions.
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