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1. Title: AI-Optimized Cognitive Framework for Enhanced Learning, Adaptability, and Real-

Time Decision-Making 

2. Prior Art: 

3. The field of artificial intelligence (AI), cognitive frameworks, and advanced learning 

architectures has been the focus of significant research and development. Below is a detailed 

examination of relevant patents and public disclosures that represent the current state of the 

art in these fields. This prior-art review will compare and contrast these technologies with the 

present invention, highlighting both similarities and key differences that demonstrate the 

novelty and non-obviousness of the proposed AI-Optimized Cognitive Framework. 

4. 1. U.S. Patent No. 10,372,489 - Machine Learning System Using Transfer Learning 

a. Filed: September 28, 2016 

b. Granted: August 6, 2019 

c. Inventor: Google LLC 

d. Summary: This patent discloses a machine learning system that employs transfer 

learning to adapt pre-trained models to new tasks. The system is capable of reusing 

knowledge learned from one task to improve performance in another, related task. 

The system reduces training time and enhances adaptability. 

e. Comparison: While this patent focuses on transfer learning, a core element of the 

present invention, it lacks the integration of meta-learning, quantum computing, and 

neuromorphic processing. The proposed invention distinguishes itself by 

incorporating a Meta-Learning Engine, Quantum-Assisted Processing Unit, and 
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Neuromorphic Processing Architecture, which offer greater real-time adaptability 

and continuous learning capabilities. 

5. 2. U.S. Patent No. 10,840,765 - Quantum-Assisted Machine Learning Systems 

a. Filed: January 23, 2019 

b. Granted: November 17, 2020 

c. Inventor: IBM Corporation 

d. Summary: This patent describes a machine learning system that utilizes quantum 

computing to enhance the processing of large datasets. The system employs quantum 

algorithms to perform optimization tasks more efficiently than classical systems. 

e. Comparison: The present invention similarly integrates a Quantum-Assisted 

Processing Unit to accelerate data processing; however, the combination of quantum 

computing with neuromorphic processing and federated learning distinguishes the 

invention. Additionally, the proposed system’s Cognitive Resource Optimization 

dynamically allocates computational resources based on task complexity, further 

enhancing its efficiency and scalability beyond what is disclosed in this patent. 

6. 3. U.S. Patent No. 11,023,615 - Neuromorphic Computing System for AI 

a. Filed: April 5, 2018 

b. Granted: June 1, 2021 

c. Inventor: Intel Corporation 

d. Summary: This patent outlines a neuromorphic computing architecture designed to 

improve the energy efficiency and processing speed of AI systems. It mimics the 
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structure of the human brain by processing information in parallel and reducing 

energy consumption. 

e. Comparison: Although the proposed invention also features a Neuromorphic 

Processing Architecture, it extends beyond the scope of this patent by integrating 

transfer learning, quantum computing, and self-supervised learning. The combination 

of these components creates a more versatile and scalable AI framework capable of 

continuous learning and adaptation in real-time environments. 

7. 4. Non-Patent Literature: "Federated Learning: Challenges, Methods, and Future 

Directions" 

a. Published: December 2020 

b. Authors: Kairouz, P., et al. 

c. Source: Journal of Machine Learning Research 

d. Summary: This paper discusses the concept of federated learning, a decentralized 

learning technique where AI models are trained across multiple devices without 

sharing raw data. The study explores the challenges and benefits of federated learning 

in preserving data privacy and improving model generalization. 

e. Comparison: The present invention builds upon the idea of federated learning, 

incorporating a Federated Learning Network to train models across decentralized 

devices. The key differentiator in the proposed system is its integration with 

Quantum-Assisted Processing and Synthetic Data Generation, which further 

enhance the system’s scalability and efficiency in handling decentralized data sources 

while preserving privacy. 
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8. 5. U.S. Patent No. 9,372,257 - Self-Supervised Learning Algorithm for AI 

a. Filed: March 20, 2015 

b. Granted: June 21, 2016 

c. Inventor: Microsoft Corporation 

d. Summary: This patent describes a self-supervised learning algorithm that allows an 

AI system to learn from unlabeled data by predicting the missing information in a 

dataset. The system is designed to reduce the need for large labeled datasets and 

improve learning efficiency. 

e. Comparison: While the present invention also employs a Self-Supervised Learning 

Algorithm, it distinguishes itself by integrating this algorithm with a broader AI 

framework that includes Transfer Learning, Meta-Learning, and Quantum-

Assisted Processing. This combination enhances the system’s ability to adapt to new 

environments in real time, something not addressed in this patent. 

9. Distinguishing Features of the Present Invention: 

a. The proposed AI-Optimized Cognitive Framework stands apart from the prior art in 

several key ways: 

b. Multi-Concept Integration: Unlike existing systems, this invention integrates 

Transfer Learning, Meta-Learning, Quantum-Assisted Processing, 

Neuromorphic Processing, Federated Learning, and Self-Supervised Learning 

into a cohesive framework. This combination allows the system to adapt in real-time, 

continuously improve its performance, and minimize computational resource 

consumption. 



Inventor: Robert V. Salinas 

Title: AI-Optimized Cognitive Framework for Enhanced Learning, Adaptability, and Real-Time Decision-

Making 

 

 

 5 

c. Real-Time Adaptability: The invention’s ability to dynamically allocate resources 

based on task complexity through the Cognitive Resource Optimization System 

enables it to perform in real-time environments, a feature not present in prior art. 

d. Scalability and Efficiency: The integration of Quantum-Assisted Processing with 

Federated Learning and Synthetic Data Generation allows the system to scale 

efficiently across decentralized networks while maintaining privacy and improving 

the generalization of AI models. 

10. Technical Field:  

11. The present invention relates to artificial intelligence (AI) architectures and cognitive 

frameworks, specifically to an AI system optimized for rapid learning, real-time decision-

making, adaptability, and continuous operation. The system incorporates advanced learning 

strategies, including transfer learning, meta-learning, quantum computing integration, 

neuromorphic processing, and self-supervised learning to achieve a highly efficient and 

scalable AI model. 

12. Background of the Invention:  

13. Traditional AI models, while powerful, face significant limitations when it comes to 

continuous learning, real-time adaptability, and scalability. These models often require 

extensive computational resources and large datasets, leading to inefficiencies in both 

training and inference phases. Furthermore, current AI systems struggle to generalize 

effectively across a variety of tasks without substantial retraining, and their reliance on large 

datasets limits their applicability in real-world scenarios. 
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14. The need for a more efficient, adaptive, and scalable AI system has become crucial as AI 

applications expand into fields such as autonomous systems, robotics, healthcare, and 

financial modeling. The optimal AI system must be able to learn continuously, adapt to new 

data with minimal retraining, and operate in a wide range of environments, all while 

minimizing resource consumption. 

15. Summary of the Invention:  

16. The invention is an AI-optimized cognitive framework that integrates several advanced 

learning methodologies to create an AI system capable of continuous learning, real-time 

adaptability, and efficient resource use. This framework combines transfer learning, meta-

learning, quantum computing, neuromorphic computing, federated learning, self-supervised 

learning, and synthetic data generation to create an AI system that operates efficiently and 

adapts to new tasks without extensive retraining. 

17. The system includes: 

a. Transfer Learning Module: Enables the AI to leverage pre-trained models and apply 

learned knowledge to related tasks, reducing the need for extensive retraining. 

b. Meta-Learning Engine: Allows the AI to learn how to learn, optimizing its learning 

strategies and enabling it to adapt quickly to new tasks with minimal data. 

c. Quantum-Assisted Processing Unit: Uses quantum computing to accelerate data 

processing and optimization tasks, improving the system’s ability to handle large-

scale data and complex calculations. 
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d. Neuromorphic Processing Architecture: Mimics the human brain’s neural structure 

to process information more efficiently, reducing power consumption and improving 

learning speed. 

e. Self-Supervised Learning Algorithm: Enables the AI to learn from unlabeled data, 

reducing dependency on large, labeled datasets and improving learning efficiency. 

f. Federated Learning Network: Allows decentralized learning across multiple 

devices, improving generalization by training models on diverse data without 

compromising privacy. 

g. Synthetic Data Generation Module: Augments training datasets with high-quality 

synthetic data, enabling the AI to learn more quickly from limited real-world data. 

h. Cognitive Resource Optimization System: Dynamically allocates computational 

resources based on task complexity, minimizing power consumption and ensuring 

real-time responsiveness. 

18. Brief Description of the Drawings 

19. Fig. 1 AI-Optimized Cognitive Framework: 

This figure illustrates the high-level architecture of the AI-Optimized Cognitive Framework, 

showing how the system integrates various learning modules to achieve continuous learning, 

real-time adaptability, and efficient resource use. 

a. AI Core Framework (101): 

i. The central hub of the system responsible for coordinating all processing 

activities. It manages data flows, learning strategies, and resource allocation to 

ensure optimal performance in real-time tasks. 
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ii. Solid Line with Arrows: Indicates that all key modules feed into the AI Core 

Framework for integrated operation and continuous learning. 

b. Transfer Learning Module (102): 

i. This module allows the AI to reuse pre-trained models and apply learned 

knowledge to new tasks, significantly reducing retraining time. 

ii. Solid Line with Arrow: Indicates a one-way flow of knowledge from the 

Transfer Learning Module to the AI Core Framework, enabling rapid 

adaptation to new tasks. 

c. Meta-Learning Engine (103): 

i. The Meta-Learning Engine optimizes the system’s learning strategies by 

analyzing past experiences, enabling faster adaptation to new environments or 

tasks. 

ii. Solid Line with Arrow: Represents the one-way flow of adaptive learning 

strategies from the Meta-Learning Engine to the AI Core Framework. 

d. Quantum-Assisted Processing Unit (104): 

i. This unit uses quantum computing to accelerate data processing and 

optimization tasks, allowing the system to manage large-scale data more 

efficiently. 

ii. Solid Line with Bi-directional Arrow: Indicates continuous feedback 

between the Quantum-Assisted Processing Unit and the AI Core Framework, 

optimizing resource allocation and decision-making. 

e. Neuromorphic Processing Architecture (105): 
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i. Mimicking the structure of biological neurons, this architecture enables the 

system to process information in parallel, reducing energy consumption while 

improving learning speed. 

ii. Solid Line with Bi-directional Arrow: Indicates real-time feedback between 

the Neuromorphic Processing Architecture and the AI Core Framework, 

ensuring energy-efficient operations. 

20. Fig. 2 Transfer Learning Module: 

This figure illustrates the detailed architecture of the Transfer Learning Module, showing how 

knowledge from pre-trained models is leveraged and adapted for new tasks, minimizing 

retraining time. 

a. Transfer Learning Module (201): 

i. The core component responsible for applying learned knowledge from pre-

trained models to new tasks. It reduces the need for extensive retraining by 

reusing previously learned data and strategies. 

ii. Solid Line with Arrows: Indicates the flow of knowledge into and out of the 

Transfer Learning Module from other key components. 

b. Pre-Trained Model Repository (202): 

i. This repository stores models that have been trained on previous tasks, 

enabling the system to reuse the learned knowledge for new but related tasks. 

ii. Solid Line with Arrow: Indicates the one-way flow of pre-trained model data 

into the Transfer Learning Module for use in adapting to new tasks. 

c. Knowledge Transfer Engine (203): 
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i. This engine facilitates the process of transferring learned knowledge from the 

Pre-Trained Model Repository into the Transfer Learning Module, optimizing 

it for use in new environments. 

ii. Solid Line with Arrow: Represents the one-way transfer of knowledge from 

the Knowledge Transfer Engine to the Transfer Learning Module. 

d. Task-Specific Adaptation Module (204): 

i. This module adjusts the pre-trained models to fit the specific requirements of 

a new task, fine-tuning the knowledge to improve task-specific performance. 

ii. Solid Line with Bi-directional Arrow: Indicates continuous feedback 

between the Task-Specific Adaptation Module and the Transfer Learning 

Module, optimizing the adaptation process. 

e. Training Data Interface (205): 

i. This interface allows the Transfer Learning Module to access new training 

data and adjust the pre-trained models accordingly to improve accuracy for 

the specific task. 

ii. Solid Line with Arrow: Represents the one-way flow of training data into the 

Task-Specific Adaptation Module, which is used to fine-tune the model for 

the new task. 

21. Fig. 3 Meta-Learning Engine: 

This figure illustrates the structure of the Meta-Learning Engine, which is designed to optimize 

the system's learning strategies by continuously analyzing tasks and feedback. It allows the 

system to improve its adaptability to new environments. 
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a. Meta-Learning Engine (301): 

i. The central unit responsible for determining optimal learning strategies by 

analyzing past experiences and adapting to new tasks. This engine 

continuously improves the AI’s performance through a “learning to learn” 

approach. 

ii. Solid Line with Arrows: Indicates the flow of data into and out of the Meta-

Learning Engine from supporting modules. 

b. Task Analysis Module (302): 

i. This module evaluates the characteristics and complexity of the current task, 

providing insights to the Meta-Learning Engine on how to adjust learning 

strategies accordingly. 

ii. Solid Line with Arrow: Indicates the one-way flow of task-specific data 

from the Task Analysis Module to the Meta-Learning Engine for analysis and 

optimization. 

c. Learning Strategy Optimizer (303): 

i. The Learning Strategy Optimizer helps the Meta-Learning Engine select the 

best learning approach based on the data provided by the Task Analysis 

Module. It tunes the system’s learning processes to achieve maximum 

efficiency. 

ii. Solid Line with Bi-directional Arrow: Represents the continuous exchange 

of optimization strategies between the Learning Strategy Optimizer and the 

Meta-Learning Engine. 
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d. Reinforcement Learning Controller (304): 

i. This controller fine-tunes the system’s learning through reinforcement 

learning, where the AI learns from rewards and penalties during task 

execution. It adjusts learning parameters to improve future performance. 

ii. Solid Line with Bi-directional Arrow: Indicates feedback between the 

Reinforcement Learning Controller and the Meta-Learning Engine for real-

time learning optimization. 

e. Performance Feedback System (305): 

i. This system monitors the performance of the AI in real-time and provides 

feedback on task success or failure. It informs the Reinforcement Learning 

Controller, helping it adjust the learning process. 

ii. Solid Line with Arrow: Represents the one-way flow of performance data 

from the Performance Feedback System to the Reinforcement Learning 

Controller for adjustments in learning strategies. 

22. Fig. 4 Quantum-Assisted Processing Unit (QAPU): 

This figure illustrates the architecture of the Quantum-Assisted Processing Unit, which integrates 

quantum computing techniques to accelerate data processing and enhance the AI system’s 

decision-making capabilities. 

a. Quantum-Assisted Processing Unit (QAPU) (401): 

i. The central processing unit responsible for utilizing quantum computing to 

speed up complex data analysis, optimization tasks, and pattern recognition. It 

enhances the system’s ability to manage large datasets efficiently. 
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ii. Solid Line with Arrows: Indicates the flow of data and optimization 

strategies between the QAPU and its supporting components. 

b. Quantum Neural Network (QNN) (402): 

i. A specialized neural network designed to leverage quantum computing 

principles for faster learning and improved decision-making. It enhances the 

AI’s ability to generalize across various tasks using quantum-based 

algorithms. 

ii. Solid Line with Bi-directional Arrow: Represents the continuous data 

exchange between the Quantum Neural Network and the QAPU for real-time 

learning and optimization. 

c. Quantum Optimization Engine (403): 

i. This engine is responsible for solving optimization problems that classical 

computers struggle with, using quantum algorithms such as quantum 

annealing and Grover’s algorithm. It ensures the system operates efficiently 

even with complex tasks. 

ii. Solid Line with Bi-directional Arrow: Indicates the exchange of 

optimization data between the Quantum Optimization Engine and the QAPU 

for enhanced processing capabilities. 

d. Quantum Annealing Module (404): 

i. The Quantum Annealing Module solves optimization problems by finding the 

minimum of a given function, making it ideal for handling large-scale 
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optimization tasks. It improves the AI’s decision-making efficiency in real-

time. 

ii. Solid Line with Arrow: Represents the one-way flow of optimized data from 

the Quantum Annealing Module to the QAPU. 

e. Quantum Data Interface (405): 

i. This interface manages the input and output of data between quantum systems 

and classical components, enabling seamless communication within the 

hybrid AI system. 

ii. Solid Line with Arrow: Indicates the one-way flow of data from the 

Quantum Data Interface to the QAPU, feeding quantum-processed data back 

into the system for enhanced decision-making. 

23. Fig. 5 Neuromorphic Processing Architecture: 

This figure illustrates the design of the Neuromorphic Processing Architecture, which mimics 

biological neural networks to enable more efficient data processing, real-time learning, and 

adaptability. 

a. Neuromorphic Processing Architecture (NPA) (501): 

i. The central component responsible for simulating the behavior of biological 

neurons and synapses. It enhances the AI system’s efficiency by processing 

information in parallel and reducing energy consumption. 

ii. Solid Line with Arrows: Represents the flow of data between the 

Neuromorphic Processing Architecture and its supporting modules for 

continuous learning and real-time adaptability. 
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b. Neuron-Synapse Network (502): 

i. A network that replicates the structure of biological neurons and synapses, 

allowing the AI to process information in a manner similar to the human 

brain. It enables faster decision-making and learning by mimicking brain-like 

processing patterns. 

ii. Solid Line with Bi-directional Arrow: Indicates the continuous exchange of 

data between the Neuron-Synapse Network and the Neuromorphic Processing 

Architecture. 

c. Spike-Timing Dependent Plasticity Unit (STDP) (503): 

i. This unit controls how the system adapts to new data by adjusting the strength 

of synaptic connections based on the timing of neuron spikes. It enables the 

AI to learn and adjust more effectively, similar to biological learning 

processes. 

ii. Solid Line with Bi-directional Arrow: Represents the real-time feedback 

loop between the STDP Unit and the Neuromorphic Processing Architecture, 

optimizing the system’s learning process. 

d. Memory Optimization Module (504): 

i. Responsible for managing memory usage in the Neuromorphic Processing 

Architecture, ensuring that the system efficiently stores and retrieves learned 

information. It helps the AI maintain performance even when handling large 

amounts of data. 
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ii. Solid Line with Arrow: Indicates the one-way flow of data from the Memory 

Optimization Module to the Neuromorphic Processing Architecture, ensuring 

optimized memory utilization. 

e. Learning Efficiency Controller (505): 

i. This controller monitors and adjusts the system’s learning speed and 

efficiency, ensuring that the AI can learn quickly without excessive resource 

consumption. 

ii. Solid Line with Bi-directional Arrow: Represents the continuous feedback 

between the Learning Efficiency Controller and the Neuromorphic Processing 

Architecture for real-time adjustments to learning efficiency. 

24. Fig. 6 Self-Supervised Learning Algorithm: 

This figure illustrates the architecture of the Self-Supervised Learning Algorithm, which enables 

the AI to learn from unlabeled data, reducing the need for extensive human-labeled datasets and 

enhancing learning efficiency. 

a. Self-Supervised Learning Algorithm (SSLA) (601): 

i. The central algorithm responsible for training the AI using unlabeled data by 

predicting missing information and generating labels from the data itself. It 

allows the AI to improve its generalization capabilities. 

ii. Solid Line with Arrows: Represents the data flow between the Self-

Supervised Learning Algorithm and the supporting modules that contribute to 

its learning process. 

b. Feature Extraction Module (602): 
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i. This module extracts relevant features from the raw data, allowing the AI to 

understand important patterns and structures. It provides the foundational 

input needed for the Self-Supervised Learning Algorithm to operate 

effectively. 

ii. Solid Line with Bi-directional Arrow: Indicates the continuous flow of data 

between the Feature Extraction Module and the Self-Supervised Learning 

Algorithm, ensuring effective feature selection for learning. 

c. Predictive Learning Engine (603): 

i. The Predictive Learning Engine uses the extracted features to predict missing 

information or labels within the data. It enables the AI to generate labels 

automatically, reducing the need for manually labeled datasets. 

ii. Solid Line with Bi-directional Arrow: Represents the real-time exchange of 

predictive data between the Predictive Learning Engine and the Self-

Supervised Learning Algorithm. 

d. Missing Data Inference Module (604): 

i. This module focuses on identifying and inferring missing data from the input, 

filling in gaps to create a more complete dataset for training. It plays a key 

role in the AI’s ability to learn from incomplete information. 

ii. Solid Line with Arrow: Indicates the one-way flow of inferred data from the 

Missing Data Inference Module to the Self-Supervised Learning Algorithm, 

helping it process incomplete data more effectively. 

e. Feedback Data Interface (605): 
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i. This interface collects feedback from the learning process, allowing the AI to 

adjust its strategies and improve its accuracy over time. The feedback loop 

helps the AI refine its predictions and improve performance. 

ii. Solid Line with Bi-directional Arrow: Represents the continuous feedback 

loop between the Feedback Data Interface and the Self-Supervised Learning 

Algorithm, enabling ongoing improvements in learning efficiency. 

25. Fig. 7 Federated Learning Network: 

This figure illustrates the Federated Learning Network, which allows decentralized learning 

across multiple devices, ensuring data privacy and improving the AI's generalization capabilities. 

a. Federated Learning Network (701): 

i. The core structure responsible for orchestrating decentralized learning across 

multiple local devices. It enables the AI to train on data without requiring 

direct access to raw data from the individual devices, thus preserving data 

privacy. 

ii. Solid Line with Bi-directional Arrows: Indicates continuous communication 

and learning between the network and the individual local devices. 

b. Local Device 1 (702): 

i. A local device participating in the federated learning process, contributing its 

locally trained model to the central aggregation without sharing raw data. 

ii. Solid Line with Bi-directional Arrow: Represents the exchange of trained 

model updates between Local Device 1 and the Federated Learning Network. 

c. Local Device 2 (703): 
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i. Another local device involved in decentralized learning, sending updates from 

its locally trained model to the central network. 

ii. Solid Line with Bi-directional Arrow: Indicates the exchange of model 

updates between Local Device 2 and the Federated Learning Network. 

d. Local Device 3 (704): 

i. A third local device, which trains its model on local data and shares the model 

updates with the network, without transferring sensitive data. 

ii. Solid Line with Bi-directional Arrow: Represents the exchange of updates 

between Local Device 3 and the Federated Learning Network. 

e. Central Aggregation Unit (705): 

i. This unit is responsible for aggregating the model updates from all local 

devices to create a global model. It ensures that the AI can generalize across 

diverse data without compromising individual privacy. 

ii. Solid Lines with Arrows: Show the flow of model updates from the Central 

Aggregation Unit to the local devices, distributing the global model for further 

local training. 

26. Fig. 8 Synthetic Data Generation Module: 

This figure illustrates the Synthetic Data Generation Module, which uses techniques like 

Generative Adversarial Networks (GANs) to produce synthetic data for augmenting real-world 

training datasets. 

a. Synthetic Data Generation Module (SDGM) (801): 
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i. The central module responsible for generating high-quality synthetic data to 

augment existing datasets. It enables the AI to learn from a larger, more 

diverse dataset, improving its performance and generalization. 

ii. Solid Line with Arrows: Represents the data flow between the SDGM and 

the connected modules for synthetic data creation and management. 

b. Generative Adversarial Network (GAN) (802): 

i. A neural network structure used to generate synthetic data by training two 

models—the generator and the discriminator—against each other. It produces 

realistic synthetic data that mimics real-world scenarios. 

ii. Solid Line with Bi-directional Arrow: Indicates the continuous flow of data 

between the GAN and the SDGM for generating and refining synthetic data. 

c. Synthetic Data Repository (803): 

i. A storage unit for the synthetic data generated by the GAN. It stores the 

synthetic data, making it available for training and data augmentation. 

ii. Solid Line with Bi-directional Arrow: Represents the exchange of synthetic 

data between the Synthetic Data Repository and the SDGM. 

d. Data Augmentation Unit (804): 

i. This unit enhances real-world datasets by augmenting them with synthetic 

data, enabling the AI to learn from a larger variety of examples and improving 

its adaptability to new environments. 
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ii. Solid Line with Arrow: Indicates the one-way flow of data from the Data 

Augmentation Unit to the SDGM for integration into the synthetic data 

generation process. 

e. Training Data Interface (805): 

i. The interface through which the Synthetic Data Generation Module interacts 

with real-world training data. It feeds the synthetic data into the training 

process to improve the learning outcomes of the AI system. 

ii. Solid Line with Bi-directional Arrow: Represents the continuous exchange 

of training data between the Training Data Interface and the SDGM, ensuring 

the synthetic data is used effectively in training. 

27. Fig. 9 Cognitive Resource Optimization System: 

This figure illustrates the Cognitive Resource Optimization System, which dynamically allocates 

computational resources based on the complexity of the tasks, ensuring optimal performance 

while minimizing energy consumption. 

a. Cognitive Resource Optimization System (CROS) (901): 

i. The core system responsible for dynamically allocating resources across 

different tasks. It balances computational power and energy efficiency to 

ensure real-time adaptability and minimize resource wastage. 

ii. Solid Line with Arrows: Represents the data flow between the Cognitive 

Resource Optimization System and its supporting modules to optimize system 

performance. 

b. Task Complexity Analyzer (902): 
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i. This module evaluates the complexity of incoming tasks and determines the 

appropriate amount of computational resources required to complete them 

efficiently. It helps the system optimize resource usage based on task demand. 

ii. Solid Line with Bi-directional Arrow: Indicates the continuous exchange of 

task complexity data between the Task Complexity Analyzer and the 

Cognitive Resource Optimization System. 

c. Dynamic Resource Allocator (903): 

i. Responsible for assigning the appropriate resources to tasks based on the 

analysis provided by the Task Complexity Analyzer. It ensures that more 

complex tasks receive higher computational power while simpler tasks use 

fewer resources. 

ii. Solid Line with Bi-directional Arrow: Represents the real-time exchange of 

resource allocation strategies between the Dynamic Resource Allocator and 

the Cognitive Resource Optimization System. 

d. Energy Efficiency Monitor (904): 

i. This module tracks the energy consumption of the system and adjusts resource 

allocation to minimize power usage without compromising performance. It 

plays a crucial role in optimizing energy efficiency, especially for high-

demand tasks. 

ii. Solid Line with Bi-directional Arrow: Indicates the continuous monitoring 

of energy efficiency between the Energy Efficiency Monitor and the 

Cognitive Resource Optimization System for real-time adjustments. 
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e. Real-Time Feedback Interface (905): 

i. The interface that collects feedback on the performance and energy efficiency 

of the system. It provides real-time data that helps the Cognitive Resource 

Optimization System refine its resource allocation strategies. 

ii. Solid Line with Bi-directional Arrow: Represents the continuous feedback 

loop between the Real-Time Feedback Interface and the Cognitive Resource 

Optimization System for ongoing performance improvements. 

28. Detailed Description of the Invention: 

The present invention, AI-Optimized Cognitive Framework for Enhanced Learning 

Adaptability and Real-Time Decision-Making, provides an integrated artificial intelligence 

(AI) system that combines multiple advanced learning strategies and computing architectures 

to achieve superior adaptability, efficiency, and performance in various real-time 

applications. This detailed description offers an in-depth explanation of each component, 

practical examples, and guidance on implementation. 

29. 1. Overview of the Invention 

The AI-Optimized Cognitive Framework integrates the following key components: 

a. Transfer Learning Module 

b. Meta-Learning Engine 

c. Quantum-Assisted Processing Unit 

d. Neuromorphic Processing Architecture 

e. Self-Supervised Learning Algorithm 

f. Federated Learning Network 
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g. Synthetic Data Generation Module 

h. Cognitive Resource Optimization System 

These components work synergistically to enhance the AI system's ability to learn from 

diverse data sources, adapt rapidly to new tasks, and make real-time decisions while 

optimizing computational resources. 

30. 2. Transfer Learning Module 

The Transfer Learning Module enables the AI system to leverage knowledge from pre-

trained models to solve new, related tasks, reducing training time and data requirements. 

Components: 

a. Pre-Trained Model Repository (201): Stores a collection of models trained on large 

datasets across various domains. 

b. Knowledge Transfer Engine (202): Adapts pre-trained models to new tasks through 

fine-tuning or feature extraction. 

Example Implementation: 

In developing a facial recognition system for security applications, the module retrieves a 

pre-trained convolutional neural network (CNN) from the repository, initially trained on a 

large face dataset like VGGFace2. The Knowledge Transfer Engine fine-tunes this model 

using a smaller, domain-specific dataset to recognize authorized personnel, significantly 

reducing the need for extensive new data. 

Key Details: 

a. Fine-Tuning Process: Adjusts weights of the pre-trained model minimally to adapt to 

new classes. 
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b. Feature Extraction: Uses learned features (edges, textures) from the pre-trained 

model as input to a new classifier. 

31. 3. Meta-Learning Engine 

The Meta-Learning Engine allows the AI system to improve its learning algorithms based 

on previous experiences, effectively learning how to learn. 

Components: 

a. Task Analysis Module (301): Evaluates new tasks to determine their characteristics 

and requirements. 

b. Learning Strategy Optimizer (302): Selects and configures learning algorithms best 

suited for the task. 

c. Reinforcement Learning Controller (303): Continuously updates learning strategies 

based on performance feedback. 

Example Implementation: 

For a recommendation system that needs to adapt to changing user preferences, the 

engine analyzes user interaction patterns. The Learning Strategy Optimizer selects 

collaborative filtering methods and adjusts hyperparameters. The Reinforcement 

Learning Controller monitors recommendation accuracy and updates strategies to 

improve user engagement over time. 

Key Details: 

a. Algorithm Selection: Chooses between supervised, unsupervised, or reinforcement 

learning based on task analysis. 
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b. Hyperparameter Tuning: Automates the adjustment of parameters like learning 

rates, batch sizes, and network architectures. 

32. 4. Quantum-Assisted Processing Unit 

The Quantum-Assisted Processing Unit (QAPU) accelerates complex computations using 

quantum computing techniques. 

Components: 

a. Quantum Neural Network (QNN) (401): Utilizes qubits for parallel processing of 

information. 

b. Quantum Optimization Engine (402): Solves complex optimization problems using 

quantum algorithms. 

c. Quantum Annealing Module (403): Finds optimal solutions in vast search spaces 

efficiently. 

Example Implementation: 

In supply chain management, optimizing logistics routes involves solving the traveling 

salesman problem. The Quantum Optimization Engine applies the Quantum Approximate 

Optimization Algorithm (QAOA) to find near-optimal routing solutions faster than 

classical methods, reducing delivery times and costs. 

Key Details: 

a. Hybrid Computing: Combines quantum processors with classical systems for tasks 

best suited to each. 

b. Error Mitigation: Implements techniques to handle quantum decoherence and 

improve result accuracy. 
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33. 5. Neuromorphic Processing Architecture 

The Neuromorphic Processing Architecture emulates biological neural networks to achieve 

energy-efficient, real-time processing. 

Components: 

a. Neuron-Synapse Network (501): Hardware-based spiking neural networks (SNNs) 

that process information asynchronously. 

b. Spike-Timing Dependent Plasticity (STDP) Module (502): Adjusts synaptic 

strengths based on spike timing for learning. 

c. Memory Optimization Module (503): Manages synaptic weights and network 

configurations efficiently. 

Example Implementation: 

In an Internet of Things (IoT) sensor network monitoring environmental conditions, the 

Neuromorphic Processing Architecture processes sensor data locally to detect anomalies 

(e.g., sudden temperature spikes). This enables immediate responses without the need for 

cloud processing, conserving bandwidth and power. 

Key Details: 

a. Event-Driven Processing: Only processes data when events (spikes) occur, reducing 

energy consumption. 

b. Scalability: Capable of handling large networks of neurons and synapses due to 

efficient architecture. 

34. 6. Self-Supervised Learning Algorithm 
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The Self-Supervised Learning Algorithm (SSLA) enables learning from unlabeled data by 

creating proxy tasks. 

Components: 

a. Feature Extraction Module (601): Identifies patterns and structures within the data. 

b. Predictive Learning Engine (602): Generates labels by predicting missing or future 

data points. 

Example Implementation: 

For a speech recognition system in a new language with limited labeled data, the SSLA 

predicts future audio frames based on past frames, learning language-specific acoustic 

patterns without manual transcription. This accelerates the development of speech models 

for low-resource languages. 

Key Details: 

a. Contrastive Learning: Differentiates between similar and dissimilar data points to 

learn representations. 

b. Data Augmentation: Applies transformations (e.g., noise addition) to create diverse 

training examples. 

35. 7. Federated Learning Network 

The Federated Learning Network (FLN) enables decentralized model training while 

preserving data privacy. 

Components: 

a. Local Training Modules (701): Train models on local devices using local data. 

b. Central Aggregation Unit (702): Aggregates model updates to form a global model. 
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c. Privacy Preservation Mechanisms (703): Implements techniques like differential 

privacy to protect data. 

Example Implementation: 

In a healthcare network, hospitals train local models on patient data to predict disease 

outbreaks. The Central Aggregation Unit combines these models without accessing 

individual patient records, resulting in a robust global model that benefits all participating 

institutions. 

Key Details: 

a. Communication Efficiency: Uses techniques like federated averaging to reduce the 

size of transmitted updates. 

b. Secure Aggregation: Ensures that individual model updates cannot be reverse-

engineered to reveal private data. 

36. 8. Synthetic Data Generation Module 

The Synthetic Data Generation Module enhances training datasets by generating realistic 

synthetic data. 

Components: 

a. Generative Adversarial Network (GAN) (801): Consists of a generator and 

discriminator network to create and validate synthetic data. 

b. Synthetic Data Repository (802): Stores generated data for use in training. 

c. Data Augmentation Unit (803): Integrates synthetic data into training pipelines. 

Example Implementation: 
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In autonomous driving, the module generates synthetic images of road conditions under 

various weather scenarios (e.g., fog, rain) that are rare in real data. This enriches the 

training dataset, improving the vehicle's performance in diverse conditions. 

Key Details: 

a. Quality Assurance: The discriminator network ensures that synthetic data is 

indistinguishable from real data. 

b. Domain Adaptation: Adjusts synthetic data to match the statistical properties of the 

target domain. 

37. 9. Cognitive Resource Optimization System 

The Cognitive Resource Optimization System (CROS) dynamically allocates 

computational resources based on task requirements. 

Components: 

a. Task Complexity Analyzer (901): Assesses computational needs of incoming tasks. 

b. Dynamic Resource Allocator (902): Allocates appropriate resources (e.g., CPUs, 

GPUs, QPUs). 

c. Energy Efficiency Monitor (903): Monitors system energy consumption. 

d. Real-Time Feedback Interface (904): Provides performance data to adjust 

allocations. 

Example Implementation: 

In a smart grid management system, CROS assigns routine monitoring tasks to energy-

efficient neuromorphic processors, while complex predictive analytics tasks, like 
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forecasting energy demand spikes, are assigned to quantum processors. The system 

maintains optimal performance with minimal energy usage. 

Key Details: 

a. Resource Scaling: Automatically scales resources up or down based on workload 

fluctuations. 

b. Performance Metrics: Uses latency, throughput, and accuracy to inform allocation 

decisions. 

38. Implementation Examples 

39. Example 1: Smart Manufacturing 

In a smart factory, the AI-Optimized Cognitive Framework is deployed to enhance 

production efficiency: 

a. Real-Time Quality Control: Neuromorphic processors analyze sensor data to detect 

defects instantly. 

b. Predictive Maintenance: The Quantum-Assisted Processing Unit processes machine 

data to predict equipment failures. 

c. Adaptive Robotics: The Meta-Learning Engine enables robots to adapt to new 

assembly tasks without reprogramming. 

d. Data Privacy: The Federated Learning Network allows collaboration across factories 

without sharing proprietary data. 

40. Implementation Steps: 

a. Deploy Sensors and Devices: Install IoT devices with local processing capabilities. 
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b. Integrate Modules: Connect devices to the framework, ensuring compatibility and 

communication. 

c. Train Models Locally: Use the Transfer Learning Module to adapt pre-trained 

models to specific equipment. 

d. Optimize Resources: Configure CROS to manage computational loads efficiently. 

41. Example 2: Personalized Education Platform 

An online education platform uses the framework to provide personalized learning 

experiences: 

a. Adaptive Content Delivery: The Meta-Learning Engine adjusts learning materials 

based on student performance. 

b. Privacy-Preserving Analytics: The Federated Learning Network aggregates learning 

patterns without accessing personal data. 

c. Engagement Prediction: The Quantum-Assisted Processing Unit predicts student 

engagement levels to intervene proactively. 

d. Content Enhancement: The Synthetic Data Generation Module creates varied 

practice problems to reinforce learning. 

42. Implementation Steps: 

a. Collect Interaction Data: Gather data on student interactions with the platform. 

b. Apply Self-Supervised Learning: Use SSLA to understand learning behaviors 

without labeled data. 

c. Personalize Learning Paths: Utilize the Meta-Learning Engine to tailor content for 

each student. 



Inventor: Robert V. Salinas 

Title: AI-Optimized Cognitive Framework for Enhanced Learning, Adaptability, and Real-Time Decision-

Making 

 

 

 33 

d. Monitor and Adjust: Use CROS to allocate resources during peak usage times. 

43. Best Mode for Carrying Out the Invention 

The best mode involves deploying the framework on a distributed computing environment 

that includes: 

44. Hardware: 

a. Quantum Processors: Accessible via cloud-based quantum computing services. 

b. Neuromorphic Chips: Such as Intel's Loihi or IBM's TrueNorth for local processing. 

c. Classical Computing Resources: High-performance CPUs and GPUs. 

45. Software: 

a. Quantum Programming Frameworks: Like Qiskit or Cirq for quantum algorithm 

development. 

b. Neuromorphic Programming Tools: Such as Nengo or Lava. 

c. Machine Learning Libraries: TensorFlow, PyTorch for implementing neural 

networks. 

46. Data Management: 

a. Secure Data Pipelines: Ensure data integrity and privacy across all components. 

b. Efficient Storage Solutions: For handling large datasets and synthetic data. 

47. Implementation Guidelines: 

a. Interoperability: Ensure all components can communicate seamlessly through 

standardized protocols. 

b. Scalability: Design the system to accommodate growth in data volume and 

computational demands. 
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c. Security: Implement robust encryption and authentication mechanisms throughout 

the system. 

48. Advantages and Improvements Over Prior Art 

a. Holistic Integration: Combines advanced AI techniques into a unified framework 

not found in prior art. 

b. Real-Time Adaptability: Capable of adjusting to new tasks and environments 

instantly. 

c. Resource Efficiency: Optimizes the use of computational resources, reducing costs 

and energy consumption. 

d. Enhanced Privacy: Federated learning and privacy-preserving techniques ensure 

data security. 

e. Scalability: Suitable for deployment across various industries and applications. 

49. Alternative Configurations 

a. Modular Deployment: Components can be implemented individually based on 

specific needs. 

b. Classical Computing Focus: In environments without quantum resources, the 

system can rely entirely on classical computing. 

c. Cloud-Based Implementation: Deploy the framework entirely in the cloud for 

scalability and ease of access. 

50. Conclusion:  

51. The proposed AI-optimized cognitive framework represents a groundbreaking advancement 

in AI learning and operation. By integrating multiple advanced learning methodologies, 
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including transfer learning, quantum computing, and neuromorphic processing, the system 

maximizes learning efficiency, real-time adaptability, and resource optimization. This 

invention offers significant potential for AI applications in autonomous systems, robotics, 

healthcare, and more, making it a highly valuable and patentable technology. 
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Claims: 

1. An AI-optimized cognitive framework comprising a transfer learning module, meta-learning 

engine, and quantum-assisted processing unit for continuous learning and real-time decision-

making. 

2. The system of claim 1, further comprising a neuromorphic processing architecture to reduce 

power consumption and improve learning efficiency. 

3. The system of claim 1, further comprising a self-supervised learning algorithm to extract 

features from unlabeled data. 

4. The system of claim 1, further comprising a federated learning network for decentralized 

learning across multiple devices. 

5. The system of claim 1, further comprising a synthetic data generation module to augment 

training datasets with high-quality synthetic data. 
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Abstract 

1. An AI-optimized cognitive framework that integrates transfer learning, meta-learning, 

quantum computing, and neuromorphic processing for enhanced learning efficiency, 

adaptability, and real-time decision-making. The system features self-supervised learning, 

federated learning, and synthetic data generation to improve generalization and reduce 

dependency on large labeled datasets. This scalable and energy-efficient system is designed 

for applications in autonomous systems, robotics, and smart infrastructure, providing a 

comprehensive approach to AI optimization. 

 


