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Abstract:

Artificial Intelligence based communication tools such as Gmail Smart Reply and chatbots can generate
quick responses, but they often fail to reflect a user’s personal writing style and emotional tone. The
proposed Al Mirror system introduces a cognitive digital twin that learns user communication behavior
and generates personalized, context-aware replies. The system integrates Gmail and Instagram APIs to
collect conversation history. Messages are converted into embeddings using Sentence Transformers and
stored in Chroma DB for contextual retrieval. When a new message arrives, relevant past conversations
are retrieved and provided to a fine-tuned LLaMA-2 model for reply generation. A BERT-based
classifier evaluates generated responses based on factual, emotional, and relational factors before
sending or displaying them for user approval through a dashboard interface. The system is developed
using Flask/Fast API and Tailwind CSS. Experimental evaluation showed improved personalization,
response relevance, and communication efficiency while maintaining secure and adaptive learning.

Keywords: Cognitive Digital Twin, Large Language Model, Chroma DB, Personalized Al, Sentiment
Analysis, Human-Centered Al, Privacy-Preserving NLP

I. INTRODUCTION

Digital communication through emails and social
networking platforms has become an important part
of modern personal and professional life. As online
interactions continue to grow, users often face
difficulties in managing large numbers of messages
efficiently. Repeatedly replying to similar
conversations manually can consume time, reduce
productivity, and slow communication processes.

Recent developments in Artificial Intelligence (Al),
Natural Language Processing (NLP), and Large
Language Models (LLMs) have enabled the
creation of smart communication systems capable
of understanding text and generating automated
responses. Although many existing systems provide
quick replies, they usually depend on cloud-based
services and centralized processing methods. This
can lead to issues related to data privacy,
dependency on external servers, increased
operational cost, and limited personalization. In
addition, most current systems generate generic
responses that do not accurately reflect an
individual user’s communication style.
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To overcome these challenges, the proposed Al
Mirror system introduces a cognitive digital twin
designed for personalized and context-aware
communication. The system studies previous user
interactions and learns communication patterns
using embeddings, vector databases, and
transformer-based language models. Platforms such
as Gmail and Instagram are integrated to collect
conversation data and generate intelligent replies
that better match the user’s writing behavior. The
proposed architecture combines APIs, ChromaDB,
embedding techniques, and large language models
to create adaptive and personalized responses while
maintaining user control through a dashboard
interface. By learning continuously from user
interactions, the system improves response quality,
communication  efficiency, and  contextual
understanding, making digital communication more
intelligent and user-centric.

II. OBJECTIVES

I. To create a single communication
platform that connects applications like
Gmail, Instagram, and WhatsApp for easier
message management.

2. To wuse large language models for
understanding incoming messages and
generating natural and meaningful replies
automatically.

3. To design a smart decision system that
analyzes generated responses and decides
whether they should be sent directly or
reviewed by the user.

4. To support personalized communication
by learning from wuser conversations,
corrections, and interaction patterns over
time.

III. RELATED WORK

Li and Xu (2019) developed a personalization
model for intelligent assistants that analyzed user

interaction patterns to improve conversation quality.

However, the framework mainly depended on

cloud-based services, which created issues related
to privacy and internet dependency.

Kim and Lee (2022) introduced an emotion-aware
dialogue system that used deep learning methods to
generate empathetic responses. While the system
improved user interaction, it required high
computational power and lacked support for
adaptive communication across different platforms.

Wang et al. (2023) presented Al-based companion
systems for healthcare and support services using
adaptive  learning techniques. Their work
emphasized personalized communication, but
challenges related to scalability and secure user
customization were still present.

Roberts and Allen (2024) studied reinforcement
learning approaches for improving decision-making
in Al communication systems. Their research
enhanced contextual response generation, but long-
term personalization and behavioral adaptation
were limited.

ResearchGap-

Most existing Al communication systems rely on
cloud infrastructure and generate generalized
responses with limited personalization. Many
systems also face privacy and scalability issues.
There is still a need for a solution that can
understand user communication habits and generate
personalized, context-aware replies efficiently
across multiple communication platforms.

IV. METHODOLOGY

The proposed Al Mirror system follows an
intelligent communication pipeline that combines
Natural Language Processing, vector embeddings,
and Large Language Models to generate
personalized and context-aware responses. The
system architecture consists of the following major
modules:

Message Input Module: Messages from
platforms such as Gmail and Instagram are
received through APIs and transferred to the
backend system for further processing.
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Preprocessing Layer: The received
messages are cleaned, formatted, and
analyzed to extract important contextual
information before Al processing.

Embedding and Context Analysis Module:

The system converts messages into vector
embeddings using embedding models and
retrieves similar past interactions from
ChromaDB to understand user
communication patterns.

Al Response Generation Module: Large
Language Models generate personalized
replies based on message context, user style,
and previous interaction history.

Dashboard and  Storage  Module:
Generated responses are displayed on the
dashboard where users can review, edit, or
approve them. Message history, embeddings,
and responses are securely stored for
adaptive learning and future personalization.

Algorithmic Flow:-

Receive messages from platforms such as
Gmail and Instagram using APIs.

Preprocess and analyze the message content
for contextual understanding.

Convert messages into vector embeddings
and retrieve similar past interactions from
Chroma DB.

Send processed data to the Large Language
Model for personalized reply generation.

Perform risk analysis and display generated
responses on the dashboard for user review
or approval.

Send the final response and store interaction
data for adaptive learning and future
personalization.

This intelligent workflow enables efficient,
personalized, and context-aware
communication automation.

V. SYSTEM ARCHITECTURE

The AI Mirror system uses a layered architecture
for intelligent communication management.
Messages from platforms such as Gmail and
Instagram are received through APIs and processed
by the Fast API backend. The system analyzes
message context, generates embeddings, and
retrieves related communication data from Chroma
DB to understand user behaviour. Large Language
Models then create personalized replies, which are
displayed on the dashboard for user review or
approval. The architecture supports adaptive
learning, efficient response generation, and
personalized communication across multiple
platforms.
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Fig: AI-Mirror System Architecture

VI. EXPERIMENTAL SETUP
Dataset Description:

The experimental evaluation of AI Mirror was
performed using communication data collected
from platforms such as Gmail and Instagram. The
dataset consists of different types of user
conversations  representing formal, informal,
professional, and casual communication styles.
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The collected interactions include the following
categories:

Short conversational messages
Professional email responses
Context-aware reply scenarios
Personalized communication patterns
Frequently repeated communication tasks

The dataset was used to evaluate the system’s
ability to understand message context, generate
personalized replies, and maintain communication
consistency. Previous interactions and user
feedback were also utilized to improve adaptive
learning and response quality.

Hardware Configuration:-

Processor: Intel Core 15 / AMD Ryzen 5 or higher
Memory: Minimum 8 GB RAM

Storage: 256 GB /512 GB SSD

Operating System: Windows 10/11 or Linux (64-bit)

The system was executed on a local machine
without relying on external cloud infrastructure. All
message processing, embedding generation, and Al
response creation were performed within the system
environment to maintain privacy and efficient
communication handling.

Software Environment and Tools:-

The Al Mirror system was developed using modern
open-source technologies to ensure flexibility,
scalability, and easy integration. The major tools
and frameworks used in the implementation are
listed below:

Programming Language: Python 3.x

Backend Framework: FastAPI / Flask

Frontend Technologies: HTML, CSS, JavaScript,
Tailwind Ul

Al Technologies: Large Language Models (LLaMA
/ Groq) and Sentence Transformers

Vector Database: ChromaDB

APIs and Integrations: Gmail API and Instagram
API

Development Environment: Visual Studio Code

All modules were configured and executed within
the local development environment, while APIs
were used for communication platform integration
and message handling.

Experimental Procedure:-

The experimental evaluation of Al Mirror was
carried out using the following workflow:

Messages were collected from Gmail and Instagram
APIs.

Input messages were preprocessed and analyzed.

Embeddings and contextual data were generated
using Chroma DB.

Large Language Models generated personalized
replies.

Responses were reviewed through the dashboard
and evaluated for accuracy and relevance.

This process ensured effective testing of

personalized and context-aware communication.
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VII. RESULTS AND ANALYSIS

The AI Mirror system achieved

accurate and context-aware reply
8 52 10 24 generation with efficient response
time and improved personalization
using embedding-based learning and
contextual analysis.

Fig: Gmail Worker

Analysis:

. RESPONSE ACCURACY .

{ Response Accuracy measures the percentage of replies generated by the Al Mirror

system that are correct, relevant, and contextually approprliate.
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indicating that mast of the generatad replies are accurate and appropriate.

/ Interpretation:
o The Al Mirror system achieved a Response Accuracy of 92.1%,

] Fig: Response Accuracy
Fig: Instagram Worker

«— CONTEXT RELEVANCE —

Context Relevance r how well the replies
match the intent and context of the user's message.

91.7% |

. Value o
Metric (%) % B
§ 40
Response Accuracy 92.1 20

8.3%

o

Contextually Relevant Not Relevant

Context Relevance 91.7 { *_ Interorotation

The Al Mirror system achieved a Context Relevance of 91.7%,
indicating that the replies are highly aligned with the conversation context
and user intent.

Personalization 90.4

Accuracy ' Fig: Context Relevance
User Satisfaction 20,8

Score

Avg. Response Time

(ms) 720
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- PERSONALIZATION ACCURACY -

Personalization Accuracy measures how well the system tailors replies
based on user preferences, style, and past interactions.

' 90.4%

90.4%

Percentage (%)

Not Persanalized

rsonalization Accuracy of 90.4%,
style,

Fig: Personalization Accuracy

«— USER SATISFACTION SCORE — -

User Satisfaction Score represents the overall satisfaction of users

with the quality, . and of the replies.
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Interpretation:
The Al Mirror system achieved a User Satisfaction Score of 89.8%,

indicating a positive experience for most users.

Fig: User Satisfaction Score

The proposed Al Mirror system achieved
high performance in generating accurate and
context-aware replies. The experimental
results showed strong response relevance
and effective personalization based on user
communication patterns. The system also
demonstrated efficient response generation
and adaptive learning capabilities, ensuring
improved user interaction and
communication quality across integrated
platforms.

Performance Improvement Analysis:

The proposed Al Mirror system showed
noticeable improvements in communication

efficiency and response quality across
multiple evaluation parameters:

Response Accuracy Improvement: +12.8%
Context Relevance Improvement: +20.4%

Personalization Enhancement: Significant
improvement through embedding-based
learning

Average Response Time: Maintained around
720 ms for efficient reply generation

These results demonstrate that the system
effectively balances personalization,
contextual understanding, and
communication performance.

VIII. CONCLUSION

This work presents the development of Al Mirror,
an intelligent communication system that generates
personalized and context-aware replies using
Artificial Intelligence techniques. The system
combines embeddings, vector databases, and Large
Language Models to improve communication
quality while understanding individual user
interaction patterns.

Experimental evaluation showed that the system
can generate relevant and adaptive responses across
platforms such as Gmail and Instagram. The
proposed architecture also supports future
improvements in personalization, automation, and
smart communication services.
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