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1. Title: Adaptive Neural Reconfiguration System with Quantum-Assisted Learning for
Continuous Al Model Optimization
2. Prior-Art
3. The following section outlines the prior art related to the "Adaptive Neural
Reconfiguration System with Quantum-Assisted Learning for Continuous Al Model
Optimization.” This includes published patents, patent applications, scientific literature,
and other public disclosures that are relevant to the invention. This analysis also
highlights the unique and novel aspects of the current invention, which distinguish it from
existing technologies.
4. Published Patents and Patent Applications
5. US Patent 9,608,705 B2 - "*Adaptive Neural Network with Incremental Learning
Capabilities™
= Filed: August 14, 2014
= Granted: March 28, 2017
= Assignee: International Business Machines Corporation (IBM)
= Summary: This patent describes an adaptive neural network that incorporates
incremental learning capabilities. The system adjusts its neural network
architecture dynamically as new data is introduced, allowing for continuous
learning without the need for complete retraining.
= Relevance and Distinction: While this patent shares similarities with the
Incremental Learning Framework of the current invention, it lacks the integration

of quantum-assisted learning and the neural recycling and repair mechanisms. The
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present invention goes beyond mere incremental learning by employing quantum
computing to enhance data processing and decision-making, significantly
reducing the risk of plasticity loss—a key problem in traditional Al models.
Additionally, the incorporation of neural recycling and repair mechanisms ensures

long-term adaptability and robustness, setting the current invention apart.

6. US Patent 10,856,369 B2 - ""Quantum Neural Network for Machine Learning

Applications"

Filed: December 22, 2017

Granted: December 1, 2020

Assignee: Google LLC

Summary: This patent focuses on the application of quantum computing to
neural networks, specifically leveraging quantum neural networks (QNNSs) to
improve data processing and pattern recognition in machine learning tasks.
Relevance and Distinction: The use of quantum computing in neural networks
aligns with the Quantum-Assisted Learning (QAL) component of the current
invention. However, this patent does not address the adaptive neural
reconfiguration or the combination of classical and quantum processing, which
are key innovations in the present invention. The current invention's ability to
dynamically adjust its neural network structure and integrate new data without
losing previously acquired knowledge represents a significant advancement over

the technology described in this patent.
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7. US Patent 11,103,453 B2 - "'System and Method for Neural Network Optimization

Using Quantum Annealing™

Filed: June 11, 2019

Granted: August 31, 2021

Assignee: D-Wave Systems Inc.

Summary: This patent describes a system that uses quantum annealing to
optimize neural network configurations, enhancing the efficiency of machine
learning models.

Relevance and Distinction: The quantum annealing technique described in this
patent is relevant to the Quantum-Assisted Learning (QAL) in the present
invention. However, the current invention distinguishes itself by combining
guantum-assisted learning with adaptive neural reconfiguration and neural
recycling mechanisms, which allow the Al model to continuously learn and adapt
without requiring complete retraining. This integration creates a system that is
more efficient, adaptable, and capable of maintaining its knowledge base over

time.

8. US Patent 10,936,836 B2 - ""Neural Network with Neural Recycling and Repair

Capabilities™

Filed: May 15, 2018
Granted: March 2, 2021

Assignee: Microsoft Corporation



Inventor: Robert V. Salinas
Title: Adaptive Neural Reconfiguration System with Quantum-Assisted Learning for Continuous Al
Model Optimization

Summary: This patent covers a neural network system that includes mechanisms
for recycling underutilized neurons and repairing damaged neural pathways to
maintain network robustness and adaptability.

Relevance and Distinction: The neural recycling and repair mechanism
described in this patent is directly relevant to the current invention. However, the
present invention’s distinguishing feature is the integration of these mechanisms
with quantum-assisted learning and hybrid classical-quantum processing. This
unique combination allows the Al model to leverage the strengths of both
classical and quantum computing, optimizing resource use and significantly
enhancing the efficiency of the learning process. The adaptive neural
reconfiguration ensures that the system can continuously integrate new data while

preserving existing knowledge, a feature not addressed in this patent.

9. Non-Patent Literature

10. ""Quantum Machine Learning: An Overview of Current Research and Future

Directions," IEEE Transactions on Neural Networks and Learning Systems, 2020

Authors: Seth Lloyd, Masoud Mohseni, and Patrick Rebentrost

Summary: This paper provides an overview of quantum machine learning
techniques, including quantum neural networks and quantum-enhanced
optimization algorithms. The paper discusses the potential of quantum computing
to revolutionize Al and machine learning by providing more efficient data

processing and pattern recognition.
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Relevance and Distinction: The paper is relevant to the Quantum-Assisted
Learning (QAL) component of the current invention, particularly in its discussion
of quantum neural networks and optimization techniques. However, the paper
does not address adaptive neural reconfiguration or the integration of classical and
quantum processing, which are novel aspects of the present invention. By
combining these elements, the current invention offers a more comprehensive

solution to the challenges of continuous learning and neural network optimization.

11. "Incremental Learning Algorithms for Artificial Neural Networks," Journal of

Machine Learning Research, 2019

Authors: Joseph J. Kelleher and Brian Mac Namee

Summary: This research article reviews various incremental learning algorithms
designed for artificial neural networks, focusing on methods that allow neural
networks to learn continuously from new data without the need for complete
retraining.

Relevance and Distinction: The Incremental Learning Framework in the current
invention is closely related to the algorithms discussed in this paper. However, the
unique integration of quantum-assisted learning and neural recycling mechanisms
in the present invention is not covered in this article. The ability to dynamically
adjust neural network structures while leveraging quantum computing for
enhanced pattern recognition and decision-making sets the current invention apart

from the approaches discussed in this literature.
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12. ""Neural Network Repair and Maintenance Using Reinforcement Learning,"

Proceedings of the AAAI Conference on Artificial Intelligence, 2021

Authors: Carla Gomes and Bart Selman

Summary: This paper explores the use of reinforcement learning techniques to
repair and maintain artificial neural networks, with a focus on reactivating
underutilized neurons and optimizing network performance.

Relevance and Distinction: The neural recycling and repair mechanisms in the
current invention share similarities with the approaches discussed in this paper.
However, the addition of quantum-assisted learning and hybrid classical-quantum
processing distinguishes the present invention. By combining these elements, the
current invention not only repairs and maintains the neural network but also
enhances its ability to learn and adapt continuously in real-time, providing a

significant improvement over traditional methods.

13. Public Use or Sale

14. ""Google's Quantum Al Laboratory,” Public Demonstration, 2020

Summary: Google publicly demonstrated its quantum Al capabilities, including
the use of quantum processors to enhance machine learning models. This
demonstration showcased the potential of quantum computing to improve Al
performance.

Relevance and Distinction: While Google's demonstration highlights the use of
guantum computing in Al, it does not cover the adaptive neural reconfiguration,

incremental learning, or neural recycling aspects of the present invention. The
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current invention’s ability to combine these elements with quantum-assisted
learning creates a more advanced and adaptable Al model, distinguishing it from
the technologies demonstrated by Google.
15. Prior Public Disclosure
16. ""Quantum-Enhanced Neural Networks," Keynote Presentation, NeurlPS
Conference, 2019
= Speaker: Dr. John Preskill
= Summary: In this keynote, Dr. Preskill discussed the potential of quantum
computing to enhance neural networks, including the use of quantum algorithms
to optimize neural configurations and improve learning efficiency.
= Relevance and Distinction: This presentation is relevant to the Quantum-
Assisted Learning (QAL) component of the current invention but does not address
the other unique features of the invention, such as adaptive neural reconfiguration
or neural recycling. The present invention’s ability to dynamically adjust neural
network structures and integrate quantum-assisted learning with hybrid processing
sets it apart from the technologies discussed in this presentation.
17. Analysis
18. The prior-art search reveals that while certain elements of the current invention have been
explored individually in existing technologies, the combination of these elements in the
"Adaptive Neural Reconfiguration System with Quantum-Assisted Learning for
Continuous Al Model Optimization™ is novel and non-obvious. The distinguishing

characteristics of the present invention include:
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19. Adaptive Neural Reconfiguration:
= The ability to dynamically adjust neural network structures in response to new
data while preserving existing knowledge is a key innovation that prevents
plasticity loss, a significant challenge in traditional Al models.
20. Quantum-Assisted Learning:
= The integration of quantum computing to enhance data processing and decision-
making provides a significant advantage in pattern recognition and learning
efficiency. This component is further strengthened by its combination with neural

recycling and repair mechanisms, ensuring the Al model remains robust and

adaptable over time.
21. Hybrid Classical-Quantum Processing:
= The use of both classical and quantum processors optimizes resource use,
enabling the system to handle routine tasks efficiently while leveraging quantum
computing for more complex data processing. This hybrid approach significantly
reduces the time and cost associated with training Al models.
22. Neural Recycling and Repair Mechanisms:
= The innovative approach to maintaining network robustness through neural
recycling and repair ensures that the Al model remains effective over extended
periods, continuously adapting to new tasks and environments.
23. Technical Field:
24. The present invention relates to artificial intelligence (Al), machine learning, and

guantum computing, specifically to a system that combines adaptive neural
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reconfiguration and quantum-assisted learning to maintain the plasticity of Al models,
enabling continuous learning and optimization without the need for complete retraining.

25. Background of the Invention:

26. Traditional Al models, particularly those based on deep learning, face significant
challenges when it comes to updating or learning new information. Current models often
suffer from "plasticity loss," where the introduction of new data can degrade the model's
ability to retain previously learned information. This issue forces Al developers to retrain
models from scratch, a process that is both time-consuming and expensive. As Al
continues to grow in complexity and application, there is an increasing need for a system
that allows Al models to learn continuously and efficiently without compromising their
existing knowledge base.

27. Summary of the Invention:

28. The invention is a comprehensive system designed to overcome the limitations of current
Al models by integrating adaptive neural reconfiguration with quantum-assisted learning.
The system comprises:

= Adaptive Neural Reconfiguration Module (ANR): Dynamically adjusts the
neural network structure in response to new data, preserving existing knowledge
while allowing for continuous learning.

= Quantum-Assisted Learning (QAL): Utilizes quantum computing to enhance
data processing, enabling more efficient pattern recognition and reducing the risk

of plasticity loss.
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Hybrid Classical-Quantum Processing: Leverages both classical and quantum
processors to optimize learning tasks and manage complex data sets.
Incremental Learning Framework: Facilitates continuous integration of new
data into the Al model, eliminating the need for complete retraining.

Neural Recycling and Repair Mechanism: Reactivates and repurposes

underutilized neurons, maintaining network robustness and adaptability.

29. Brief Description of the Drawings:

30. Fig. 1 Adaptive Neural Reconfiguration System Overview

31. This figure represents the overall architecture of the Adaptive Neural Reconfiguration

System, showcasing the interaction between the Adaptive Neural Reconfiguration

Module (ANR), Quantum-Assisted Learning (QAL), and Hybrid Classical-Quantum

Processing components.

32. Explanation of Each Element and Connections:

Adaptive Neural Reconfiguration Module (ANR) (101): The ANR module is
responsible for dynamically adjusting the neural network structure in response to
new data. It ensures that the Al model retains existing knowledge while
accommodating new information, thereby preventing plasticity loss.
Quantum-Assisted Learning (QAL) Module (102): The QAL module integrates
quantum computing into the learning process, utilizing quantum algorithms to
enhance the Al model's ability to recognize patterns in complex data sets. The bi-
directional arrow indicates continuous feedback between the ANR and QAL

modules, facilitating adaptive learning and optimization.

10
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Hybrid Classical-Quantum Processing Module (103): This module employs a
hybrid approach, where classical processors handle routine computational tasks
and quantum processors manage complex data processing. The bi-directional
arrow signifies the efficient exchange of data between the ANR and Hybrid
Classical-Quantum Processing Module, optimizing learning tasks and resource
use.

Incremental Learning Framework (104): The Incremental Learning
Framework allows the Al model to integrate new data continuously without
requiring complete retraining. The arrow pointing to the ANR module indicates
the direct flow of data, enabling real-time updates and adaptations.

Neural Recycling and Repair Mechanism (105): This mechanism ensures the
robustness and adaptability of the neural network by reactivating and repurposing
underutilized neurons. The bi-directional arrow shows the continuous exchange of
information between the Neural Recycling and Repair Mechanism and the ANR

module, maintaining the network'’s longevity and effectiveness.

33. Fig. 2 Adaptive Neural Reconfiguration Module (ANR) Operation

34. This figure details the operation of the Adaptive Neural Reconfiguration Module (ANR),

showcasing the dynamic adjustment of the neural network structure in response to new

data.

35. Explanation of Each Element and Connections:

11
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Central Neural Network (CNN) (201): The CNN is the core of the Adaptive
Neural Reconfiguration Module. It processes and stores the Al model's neural
configurations, adjusting them dynamically in response to new data.

Neural Configuration Monitor (NCM) (202): The NCM continuously monitors
the neural network's performance, identifying areas that require adjustment. The
arrow pointing to the CNN indicates that the NCM feeds performance data into
the CNN to guide reconfiguration.

Neural Pathway Selector (NPS) (203): The NPS is responsible for selecting and
activating the most relevant neural pathways based on the data being processed.
The bi-directional arrow signifies the interaction between the NPS and the CNN,
enabling the dynamic selection of pathways that preserve existing knowledge
while accommodating new information.

Data Input Interface (DI1) (204): The DII receives new data and directs it into
the CNN for processing. The arrow pointing to the CNN indicates the direct input
of data, which triggers the neural reconfiguration process.

Output Optimization Module (OOM) (205): The OOM refines the output
generated by the CNN, ensuring that the Al model's responses are optimized for
accuracy and efficiency. The arrow from the CNN to the OOM indicates the flow

of processed data that is fine-tuned before being used in decision-making.

36. Fig. 3 Quantum-Assisted Learning (QAL) Process

12
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37. This figure illustrates the Quantum-Assisted Learning (QAL) process, emphasizing the

integration of quantum computing with Al learning tasks, including the use of Quantum

Approximate Optimization Algorithm (QAOA) and Quantum Annealing.

38. Explanation of Each Element and Connections:

Quantum Neural Network (QNN) (301): The QNN serves as the core
processing unit in the Quantum-Assisted Learning system. It utilizes quantum
computing principles to process large-scale data more efficiently than classical
neural networks.

Quantum Processor Unit (QPU) (302): The QPU is responsible for executing
guantum computations that support the QNN's learning tasks. The bi-directional
arrow indicates the continuous exchange of data between the QPU and the QNN,
enabling real-time processing and optimization.

Quantum Approximate Optimization Algorithm (QAOA) Module (303): The
QAOA Module uses quantum algorithms to optimize the configuration of the
neural network, improving the accuracy and efficiency of the learning process.
The arrow pointing to the QNN signifies the direct application of these
optimizations to the network.

Quantum Annealing Module (QAM) (304): The QAM employs quantum
annealing techniques to identify optimal solutions within complex data sets. The
arrow from the QAM to the QNN indicates the flow of these optimized solutions

into the neural network, enhancing its learning capabilities.

13
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= Classical-Quantum Interface (CQI) (305): The CQI facilitates the integration of
classical and quantum computing processes, ensuring that the QNN can leverage
the strengths of both approaches. The bi-directional arrow shows the interaction
between the CQI and the QNN, enabling seamless data exchange and processing.
39. Fig. 4 Hybrid Classical-Quantum Processing Architecture
40. This figure depicts the Hybrid Classical-Quantum Processing architecture, showing the
division of computational tasks between classical processors and quantum processors for
optimized performance.
41. Explanation of Each Element and Connections:
= Central Processing Unit (CPU) (401): The CPU handles routine computational
tasks that do not require quantum processing. It works in conjunction with the
QPU to optimize the overall performance of the Al model.
= Quantum Processing Unit (QPU) (402): The QPU is responsible for handling
complex, high-dimensional data processing tasks that benefit from quantum
computing. The bi-directional arrow connecting the CPU and QPU indicates the
collaborative processing of tasks, ensuring that each unit handles the tasks best
suited to its capabilities.
= Task Scheduler (TS) (403): The Task Scheduler allocates computational tasks
between the CPU and QPU based on their complexity and processing
requirements. The arrows pointing to both the CPU and QPU signify the
distribution of tasks, optimizing the use of both classical and quantum processing

resources.

14
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= Data Management Unit (DMU) (404): The DMU manages the flow of data
between the CPU, QPU, and other system components. It ensures that data is
processed efficiently and is available to the appropriate processing unit when
needed. The arrows from the CPU and QPU to the DMU indicate the flow of
processed data into the management system.
= Integration Module (IM) (405): The IM combines the outputs from the CPU and
QPU, integrating them into a cohesive result for the Al model. The bi-directional
arrow between the DMU and IM shows the continuous exchange and integration
of processed data, ensuring that the final output is optimized and accurate.
42. Fig. 5 Incremental Learning Framework
43. This figure represents the Incremental Learning Framework, demonstrating how new data
is integrated into the Al model continuously without requiring complete retraining.
44. Explanation of Each Element and Connections:
= Data Acquisition Module (DAM) (501): The DAM is responsible for gathering
raw data from various sources. It serves as the initial entry point for data into the
Incremental Learning Framework.
= Data Preprocessing Unit (DPU) (502): The DPU cleans, formats, and prepares
the raw data acquired by the DAM for further processing. The arrow pointing to
the ILE signifies the transformation of raw data into a usable format for the Al
model.
= Incremental Learning Engine (ILE) (503): The ILE is the core component of

the Incremental Learning Framework. It integrates new data into the existing Al

15
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model incrementally, allowing for continuous learning without the need for
complete retraining.
= Model Update Module (MUM) (504): The MUM applies the incremental
updates generated by the ILE to the Al model, ensuring that the model evolves
and adapts to new data in real-time.
= Continuous Feedback Loop (CFL) (505): The CFL provides ongoing feedback
to the ILE, allowing the system to continuously adjust and refine the learning
process based on real-time data and model performance. The bi-directional arrow
shows the continuous interaction between the CFL and the ILE, enabling dynamic
learning and adaptation.
45. Fig. 6 Neural Recycling and Repair Mechanism
46. This figure illustrates the Neural Recycling and Repair Mechanism, detailing the process
of reactivating and repurposing underutilized neurons to maintain network robustness and
adaptability.
47. Explanation of Each Element and Connections:
= Central Neural Network (CNN) (601): The CNN is the main neural network of
the Al system, where all neural configurations are processed and stored. It is
continuously monitored and adjusted to ensure optimal performance.
= Neural Activity Monitor (NAM) (602): The NAM continuously tracks the
activity of neurons within the CNN, identifying those that are underutilized or
inactive. The arrow pointing to the CNN signifies the input of activity data to

guide the recycling and repair processes.
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Neural Recycling Unit (NRU) (603): The NRU reactivates underutilized neurons
and repurposes them for new tasks within the CNN. The bi-directional arrow
indicates the continuous interaction between the NRU and the CNN, ensuring that
neural resources are used efficiently.

Neural Repair Module (NRM) (604): The NRM identifies and repairs damaged
or inactive neural pathways within the CNN. The bi-directional arrow shows the
repair process's impact on the overall network, restoring its robustness and
adaptability.

Efficiency Optimization Unit (EOU) (605): The EOU refines and optimizes the
neural pathways that have been recycled or repaired, ensuring that the CNN
operates at peak efficiency. The arrow from the CNN to the EOU indicates the

flow of processed pathways for final optimization.

48. Detailed Description of the Invention:

49. The present invention relates to an advanced system designed to optimize and

continuously adapt artificial intelligence (Al) models through a novel combination of

adaptive neural reconfiguration, quantum-assisted learning, and hybrid classical-quantum

processing. This system addresses the limitations of existing Al models, particularly their

inability to learn continuously without significant retraining, and their tendency to suffer

from plasticity loss, where new data overwrites previously learned information. The

invention is particularly suited for applications requiring ongoing adaptation,

optimization, and decision-making in complex, data-rich environments.

50. System Overview

17
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51.

52.

53.

54,

55.

The Adaptive Neural Reconfiguration System with Quantum-Assisted Learning is
composed of several key components that interact to maintain the plasticity and
adaptability of Al models:

Adaptive Neural Reconfiguration Module (ANR) (101): This module dynamically
adjusts the neural network structure in response to new data, preserving previously
learned knowledge while allowing for the integration of new information. The ANR
module prevents plasticity loss, ensuring that the Al model retains its effectiveness over
time.

Quantum-Assisted Learning (QAL) Module (102): The QAL module utilizes quantum
computing to enhance data processing, enabling more efficient pattern recognition and
decision-making. The integration of quantum algorithms such as Quantum Approximate
Optimization Algorithm (QAOA) and Quantum Annealing into the learning process
significantly reduces the risk of overfitting and improves the model's generalization
capabilities.

Hybrid Classical-Quantum Processing Module (103): This hybrid architecture divides
computational tasks between classical processors and quantum processors, optimizing the
use of resources. Routine tasks are managed by classical processors, while quantum
processors handle complex, high-dimensional data processing, thus reducing training
time and computational costs.

Incremental Learning Framework (104): The Incremental Learning Framework

facilitates the continuous integration of new data into the Al model. This framework
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56.

S7.

58.

allows the system to adapt to new tasks and environments without the need for complete
retraining, thus enabling real-time updates and continuous learning.
Neural Recycling and Repair Mechanism (105): This mechanism reactivates and
repurposes underutilized neurons within the neural network, maintaining the robustness
and adaptability of the Al model over time. The neural recycling process ensures that the
network remains efficient, while the repair mechanism addresses any damaged or inactive
neural pathways, thus extending the lifespan and effectiveness of the Al model.
Best Mode of Carrying Out the Invention
The best mode of carrying out the invention involves the integration of the Adaptive
Neural Reconfiguration Module with the Quantum-Assisted Learning Module and the
Hybrid Classical-Quantum Processing architecture. This configuration is optimized as
follows:
= Adaptive Neural Reconfiguration: The ANR module continuously monitors the
performance of the neural network using advanced algorithms that evaluate the
relevance of each neuron to current tasks. The module selectively activates and
deactivates neurons to prevent plasticity loss while optimizing the network for
new data. This process is critical for maintaining the integrity of the model’s
knowledge base.
= Quantum-Assisted Learning: The QAL module employs quantum computing
techniques to accelerate the learning process. Quantum neural networks (QNNS)
within the QAL module process large-scale datasets more efficiently than

classical networks. Quantum algorithms, such as QAOA and Quantum Annealing,
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are used to optimize the neural network's configuration, improving the Al model's
ability to recognize patterns and make accurate decisions.

= Hybrid Classical-Quantum Processing: The system’s hybrid architecture
assigns computational tasks to either classical or quantum processors based on
their complexity. This allocation is managed by a Task Scheduler that ensures
routine tasks are handled by classical processors, while more complex, high-
dimensional tasks are directed to quantum processors. This approach optimizes
resource use, reduces training time, and ensures that the Al model operates
efficiently.

= Incremental Learning: The Incremental Learning Framework enables the Al
model to incorporate new data in real-time, allowing it to adapt to changing
environments without requiring a complete retraining. The framework supports
the continuous integration of new information, ensuring that the model remains
relevant and up-to-date.

= Neural Recycling and Repair: The Neural Recycling and Repair Mechanism
ensures the long-term robustness of the neural network by reactivating
underutilized neurons and repurposing them for new tasks. This mechanism also
repairs damaged or inactive neural pathways, maintaining the network’s
efficiency and adaptability over time. This process is managed by Al-driven
algorithms that identify the most effective ways to recycle and repair neurons
without disrupting the existing knowledge base.

59. Embodiments of the Invention
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60. Embodiment 1: Incremental Learning in Autonomous Systems
= In this embodiment, the Adaptive Neural Reconfiguration System is applied to the

Al model of an autonomous vehicle. The Incremental Learning Framework
allows the vehicle to learn from new driving conditions in real-time, such as
changes in weather, traffic patterns, or road conditions. For instance, when the
vehicle encounters heavy rain, the system integrates new data related to the wet
road surface, adjusting the Al model's driving behavior to ensure safety and
efficiency. The Quantum-Assisted Learning Module enhances the vehicle’s
ability to recognize complex patterns in sensor data, such as the movement of
other vehicles and pedestrians, even in poor visibility conditions. The Neural
Recycling and Repair Mechanism ensures that previously learned driving
behaviors, such as navigating dry roads, are preserved and that the Al model
remains robust and adaptable as the vehicle encounters various environments.

61. Embodiment 2: Adaptive Al in Healthcare Diagnostics

= This embodiment applies the system to an Al model used in medical diagnostics.

The Adaptive Neural Reconfiguration Module dynamically adjusts the Al
model’s neural network based on new patient data, such as the results of recent
tests or changes in a patient’s condition. For example, if a patient presents
symptoms that are atypical for a common condition, the system integrates this
new data while preserving knowledge from past diagnoses. The Quantum-
Assisted Learning Module accelerates the processing of large-scale medical

datasets, such as genomic data or imaging studies, enabling the Al model to
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identify subtle patterns and correlations that might be missed by human clinicians.
The Neural Recycling and Repair Mechanism ensures that the model remains
effective even as new medical knowledge is acquired, such as the discovery of
new biomarkers or the approval of new treatments.

62. Embodiment 3: Real-Time Data Analysis in Financial Markets

= In this embodiment, the system is used for real-time data analysis in financial

markets. The Incremental Learning Framework allows the Al model to
continuously adapt to new market data, such as price fluctuations, trading
volumes, or economic indicators. For example, the system might integrate data
from a sudden market downturn, allowing the Al model to adjust its trading
strategies to minimize losses. The Quantum-Assisted Learning Module enhances
the Al model’s ability to process high-frequency trading data, identifying trends
and patterns that inform investment decisions. The Hybrid Classical-Quantum
Processing architecture ensures that the system can handle large volumes of data
efficiently, with the Quantum Processing Unit (QPU) managing complex
calculations and the Classical Processing Unit (CPU) handling routine tasks. The
Neural Recycling and Repair Mechanism maintains the model’s effectiveness
even as market conditions change, ensuring that it continues to provide accurate
and timely analysis.

63. Function and Operation

64. The function and operation of each component within the system are described in detail

as follows:
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Adaptive Neural Reconfiguration Module (ANR) (101): The ANR module
operates by continuously monitoring the performance of the Al model's neural
network. Using advanced algorithms, the ANR module assesses the relevance of
each neuron based on the current task and selectively activates or deactivates
neurons as needed. This process prevents plasticity loss by ensuring that neurons
optimized for previous tasks are preserved while new neural pathways are created
to accommodate new information. The ANR module is particularly effective in
environments where the Al model must adapt to rapidly changing conditions,
such as autonomous driving or financial trading.

Quantum-Assisted Learning (QAL) Module (102): The QAL module integrates
quantum computing into the learning process by utilizing quantum neural
networks (QNNSs). These QNNs are capable of processing large-scale datasets
more efficiently than classical neural networks. Quantum algorithms, such as the
Quantum Approximate Optimization Algorithm (QAOA) and Quantum
Annealing, are employed to optimize the neural network’s configuration, enabling
the Al model to recognize complex patterns and make accurate decisions in real-
time. The QAL module is particularly useful in applications that require rapid
processing of high-dimensional data, such as medical diagnostics or financial
analysis.

Hybrid Classical-Quantum Processing Module (103): This module utilizes a
hybrid architecture that divides computational tasks between classical and

quantum processors. The Task Scheduler within the module assigns routine tasks
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to classical processors, while complex, high-dimensional data processing tasks are
directed to quantum processors. This division of labor ensures that the system
operates efficiently, with each processor handling the tasks best suited to its
capabilities. The Hybrid Classical-Quantum Processing Module is especially
beneficial in scenarios where computational efficiency is critical, such as in high-
frequency trading or large-scale simulations.

= Incremental Learning Framework (104): The Incremental Learning
Framework enables the Al model to continuously integrate new data without the
need for a full retraining cycle. As new data is introduced, the framework updates
the model incrementally, allowing it to adapt to new tasks and environments in
real-time. This capability is particularly important in dynamic environments
where the Al model must remain relevant and up-to-date, such as in autonomous
systems or real-time financial analysis.

= Neural Recycling and Repair Mechanism (105): This mechanism ensures the
long-term robustness and adaptability of the neural network by reactivating
underutilized neurons and repurposing them for new tasks. The recycling process
is managed by Al-driven algorithms that identify the most effective ways to
repurpose neurons without disrupting the existing knowledge base. The repair
aspect of the mechanism addresses any damaged or inactive neural pathways,
ensuring that the network remains efficient and functional. This mechanism is

particularly valuable in applications where the Al model must maintain high
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performance over extended periods, such as in autonomous systems or healthcare

diagnostics.

65. Advantages and Improvements

66. The Adaptive Neural Reconfiguration System with Quantum-Assisted Learning provides

several significant advantages over traditional Al models:

Continuous Learning: The system's ability to dynamically adjust its neural
network structure and integrate new data incrementally prevents plasticity loss
and allows for continuous learning. This capability is essential for maintaining the
relevance and effectiveness of the Al model in dynamic environments.
Enhanced Efficiency: The integration of quantum computing with classical
processing optimizes resource use, reducing the time and cost associated with Al
model training. This hybrid approach ensures that the system can handle both
routine and complex tasks efficiently.

Neural Network Longevity: The neural recycling and repair mechanism extends
the lifespan of the Al model's neural network by ensuring that it remains robust
and adaptable over time. This is particularly important in applications that require
long-term reliability and performance.

Improved Decision-Making: Quantum-assisted learning enhances the Al
model's ability to recognize patterns and make accurate decisions, especially in
complex or high-dimensional data environments. This capability is critical in
applications such as financial analysis, medical diagnostics, and autonomous

systems.
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Scalability: The system's architecture is scalable, allowing it to be deployed in
various configurations depending on the available resources and specific
application requirements. This scalability makes the system suitable for a wide

range of industries and use cases.

67. Alternative Configurations

68. The Adaptive Neural Reconfiguration System can be implemented in various alternative

configurations to suit different applications and environments:

Configuration 1: In environments with limited access to quantum computing
resources, the system can operate primarily on classical processors, with quantum
processing reserved for the most complex tasks. This configuration allows for
cost-effective deployment while still benefiting from the advantages of quantum-
assisted learning.

Configuration 2: For applications requiring rapid real-time decision-making, the
system can be configured to prioritize quantum processing, with classical
processors handling only the simplest tasks. This setup is ideal for high-frequency
trading or real-time data analysis in financial markets.

Configuration 3: In distributed Al systems, the Adaptive Neural Reconfiguration
Module can be implemented across multiple nodes, with each node handling a
specific subset of the neural network. This distributed approach allows for greater
scalability and flexibility in large-scale Al deployments, such as cloud-based Al

services or distributed sensor networks in autonomous systems.
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= Configuration 4: The system can also be adapted for specialized applications,
such as Al-driven robotics or personalized medicine, by customizing the neural
network structure and quantum-assisted learning algorithms to meet specific
performance and accuracy requirements.
69. Detailed Examples
70. Example 1: Adaptive Al in Autonomous Vehicles
= An autonomous vehicle equipped with the Adaptive Neural Reconfiguration
System encounters a sudden change in weather conditions, such as heavy
snowfall. The Incremental Learning Framework quickly integrates new sensor
data related to the snow-covered road, allowing the Al model to adapt its driving
behavior in real-time to ensure safety and efficiency. The Quantum-Assisted
Learning Module enhances the vehicle's ability to recognize obstacles in the
snow, such as other vehicles, pedestrians, and road barriers, even in poor visibility
conditions. The Neural Recycling and Repair Mechanism ensures that previously
learned driving behaviors, such as navigating dry roads, are preserved, allowing
the vehicle to revert to optimal driving patterns when conditions improve.
71. Example 2: Real-Time Medical Diagnostics
= A healthcare diagnostic Al system using the Adaptive Neural Reconfiguration
System receives new patient data related to a rare medical condition that is not
well-represented in the existing training dataset. The ANR module dynamically
adjusts the neural network to integrate this new data, ensuring that the system can

accurately diagnose the condition while preserving knowledge from past
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diagnoses. The Quantum-Assisted Learning Module accelerates the processing of
large-scale medical records, such as genomic sequences and imaging studies,
enabling the Al model to identify subtle patterns and correlations that might be
missed by human clinicians. The Neural Recycling and Repair Mechanism
ensures that the system remains effective and adaptable as new medical
knowledge is acquired, such as the discovery of new biomarkers or the

development of novel treatments.

72. Example 3: Real-Time Data Analysis in Financial Markets

In the fast-paced environment of financial markets, an Al model powered by the
Adaptive Neural Reconfiguration System continuously processes vast amounts of
market data. The Incremental Learning Framework allows the model to adapt to
new information, such as unexpected geopolitical events or sudden economic
shifts, without the need for retraining. The Quantum-Assisted Learning Module
processes high-frequency trading data to identify emerging trends and inform
trading strategies. The Hybrid Classical-Quantum Processing architecture ensures
that the system can efficiently handle both routine and complex data processing
tasks, while the Neural Recycling and Repair Mechanism keeps the Al model
robust and adaptive, enabling it to maintain high performance even in volatile

market conditions.

73. Conclusion:

74. The proposed invention offers a groundbreaking solution to the challenges of updating

and optimizing Al models. By integrating adaptive neural reconfiguration with quantum-
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assisted learning, the system enables continuous learning without the need for complete
retraining, significantly reducing costs and improving efficiency. The invention is poised
to revolutionize the field of artificial intelligence, particularly in applications requiring

ongoing adaptation and optimization.
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Claims:

1. An adaptive neural reconfiguration system for Al models comprising a module that
dynamically adjusts the neural network structure in response to new data.

2. The system of claim 1, further comprising quantum-assisted learning to enhance data
processing and reduce plasticity loss.

3. The system of claim 1, further comprising hybrid classical-quantum processing to
optimize resource use during learning tasks.

4. The system of claim 1, further comprising an incremental learning framework for
continuous data integration.

5. The system of claim 1, further comprising a neural recycling and repair mechanism for

maintaining network robustness and adaptability.
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Abstract:

1. This invention presents an adaptive neural reconfiguration system designed to address the
limitations of current Al models, particularly the issue of plasticity loss. By integrating
quantum-assisted learning and hybrid classical-quantum processing, the system enables
Al models to continuously learn and adapt without requiring complete retraining. The
system dynamically adjusts neural network structures and selectively activates neurons to
retain existing knowledge while incorporating new information. Additionally, a neural
recycling and repair mechanism reactivates underutilized neurons, ensuring the long-term
robustness and adaptability of the model. The invention is particularly suited for
applications requiring ongoing optimization and adaptation, offering a significant
reduction in training costs and enhancing overall Al efficiency and performance. This
innovative approach is poised to revolutionize AI model development, making it a highly

valuable and patentable technology.
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