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ABSTRACT: Schools bring out a lot of academic records as reports of the students, their end-semester marks and 

course-specific materials. In some cases, certain information in such documents can only be accessed through manual 

searches. This may be tedious and less efficient, especially when dealing with multiple students’ records. Thus, the 

current study suggests the Student Information Retrieval and Summarization System with Large Language Models and 

Retrieval-Augmented Generation [1, 2]. The data utilized in this study will include the academic records of CMMS 

students of approximately 50 students in the same grade. Student ID, name of students, the name of the branch, name of 

semester, name of subject, name of subject code, grade, and student SGPA are some of the information contained in the 

dataset. The system begins by removing the text in the PDF file followed by pre-processing the data. 

 

A document chunking means that the text is further broken down into smaller fragments. This approach enhances 

precision of the information retrieved. Next, the chunks are converted to a vector embedding using the embedding 

model. This model helps in understanding the meaning of the text. Storing these vectors in a FAISS Vector Database 

[4,14] enables the process to be more efficient in retrieving the relevant information. When the user makes a query in 

natural language, the system isolates the most suitable bits of the document which has information regarding the query 

made by the user. These context fragments are then fed to a Large Language Model coupled with LangChain and 

trained on Ollama [11,12] which forms just the right answers to what the user is asking. Therefore, the system 

suggested enhances efficiency and precision of recalling the information with the responses generated. The findings 

depict that the suggested system is more efficient in retrieving more relevant and summarized responses than the 

traditional system of Information retrieval using keywords. Besides, the suggested system will reduce the time in 

which the information concerning the students will be retrieved. The proposed system thus enhances the usability of 

the information retrieval system. In addition, the proposed system enables the user to interrelate with the information 

with a natural language query. Hence, the proposed system increases the usability of the information system. 

 

This excerpt shows the possibility of applying LLMs and vector databases to create smart information systems in the 

educational profession. The proposed framework can be extended to additional applications in information 

management in the education domain. 

 

KEYWORDS: Retrieval-Augmented Generation (RAG), LangChain, Ollama, MiniLM Embeddings, FAISS Vector 

Database, Large Language Models, Student Information Retrieval 

 

I. INTRODUCTION 

 

Schools and colleges are full of academic data in the form of student data, term grades, course data and end term 

reports. Such sources of information are normally preserved as a database or document database like PDF. Though the 

data in the document format is most vital in the appropriate decision- making in the academic sphere, acquiring the 

desired information promptly by the traditional form of document is a tedious and ineffective task. For instance, 

students, professors, and other individuals might need to go through the documents one by one to obtain the desired 

information. Nonetheless, the process may be more complex and time-consuming with the increase in the amount of 

information. [1,2] 
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Conventional systems of information retrieval largely rely on information searching with the help of keywords. Such 

information search operations may be easily involved but they fail to consider the semantic meaning of information 

sought by the user. This has led to a need of coming up with smart information retrieval systems. [5,7] 

 

Recent advances in Artificial Intelligence (AI) and Natural Language Processing (NLP) led to the creation of Large 

Language Models (LLMs) to be able to understand and create human language successfully. TheLLMs may however 

be responsible of presenting wrong data to the user since they may fail to access the information needed. This has 

necessitated the creation of the information retrieval system referred to as "Retrieval-Augmented Generation" to deliver 

accurate information to the user. [6,1] 

 

This paper proposes a smart information retrieval system with the use of RAG and LLM to offer access to information 

effectively. This system enables the user to communicate with the student information in the more natural manner and 

access the information in the document-based information sets that are relevant. 

 

The suggested framework demonstrates the opportunities of RAG-based systems in the education sphere and can be 

further expanded to the other sphere where efficient document retrieval is required. 

The rest of this paper is decided as described below. In Section II, the literature survey of the existing approaches is 

given. The background and motivation of the suggested system are discussed in section III. Section IV is about the 

methodology and system 

architecture. Details of implementation are in section V and results and discussion in section VI. Lastly, Section VII 

wraps up the paper and previews future work. 

 

II. LITERATURE SURVEY 

 

The active progress of the sphere of Artificial Intelligence (AI) and Natural Language Processing (NLP) has 

significantly influenced the information retrieval systems. Overall, retrieval systems have applied mechanism of 

searching on the basis on causes of key words so that the user query terms could be matched with those of the 

document. This is a very efficient method in computation and fails to take into account the semantic meaning of user 

query. This has brought about irrelevant and incomplete information retrieval. 

 

To address this issue, scientists have tried to implement conversational and chatbot agents in the learning field. The 

older systems of chatbots were rule-based systems. These systems proved to be very efficient in supporting user queries 

but were not flexible enough to support other user query situations. This has resulted in the restriction of the use of 

these systems in the actual fields of education. 

 

The advent of systems using transformers and Large Language Models (LLMs), such as GPT, produced a significant 

influence on the effectiveness of natural language generation and comprehension. This paradigm applies the deep 

learning algorithms to effectively come up with correct and natural language-based responses. This model can process 

user queries quite efficiently, but has no access to live information. This has resulted to hallucinations in response 

generation in the model. [5,6,7] 

To solve this problem, an efficient technique called Retrieval-Augmented Generation (RAG) has been proposed. This 

method is a combination of information retrieval and generative models. The RAG framework is a Meta AI-proposed 

framework that can enhance the quality of responses by making them more relevant based on an external knowledge 

base. It is useful in order to enhance accuracy by minimizing hallucinations. [1,8] 

 

Over the last few years,vector-based similarity searching systems are noticed to be very effective in retrieving 

information. FAISS is such an aid in the efficient retrieval of information. With the help of this tool one can obtain 

information in a collection of semantically similar documents. Furthermore, it can also combine such information 

retrieval with language models with the help of tools such as LangChain. [4,11,15] 

 

In spite of all these changes, there is a lag in the application of RAG- based models to record academic changes. The 

majority of the models use databases or cannot interpret queries. This paper thus suggests a smart system of academic 

records using RAG and LLMs. [2,16] 
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III. BACKGROUND AND MOTIVATION 

 

A school can obtain access to a high level of academic information, such as information about the students, 

performance test scores, course material, and grades. This data is usually stored in either a structured form, i.e., 

databases or none structured form i.e., PDF files. Though this information is very vital in the general management and 

decision making process, it remains a challenge to extract some particular information contained in this data. [2,15] 

Typically, current information systems require the user to go through several documents or databases to get a particular 

information. This is not only time consuming, but is also unproductive particularly when dealing with large amounts of 

information. Moreover, existing keyword- based search mechanisms do not have the ability to comprehend the context 

of the query posed by the user. This usually results in wrong and incomplete information to the end- user. To illustrate 

the point, the student performance analysis information as well as information by subject cannot be located using the 

key-based search facilities. 

 

Therefore, as AI-based technologies evolve, there is an increase in the need to have an intelligent system to ease access 

to information and communication with users. Large Language Models (LLMs) have shown promising results in 

understanding and processing natural language. However, their performance is limited while working with specific 

datasets. This brings about the concept of using a hybrid system that will involve information retrieval and generation. 

[5,6] 

 

The reason why this research was developed is that a system that enables easy and smart access to information in 

regards to student academic records should be developed. This is through adopting the Retrieval-Augmented 

Generation (RAG) technique. It is a technique that integrates information retrieval and generation to retrieve the right 

information in a context-based manner. This is not only making search of the data easy through manual search but also 

it increases the user experience. [1,8] 

Besides this, the proposed system will also fill the gap existing between the traditional information retrieval methods 

and AI- based information retrieval methods. This is through the successful implementation of RAG-based architecture 

of accessing information relating to the educational sector. This culminates into the concept of developing a powerful 

and efficient mechanism to retrieve information via a smart system on the basis of documents. [16,15] 

 

IV. METHODOLOGY 

 

The following section outlines the proposed Student Data Retrieval and Summarization System methodology, which 

uses Retrieval- Augmented Generation (RAG) and Large Language Models (LLMs). The system is expected to be 

highly efficient in retrieving appropriate academic information as well as document-based datasets and create specific 

responses and summaries which are not only accurate but also context sensitive. 

 

4.1 System Overview 

The given system is based on the Retrieval-Augmented Generation (RAG) architecture that involves both retrieval and 

generation based on language models. Under this method topical information is initially retrieved in a body of 

documents and presented to a language as context. 

model to perform the correct responses. [1,2] 

 

This system will be able to assist direct information retrieval (e.g. student record, CGPA) as well as analytical 

summaries (e.g. performance analysis, class statistics), thus enhancing usability in an academic setting as depicted by 

below Fig 1. 
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Fig 1: SYSTEM ARCHITECTURE 

 

4.2 Data Collection and Preprocessing 

The data that will be utilized in this paper will be a collection of academic records on about 50 students that have been 

retrieved to the CMMS system. These reports can be obtained in PDF format and contain a lot of information like 

student ID, student name, branch, performance on semester by semester, subjects, grades and credit information. 

 

The PDF files are then device parsed and converted to plain text files in order to process them using computations. The 

extracted text usually has anomalies like irregular formatting, undesirable symbols, and noise at the character level 

added also during extraction. 

 

The preprocessing module also consolidates semester-data to compute an aggregate academic data such as total credit, 

total backlogs, final CGPA. Also, the student meta data like the name, branch, and institution information is taken out 

of their auxiliary files, and combined with their academic records. 

 

The processed information is then organized into the coherent textual format and saved in separate files on behalf of 

each student. This preprocessing is very important in making sure that the quality, consistency and accuracy of the data 

are maintained and this directly affects the performance of the retrieval and recap composed of the proposed system. 

 

4.3 Document Chunking 

In order to enhance memorization accuracy, a document chunking strategy is used in dividing the structured text into 

smaller segments of meanings. Every chunk corresponds to the particular type of student data, like CGPA data, backlog 

data, data related to student profile, or data about subjects. 
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Such fine-grained segmentation also allows the system to find only the pertinent parts of documents rather than 

complete documents thus enhancing efficiency and accuracy in retrieving information. 

query processing. 

 

4.4 Embedding Generation 

The Sentence Transformer model (all- MiniLM-L6-v2) transforms each text chunk into a dense representation of its 

vectors. These embeddings encode the semantics among portions of text, enabling the system to perform similarity-

based retrieval. [3,10] 

 

Similarity between query and document embeddings is calculated with debated cosine similarity that allows 

identification of contextually interesting information even in case of exact. 

there are no keywords matches. [9,3] 

 

4.5 Vector Database 

The embeddings created are placed in a vector database Facebook AI Similarity Search (FAISS). FAISS: The Nearest-

Neighbor search in a high-dimensional vector space with FAISS is efficient. 

 

space so that chunks of documents that are of interest can be retrieved quickly. [4,9] 

 

The vector store is maintained and loaded into memory when system starting up to aid low-latency query processing. 

Also, each embedding is linked to metadata like student identifiers and data categories to allow filtered. 

 

4.6 Query Processing and Retrieval 

This section describes how user queries are processed and how relevant information is retrieved from the system. When 

a user submits a query, it is first analyzed using an NLP-based processing pipeline to understand the intent and extract 

key entities such as student identifiers, names, and semester details. 

 

The system performs intent classification using a Large Language Model, which maps the input query to predefined 

categories such as CGPA retrieval, subject details, backlog information, or performance analysis. In parallel, entity 

extraction techniques are applied using pattern matching and regular expressions to identify specific attributes like 

student roll numbers and semester formats. 

 

Based on the identified intent, the system employs a hybrid retrieval mechanism. For structured queries, such as 

fetching CGPA or student details, the system directly retrieves the required information from preprocessed chunk files 

or invokes predefined analytical functions. This avoids unnecessary computational overhead and ensures faster 

response times. 

 

For unstructured or descriptive queries, where contextual understanding is required, the system utilizes semantic 

retrieval. The query is converted into a vector embedding and compared against stored embeddings in the FAISS vector 

database to retrieve the most relevant document chunks based on similarity. 

 

The combination of intent-based routing and semantic retrieval enables the system to achieve both efficiency and 

accuracy. This approach ensures that structured queries are handled quickly while complex queries benefit from 

context-aware retrieval, thereby improving overall system performance [11,1]. 

 

4.6.1 Intent Classification Taxonomy 

The proposed system develops a systematic intent classification taxonomy which classifies queries based on their 

functional needs into several preset classes to effectively interpret user query. This taxonomy allows to understand 

queries properly and route them effectively through the retrieval pipeline. The system assists with various types of 

queries like: student-specific queries, ranking-based queries, filtering operations, backlog analysis, institutional 

queries, subject- related queries and data export functionalities. Every intention generates a particular query pattern 

indicated on the table 1.. Moreover, the intent classification mechanism also makes the system much more efficient by 

lessening the amount of useless computation overhead when responding to a query. The system can directly invoke a 

certain retrieval function or analytic module without search using semantics alone, as accurately mapping user queries 

to predefined intent categories allows the system to do so. This greatly enhances the respect time of structured queries. 
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TABLE 1: INTENT CLASSIFICATION TAXONOMY 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As an example, queries such student information retrieval e.g., CGPA, performance analysis and ranking queries e.g., 

finding students ranked highest in a class or creating rank lists. On the same note, query filtering enables the user to get 

the students at certain CGPA levels or within certain bands. Other queries supported by the system include finding 

students that have a maximum backlog or picking lists of subjects to be studied in a given semester. 

 

Response Generation and Summarization 

The following section presents the process of response generation and summarization of the proposed system. Once the 

corresponding document fragments have been retrieved, the system then applies a Large Language Model (LLM) to 

come up with the final output, depending on the query of the user and the context that is retrieved. 

 

The system brings together the LLM with the LangChain and Ollama which allow an efficient interaction between the 

retrieval module and the generative model. The information retrieved is then combined with the query of the user and 

broken in form of a prompt that is then available. 

made available to the LLM to be processed.[11,12] 

Category Intent Label Example Query 

Student Info cgpa, analysis cgpa of student 

22091A3403 

Student Info backlog_count how many backlogs 

does kalpana have 

Rankings topper, low_cgpa who is the class topper 

Rankings ranks, semester_topper top 10 students / topper 

in 3-1 

Filters cgpa_above, cgpa_below students above 8 CGPA 

Filters cgpa_range students between 7 

and 8 CGPA 

Backlogs max_backlogs, no_backlogs who has most backlogs 

Institutional total_students, branch total students in class 

Subjects subjects subjects in 2-2 semester 

Export ranking_download download ranking as 

Excel 
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In structured queries, like accessing student information, CGPA or subject information, the system will produce 

accurate and factual results. 

 

answers real numbers to the retrieved information. In cases of analytical or descriptive queries, e.g. performance 

analysis or summaries of classes, the system undertakes summarization, based on an amalgamation of data among 

numerous retrieved document fragments. 

 

The summarization process makes sure that the user is able to bring a lot of academic information and make fewer 

meaningful new insights out of it so that the user can get to learn about important information without actually going 

through a record and analyzing it manually. This improves the efficiency and usability of the system. [15,2] 

 

In addition, the system reduces the amount of hallucination by basing the response generation procedure on recalled 

information, and aligning generated output with the context and ensuring accuracy. This synthesis of retrieval and 

generation is the main part of the the RAG based strategy adopted by the proposed system. 

[15,18] 

 

V. IMPLEMENTATION 

 

The proposed Student Data Retrieval and Summarization System is developed on Python using various libraries and 

frameworks that be utilized to facilitate data processing, semantic retrieval and generation of responses. These are 

implemented in a modular way with each of the components of the system being developed as a separate module and 

integrated to create a complete system. 

end-to-end pipeline. [11,14] 

 

5.1 Programming Environment 

The system is written in Python because it has large support regarding Natural Language Processing (NLP) and 

machine learning libraries. It is implemented using libraries to process documents and generate embeddings, storing 

vectors, and integrating LLM, which allows us to develop the RAG-based architecture efficiently. 

 

5.2 LangChain Integration 

The predominant component in the system used in integrating the retrieval and generation parts is the KlangChain. It 

supports the chaining of a variety of operations, such as query processing, context retrieval and prompt construction. 

 

LangChain provides a painless communication between the vector database and the Large Language Model, flipping 

text harvested document pieces as context. This makes sure that the responses generated are based on the relevant data 

and enhances. the overall accuracy of the system. [11] 

 

5.3 Embedding Model (HuggingFace) 

Sentence Transformer model (all- MiniLM-L6-v2) of Hughging Face was used in the system to generate text 

embeddings. This model transforms textual data into dense 384- dimensional vectors which represent semantic. 

meaning. [3,10] 

 

The embeddings of document chunks and user queries are produced, allowing the comparison between them based on 

similarity.son. This approach enables the system to access pertinent information where the query does not have an 

exact match with original text.[10,9] 

 

5.4 Vector Database (FAISS) 

FAISS is used as the vector database for storing and retrieving embeddings. FAISS provides efficient similarity search 

capabilities in high-dimensional vector space, making it suitable for large-scale 

retrieval tasks. [14] 

 

The generated embeddings are indexed and stored in FAISS, enabling fast nearest-neighbor search. The vector store is 

loaded into memory during runtime, allowing low-latency retrieval of 

relevant document chunks. [14,17] 
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5.5 LLM Integration (Ollama) 

The system integrates a Large Language Model using Ollama, which allows running the model locally. This approach 

enhances data privacy and reduces dependency on external APIs. [12,13] 

 

The LLM is responsible for generating responses based on the user query and retrieved context. It is also used for 

summarization tasks, where information from multiple document chunks is combined to 

produce concise insights. [18,13] 

 

The integration of the LLM with LangChain ensures efficient prompt handling and response generation, completing the 

Retrieval-Augmented Generation pipeline. 

 

The proposed system includes a user-friendly web interface developed using HTML, CSS, JavaScript, and Flask. The 

interface allows users to interact with the system through natural language queries. Fig. 2.1shows the homepage of the 

system, while Fig. 2.2illustrates the chat-based interface where users can input queries and receive responses generated 

by the RAG-based backend. 

 

 

FIG 2.1: HOME PAGE OF THE SYSTEM 
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Fig 2.2 : CHATBOT INTERFACE 

 

The key interaction component of the system is the chat interface, which provides users with the opportunity to enter 

queries using natural language. It is connected to a Flask backend, which can handle user input and feedback with the 

RAG pipeline. Information that can be requested by the users is student details, CGPA, backlog status, and rankings. 

The system extracts pertinent information and comes up with responses based on a Large Language Model and presents 

the results in form of a conversation. The design makes it more useful as it offers us a more intuitive and interactive 

way of accessing academic information. 

 

VI. EXPERIMENTAL RESULTS 

 

The Student Data Retrieval and Summarization System proposed was tested on a data set of 50 students in the IV B 

CSE & Business Systems department.Tech batch (2022– 2026) at RGMCET. The assessment will be based on the 

performance of the system in regard to the accuracy of classification of intent, efficiency in the retrieval, response 

latency and the overall success rate in querying. 

 

The system was tested with the help of a manually curated set of test queries, to assess it on incident queries belonging 

to several intent categories, such as CGpa retrieval, backlog analysis, ranking queries, subject queries, and performance 

summary. The assessment was done by comparing the results that predicted with the anticipated results. 

 

FAISS based retrieval mechanism showed a high degree of efficiency and the average time of retrieval was about 0.03 

seconds. This proves that similarity search based on vectors is very efficient in giving near-real-time access to valuable. 

document chunks.[4,17] 

 

The response time of a system is different according to the nature of the query. The system produces responses in less 

than 1 second whenever structured queries are used, which involves direct 
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retrieval. But with analytical queries that need to be summarized by means of the Large Language Model, the response 

time falls between 10 to 20 seconds because of local inference overhead. [18,12] 

 

Although the system has higher latency in summarization duties, demonstrated in the table presented below 3.1, the 

system still offers substantial and context-sensitive reactions, so that the scholarly data can deliver substantial insights. 

The intent classification module had high accuracy rates based on predefined categories and the overall query success 

rate was more than 90 percent based on the manual review at table 2. 

 

TABLE 2: PERFORMANCE EVALUATION 

 

Metric Value Benchmar k Notes 

Intent 

Classification 

Accuracy 

93.2% — 15-20 intent 

classes 

FAISS Retrieval 

Time 

0.03s < 0.1s Top-1 retrieval 

End-to-End 

Response Time 

0.8s < 2s Non-LLM 

queries 

LLM Response 

Time (Ollama 

Mistral) 

3.2s < 5s Local inference 

Student Record 

Coverage 

100% — 50/50 students 

Query Success 

Rate 

91.5% — User evaluation 

 

 

All the student records were managed in the system which attained a 100 percent data coverage. These findings show 

that the proposed RAG-based system can effectively trade-off speed of retrieval and quality of responses, and can be 

scaled to real-world needs academic information systems. [1,15] 

 

VII. DISCUSSIONS 

 

The experimental findings show that the RAG- based system proposed is capable of dealing with structured and 

unstructured academic queries. The hybrid retrieval mechanism would greatly enhance the efficiency of the system in 

that it can directly access data on structured queries and use the semantic search. 

for complex queries. [1,11,16] 

 

The system has almost instantaneous rates of retrieval (about 0.03 seconds) enabling its use in real-time. Nevertheless, 

questions which are to be summarized by the Large Language Model take longer response times (10- 20 seconds) 

because of local inference overhead. Here is the trade-off that is being made between the cost of computation and the 

quality of response in. 

LLM-based systems. [18,12] 

 

The intent detection module is very important in enhancing the performance of the system in terms of right 

classification of queries and eliminating unwarranted processing. The chunk-based  architecture  and  storage  

further  increase precision in retrieval and makes retrieval easier. 

 

However, with these strengths, there are some weaknesses. Whenever there is ambiguous query having more than one 

intent it can give slight errors. Also, complex query latency is higher as there is dependency on local LLM inference. 

These difficulties can be overcome by future improvements of intent classification and model efficiency.The local 
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inference of the system is one limitation, as it results in a larger latency in regards to the summarization of LLM. 

In general, the suggested system exhibits good performance, scalability, and usability in case of academic data search. 

 

VIII. CONCLUSION 

 

The paper introduced a Student Data Retrieval and Summarization System that was built upon Retrieval-Augmented 

Generation and Large Language Models. The system combines semantic retrieval, query processing based on intent, 

and generative AI to give high quality and context-sensitive answers to a query of academic data. 

The experimental findings reveal that the suggested system attains top retrieval, effective intent classification and 

allows making summative conclusions. The hybrid retrieval method greatly enhances performance through balancing 

speed and contextual understanding. 

 

The system provides easy access to academic records and also improves user interaction by allowing natural language 

querying. The paper underscores the opportunities of integrating RAG and LLM technologies towards developing 

smart educational information. 

 

IX. FUTURE WORK 

 

The suggested system could be further sophisticatened with adding bigger and real-time datasets with academic data to 

analyze them in a more extended manner. Future research can enhance the accuracy of LLM inference to achieve lower 

response times and add sophisticated multi-agent models on the enhanced query management. 

 

The system can also be scaled to voice-based interaction, multilingual queries, and can be a web-based or mobile 

application. Additional functionalities of the intent taxonomy that would enhance the practicality of the system could be 

the addition of analytics at a faculty level and institutional reporting. 
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