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Abstract: Accessing timely and accurate institutional infor-mation remains a challenge for students and faculty in en-gineering
colleges. This paper presents UNIguide, a domain-specific intelligent chatbot designed to answer university-related queries using
a Retrieval-Augmented Generation (RAG) pipeline integrating hybrid retrieval, neural re-ranking, query validation, and
semantic caching. Hybrid retrieval combines dense vector search with BM25 sparse keyword retrieval, improving recall for both
semantic and lexical queries. A cross-encoder re-ranking stage further refines document ordering before answer generation by
the Google Gemini large language model. Experimental results demonstrate improved retrieval accuracy and reduced latency
through seman-tic caching.

Index Terms: Retrieval-Augmented Generation, Hybrid Search, BM25, Neural Re-Ranking, Conversational Al, University
Chatbot

L. INTRODUCTION
Engineering colleges generate large volumes of information including admission procedures, department curricula, faculty profiles,
placement records, and event announcements. Stu-dents often struggle to locate relevant information from static institutional
websites.
Conversational agents provide an intuitive solution where users can ask questions using natural language and receive pre-cise
answers. However, large language models lack awareness of institution-specific knowledge unless domain information is supplied
during inference.
Retrieval-Augmented Generation integrates information re-trieval with generative language models, allowing responses to be
grounded in retrieved documents. UNIguide extends this architecture by incorporating hybrid retrieval, neural re-ranking, semantic
caching, and query validation.

1. LITERATURE REVIEW
Early chatbot systems relied on rule-based approaches and keyword matching techniques. These systems struggled with paraphrased
queries and complex natural language interac-tions.
Recent advancements in transformer-based models signifi-cantly improved conversational Al systems. Dense Passage Re-trieval
introduced semantic embeddings capable of represent-ing contextual relationships between queries and documents.
BM25 remains an effective sparse retrieval algorithm us-ing term frequency and inverse document frequency. Hybrid retrieval
approaches combine dense embeddings and BM25 retrieval to improve recall.
Cross-encoder neural models improve ranking quality by jointly encoding query-document pairs.
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1. SYSTEM ARCHITECTURE
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Fig. 1. UNIguide system architecture
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The UNIguide system follows a multi-stage pipeline consist-ing of validation, retrieval, re-ranking, and response generation
components.

A. Query Validation
Incoming queries are validated to detect requests that fall outside the system scope such as real-time data queries or personal record

lookups.

B. Hybrid Retrieval
The retrieval stage combines dense vector search and BM25 sparse retrieval.

C. Neural Re-Ranking
A cross-encoder model ranks candidate documents based on semantic relevance.

D. Answer Generation
The final answer is generated using the Google Gemini large language model.

(AVA ALGORITHM

Algorithm 1 UNIguide Query Processing Pipeline

1: Input: User Query Q

2: Validate Query

3: if Query invalid then

4:  Return refusal message

5. end if

6: Check semantic cache

7: if Cache hit then

8:  Return cached response

9: end if

10: Extract intent and entities

11: Retrieve documents via dense vector search
12: Retrieve documents via BM25 search

13: Merge results using RRF

14: Re-rank using cross encoder

15: Generate response using LLM 16: Store response in semantic cache 17: Return final response

V. IMPLEMENTATION AND RESULTS
The UNIguide system was implemented using Python with Flask as the backend framework and React for the user interface.
Pinecone was used for vector storage while Gemini APIs were used for embeddings and response generation.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2210



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue 111 Mar 2026- Available at www.ijraset.com

A. Retrieval Performance

TABLE |
RETRIEVAL QUALITY COMPARISON

Method Precision@5|NDCG@5
Dense Only 0.71 0.68
BM25 Only 0.65 0.62
Hybrid RRF 0.84 0.82
Hybrid + Re- 0.89 0.87

rank

B. Dashboard Interface

| UNIGuide BVCEC Home  About Foatures StudontSorvices  Contoct/Holp

College Assistant

C. Chatbot Interface

Fig. 3. UNIguide chatbot interface

VI.  CONCLUSION
UNIguide demonstrates how hybrid retrieval and neural re-ranking can significantly enhance the effectiveness of univer-sity
information chatbots. By combining dense vector search with BM25 sparse retrieval, the system improves the accuracy and
relevance of retrieved documents for both semantic and keyword-based queries. The integration of a cross-encoder neural re-
ranking stage further refines the ranking of retrieved results, ensuring that the most contextually relevant informa-tion is provided to
users.
The implementation of semantic caching plays an im-portant role in reducing response latency and improving system efficiency,
particularly for frequently asked queries. By storing and reusing previously generated responses, the system minimizes redundant
computations and provides faster interactions for users. Experimental evaluation shows that the hybrid retrieval with neural re-
ranking approach achieves higher precision and ranking quality compared to using dense or sparse retrieval methods alone.
The proposed UNIguide system offers a scalable and effi-cient solution for handling institutional queries in academic environments.
It simplifies access to university-related infor-mation such as admissions, curriculum details, faculty in-formation, and campus
resources through a conversational interface, thereby improving the overall user experience for students and staff.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 2211



International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue 111 Mar 2026- Available at www.ijraset.com

Future work will focus on expanding the system’s capa-bilities by incorporating multilingual support to accommodate diverse user
populations. Additionally, integrating structured institutional databases and knowledge graphs could further improve answer
accuracy and enable real-time information retrieval. Enhancing contextual conversation memory and in-corporating feedback-driven
learning mechanisms may also improve the chatbot’s ability to handle complex multi-turn in-teractions. These advancements will
help transform UNIguide into a more intelligent, adaptive, and comprehensive university information assistant.
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