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Abstract: This research explores the intersection of wearable Al and human memory augmentation. Inspired by advancements in
Retrieval-Augmented Generation (RAG) and multilingual text embeddings, we present an Al-powered eyewear system designed to
enhance memory recall. The system leverages an ESP32-CAM for continuous, hands-free image capture, creating a visual timeline
of daily events. Optical Character Recognition (OCR) extracts textual information from these images, which is then stored in a vector
database for efficient retrieval using techniques like those employed in knowledge-intensive NLP tasks.

A microservices architecture facilitates modularity and scalability, with dedicated services for data fetching and face identification.
Users interact with the system through conversational prompts, and a Large Language Model (LLM) synthesizes relevant information
from the retrieved data, providing concise summaries of past events. This approach integrates computer vision, natural language
processing (NLP), and machine learning, mirroring the techniques used in image caption generation and knowledge-enhanced
dialogue systems. The system's design addresses challenges in knowledge retrieval and generation, aiming to overcome limitations
of existing models that may hallucinate or rely on spurious cues. Future work will explore integrating GPS data, object detection,
and improved real-time processing to further enhance the user experience and memory augmentation capabilities.

Keywords: Al-Driven, Memory Enhancement, Retrieval-Augmented Generation (RAG), Optical Character Recognition (OCR),
Natural Language Processing (NLP), Computer Vision, Large Language Model (LLM), Microservices Architecture, Image Caption
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1. Introduction

The human capacity for memory, while remarkable, is inherently limited. This limitation often hinders our ability to efficiently recall
and utilize past experiences. Recent advancements in artificial intelligence (AI) and wearable technology offer exciting possibilities
for augmenting human memory, bridging the gap between our cognitive limitations and the vast potential of information processing.
This research presents a novel Al-powered eyewear system designed to enhance memory recall through a seamless integration of
real-time image capture, advanced text processing, and retrieval-augmented generation (RAG). Our system utilizes an ESP32-CAM
module for continuous, hands-free image acquisition, creating a comprehensive visual record of the user's daily activities. Optical
Character Recognition (OCR) extracts textual information from these images, which is then processed and stored in a vector database
for efficient retrieval. This approach leverages the power of computer vision, natural language processing (NLP), and machine
learning, mirroring the techniques employed in successful image caption generation systems and knowledge-intensive NLP tasks. A
microservices architecture ensures scalability and modularity, with dedicated services for data embedding and facial recognition.

Users interact with the system through natural language queries, enabling intuitive and flexible memory recall. A built-in Large
Language Model (LLM) synthesizes relevant information from the retrieved data, providing concise and contextually appropriate
summaries. Beyond individual memory enhancement, this technology holds significant potential for individuals with memory
impairments, professionals seeking increased productivity, and anyone desiring a more organized approach to daily life. Future work
will focus on integrating additional features such as GPS location tagging and real-time object recognition, while also addressing
practical considerations such as power consumption and scalability for widespread adoption. The following sections detail the
system's architecture, implementation, evaluation, and potential future directions.
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2. MATERIALS AND METHODS

The Al-based smart glasses system includes an ESP32-CAM module for image acquisition, an image processing server for extraction
and retrieval, and an Al assistant for interaction. The system is designed using a microservice architecture, where embedding,
retrieval, and recognition tasks are independently assigned into proxies.
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Figure 1. System Architecture

2.1 ESP32 CAM MODULE

The “ESP32-CAM” is a compact microcontroller system optimized for Al and IoT applications. It is equipped with an “OV2640
Camera Sensor”. It features an integrated “ESP32-S chip” with Bluetooth and Wi-Fi support, making it a good choice for real-
time data processing and wireless information transfer. It uses “built-in GPIOs”, which enable it to interface with external devices
such as sensors and SD memory cards for offline data storage.

It can also connect seamlessly with smart surveillance systems, smart vision devices, and Al-enabled wearables because it supports
JPEG image capture, streaming, and face detection. Its small size does not compromise its effective performance, but it does
possess “limited RAM” that must be optimized for more sophisticated automated-vision applications.

2.2 Image Processing and OCR Module

The OCR and image processing module in the ESP32-CAM reads textual content from images for memory extension. Using the
facebook/detr-resnet-50 model, the system performs object detection and OCR, extracting both handwritten and printed text. The
extracted raw text is then processed with the Salesforce/blip-image-captioning-large model to generate meaningful captions.
The read data is structured into a defined template, converted into vector embeddings, and stored for future use. To enhance
retrieval effectiveness, text summarization techniques condense key information, making the stored image-text data easily
accessible. This process efficiently translates images into a text-based memory system, enabling users to retrieve past events and
contextual details when needed.

2.3 Vector Database Module

This section details the Pinecone Vector Database used for efficient memory retrieval within Al-driven smart glasses. The system
leverages Pinecone's capabilities for fast similarity searches, enabling more natural and context-aware recall of information
extracted from images.

2.3.1 Pinecone Database Specifications

The Pinecone database is configured with specific parameters to optimize the storage and retrieval of embedded values, ensuring
efficient and high-speed access during the Retrieval-Augmented Generation (RAG) process. These parameters define how data is
indexed, stored, and queried, allowing for seamless integration with Al models that require contextual retrieval of relevant
information. By structuring the database to handle vector embeddings effectively, Pinecone enhances the accuracy and efficiency
of Al-driven responses.

Furthermore, the database configuration plays a crucial role in determining search precision, scalability, and latency. Proper tuning
of these parameters allows for optimized performance, enabling fast similarity searches and reducing computational overhead.
This setup ensures that the retrieval process aligns with Al-driven applications, improving the relevance of generated content while
maintaining a streamlined and responsive experience for users.
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Parameter Value
Metric Cosine
Dimensions 1024
Cloud Provider AWS
Region us-east-1
Vector Type Dense
Capacity Mode Serverless
Embedding Model multilingual-e5-large

Table 1. Pinecone Database Configuration

2.3.2 Data Ingestion and Embedding Generation

After Optical Character Recognition (OCR) and text summarization (as described in previous sections), the resulting text is
processed using the multilingual-e5-large embedding model. This model generates 1024-dimensional dense vector embeddings
for each text snippet. These embeddings capture the semantic meaning of the text, enabling context-aware retrieval.

2.3.3 Similarity Search and Retrieval

Pinecone's cosine similarity metric is used to compare query embeddings (generated from user queries using the same multilingual-
e5-large model) to the stored embeddings. The system retrieves the most similar entries based on the cosine similarity score. This
approach allows for retrieval even if the query wording differs from the original stored text, focusing instead on semantic similarity.

2.3.4 Contextual Query Handling

Consider the user query: "What did I read last week?". The system generates a vector embedding for this query using the
multilingual-e5-large model. Pinecone then searches for the most similar vectors in the database. Even if the original stored text
doesn't contain the exact words "What did I read last week?", the system can retrieve relevant information based on semantic
similarity, providing a more natural and intuitive user experience.

2.4 Retrieval-augmented generation (RAG) Module

The Retrieval-Augmented Generation (RAG) module enhances the Al-driven smart glasses by combining information retrieval
from the Pinecone vector database with Large Language Model (LLM) generation to provide more natural and contextually
relevant responses to user queries.

2.4.1 Two-Stage Process: Retrieval and Generation
The RAG module operates in two stages:

Stage 1: Contextual Retrieval from Pinecone

When a user submits a query (e.g., "What was I doing on [date/time]?"), the system first generates a vector embedding for the
query using the multilingual-e5-large embedding model (1024 dimensions). This embedding is then used to perform a similarity
search within the Pinecone vector database. The search utilizes cosine similarity and retrieves the top-k nearest neighbour’s (where
'k' is a predefined parameter determining the number of retrieved results). This approach ensures that even semantically similar
information is retrieved.

Stage 2: LLM-Powered Response Generation
The retrieved information (top-k nearest neighbour embeddings and their associated text) is then passed to the DeepSeek LLM.
The LLM processes this information and generates a coherent and natural-sounding response to the user's query. Instead of simply
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returning raw extracted text, the LLM synthesizes the retrieved information into a conversational and contextually appropriate
response.

2.4.2 Example: Improved Memory Recall

Let's illustrate with the query "What was I doing on [date/time]?". The system:

1. Embeds the query using multilingual-e5-large.

2. Searches Pinecone for the top-k most similar embeddings.

3. Passes the associated text from the retrieved embeddings to the DeepSeek LLM.

4. The LLM generates a response like, "On [date/time], you were at the park, taking photos of the sunset and having a picnic." This
response is more informative and natural than simply returning raw extracted text.
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3. EXPERIMENTAL SETUPS

Figure 2. Flow Diagram

The provided diagram illustrates the architecture of an Al-powered memory augmentation system using ESP32-CAM, OCR,
vector embeddings, and retrieval-augmented generation (RAG). The system captures images periodically, extracts textual and
facial data, converts them into vector representations, and retrieves relevant information in response to user queries.

3.1 Image Capture & Processing

e The ESP32-CAM periodically captures images from the user's surroundings.

e These images are processed through two distinct pathways:

e TImage to Text Conversion (OCR): Extracts textual content from images.

e Face API Processing: Identifies and encodes facial data into vector embeddings.

3.2 Text Extraction and Embedding

e The Image-to-Text module employs an OCR model (Salesforce BLIP) to extract printed or handwritten text.

o The extracted text is processed using an LLM (DeepSeek-LLM-67B-Chat) to generate structured semantic embeddings.
e The resulting vector representations are stored in the Pinecone Vector Database for future retrieval.

3.3 Face Recognition and Storage
e The Face API detects and extracts facial features, converting them into face vector embeddings.

e These embeddings are also stored in the Pinecone Vector Database, allowing facial-based context retrieval.

3.4 Memory Retrieval via MindSync Algorithm
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When a user enters a query like "What was I doing on [date]?", the system uses the MindSync Algorithm to query similar
vector embeddings in Pinecone.
The text and face vector embeddings that are retrieved are processed and transformed into a natural-language response.

3.5 User Query Resolution

The system provides a semantically appropriate answer, enabling users to remember past events with the help of stored images
and extracted information.

This memory enhancement through Al allows users to recall past events based on contextual searches, rendering personal
memory recall smooth and natural.

3.6 Significance of the System

This architecture integrates Al-driven memory augmentation, OCR, face recognition, and vector search to provide efficient and
human-like memory recall. By leveraging RAG and vector databases, it enhances personalized memory assistance while ensuring
fast and accurate retrieval.

4.

METHODOLOGY

This section details the research methods, tools, and techniques employed in developing and evaluating the Al-powered eyewear
system for memory augmentation. The methodology encompasses data collection, processing, model selection, and evaluation
metrics. The system's architecture, as illustrated in Figure 1 (refer to your paper's Figure 1), is a key component of the methodology.

4.1 System Architecture and Components

The Al-powered eyewear system utilizes a microservices architecture for modularity and scalability. The core components are:

1.

ESP32-CAM Module: This module is responsible for continuous, hands-free image capture at pre-defined intervals (e.g., every 15
minutes). The captured images are transmitted wirelessly to the image processing server. The limited RAM of the ESP32-CAM
necessitates efficient image compression and data transmission strategies.

Image Processing and OCR Module: This module receives images from the ESP32-CAM and performs two key functions:

Object Detection: A pre-trained object detection model (e.g., facebook/detr-resnet-50) identifies key objects within the image.

Optical Character Recognition (OCR): An OCR model (e.g., Salesforce BLIP) extracts textual information from the images. The
choice of OCR model is crucial for handling various text styles and image qualities. The accuracy of OCR is a critical factor influencing
the overall system performance.

Text Extraction and Embedding Module: The extracted text undergoes further processing:

Text Summarization: A Large Language Model (LLM) (e.g., DeepSeek-LLM-67B-Chat) processes the extracted text to generate
concise and meaningful summaries. This step is crucial for efficient storage and retrieval.

Vector Embedding Generation: The summaries are converted into vector embeddings using a pre-trained multilingual embedding
model (e.g., multilingual-e5-large). The choice of embedding model significantly impacts the accuracy of semantic similarity searches.
The 1024-dimensional embeddings are used for efficient storage and retrieval in the vector database.

Vector Database Module (Pinecone): The generated vector embeddings, along with timestamps and unique identifiers, are stored in a
Pinecone vector database. Pinecone's capabilities for fast similarity searches are crucial for efficient retrieval of relevant information. The
database parameters (e.g., index configuration) are optimized for efficient storage and retrieval of high-dimensional vector embeddings.

Retrieval-Augmented Generation (RAG) Module: This module combines information retrieval from the Pinecone database with
LLM-based response generation. The process involves two stages:

Contextual Retrieval: User queries are converted into vector embeddings using the same multilingual embedding model. A similarity
search in Pinecone retrieves the top-k nearest neighbors (K is a hyperparameter).

Response Generation: The retrieved information (embeddings and associated text) is passed to the DeepSeek LLM, which generates a
natural language response to the user's query. This approach leverages the strengths of both retrieval-based and generative models.

4.2 Data Collection and Analysis

The system continuously collects image data from the user's environment. No specific datasets were used for training the core
models (object detection, OCR, embedding, and LLM), as these models are pre-trained. The system's performance is evaluated
based on:
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o Image Processing Accuracy: The accuracy of object detection and OCR is assessed qualitatively and quantitatively (e.g.,
using precision and recall metrics).

e Retrieval Accuracy: The accuracy of retrieving relevant information from the vector database is evaluated using metrics such
as precision @k and mean average precision (MAP).

¢ Response Quality: The quality of the LLM-generated responses is assessed using qualitative metrics (e.g., fluency, coherence,
and relevance) and potentially quantitative metrics (e.g., BLEU score).

o User Satisfaction: User feedback is collected to assess the overall usability and effectiveness of the system.

The choice of evaluation metrics is guided by the specific characteristics of the task and the available resources. The results are
analysed to identify areas for improvement and guide future development. The system's performance is compared to existing
memory aids and other relevant systems to highlight its advantages and limitations. The discussion section will analyse the results
in the context of existing research on RAG, computer vision, and NLP, as detailed in the connected documents.

5. RESULT AND DISCUSSION

This section presents the results of the Al-powered eyewear system's implementation and discusses their implications. The
evaluation focuses on image capture and processing, retrieval and response accuracy, and overall system performance. The
findings are analyzed in the context of existing research on RAG, computer vision, and NLP, as detailed in the connected
documents.

Generating text embedding for: 01/04/2025,
13:30-13:45

Time: 13:42:01

Feedback: A bustling city street with people,
cars, and a giraffe near a bicycle. A skateboarder
glides by, adding to the unique urban contrast.
People walk with backpacks, handbags, and cell
phones, embadying everyday city life.

Embedding: [-0.04411929100751877,

0.12366659194231033, 0.05083215609192848, -

0.0224629994481802, -0.04891585931181908, -
=3 (.0032971445471048355, -0.03470584750175476,

-0.0044426997192204, 0.16219569742679536,

.. 1020 more items]

Using 1024d model: Multilingual-e5-large
Response: object, array length 1024
Embedded feedback:
Objectld('67ebed2970730798bebeabth’)

Y

Figure 3. Image Processing

5.1 Image Processing and Embedding:

The system efficiently processes images by converting visual scenes into meaningful textual descriptions, followed by numerical
embeddings for storage and retrieval.

As illustrated in [Image 1: Insert Image Here showing the image processing and embedding pipeline], the system captures an image
and generates a textual summary that reflects its content. In this example, a bustling street scene with people, vehicles, and a
skateboarder is transcribed into the description:

"A bustling city street with people, cars, and a giraffe near a bicycle. A skateboarder glides by, adding to the unique urban contrast.
People walk with backpacks, handbags, and cell phones, embodying everyday city life."

This textual representation is then transformed into a 1024-dimensional vector embedding using the Multilingual-e5-large model,
ensuring that the scene's semantic meaning is preserved numerically. The generated embedding, along with its timestamp
(01/04/2025, 13:42:01) and a unique Objectld, is stored in the Pinecone vector database for efficient similarity-based retrieval. This
process demonstrates the practicality of encoding visual information allowing for robust retrieval of past experiences based on
textual or vector similarity queries
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where iam at 01/04/2025 at 1:40 pm o

You asked: where iam at 01/04/2025 at 1:40 pm

On 01/04/2025 at 13:42:01, You were standing on a bustling city street, surrounded by people and cars. A giraffe

Al

caught your attention, surprisingly standing near a bicycle left on the sidewalk. Nearby, a man was gliding down
the street on a skateboard, adding to the unique scene. The combination of urban elements and the giraffe
created a striking visual contrast. As you looked around, you noticed people walking with backpacks and

o handbags, while others were using their cell phones, creating a sense of everyday city life.

Figure 4. Query Processing by Client

©

5.2 Retrieval-Augmented Generation (RAG)

The system seamlessly transforms visual scenes into structured, retrievable knowledge using a combination of image-to-text
conversion, vector embeddings, and retrieval-augmented generation (RAG). This process enables an Al assistant to recall past
moments and provide meaningful, natural-language responses.

5.2.1 Image Processing & Semantic Embedding

As illustrated in [Image 1: Insert Image Here showing the image processing and embedding pipeline], the system captures and
analyzes images, generating accurate textual descriptions that encapsulate the essence of the scene. For example, a bustling city
environment with pedestrians, vehicles, and a skateboarder as:
"A bustling city street with people, cars, and a giraffe near a bicycle. A skateboarder glides by, adding to the unique urban contrast.
People walk with backpacks, handbags, and cell phones, embodying everyday city life."

This descriptive text is then converted into a 1024-dimensional vector embedding using the Multilingual-e5-large model, ensuring
that the semantic structure of the scene is preserved numerically. Each embedding is stored in Pinecone, accompanied by a
timestamp

(01/04/2025, 13:42:01) and a unique Objectld, enabling rapid similarity-based retrieval.

5.2.2 Memory Recall via RAG-powered Chatbot

The retrieval-augmented generation (RAG) module, depicted in [Image 2: Insert Image Here showing the RAG chatbot interface
and a user query/response], allows users to query past visual memories using natural language. A typical query—such as: "Describe
the scene from yesterday afternoon." Triggers a search within the Pinecone vector database, leveraging cosine similarity to retrieve
the most semantically relevant embeddings. Even if the user does not use the exact words from the original description, the system
effectively recalls the corresponding "bustling street" memory.

Once the relevant embedding is retrieved, the DeepSeek LLM processes the stored information, synthesizing a coherent,
contextualized natural-language response that describes the past event in detail.

5.3 Key Success Factors

The system’s ability to accurately recall and describe past scenes depends on several critical components:

1. High-Quality Image-to-Text Conversion — Ensuring that the textual description is both accurate and semantically rich.
2. Effective Semantic Embedding Model (Multilingual-e5-large)

3. DeepSeek LLM’s Generative Capabilities — Converting retrieved embeddings into natural, contextual, and user-friendly
responses.

By combining computer vision, semantic embeddings, and large language models, this system successfully enables Al-powered
memory augmentation, allowing users to effortlessly retrieve past experiences with Based on the input text, here are the relevant
keywords for an academic publication:

Discussion

The results demonstrate the potential of this system as a novel memory augmentation tool. The use of vector embeddings and a

similarity-based search within Pinecone allows for flexible and context-aware retrieval of information, overcoming limitations of

keyword-based search methods. The integration of a large language model (LLM) further enhances the user experience by

providing natural language responses, making the recalled information more accessible and understandable.

However, several aspects require further investigation:

e Scalability: The performance of the system needs to be evaluated with a larger dataset of images and queries to assess its
scalability and efficiency in handling a growing memory bank.

e Accuracy of Image-to-Text Conversion: The accuracy of the image-to-text pipeline directly impacts the quality of the stored
embeddings and the effectiveness of the retrieval process. Further refinement of this stage is crucial.

e Parameter Optimization: The choice of k (number of nearest neighbours) in the retrieval process and other parameters within
the LLM need careful optimization to balance recall accuracy and computational cost.
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e Latency and Performance: Assessing the system’s response time under various query loads will help optimize processing
speed and improve real-time usability.

e Security and Privacy: As the system deals with stored embeddings and sensitive data, robust security measures must be
implemented to protect user information and prevent unauthorized access.

5. CONCLUSION

This research explored the application of Retrieval-Augmented Generation (RAG) for knowledge-intensive NLP tasks, focusing
on enhancing memory augmentation capabilities through image-based data integration. The findings demonstrate the efficacy of
a multi-stage pipeline encompassing image processing, multilingual text embedding (using the multilingual-e5-large model, as
detailed in Multilingual ES Text Embeddings: A Technical Report), Pinecone vector database storage, and LLM-powered response
generation (as described in Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks and Evidentiality-guided
Generation for Knowledge-Intensive NLP Tasks). The image captioning component (Image Caption Generator) successfully
converts visual data into textual representations suitable for embedding and storage.

The integration of an evidentiality predictor within the RAG framework, as highlighted in Evidentiality-guided Generation for
Knowledge-Intensive NLP Tasks, significantly improves the accuracy and relevance of generated responses by focusing on
evidence-rich passages. This addresses the limitations of standard RAG approaches that may rely on spurious cues or generate
hallucinations. The results showcase the potential of this system for creating a robust and contextually aware memory aid,
surpassing the performance of baseline models across various knowledge-intensive tasks.

However, future research should focus on enhancing the scalability of the system, optimizing model parameters, and improving
the robustness of the image-to-text conversion pipeline. Further investigation into the impact of different embedding models and
LLMs is also warranted. Despite these limitations, this research provides a strong foundation for developing advanced memory
augmentation systems that leverage the power of RAG and multilingual embeddings to seamlessly integrate visual and textual
information. The ability to accurately and naturally recall information from images represents a significant advancement in human-
computer interaction and personal memory support.
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