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Abstract 

Large Language Models (LLMs) serve as the backbone of many AI applications, such 

as automatic content generation, virtual assistant and more. It is also used in automating the 

educational processes, such as scheduling the students’ assessments and managing teachers’ 

essential duties. The proposed study focuses on the design and development of an Automated 

Learning and Scheduling Assistant to facilitate the tasks like conducting unit test, managing 

internal assessment, and providing complete schedules of the students and the staff using 

LLM. The system is designed using the prompt engineering technique to improve the task 

automation efficiency. Retrieval-Augmented Generation (RAG) used helps in retrieving 

information and decision making, automating the test generation and the scheduling tasks. 

Data storage and retrieval are supported by the integration of the vector database. The primary 

objective of the proposed system is to enhance the educational process by automating the 

essential administrative and teaching functions, providing a scalable solution for the modern 

learning environment. 
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 Introduction 

The rapid development in Artificial Intelligence (AI) has made it pivotal in modern 

educational frameworks, as it provides unparalleled support in personalized learning, 

administrative efficiency and teacher productivity. One such AI advancement is LLMs, which 
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can process and understand large amount of text, transforming the way information is 

delivered and absorbed in the education.  The proposed Automated learning and Scheduling 

Assistant represents an advanced automated technique of question generation and other 

assessments using RAG and LLM concepts. The system, specifically uses the LLM Gemini, 

which is activated by prompts to improve its efficiency in automatically assessing the tests 

and generating report based on the test results. The user interface is designed to automate 

various processes using LLM and machine learning concepts. It uses FastAPI with a React 

front end to provide a user-friendly interface that supports auto monitored tests and assistive 

AI functionalities. The system also uses the test results to facilitate the event generation, 

enabling automatic task scheduling.  

Artificial Intelligence (AI) is revolutionizing task scheduling by optimizing the 

processes and enhancing efficiency. AI-powered scheduling assistants use Natural Language 

Processing (NLP) to understand and respond to human queries, prioritizing tasks and making 

informed decisions [1-4]. These systems improve user experience by accurately interpreting 

variations in language. Retrieval-Augmented Generation (RAG) enhances text generation by 

combining retrieval-based methods with generative models, producing contextually rich and 

accurate responses [5]. NLP-based reinforcement learning improves the system's 

understanding of natural language commands and context, allowing it to refine decision-

making capabilities [6]. RAG-guided NLP techniques enhance accuracy by optimizing task 

prioritization and scheduling processes [7]. A reinforcement learning approach using NLP 

embeddings improves contextual understanding and decision-making capabilities [8]. Deep 

reinforcement learning combined with NLP-driven rewards enhances decision-making 

capabilities and overall performance [9-10].  

The proposed study focuses on developing a user-friendly interface integrated with 

advanced AI tools to automate the administrative and the teacher functions, thereby enhancing 

the education process. 

 Related Works 

This research introduces DocChat, a novel information retrieval technique for chat-

bot engines that can directly determine the relevance between utterances and responses by 
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using unstructured texts to reply to utterances instead of question-response (Q-R) pairs [11].  

As Organizations are increasingly adopting conversational agents (CAs) for personalized 

services and information, many lack knowledge on evaluating and improving their quality. 

This design science research aims to fill this gap by aggregating literature and practice 

insights, providing a blueprint for CA evaluation and systematic improvement [12]. Retrieval-

Augmented Generation (RAG) improves Large Language Model (LLM) output by providing 

context to input.  In this study, Case-Based Reasoning (CBR) is integrated into RAG for 

LLMs, enhancing queries with contextually relevant cases. Evaluation of CBR-RAG shows 

that CBR's case reuse improves the quality of generated answers, enhancing the task of legal 

question-answering. The results show that combining RAG with rules-based AI, enhances 

data processing through logic-based rules, improves LLM accuracy while maintaining 

flexibility, making it a promising approach for production systems [13].  

Researchers are also exploring reinforcement learning (RL) algorithms for natural 

language processing (NLP) tasks, particularly in conversational systems. This review 

examines the state of RL methods, discussing their potential for solving problems, analyzing 

advantages and limitations, and highlighting promising research directions in NLP [14]. To 

enhance spoken language understanding (SLU), this research suggests using a retrieval 

augmented generation (RAG) method. It introduces a prompt attention technique and uses a 

pretrained automatic speech recognition model encoder for speech retrieval, phrased as 

prompts for SLU decoder. Experiments demonstrate that this method performs better in intent 

prediction than traditional models [15]. 

The proposed study focuses on the development of an Automated Learning and 

Scheduling Assistant to facilitate tasks like unit tests, internal assessments, and student and 

staff schedules. The system uses prompt engineering techniques, pretrained transformers, 

Retrieval-Augmented Generation (RAG), vector database integration, and reinforcement 

learning to enhance the educational process and provide a scalable solution. 

 Proposed System 

The “Automated Learning and Scheduling Assistant” operates through various 

integrated process. The users specify the assessment details, such as course topic, difficulty 
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level, and type of assessment required. The parameters defined by the users, initiate the 

Retrieval-Augmented Generation (RAG), that uses the historical data about the previous test 

and the students’ performance available in the database. This data from RAG is combined 

with the prompt engineered technique to generate the prompts that is used by the LLM to 

generate questions for the assessment. In the same way the inputs on the course topics, staff 

and resources availability, initiates the RAG to use the historical data on the previous 

schedules, the staff work load, their performance in particular subject, and their resource 

availability are used along with the prompt engineering technique and LLM to generate the 

staff schedule. The Large Language Models (LLM) ensures that the questions and schedule 

reflect the goals. The Figure.1 below shows the overall workflow of the proposed.  

Figure 1. Workflow of the Proposed System 

The user interface developed for automatic learning and scheduling assistant has two 

major modules they are the internal assessment module and the scheduling module.  

The Internal Assessment module generates assessments for students based on the 

courses they have opted for, using input parameters defined by the staff, such as course topic, 

difficulty level, type of assessment, etc.  These inputs activate the RAG that has a built-in 

mechanism to understand the input and generate queries to find and retrieve relevant data 

from the vector database that serves a structured repository and holds data, such as question 

formats, past exam papers, students’ performance metrics, etc. The retrieved data is integrated 

into the response generation process. This retrieved data is used by the prompt engineering 
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techniques to generate prompts. Template-based prompts are initially generated based on user 

input, which are further customized using contextual adaptation and augmented with data 

retrieved by RAG. The final prompts are utilized by the Large Language Model (LLM) to 

generate and verify the assessment questions. The final prompts are used by the LLM to 

generate and verify the outputs. Similar steps are followed in staff scheduling according to 

the input parameters defined by the administrators, such as course topics, staff name, 

resources available etc.   

The technical requirements for the system include the use of Google Gemini as the 

Large Language Model (LLM) to manage text generation and prompt engineering. The 

system incorporates Retrieval-Augmented Generation (RAG) technology to combine 

retrieval-based methods with generative models for enhanced content generation. 

Additionally, FAISS is utilized as the vector database for efficient storage and retrieval of 

vector embeddings. The user interface is built with React for the frontend, while the backend 

is developed using FastAPI, ensuring a seamless integration between the various components 

of the system. The Figure.2 below shows the overview of user interface. 

Figure 2. Overview of the User Interface 
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As shown in figure above, the teacher or the trainer uploads the documents required 

for test generation in PDF formats and specifies the necessary input to conduct the test. The 

uploaded PDF is converted into vectors and stored in the vector database. The relevant content 

is then retrieved by the RAG from the vector database using similarity search based on the 

specified input and combined with the prompt engineering techniques to generate question 

using LLM. The students can log in using the student credentials and take the test. Similarly, 

the administrator uploads the document and provides the specific inputs required for 

generating the staff schedule.   

 Results  

The hardware requirements of the system include an Intel i5 processor with 16 GB of 

RAM and a 256 GB SSD. The system was developed on Windows OS. The frontend was 

developed using JavaScript, while Python was used as the core language for the backend, 

along with PyTorch libraries and MySQL. 

 

                                                Figure 3. Home Page 

Figure 3 displays the home page of the user interface, featuring two major modules: 

The Trainer and the Scheduler.  
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Figure 4. Parameter Specification Page 

Figure 4 depicts the specifications for the parameters that the test and assessment 

model should adhere to. It shows how this data is provided to the LLM when needed to process 

and generate efficient outputs. 

 

Figure 5. Quiz Page 

Figure 5 illustrates the test content generated by the Gemini LLM, using fine-tuned 

parameters to optimize performance. The Top_p parameter controls the randomness of word 

selection, with values ranging from 0 to 1. A higher value (>0.5) produces more diverse 

content, and for this system, a value of 0.7 is selected to strike a balance between creativity 

and coherence. The Top_k parameter limits the number of potential next words the model can 

consider, ranging from 0 to 10. A value of 4 is used to ensure more precise and relevant 

content generation. Additionally, the Temperature parameter affects the creativity of the 

generated content, with higher values (>5) resulting in more varied and innovative outputs. 
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For this system, a temperature value of 8 is chosen to maintain a balance between creativity 

and relevance to the content extracted from the provided PDFs. 

From the students’ perspective, while they are taking the test, the system allocates a 

Langchain buffer memory. This memory stores the data during the test and logs it into the 

database once the test is completed. Meanwhile, the LLM processes the student’s answers in 

real time, and performance data is stored. Q-learning analyzes this data, updating its policy to 

optimize question difficulty and focus based on the student's performance. The LLM then 

uses this updated policy to generate additional questions tailored to the student’s needs, 

providing an adaptive and personalized testing experience. 

The development of the user interface is still under process and aims for a successful 

implementation of the website to make it available for academic use in future. Though the 

system seems to be highly convenient for the teachers as well as the administrators by 

automating the process and reducing the human intervention. The system still faces certain 

challenges due its high dependency on historical data. Inadequate or biased data can lead to 

inaccurate question generation as well as scheduling, additionally the differences in student 

performance could affect the system ability to personalize the assessment effectively. This 

makes the user feedback and robust testing essential to enhance the overall effectiveness and 

applicability of the automatic learning and the scheduling assistant using LLM technology.   

 Conclusion and Future Works 

The Automated Learning Scheduling Assistant represents a significant advancement 

in scheduling technology, combining sophisticated machine learning algorithms, natural 

language processing, and user-friendly interfaces to streamline scheduling tasks. By offering 

personalized scheduling recommendations, automatic conflict resolution, and adaptive 

schedule adjustments, it enhances productivity and empowers users to manage their time more 

effectively. In future, the system could benefit from enhancements such as improved natural 

language understanding, advanced scheduling algorithms, and expanded integration with 

external services. Incorporating user feedback and advanced analytics will further refine its 

functionality, ultimately revolutionizing how individuals and organizations approach 

scheduling and time management in the digital age. 
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