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ABSTRACT:

Recent advancements in large language models (LLMs) like ChatGPT have revolutionized human-computer interaction. However, current systems often lack
long-term personalization and contextual continuity, limiting their efficiency in sustained or domain-specific tasks. This paper proposes a plugin-based
architecture integrated with a context-awareness algorithm to enhance ChatGPT’s ability to retain and adapt to user-specific information across sessions. We

evaluate the proposed method using simulation scenarios and user feedback, demonstrating improvements in response relevance and task efficiency.

1. Introduction

Large language models (LLMs) such as ChatGPT have revolutionized human-computer interaction by enabling systems to generate contextually
relevant, coherent, and often creative responses across a variety of tasks. From drafting professional emails to explaining scientific concepts, LLMs are
being employed in education, customer support, healthcare, software development, and more. The underlying architecture—transformer-based deep
learning—allows these models to recognize patterns in language at scale and generate human-like outputs. However, while the generative capabilities
of models like GPT-3.5 and GPT-4 are undeniably powerful, they are not without limitations.

A particularly persistent issue lies in the lack of personalization and context-awareness. In most existing implementations, including those accessed
via APIs or standard interfaces, LLMs operate in a stateless or semi-stateful manner, limited to a predefined context window of recent tokens. Once this
window is exceeded, earlier conversational or user-specific information is lost. This creates a major bottleneck in tasks that require continuity or
individualized experiences . For example, a student receiving writing feedback from ChatGPT over multiple sessions might find themselves re-
explaining their writing style, previous corrections, or essay goals—leading to inefficiency and a fragmented user experience.

Attempts to overcome these problems have led to solutions such as fine-tuning, where a model is retrained with user-specific data, and retrieval-
augmented generation (RAG), where relevant context is dynamically fetched from external sources during inference. While these approaches improve
output relevance, they often come with significant trade-offs. Fine-tuning is computationally expensive, hard to scale across users, and can result in
overfitting or outdated personalization. Meanwhile, RAG-based systems typically rely on complex architectures involving external knowledge bases or
vector databases, introducing latency and design overhead.

In response to these concerns, OpenAl introduced memory capabilities in ChatGPT, enabling the model to remember facts about the user such as
their name, preferred tone, or frequently discussed topics. Although promising, this feature remains in early stages—limited in granularity,
interpretability, and control. Moreover, users have minimal insight into what is stored or how it influences model behavior, raising concerns related to
transparency and personalization depth.

This paper proposes a more modular, flexible solution: the integration of a plugin-based personalization and context-awareness algorithm into the
ChatGPT framework. Rather than modifying the core model, the approach introduces an external plugin that captures, structures, and retrieves
personalized context during interactions. The plugin creates a lightweight user profile using embeddings, tagging systems, or intent classification,
which can then be referenced dynamically during each session. This allows the model to adapt to user behavior and preferences across conversations
without requiring model retraining or increasing token usage within the prompt.

By designing an algorithm that maintains persistent memory, supports adaptive learning, and respects user control, the proposed system aims to
bridge the gap between general-purpose language models and truly intelligent, personalized assistants. The goal is to enhance not only output relevance
and accuracy, but also interaction efficiency, particularly in real-world, multi-turn scenarios such as personal tutoring, therapy bots, virtual assistants, or
technical support systems.
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In the sections that follow, we review related personalization techniques and memory strategies, detail the plugin’s architecture and workflow, and
evaluate its performance through a series of qualitative and quantitative tests.

Related Work

Personalization and context-awareness have become central to improving the effectiveness of conversational agents, especially with the rise of large
language models (LLMs) such as ChatGPT. While these models demonstrate remarkable general language capabilities, their ability to personalize

interactions over time and maintain coherent context remains limited without external augmentation.
1.1. Personalization in Conversational Agents

Traditional methods for personalization began with rule-based and template-driven systems, where user preferences were manually encoded. These
were limited in scalability and adaptability. With the evolution of neural conversational models, personalization techniques began incorporating user
characteristics directly into the model inputs. Persona-based conversation models have shown how integrating identity-based details can lead to more
coherent and engaging dialogue generation.

More recently, retrieval-based approaches have enabled models to access relevant user information during generation. Such methods typically rely on
static user profiles or predefined datasets, which do not adapt dynamically to evolving conversations. As a result, these systems often fail to reflect

changes in user intent or context over time.
1.2. Memory-Augmented Language Models

Memory integration in dialogue systems is an active area of research. Recurrent entity networks and transformer-based memory architectures have been
proposed to track conversation state and world knowledge. However, most of these models are tightly coupled with their training data, requiring
architectural modifications or retraining to support memory augmentation.

In contrast, external memory systems—such as those using vector databases—offer a modular solution. By storing user interaction data separately
from the model and retrieving it at runtime using semantic similarity, these systems allow for plug-and-play augmentation without the need for
retraining. This approach aligns well with the plugin design proposed in our work.

1.3. Prompt Engineering and Context Injection

Prompt engineering offers a lightweight method for controlling LLM outputs, often by appending previous user data or contextual examples to the
input prompt. This technique has been widely adopted due to its simplicity, though it introduces new challenges. For instance, long prompts quickly hit
token limits, and manually crafting them is not scalable. More recent work focuses on dynamic prompt generation, where only the most relevant pieces
of information are included in a prompt using semantic search or importance weighting.

Our system builds upon this idea by implementing an automated, memory-driven prompt builder that selects and summarizes key past interactions
using a time-decay function and vector similarity.

1.4. GUser Modeling and Personal Memory Layers

User modeling is essential for effective personalization. In conversational Al, this involves extracting key behavioral and linguistic patterns to infer
preferences, goals, and emotional states. Most commercial systems today, including proprietary LLM tools, store minimal, high-level information about
users and offer limited transparency or control over memory.

Our work proposes a plugin that explicitly models user behavior through ongoing conversation analysis. This model remains editable and interpretable,
allowing users to audit, update, or delete memory as desired. The profile is built from features like emotional tone, intent, semantic patterns, and stated
preferences—parsed and stored in a memory system that supports both retrieval and reasoning.

1.5. Summary

Despite significant progress, current personalization solutions tend to fall into three categories: static persona-based models that lack adaptability; end-
to-end memory-integrated systems that are not modular; and handcrafted prompt engineering approaches that are labor-intensive and token-inefficient.

Our proposed system bridges these gaps through a modular plugin that dynamically learns from users, stores memory in a flexible vector-based
database, and injects context into conversations via a time-weighted prompt builder. This approach provides a more transparent, scalable, and user-
controllable solution for enhancing personalization and context-awareness in LLMs.

Proposed System

Plugin-Based Personalization and Context-Awareness for ChatGPT
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This section details the full architecture, workflow, and core components of the proposed plugin designed to add persistent, user-aware memory to
ChatGPT interactions. The system is designed to run externally from the language model, ensuring modularity, transparency, and extensibility.

3.1 Architectural Overview

The plugin is structured around three primary components:

Layer Description

Profiling Engine Captures user-specific data in real-time using NLU techniques

Context Manager Stores and retrieves relevant conversation memory with time/context weighting
Prompt Augmenter Injects contextual info into the current prompt before sending it to ChatGPT

3.2 Profiling Engine (NLU-Based User Memory Creation)

3.2.1 Functionality

Parses user inputs and ChatGPT responses to extract:

L] Entities: name, company, location, topic

L] Intents: "asking for help", "expressing frustration", etc.
L] Preferences: tone, domain, response length

3.2.2 Tools Used

L] NER: spaCy, transformers NER model

L] Intent Classification: fine-tuned BERT model with intent tags
L] Sentiment Analysis: VADER or DistilBERT-sentiment

[ ] Embeddings: OpenAl or Hugging Face Sentence Transformers

3.2.3 Sample Code Snippet

from transformers import pipeline
ner pipeline = pipeline(“ner”, model="dslim/bert-base-NER”)

sentiment pipeline = pipeline(“sentiment—analysis”)

def extract profile(text):
entities = ner pipeline(text)
sentiment = sentiment pipeline (text)
return
“entities”: entities,
“sentiment”: sentiment[0] [’ label’ ],

”

”, - . )
timestamp datetime. utcnow()

3.3 Context Manager (Semantic Memory System)

3.3.1 Core Features

° Uses semantic similarity to match current query with past interactions.
. Applies decay over time using time-aware scoring.

3.3.2 Data Structure
Stored in JSON or MongoDB schema:

json
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“user id”: “u 1017,
“"messages”: [
{
“embedding”: [0.12, 0.75, ...],
“text”: "Help me with resume building”,
“topic”: “career”,
“timestamp”: ”72025-04-13T15:00Z”

3.3.3 Time-Weighted Retrieval Algorithm
Python

def rank by relevance(query emb, memory, decay factor=0.01):

results = []

for item in memory:
sim = cosine similarity(query emb, item[”embedding”])
time delta = (datetime.utcnow() — item[”timestamp”]). total seconds()
weighted score = sim * np. exp (-decay factor * time delta)
results. append ((weighted score, item))

return sorted(results, key=lambda x: -x[0])

3.4 Prompt Augmenter (Dynamic Context Injection)
3.4.1 Goal

Before sending a message to ChatGPT, this module:

° Selects top-k relevant memory items
° Compresses them (optional summarization
. Attaches a context preamble to the user’s current query

3.4.2 Prompt Engineering Template
Python
context = “\n”. join([item["text”] for , item in top memories[:3]])
final prompt = 77"
The user you' re assisting is named Sam. They prefer a friendly tone and are focused on career development. Previous

topics include resume design and interview skills.

Relevant context:
{context}

Current query:

{user input}

non

This approach respects the token budget by summarizing context, using Top-K filtering, and truncating less relevant entries.
3.5 User Interface & Control Options

To meet ethical and usability standards, the plugin should expose controls like:
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° Memory toggle ("don’t use memory for this session")
° Editable user profile
° Context explanation ("What do you remember about me?")

A simple React-based dashboard or CLI tool can be used to let users see and manage stored data.

3.6 Full Tech Stack

3.7 open-source repo

chatgpt-personalizer-plugin/

— README.md

—— LICENSE

— requirements.txt

— .env.example

—— app/ # Core backend logic
main.py # FastAPI app
routes.py # API endpoints
memory.py # Vector DB + time-decay logic
profiler.py # NLU tools (NER, sentiment, intent)
augmenter.py # Prompt augmentation
config.py # Environment/config variables

—— models/ # Trained or fine-tuned models

L intent_classifier.pkl

— data/ # Sample user and interaction data
L sample_user_data.json

— frontend/ # Optional React or Streamlit Ul
L dashboard.jsx

— utils/ # Utility functions (e.g., embeddings)
L embedding.py

— tests/ # Unit + integration tests
test_memory.py
test_profiler.py
—— docs/ # Diagrams, usage guides
L— architecture.png

Proposed System

This section introduces a modular plugin-based architecture designed to enhance ChatGPT with dynamic personalization and context-awareness.

Unlike approaches that require fine-tuning or internal model modifications, the proposed system operates externally, interfacing with the language

model via pre-processing and prompt injection. This architecture supports user memory accumulation, intent recognition, semantic retrieval, and

dynamic prompt augmentation in real time.

4.1 System Architecture Overview

The system comprises four core modules: the Input Interceptor, the Natural Language Processing (NLP) Engine, the Vector Memory Store, and

the Dynamic Prompt Generator. Each module functions independently, enabling modular deployment and scalability. A high-level depiction of the

architecture is provided in Figure 1.
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Figure 1: High-level architecture of the proposed plugin-based personalization and memory augmentation system.
4.2 Input Interception and Logging

The Input Interceptor serves as the system's entry point, capturing incoming user inputs along with relevant session metadata (e.g., timestamps, session
ID). This component acts as a passive listener, forwarding queries to both the NLP Engine and the language model, ensuring non-intrusive integration.
By decoupling interception from processing, the architecture maintains flexibility for integration with various large language model APIs or interfaces.

4.3 NLP Engine for Semantic Enrichment

The intercepted input is passed to the NLP Engine, which performs real-time semantic analysis. This engine leverages state-of-the-art pre-trained
transformers to execute the following sub-tasks:

. Intent Recognition: Classification of user intent (e.g., query, instruction, reflection) using zero-shot or fine-tuned models.

. Entity and Attribute Extraction: Detection of relevant entities (e.g., names, places, preferences) using Named Entity Recognition (NER)

pipelines.

e  Emotion and Sentiment Analysis: Determination of affective state, aiding the emotional consistency of responses.

e  Contextual Topic Modeling: Unsupervised clustering of inputs to identify recurring conversational themes.
Outputs from the NLP Engine are serialized into structured JSON documents, which are embedded into vector space representations using transformer-
based sentence encoders.

4.4 Vector-Based Long-Term Memory
The Vector Memory Store maintains a persistent, queryable representation of user-specific data. Each conversational input, enriched with metadata and
semantic embeddings, is indexed using a vector similarity engine such as FAISS or ChromaDB. This storage paradigm supports scalable retrieval and

long-term personalization without inflating the prompt length.

Key design principles include:

. Temporal Decay Modeling: Memory entries are weighted based on recency and frequency to prevent historical dominance.

° Semantic Relevance Retrieval: At each interaction, the top-k contextually similar memory items are retrieved using cosine similarity.

. User-Aware Control: Memory records are user-accessible and modifiable, enabling memory transparency and compliance with ethical Al
principles.

This module is designed for cross-session memory continuity, enabling the system to maintain and evolve user profiles over time.

4.5 Dynamic Prompt Generation

The final stage involves constructing an augmented prompt for ChatGPT by integrating the current user query with a distilled representation of relevant
memory. This process involves:

. Role and Persona Reinforcement: Injecting instructions that align the model's behavior with the user’s preferred interaction style (e.g.,
“Explain like a visual learner,” or “Use minimal text and bullet points.”).

. Context Summarization: Compressing semantically similar memories using abstractive summarization models to remain within token limits.

° Relevance Filtering: Dynamically selecting only the most pertinent historical entries based on interaction intent and semantic similarity.
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The resulting prompt is optimized for coherence, personalization, and efficiency, ensuring that the underlying model generates responses that are both
contextually informed and behaviorally aligned.

4.6 Operational Workflow

The entire system operates as follows:

The user submits a query via the ChatGPT interface.

The Input Interceptor captures the query and relays it to the NLP Engine.

The NLP Engine processes the input and updates the Vector Memory Store with new semantic representations.
The memory system retrieves the most relevant past interactions.

The Prompt Generator combines the retrieved memory with the current query and constructs a composite prompt.
The augmented prompt is submitted to ChatGPT, resulting in a personalized, context-aware response.

A

This architecture ensures a dynamic feedback loop where user interactions continuously refine and enrich the memory layer, supporting lifelong
learning and adaptive behavior.

Implementation Details

The proposed personalization plugin was implemented as a lightweight, modular system that interfaces with ChatGPT via API endpoints. It is designed
to be model-agnostic and can operate in conjunction with any LLM interface that supports external prompt injection. The entire system is written in
Python and utilizes modern open-source libraries for natural language processing, vector similarity, and web integration.

5.1 Technology Stack

The following technologies and libraries were employed in the system:

Programming Language Python 3.11
Embedding Models all-MiniLM-L6-v2 (via sentence-transformers) or text-embedding-ada-002 (OpenAl)

Front-End / API Communication Flask or FastAPI

Caching Redis (used for session-level memory recall)

5.2 Plugin Architecture and Modularity

The plugin is structured into distinct microservices that communicate via RESTful APIs or function calls. This allows for component-level replacement,
such as upgrading the vector database or changing the embedding model, without disrupting the entire system. Each module is stateless and
horizontally scalable, which facilitates deployment in production or educational environments.

5.3 Vector Memory Store Schema

Each memory unit is stored as a record with the following structure:
{
"user_id": "user123",
"timestamp": "2025-04-13T13:15:00Z",
"raw_input": "I prefer responses with bullet points.",
"entities": ["bullet points", "preference"],
"intent": "preference-setting",
"summary": "User prefers structured answers.",
"embedding_vector": [0.016, -0.095, ..., 0.208]
}

Embeddings are stored in FAISS indices and periodically re-indexed to reflect memory decay, allowing for responsive real-time retrieval.
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5.4 Retrieval and Scoring Algorithm
Memory retrieval is based on cosine similarity between the embedding of the current query and the stored memory vectors. The scoring function

combines semantic similarity with a temporal decay factor:
This hybrid retrieval ensures that the system retrieves both semantically and temporally relevant context entries.

tu. W ti
Score; = A1 - CosSim(g,m;:) + Az - exp ( 07)

T

q is the query embedding,

m'l is the i-th memory embedding,

t

T is the timestamp of memory iii,

T is the decay constant (tunable),

A 1 weighting coefficient.

A2 weighting coefficient.
5.5 Prompt Augmentation Pipeline

After relevant memories are retrieved, the system constructs an enriched prompt dynamically. This includes:

System Instructions (e.g., preferred response style),
Behavioral Tags (e.g., formal/informal tone),
Contextual Recap (summarized from memory),

Current User Query

The output follows this template:

[System]: You are an assistant who remembers the user's preferences.
[Memory]: The user prefers concise explanations with visuals when possible.
[Query]: Can you explain the Fourier Transform to me?

This prompt is then passed to the LLM (e.g., via OpenAl's chat/completions endpoint), producing a response that is both aligned with user history and
current intent.

6. Evaluation

To assess the effectiveness and practicality of the proposed plugin-based personalization and context-awareness system for ChatGPT, we conducted a
structured evaluation across three major dimensions: retrieval performance, system latency, and user experience. The evaluation setup was performed in
a controlled sandbox environment simulating real-world user interactions over multiple sessions.

6.1 Experimental Setup

The system was tested using the OpenAl gpt-4 model as the base LLM, integrated via API with the plugin middleware implemented in Python. A
dataset of 500 multi-turn conversations was synthetically generated to simulate a variety of user intents, including preference declaration, task
instructions, and emotional cues. Key user-specific preferences were randomly embedded into each simulated persona and tracked throughout the
evaluation.

The plugin used the all-MiniLM-L6-v2 embedding model, FAISS for vector retrieval, and a decayed scoring function for memory prioritization. Each
test case involved injecting user preferences and querying the model with and without the plugin system enabled.
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6.2 Context Retrieval Accuracy

To measure how effectively the plugin retrieves relevant memory items, we calculated precision, recall, and F1-score against human-annotated ground
truth:

This demonstrates the system’s strong ability to surface semantically and temporally appropriate memory entries for prompt augmentation.

Additionally, user-specific instructions (e.g., “explain concisely”, “use friendly tone”) were correctly recalled in 92% of cases when present in memory,
highlighting the system’s reliability in maintaining long-term personalization.

6.3 System Latency

The overhead introduced by the plugin system was measured at various stages:

This sub-100ms overhead is acceptable for real-time applications and does not significantly degrade the user experience, especially when responses
from the LLM itself may take multiple seconds.

6.4 User Study: Personalization Perception

A blind user study was conducted with 30 participants who interacted with two versions of the same assistant—one augmented with the plugin and one
without. Participants rated their experiences across four metrics on a 5-point Likert scale:
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Users overwhelmingly favored the plugin-augmented system, citing continuity, responsiveness to preferences, and reduced need for repetition as key
benefits.

6.5 Ablation Study

To validate the contribution of individual modules, we conducted an ablation study where components like temporal decay or intent classification were
selectively disabled:

Results indicate that each module contributes to both technical and perceptual improvements, justifying their inclusion in the system architecture.

7. Limitations and Future Work

Despite the promising capabilities demonstrated by the proposed plugin-based system for enhancing personalization and context-awareness in
ChatGPT, several limitations constrain its current scope and generalizability. These constraints, while not detracting from the system’s core efficacy,
point to valuable avenues for refinement and extended exploration.

7.1 Limitations

a. Scalability of Memory Retrieval Mechanisms

The retrieval framework employed—anchored in vector similarity search using FAISS—performs efficiently in short- to medium-term interaction
scenarios. However, as memory scales in both depth (longitudinal user engagement) and breadth (multi-domain knowledge), retrieval precision may
degrade due to embedding space saturation and computational cost. The system lacks dynamic memory pruning or hierarchical indexing strategies that
are essential for long-term scalability in production environments.
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b. Contextual Drift and Misalignment

While the system performs well in extracting relevant memory entries, it exhibits vulnerability to semantic drift, particularly in queries with low
specificity or implicit references. In such instances, unrelated or tangentially relevant memory items may be introduced into the prompt, thereby
misguiding the generative model. The absence of a context disambiguation layer exacerbates this issue, especially in high-entropy conversational
domains.

c. Limited Personalization Modalities

Personalization within the current system is constrained to declarative memory items such as stated user preferences, conversational tone, and task
continuity. However, more nuanced dimensions of personalization—such as affective state recognition, sociolinguistic tailoring, or meta-cognitive
preferences—are not yet supported. As such, the user model remains predominantly static and instruction-driven, lacking adaptive behavioral inference.
d. Reliance on Embedding Fidelity

The plugin’s efficacy is closely tied to the quality of sentence embeddings used for semantic matching. Domain misalignment, multilingual
inconsistency, or encoding ambiguity can significantly impair retrieval accuracy. Moreover, the plugin does not currently implement embedding
robustness estimation or confidence-scored retrieval, which limits its resilience in noisy or atypical input conditions.

e. Ethical and Privacy Considerations

The persistence of user memory, even in encrypted or local storage configurations, poses substantive concerns regarding user consent, data sovereignty,
and right to erasure. While rudimentary compliance features are embedded, the system lacks comprehensive privacy-preserving mechanisms (e.g., zero-
knowledge proof auditing, user-controlled memory export/delete), which are imperative for deployment in regulated sectors.

7.2 Future Work

a. Hierarchical Memory Architecture

To address scalability and relevance decay, future work will explore a stratified memory model incorporating both episodic and semantic layers. The
episodic layer would prioritize short-term, session-local information, while the semantic layer would abstract long-term traits through memory
distillation and concept clustering. This hybrid approach is expected to enhance retrieval efficiency and interpretability.

b. Interactive Feedback Loops and Self-Adaptation

The incorporation of user-in-the-loop reinforcement learning mechanisms (e.g., preference learning, feedback weighting) represents a promising
direction. Enabling the assistant to iteratively adapt its memory prioritization, response strategy, and conversational style based on explicit or implicit
feedback can significantly enhance personalization fidelity.

¢. Multimodal Context Integration

We propose extending the plugin framework to ingest multimodal signals such as vocal prosody, cursor activity, or facial affect (where permitted),
thereby enriching the user context with non-verbal cues. Such multimodal embeddings could improve intent disambiguation and emotional
responsiveness, especially in accessibility or health-focused applications.

d. Federated and Privacy-Centric Architectures

To mitigate privacy concerns, ongoing work will investigate the integration of federated memory models and differential privacy protocols. Distributed
on-device memory stores with encrypted synchronization could empower users with greater control over their data while ensuring compliance with
jurisdictional policies like GDPR and HIPAA.

e. Standardization and Open Research Interface

Finally, an open-source release of the plugin framework, complete with modular APIs, benchmarking datasets, and diagnostic tools, is envisioned to
stimulate reproducibility and cross-institutional collaboration. Establishing standardized evaluation metrics for conversational personalization remains a
parallel goal for aligning research trajectories in this emerging domain.

8. Conclusion

This paper has presented a modular plugin-based system to enhance personalization and context-awareness in large language models, specifically
applied to ChatGPT. By introducing a persistent user memory layer, integrated via embedding-based retrieval and prompt injection, the system
effectively bridges the gap between static, stateless interactions and dynamic, user-adaptive dialogue systems. Through architectural modularity,
seamless interfacing, and retrieval-informed prompting, the proposed plugin architecture demonstrates the viability of augmenting general-purpose
language models with user-specific contextual intelligence.

The implementation showcases that even without altering the foundational model weights, it is possible to achieve significantly more coherent,
personalized, and goal-aligned interactions. The plugin’s extensibility, platform-independence, and use of open-source tools such as FAISS and
LangChain further affirm its accessibility for a wide range of research and development efforts.

Nevertheless, this approach is not without limitations. Challenges in scaling memory retrieval, disambiguating semantic drift, and addressing ethical
and privacy concerns point to the complexity of embedding true personalization into Al systems. To address these, future work will explore hierarchical
memory structures, federated learning strategies, and user-in-the-loop adaptation mechanisms.

Ultimately, this research underscores the potential of plugin-based frameworks as a pragmatic and ethical pathway toward more human-centric Al
systems. As large language models continue to evolve, such augmentation strategies will play a critical role in transitioning from generic language

understanding systems to truly assistive, memory-informed agents capable of long-term user collaboration and value alignment.
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