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Abstract—The rapid evolution of Large Language Models
(LLMs) has revolutionized the landscape of Computer-Aided
Instruction (CAI). This paper presents a web-based AI Teacher
Model designed to provide automated, 24/7 academic assistance
using transformer-based Natural Language Processing (NLP)
techniques. Unlike traditional rule-based chatbots, the proposed
system leverages a generative GPT-2 architecture to simulate
teacher-like reasoning and context-aware responses. Our archi-
tecture integrates a React-based frontend, a high-performance
Flask backend, and a scalable MongoDB database. The methodol-
ogy describes a multi-stage pipeline involving semantic tokeniza-
tion, contextual query analysis, and an asynchronous learning
feedback loop. Experimental evaluations demonstrate that the
model achieves an accuracy of 80–85% with a mean response
latency of less than 2 seconds, proving its viability for institutional
deployment.

Index Terms—Artificial Intelligence, Natural Language Pro-
cessing, Transformer Models, GPT-2, Flask REST API, Peda-
gogical AI, Web-based Tutoring.

I. INTRODUCTION

The democratization of education through digital platforms

has created a significant challenge: the scalability of men-

torship. Traditional classroom environments are often limited

by fixed hours and high teacher-to-student ratios, making it

difficult for students to resolve academic doubts in real-time.

This ”mentorship gap” often leads to stagnation in self-paced

learning.

Artificial Intelligence (AI) and Natural Language Processing

(NLP) have emerged as pivotal technologies in bridging this

gap. Early educational tools were limited to simple FAQ

matching; however, the advent of the Transformer architecture

has enabled the creation of Generative AI that can synthesize

complex academic concepts into digestible explanations.

This research proposes an AI Teacher Model, a full-stack

intelligent tutoring system. The core contribution of this work

is the integration of a generative transformer backbone within a

scalable web ecosystem, allowing for continuous data logging

and incremental model refinement. This paper details the

system design, the underlying mathematical framework, and

an empirical evaluation of its performance.

II. RELATED WORK

A. Evolution of Tutoring Systems

Early Intelligent Tutoring Systems (ITS) utilized ”Expert

Systems” which relied on hard-coded logic and ”If-Then”

rules. While effective for closed-domain subjects like basic

arithmetic, they failed to handle the linguistic nuances of

humanities or complex engineering subjects.

B. Transformers and Attention Mechanisms

The introduction of the Transformer model by Vaswani et al.

[?] marked a shift from sequential processing (RNNs/LSTMs)

to parallelized attention-based processing. By utilizing ”Self-

Attention,” models can weigh the importance of different

words in a query regardless of their position. BERT [?] and

GPT [?] further improved these capabilities by training on

massive datasets to understand semantic relationships.

C. Current Limitations

Existing academic chatbots often suffer from three major

issues:

1) High Latency: Many LLM-based tools are too slow for

real-time interaction.

2) Lack of Persistence: Most models do not store interac-

tions locally for institutional analytics.

3) Domain Specificity: General-purpose AI often provides

answers that are not pedagogically structured for stu-

dents.

III. SYSTEM ARCHITECTURE

The AI Teacher Model follows a decoupled architecture

designed for modularity and high throughput.

A. User Interface Layer (Frontend)

The frontend is constructed using React.js. It utilizes a

component-based architecture to provide a responsive chat

environment. State management is handled through React

Hooks to ensure the interface updates asynchronously as the

backend processes queries.
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Fig. 1. System Architecture showing the flow from Student Query to AI
Response Generation.

B. Service Layer (Backend)

The backend acts as the orchestration engine, built with

Flask. It provides a RESTful API endpoint (/api/ask) that

receives student queries via JSON. The backend is responsible

for:

• Input sanitization and noise reduction.

• Interfacing with the Transformer weights.

• Coordinating database operations.

C. Inference Layer (AI Model)

The core logic resides in a GPT-2 transformer. We utilize

the Hugging Face Transformers library to load pre-trained

weights. The model is configured with specific parameters

such as top-p sampling and temperature control to ensure the

answers are both creative and academically accurate.

D. Storage Layer (Database)

MongoDB is utilized as a NoSQL document store. This

choice allows for the storage of unstructured conversation logs,

which are essential for the ”Continuous Learning Mechanism”

described in Section V.

IV. MATHEMATICAL MODEL

The AI Teacher Model treats response generation as a con-

ditional probability problem. Given an input query sequence

Q:

Q = {w1, w2, ..., wn} (1)

The self-attention mechanism computes the relationship

between words using Query (Qm), Key (Km), and Value (Vm)

vectors:

Attention(Qm,Km, Vm) = softmax

(
QmKT

m√
dk

)
Vm (2)

The decoder generates the output response R by maximizing

the cumulative probability of the next-token sequence:

R̂ = argmax

T∏
t=1

P (wt|w<t, Q) (3)

This ensures that the response R is not only relevant to Q
but is also grammatically and logically coherent.

V. METHODOLOGY

The functional workflow of the AI Teacher Model is divided

into seven critical stages:

1) Query Ingestion: The process begins when a student

submits a query through the user interface in natural

language form. The system is designed to accept diverse

input styles, including incomplete sentences, conversa-

tional phrases, and subject-specific terminology. Input

validation is performed to ensure that the query is well-

formed and free from malicious or unsupported content

before forwarding it to the processing pipeline.

2) Semantic Preprocessing: The received text undergoes

preprocessing, where it is cleaned, normalized, and

tokenized into sub-word units using Byte-Pair Encoding

(BPE). This step ensures efficient handling of rare and

unknown words while maintaining semantic integrity.

Additional preprocessing steps such as lowercasing,

punctuation handling, and noise removal may be applied

to standardize the input for optimal model performance.

3) Contextual Analysis: To maintain conversational co-

herence, the system analyzes prior interaction history

within the session. This enables the model to resolve

references such as pronouns (e.g., “that,” “it,” “again”)

and understand follow-up queries. Context windows are

managed efficiently to ensure that only relevant past

exchanges are considered, thereby improving response

accuracy without unnecessary computational overhead.

4) Neural Inference: The processed input is then passed

to the transformer-based GPT-2 model, which performs

deep contextual understanding and generates a response.

The model leverages attention mechanisms to capture

relationships between words and constructs a peda-

gogically meaningful answer. The output is structured

to be clear, informative, and aligned with educational

objectives, often including explanations, examples, or

step-by-step reasoning where appropriate.

5) Validation Layer: After generation, the response is

passed through a validation layer that ensures quality,

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 04 , April - 2026

IJERTV15IS043594 Page 2

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



safety, and academic relevance. This includes filter-

ing inappropriate or biased content, verifying factual

consistency where possible, and enforcing predefined

educational guidelines. Rule-based and heuristic checks

may be combined with lightweight classifiers to enhance

reliability.

6) Asynchronous Logging: Both the user query and the

generated response are stored asynchronously in a Mon-

goDB database. This logging mechanism enables future

analysis, performance monitoring, and dataset collection

for fine-tuning the model. By decoupling logging from

the main response pipeline, the system maintains low

latency and high responsiveness.

7) Response Rendering: Finally, the validated response

is delivered to the frontend and displayed through a

React-based user interface. A typewriter-style animation

is employed to enhance user experience by simulating

real-time response generation. The interface is designed

to be intuitive and responsive, ensuring accessibility

across devices while maintaining a smooth and engaging

interaction.

VI. IMPLEMENTATION DETAILS

A. Algorithm for Response Generation

The logic is encapsulated in Algorithm 1, which ensures

high efficiency during inference.

Algorithm 1 AI Teacher Query-Response Pipeline

Require: User Query Q, Session Context C
1: Load Transformer Model M and Tokenizer T
2: Qproc ← Preprocess(Q)
3: Tokens ← T .encode(Qproc + C)
4: Output ← M.generate(Tokens,max length = 150)
5: R ← T .decode(Output)
6: Log (Q,R) to MongoDB

7: return R

B. Technical Specifications

The system was developed on a workstation with 16GB

RAM and an NVIDIA RTX series GPU for model accelera-

tion. The software stack includes Python 3.9, Node.js 16, and

the PyTorch framework.

VII. RESULTS AND EVALUATION

A. Quantitative Analysis

The model was tested using a dataset of 500 academic

queries across various subjects including Physics, Computer

Science, and Mathematics.

B. Latency Performance

As shown in Fig. 2, the system maintains a consistent

response time below 2 seconds, even as query complexity

increases.

TABLE I
ACCURACY ACROSS DIFFERENT ACADEMIC DOMAINS

Domain Accuracy (%) Avg. Latency (s)
Computer Science 88.5% 1.1s
Physics 82.0% 1.4s
General FAQs 91.0% 0.8s
Mathematics 78.5% 1.9s

Fig. 2. Accuracy

VIII. CONCLUSION AND FUTURE WORK

The AI Teacher Model successfully demonstrates that the

integration of generative artificial intelligence with a robust

full-stack web architecture can serve as an effective and

scalable solution for automated tutoring systems. By lever-

aging advanced transformer-based natural language processing

techniques, the system is capable of delivering highly context-

aware, coherent, and adaptive responses. This significantly

enhances the quality of interaction compared to traditional

rule-based or keyword-driven tutoring systems, which often

lack flexibility and depth in understanding user queries. The

model not only interprets complex student inputs but also pro-

vides personalized explanations, thereby improving learning

outcomes and user engagement. Furthermore, the system ar-

chitecture ensures seamless communication between the fron-

tend interface, backend processing, and AI inference layers,

enabling real-time responses and a smooth user experience.

The incorporation of modern frameworks and APIs allows the

platform to maintain efficiency, modularity, and scalability. As

a result, the AI Teacher Model stands as a promising approach

toward intelligent, accessible, and interactive digital education.

Future work will focus on several key areas to further

enhance the system’s performance and applicability:

Fine-tuning: The model can be further optimized by training

it on domain-specific datasets such as institutional textbooks,

lecture notes, and academic resources. This will enable the

system to provide more precise, curriculum-aligned answers,

especially in specialized or niche subjects where general-

purpose models may lack depth.

Multimodal Input Support: To improve usability and expand

functionality, future versions will incorporate multimodal ca-

pabilities. This includes allowing students to upload images

of handwritten notes, diagrams, or mathematical equations.

The integration of computer vision techniques alongside NLP
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models will enable the system to interpret visual inputs and

provide accurate explanations or solutions.

Cloud-Based Scalability: To support large-scale deploy-

ment, the backend infrastructure will be migrated to cloud

platforms such as Amazon Web Services (AWS) or Google

Cloud Platform (GCP). This transition will enable dynamic

resource allocation, load balancing, and high availability, al-

lowing the system to efficiently handle thousands of concurrent

users without performance degradation.

Personalized Learning Paths: Future enhancements may

include tracking user progress and adapting responses based

on individual learning patterns, thereby creating a more per-

sonalized and adaptive tutoring experience.

Voice Interaction Integration: Adding speech-to-text and

text-to-speech capabilities will allow students to interact with

the system through voice, making the platform more accessible

and user-friendly.

In conclusion, the proposed system lays a strong foundation

for next-generation intelligent tutoring platforms, and with

continued improvements, it has the potential to revolutionize

digital education by making high-quality learning accessible

to a wider audience.

• Fine-tuning: Training the model on specific institutional

textbooks to improve accuracy in niche subjects.

• Multimodal Input: Allowing students to upload images

of handwritten notes or equations for the AI to analyze.

• Cloud Scaling: Migrating the backend to AWS/GCP to

support thousands of concurrent users.
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