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Abstract—AI is a revolutionary industry with significant 

potential to aid in numerous fields and for different roles 

and situations. This paper primarily focuses on the use of 

an AI-based assistant as a browser extension, enabling 

students to utilise AI as a tool to enhance their productivity 

without frequent visits to AI websites. This platform aims 

to provide a multipurpose tool to support students in 

coding, text generation, or text summarisation. 
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I. INTRODUCTION 

 

Browser extensions are specialised software 

components designed to augment, customise, or 

integrate new features into the user's browsing 

experience or their day-to-day search sessions. [1] 

These are an indispensable part of the modern internet 

browsing experience, so utilising this feature can be 

beneficial for an AI assistant application, as there is no 

need for a dedicated web browser to host the AI 

assistant. Instead, the extension can be toggled on or 

off as needed by the user, which helps to manage the 

usage of the tool as well. 

AI, also known as artificial intelligence, is a 

revolutionary and lucrative tool for individuals 

seeking to enhance their productivity by using AI tools 

for code completion, text summarisation, Research 

applications, and more. The modern era of the internet 

is equipped with numerous AI tools and browser 

extensions made for increasing productivity for people 

in numerous fields. As well as the overall knowledge 

required for usage of such assistants is minimal on the 

user’s end. The main issue many people, including 

students, face is that they lack a single platform to 

address multiple needs. The main problem is that there 

isn’t a single platform for assistance for multiple uses. 

AI tools are platform-dependent, and those that are 

extension-based have a tendency to be limited to a 

single use-case scenario. This is a problem that has 

been noticed with many AI tool platforms. 

 

II. LITERATURE SURVEY 

 

The article notes that, despite the "explosive growth of 

generative artificial intelligence," there have been 

"few studies on building general-purpose multimodal 

AI assistants and copilots tailored to pathology". The 

rise of multimodal large language models (MLLMs) is 

poised to open a "new frontier for computational 

pathology," one that emphasises natural language and 

human interaction as key components. This paper, 

therefore, addresses this gap by developing and 

evaluating PathChat, a "vision-language generalist AI 

assistant for human pathology" 

Svyatkovskiy et al. [3] used deep learning models 

trained on a dataset in AST format. They compared 

this approach against frequency-based and Markov 

Chain models. Wang Y. et al. [4] also applied a 

preprocessing method to convert code to AST format. 

They then developed an LSTM network enhanced 

with an Attention mechanism and a Pointer 

mechanism. Arkesteijn et al. [7] utilized the neural 

network from Wang et al. [4] but added Byte Pair 

Encoding (BPE) to the process. Belevskiy [6] focused 

specifically on function call completion. This study 

developed preprocessing strategies like the "N-chars" 

method, which uses the N characters preceding the 

object calling the function to generate a suggestion. 

Scharrenburg [1] trained models on a Java dataset, 

experimenting with different architectures and 

hyperparameters. 

AI-based chatbots are widely used to automate FAQ 

responses across domains like education, banking, 

healthcare, and e-commerce. Early systems were rule-
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based or pattern-matching, offering quick replies but 

poor flexibility. Modern bots use frameworks such as 

RASA and Dialogflow, which handle intent detection 

and dialogue flow efficiently. Machine learning 

methods like KNN, RNN, and LSTM improve 

understanding and accuracy but require large datasets 

and computational resources. Overall, current chatbots 

achieve good accuracy but still face challenges in 

handling diverse user inputs, data limitations, and 

maintaining natural conversations. Future work should 

focus on hybrid AI models and multimodal (text + 

image) understanding for more reliable FAQ 

automation. 

 

III. PROBLEM STATEMENT 

 

To Design and develop a lightweight AI-powered 

browser extension to offer universal, real-time 

grammar correction, code assistance, and text 

explanations across all websites. This project focuses 

on the research, design, and proof-of-concept 

implementation of the "SmartAssist.AI" proactive 

assistant. The scope includes the end-to-end 

development of the system, from data collection to 

final model evaluation. 

 

In-Scope (Features & Deliverables): 

• Frontend Widget: A fully functional floating widget 

built with HTML, CSS, and JavaScript. 

• Backend API: A Python (FastAPI) server that 

processes requests and serves the machine learning 

model. 

• Reactive AI Features: Integration of an external 

LLM (e.g., OpenAI API) to enable "Explain This," 

"Grammar Check," and "Code Assistant" features. 

• Proactive ML Model: Development, training, and 

deployment of a Decision Tree Classifier to predict 

user intent based on behavioral data (e.g., scroll 

speed, hover time). 

• Data Collection: Implementation of a simple 

mechanism within the widget to log user interaction 

data for training the model. 

• Delivery: The final application will be packaged as 

a "sideloadable" Chrome Extension for 

demonstration and evaluation. 

• Evaluation: The project report will include a formal 

evaluation of the predictive accuracy, precision, and 

recall of the proactive model. 

Out-of-Scope: 

• Public Deployment: The project is a proof-of-

concept and will not be deployed to a production 

environment to handle public, high-volume traffic. 

• User Dashboard: A public-facing web dashboard for 

users to sign up, manage accounts, or customize 

their widget is not included. 

• Chrome Web Store: The extension will be for 

demonstration and "sideloading" only, not 

published to the official Chrome Web Store. 

• Advanced Features: Features such as user voice 

commands, real-time collaboration, or support for 

languages other than English are considered outside 

the scope. 

 

Goals & objectives 

1. To develop a full-stack application architecture, 

consisting of a lightweight JavaScript frontend 

widget (packaged as a Chrome Extension) and a 

scalable Python (FastAPI) backend API. 

2. To integrate general-purpose Natural Language 

Processing (NLP) models to provide a baseline of 

reactive features, such as on-demand text 

explanation and grammar correction. 

3. To research and implement a Decision Tree 

Classifier algorithm to model user behavior by 

training it on a dataset of real-time interaction 

patterns (e.g., scroll speed, hover time, element 

context). 

4. To implement the proactive feature by using the 

trained model to predict user intent and dynamically 

suggest the most relevant AI action. 

5. To evaluate the performance of the predictive model 

by measuring its accuracy, precision, and recall, 

thereby validating the success of the research 

hypothesis. 

 

IV. SOFTWARE CONTEXT 

 

1. Frontend: JavaScript, HTML, CSS (packaged as a 

Google Chrome Extension). 

2. Backend: Python (using the FastAPI framework). 

3. Proactive ML Model: Scikit-learn (Decision Tree 

Classifier). 

4. Reactive AI Model: OpenAI API (for NLP tasks). 

5. Communication: REST API (using JSON). 
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MAJOR CONSTRAINTS 

Data Bottleneck:  

The biggest constraint is the time and effort needed to 

collect and accurately label user behavior data 

required to train the proactive AI model. 

 

API Reliance:  

The project depends on external APIs (like OpenAI), 

which impose cost constraints, speed (latency), and 

potential rate limits. 

 

Website Compatibility:  

As a browser extension, the widget might break or 

conflict with the code and styles of complex, modern 

websites. 

 

Proof-of-Concept Scope:  

The system is a prototype and not designed to handle 

the security, scalability, or robustness needed for a 

large, public user base. 

 

AI Hallucination: 

Even when using RAG for mitigation from such 

issues, hallucination of the AI model is still a viable 

issue, due to how these models work.  

 

V. PROPOSED SYSTEM ARCHITECTURE 

 

The main architectural diagram is shown above in Fig. 

1. The user interacts with the front end, i.e., the 

floating widget of our AI assistant. This floating 

widget can be clicked to expand into a small window, 

revealing a text box and space to store previous session 

replies or other options, such as text correction, code 

completion or code analysis. 

 

Data Description 

The system utilizes two primary types of data: 

 

1. User Behavior Data (for the Proactive Model): 

• Purpose: To train the Decision Tree algorithm. 

• Format: A structured dataset, such as a CSV file. 

• Fields: Includes features like scroll_velocity, 

hover_time, element_type, and the target label 

user_intent (e.g., 'NeedsExplanation', 'IsBrowsing'). 

 

2. AI Interaction Data (for Reactive Features): 

• Purpose: To process the user's live requests. 

• Format: JSON objects. 

• Fields: A request containing the selected_text and 

action_type, and a response containing the 

ai_response from the OpenAI API. 

 
Architectural diagram of a RAG-based integrated 

platform Internal Software Data Structure 
 

Data structures exchanged among software 

components are mainly formatted as JSON objects for 

API communication. 

 

• AI Interaction Request:  

A JSON object sent from the frontend widget to the 

backend API. It includes the selected_text (string) and 

action_type (string). The AI service utilizes this data. 

 

• Behavioral Data Packet:  

A JSON object sent from the frontend to the backend's 

BehaviorAnalyticsService. It contains features 

derived from user behavior, such as scroll_velocity 

(float), hover_time (float), and element_type (string). 

 

• AI Interaction Response:  

A JSON object sent from the backend API back to the 

frontend widget, containing the ai_response (string). 

 

Global Data Structure 

These are data structures available to major portions of 

the architecture. 

• User Preferences: A global settings object loaded on 

the client-side. It is read by the WidgetUI to 

configure its state, such as enabling or disabling the 

proactive features. 

• Proactive Model (In-Memory): The trained 

Decision Tree Classifier, once loaded from its .pkl 

file into the backend's memory, acts as a global, 
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read-only data structure. It is accessed by all 

concurrent worker processes to make real-time 

predictions. 

 

Temporary Data Structure 

These are files or objects created for interim use. 

• AI Interaction Object: This JSON object is explicitly 

defined as a "temporary data object". It exists only 

for the duration of a single reactive API request and 

is discarded once the response is sent. 

• System Log Entry: A log entry recording a system 

event (e.g., an API error or a successful prediction). 

These entries are temporary in memory before being 

written to a persistent log file. 

 

Database Description 

This describes the persistent files and databases used 

by the application. 

 

• User Behavior Dataset:  

This is the primary dataset for the research component, 

stored as a structured file (e.g., a CSV file). It contains 

the labelled Behavior Datapoint records used to train 

the Decision Tree model. 

 

• Proactive Model File:  

This is the persistent, trained .pkl file that stores the 

output of the machine learning research. It is loaded by 

the backend API to make live predictions. 

 

• Conversation DB:  

As shown in the system architecture diagram, a 

Conversation DB is used by the AI/ML Service. Its 

purpose is to retrieve conversation history and context, 

allowing the AI to provide more relevant, non-

repetitive responses. This also prevented the model 

from succumbing to hallucination to an acceptable 

extent 
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VI. CONCLUSION 

 

Summary 

This project, "SmartAssist.AI," details the research 

and development of a universal, intelligent web 

assistant. The primary goal was to address the core 

inefficiency of existing digital tools, which operate on 

a reactive model (requiring the user to select text and 

request help manually). We introduced and developed 

a proactive system that anticipates user needs. 

The project consists of a full-stack application: a 

Python (FastAPI) backend and a JavaScript (Chrome 

Extension) frontend. The system offers standard 

reactive AI tools, including text explanation and 

grammar correction, via the OpenAI API. 

 

Conclusion 

In conclusion, this project successfully demonstrates 

the feasibility and value of a proactive, behavior-

driven AI assistant. The development of 

"SmartAssist.AI" as a functional, full-stack prototype 

was a success. 

The central research hypothesis was validated: The 

implemented Decision Tree Classifier proved capable 

of predicting user intent with a quantifiable and 

significant degree of accuracy. This confirms that 

analyzing on-page behavioral data is a viable and 

effective method for creating a more intelligent, 

seamless, and efficient user experience. 

The primary limitation of this research is the size and 

manual labelling of the training dataset. Future work 

should focus on building a more robust data collection 

pipeline and experimenting with more complex 
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ensemble models (like Random Forests) to enhance 

predictive accuracy further. This project provides a 

strong foundation for the future of truly user-

anticipating web applications. A secondary limitation 

to this research is the nature of APIs and the overhead 

from the interaction between them during operation. 

This also caused external costs to arise due to usage of 

external API keys like OpenAI API keys for the 

backend of the assistant, future research in this field 

would benefit from using a self-built model and lesser 

reliance on such API keys. 
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