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Abstract

Al agents are at the forefront of transforming how both material sciences and
human systems are managed, ensuring real-time vulnerability assessments, threat
analysis, and predictive risk management. These Al agents dynamically adjust to
their environment, specializing as needed to suit the complexities of the system
they oversee. Whether embedded in a Digital Twin (DT) of a power grid or a human
body, Al agents continuously monitor the system’s health, anticipate threats, and
offer optimized solutions for system resilience. This white paper explores how Al
agents, by leveraging multi-dimensional data and real-time simulations, ensure
system efficiency and resilience across both material science (e.g., Critical
Infrastructure/Key Resources [CI/KRs]) and human systems (anatomical,
physiological, psychological...), driving predictive intelligence and proactive
solutions.

Executive Summary

This white paper titled "Al Agents in Human Systems and Material Sciences—A Holistic
Framework for Threat / Hazard Analysis, Vulnerability Assessments, and Risk Analysis" explores
how Al agents are revolutionizing the management of complex systems across material sciences
(such as the 16 Critical Infrastructure/Key Resources [CI/KRs]) and human systems (such as
healthcare and physiology). These Al agents are dynamic, adaptive entities that morph into
specialized expert agents as needed, allowing them to continuously monitor, assess, and optimize
the systems they oversee. By integrating real-time data and performing multi-dimensional risk
assessments, Al agents ensure that systems are resilient, vulnerable areas are identified, and threats
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are mitigated before they become critical. This framework presents a novel approach to system
management, positioning Al agents as the central actors within Digital Twins (DTs)—virtual
models of physical or human systems that evolve continuously in response to real-world
conditions. Unlike traditional AI models that often operate within predefined silos, the Al agents
proposed in this white paper can adapt to any system, whether it's monitoring the health of a power
grid or managing a patient’s medical condition. These agents interact with one another, share
insights, and collaboratively develop solutions tailored to the unique needs of each system.

Key aspects of this framework include:

AI Agents as Morphing Experts: The ability of Al agents to morph into expert roles based on the
system’s vulnerabilities and needs allows them to seamlessly transition between domains. For
example, in material systems, they may act as engineers or cybersecurity specialists, while in
human systems, they might function as cardiologists or nutritionists.

Multi-Dimensional Risk and Vulnerability Assessments: Al agents operate across the physical,
abstract, and computational dimensions to provide holistic risk analysis. They continuously
monitor real-time data, simulate potential threats, and conduct concentric threat analysis within
defined areas of interest, ensuring that vulnerabilities are identified and mitigated.

Collaboration and Scalability: Al agents collaborate within a multi-agent system, interacting with
other agents to develop optimal solutions. They can scale to handle increasingly complex systems
by spawning additional specialized agents as needed, making this approach highly adaptable across
industries.

Cross-Domain Application: The proposed framework is domain-agnostic and can be applied
across a wide range of sectors, from healthcare and public infrastructure to cybersecurity and
finance. This makes it a flexible, scalable solution that can optimize both human and material
systems in real-time.

Proactive Risk Management. Al agents enable a shift from reactive to proactive system
management by continuously monitoring and predicting system vulnerabilities and threats.

Improved Resilience: This approach significantly enhances the resilience of critical infrastructure
and healthcare systems by preemptively addressing weaknesses and optimizing performance.

Real-Time Decision Making: Al agents provide real-time insights that enable better decision-
making across sectors, leading to fewer system failures, better healthcare outcomes, and more
efficient infrastructure management.
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Scalability Across Industries: The ability of Al agents to specialize and scale ensures that this
framework can be applied across multiple domains, making it highly flexible and effective in a
variety of settings.

This white paper presents a unique and forward-thinking framework for the application of Al
agents in managing Digital Twins across both material and human systems. It addresses critical
gaps in existing Al models by enabling real-time, multi-domain intelligence and decision-making,
making it an essential approach for scholars and professionals in the Al community to consider. If
implemented, this framework could revolutionize how industries manage complex systems,
leading to improved efficiency, resilience, and risk management across sectors.

Introduction: The Expanding Role of AI Agents in System Management

Al agents are fundamentally transforming how we manage complex systems across both material
sciences and human systems. Unlike traditional models that operate in static, predefined roles, Al
agents exhibit a dynamic flexibility that allows them to morph into specialized experts as needed.
These agents continuously monitor and assess the systems they oversee, whether in Digital Twins
(DTs) that model critical infrastructure, such as power grids and transportation networks, or in
models representing human physiological systems. Al agents play a crucial role in ensuring that
vulnerabilities are swiftly identified, threats are mitigated, and performance is optimized in real
time. This capability is made possible by their ability to harness real-time data and integrate
information from multiple dimensions—including physical, abstract, and computational
dimensions. This multi-dimensional approach enables Al agents to adapt their actions to the
specific needs of the system, offering tailored solutions for risk management and resilience.

In this white paper, we explore the pivotal role Al agents play in both material and human systems.
Their unique capacity to dynamically adjust, specialize, and collaborate across domains allows
them to ensure the smooth and secure operation of diverse systems. Whether the task is protecting
critical infrastructure from cyberattacks or monitoring a patient’s vital signs in real-time, these
agents excel at proactively managing risks and enhancing system performance through continuous,
adaptive learning and decision-making.
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Al Agents in Material Science and Human Systems: A Unified Approach
Al Agents in Material Science (CI/KRs)

In material sciences, Al agents are deployed to monitor and manage Digital Twins that represent
critical infrastructure, such as energy grids, water systems, transportation networks, and healthcare
facilities. These agents continuously assess real-time conditions, ensuring that vulnerabilities are
identified, and threats are anticipated.

For example, an AssetMonitor Al may track the wear and tear of key components in a power grid,
while a CyberDefense Al analyzes the grid for digital intrusions.

Through their dynamic capabilities, these agents morph into specialized roles, depending on the
real-time needs of the system:

GridGuardian Al could oversee energy distribution to ensure the grid meets demand during a peak
usage period.

WeatherWatch Al monitors environmental conditions like storms or extreme heat, alerting other
agents to adjust operations and mitigate potential infrastructure failures.

By using real-time data across multiple dimensions, Al agents make critical decisions that optimize
system resilience and efficiency in material systems.

Al Agents in Human Systems

Al agents are equally essential in human systems, where they manage Digital Twins that represent
a real-time virtual model of an individual’s physiological state. In this context, Al agents
continuously monitor medical data, vital signs, and environmental factors, transforming their roles
based on the patient’s needs.

For instance:

A CardioExpert AI may monitor a patient’s cardiovascular system for abnormalities, while a
Nutritionist Al analyzes dietary data to optimize health outcomes.

Similarly, a StressManagement Al may evaluate stress levels, collaborating with other Al agents
to recommend lifestyle adjustments or therapeutic interventions.
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This real-time adaptability allows Al agents in human systems to move from reactive healthcare
to a more predictive and personalized approach, improving patient outcomes by preemptively
addressing risks and optimizing health interventions.

Collaborative Capabilities of Al Agents and LLMs: A Multi-Model Synergy for Digital Twins

Al agents and Large Language Models (LLMs) exhibit a substantial ability to collaborate,
significantly enhancing their performance when they reference outputs from other models or
agents. This collaborative behavior enables the generation of more accurate, refined responses by
synthesizing insights from multiple sources. By leveraging outputs from diverse models or
perspectives, Al systems can produce higher-quality assessments, similar to how LLMs improve
their results by integrating outputs from different models or layers.

Key Components of Collaboration in AI Agents and LLMs

This collaborative capability can be structured in role-based interactions, which mirror structures
found in both LLMs and AT agent ecosystems. In such systems, models or agents often take on one
of two primary roles:

Proposers and Aggregators:

Proposers are responsible for generating initial outputs or reference responses, providing raw
insights based on their specific data or task focus. For example, an Al agent might propose an
initial risk assessment based on the energy consumption data in an industrial environment.

Aggregators synthesize the proposals from multiple sources into a single, high-quality output. In
LLM architectures, aggregators function similarly, combining outputs from multiple components
or models to produce a cohesive result. This mirrors the process of integrating various insights into
a comprehensive risk assessment in Al-driven systems.

Application of Collaborative Roles in Digital Twins

In Digital Twin environments, this structure of proposers and aggregators is reflected in how
various Al agents collaborate to manage different dimensions of a system. For instance:
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Proposer agents are tasked with monitoring specific data streams or system vulnerabilities, such
as detecting anomalies in energy consumption or identifying irregularities in equipment
performance.

Aggregator agents compile the information from these proposers, creating a comprehensive output,
such as an integrated risk assessment or maintenance strategy.

This collaboration allows Digital Twins to operate with real-time, multi-dimensional awareness.
The agents responsible for proposing insights can specialize in different data dimensions—be it
physical sensor data, abstract risk models, or computational simulations—while the aggregators
integrate this information into actionable outcomes.

Enhancing Collaboration through Knowledge Transfer

In AI systems, knowledge transfer between models enhances collaborative behavior. The
knowledge or insights generated by one model can be distilled and utilized by another model or
agent to improve performance. This transfer of knowledge mirrors the concept of an ensemble of
models, where insights from several models are synthesized into a single, more deployable system.

In Digital Twin systems, Al agents collaborate by sharing knowledge in a similar manner. Proposer
agents can deliver their specialized insights to an aggregator agent, which distills and integrates
the inputs from multiple sources. This method of collaboration ensures that the final output is both
efficient and informed by multiple perspectives, improving decision quality and system
performance.

Example of Knowledge Transfer in Digital Twins:

In a smart factory environment, proposer agents could monitor various aspects of the production
line, such as machine temperature, output speed, and energy usage. Each proposer delivers its
specialized analysis, and an aggregator agent synthesizes this data into an overall production health
assessment. This collaborative process enables the Digital Twin to predict potential failures,
optimize performance, and schedule maintenance based on comprehensive insights.

Collaborative Decision-Making for Multi-Dimensional Systems

In many systems, especially those involving Digital Twins, decision-making requires integrating
data from multiple dimensions—physical, abstract, and computational. Collaborative Al agents
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can adopt proposer and aggregator roles to ensure that data from all these dimensions is captured,
processed, and synthesized.

e Physical Dimension: Proposer agents monitor real-time sensor data such as temperature,
pressure, or speed from physical components of a system.

e Abstract Dimension: Agents focus on non-physical factors like risk perceptions,
operational thresholds, or economic considerations.

o Computational Dimension: Proposers analyze simulations and predictive models,
projecting future system states based on current and historical data.

Aggregators then combine this multi-dimensional information into a single, integrated decision
output. For example, in healthcare, an aggregator might combine physical health data, predictive
risk models, and patient history to generate an accurate prognosis and treatment plan.

Benefits of Collaborative AI Agent Systems

Collaborative Al agents offer significant benefits in Digital Twin environments and beyond by
enabling systems to generate richer, more accurate insights through distributed processing and
multi-model integration. The key benefits include:

Improved Decision Accuracy: By integrating insights from multiple proposer agents, collaborative
Al systems make better-informed decisions based on diverse sources of data, leading to greater
accuracy.

Scalability: This collaborative approach scales well with increasing system complexity, as tasks
can be distributed across proposer agents and aggregated for efficient real-time decision-making.

Efficiency through Knowledge Sharing: The process of sharing knowledge between agents allows
for faster and more efficient decision-making while preserving accuracy. This method enables real-
time, large-scale decision-making without requiring excessive computational power.

Multi-Dimensional Awareness: Collaboration ensures that data from all relevant dimensions is
considered in decision-making, resulting in more comprehensive and informed outputs. For
instance, insights from physical, abstract, and computational dimensions are synthesized to address
complex system behaviors.

The collaborative capabilities of Al agents and LLMs play a pivotal role in improving the
performance of systems, particularly in environments like Digital Twins. By adopting roles such
as proposers and aggregators, Al agents can generate real-time, multi-dimensional insights that
enhance decision-making quality. The ability to collaborate across models, share knowledge, and
synthesize inputs from diverse perspectives ensures that Al-driven systems are equipped to handle
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the complexity of real-world environments. This collaboration not only improves accuracy and
scalability but also provides a highly efficient and robust approach to managing complex systems.

Mixture-of-Agents (MoA) Methodology in AI Agent Collaboration

The Mixture-of-Agents (MoA) methodology further enhances this collaborative capability by
allowing Al agents to operate across multiple layers of decision-making, similar to how LLMs
collaborate across layers of model outputs. The MoA framework enables multiple Al agents to
process inputs concurrently, generating diverse responses and continuously refining them through
iterative collaboration. This iterative refinement maximizes the potential of Al agents in both
human and material systems, as agents continuously adjust their outputs based on new data and
insights from other agents.

In a material system, such as a power grid, MoA could involve multiple layers of Al agents
analyzing different facets of grid performance—some agents monitoring physical infrastructure
while others focus on cybersecurity threats. In a human system, MoA might involve Al agents
specialized in different medical domains, collectively synthesizing data to optimize treatment
plans. Each layer of agents contributes to a progressively more refined output, ensuring that every
possible vulnerability is monitored, and that threats are continuously mitigated.

Al Agents Driving System Resilience and Optimization

This paper highlights the transformative role of Al agents in managing complex systems across
both material sciences and human systems. By dynamically morphing into expert roles based on
the real-time needs of the system, Al agents ensure that vulnerabilities are identified, threats are
mitigated, and system performance is optimized. These agents leverage collaborative frameworks
and methodologies like Mixture-of-Agents, enabling them to adapt, specialize, and provide
continuously improving solutions across multiple domains. Through their capacity to integrate
multi-dimensional data and work collaboratively, Al agents represent the future of proactive
system management, ensuring resilience, safety, and optimal performance in a wide range of
applications—from critical infrastructure to personalized healthcare.
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Al Agents in Material Science and Human Systems: A Unified Approach
Al Agents in Material Science (CI/KRs)

In material sciences, Al agents oversee the operation and maintenance of Digital Twins that
represent critical infrastructure, such as energy grids, water systems, transportation networks, and
healthcare facilities. These agents continuously monitor real-time conditions, ensuring that
vulnerabilities are detected, and threats are anticipated. For example, an AssetMonitor Al may
continuously track the wear and tear of key components in a power grid, while a CyberDefense Al
monitors for digital intrusions that could compromise the system’s integrity.

Al agents collaborate, analyze incoming data, and morph into specialized roles as necessary.
For instance:

e GridGuardian Al might oversee energy distribution, making sure supply meets demand
during peak usage.

e  WeatherWatch Al would monitor environmental conditions like extreme weather events,
alerting other agents about potential disruptions that may affect the infrastructure.

This flexibility allows Al agents to assess the multi-dimensional risks affecting material
infrastructure, ensuring resilience and efficiency in operations.

Al Agents in Human Systems

In human systems, Al agents manage Digital Twins that represent a virtual model of an individual’s
physiological state. These Al agents adapt based on the patient's specific needs, analyzing data in
real-time from medical devices, wearables, and health records. For instance, a CardioExpert Al
might monitor a patient’s cardiovascular system, while a Nutritionist Al may focus on optimizing
diet based on the individual’s health profile.

Al agents in human systems collaborate to ensure that health risks are preemptively managed.:

e EndoHealth Al may focus on hormone balance in diabetic patients, collaborating with
ImmunoDefense Al to ensure that immune system function remains stable.

e StressManagement Al could analyze stress responses in real-time and suggest lifestyle
adjustments, working alongside CardioExpert Al to reduce cardiovascular risk.
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By morphing into these specialized expert roles, Al agents offer a proactive, real-time management
approach that allows healthcare providers to move from reactive care to a highly personalized,
predictive model.

Al Agents as the Central Operators of System Resilience

Al agents are the central actors in ensuring system resilience, regardless of whether they are
deployed in material systems or human systems. Their ability to adapt to the specific needs of the
system makes them uniquely capable of monitoring vulnerabilities, conducting threat analysis, and
providing real-time solutions for optimizing system performance.

Morphing into Expert Agents

Al agents have the inherent ability to morph into different specialized roles, becoming expert
agents for the domain they oversee. In a power grid, this could mean Al agents transforming into
GridHealth AI or CyberWatch Al, focusing on infrastructure vulnerabilities and cybersecurity
risks. In a hospital setting, Al agents could become InfectionControl Al, tracking disease spread,
or PatientFlow Al, optimizing hospital resources during peak demand.

This adaptability allows the Al agents to provide highly tailored, domain-specific insights:

e In material systems, they may simulate structural wear and tear, assess energy distribution
patterns, or model the impact of severe weather events.

e In human systems, they may predict disease progression, adjust medication protocols, or
recommend lifestyle interventions based on real-time health data.

Al agents’ ability to specialize means that they provide not just broad insights but detailed, highly
relevant intelligence that can drive real-time decision-making.

Al Agent Collaboration and Multi-Agent Systems

Al agents do not work in isolation; they form collaborative multi-agent systems where they
exchange information and expertise to arrive at the best solutions for a given system. Multiple
agents can be spawned to handle complex problems, each taking on a specialized task and
communicating with other agents to ensure a holistic approach.

For instance:
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e Inapower grid, a GridGuardian Al might collaborate with WeatherWatch Al to redistribute
energy in anticipation of a severe weather event, while CyberWatch Al ensures that the
grid’s SCADA systems are secure from cyber threats.

e In a human system, a CardioExpert AI might work with Nutritionist Al to develop a
treatment plan for a patient with heart disease, taking into account dietary factors, lifestyle
habits, and genetic predispositions.

These collaborative systems ensure that every angle of the system is monitored and optimized,
allowing the AI agents to provide the best possible recommendations for resilience and
performance.

Vulnerability Assessments and Threat Analysis in the Dimensional Space

Al agents are tasked with continuously monitoring systems for weaknesses, performing
vulnerability assessments and conducting threat analysis within the dimensional space. The
dimensional space comprises the physical, abstract, and computational dimensions, which together
provide a complete understanding of the system’s vulnerabilities and threats.

Vulnerability Assessments by Al Agents

Al agents are equipped with the ability to identify and assess vulnerabilities based on real-time
data from the Digital Twin. These vulnerabilities could be physical, such as a crack in a bridge or
an abnormality in a patient’s vital signs, or they could be abstract, such as a potential market shift
or regulatory change that could impact operations.

e In material systems, agents like AssetMonitor Al might detect aging infrastructure that
requires repair or replacement before a critical failure occurs.

e In human systems, agents like CardioExpert Al might detect early signs of heart disease,
triggering a series of interventions designed to prevent a major health event.

Threats in the Dimensional Space

Threats arise in the dimensional space, where Al agents evaluate both internal and external factors
that could impact the system. Al agents use concentric threat analysis, assessing how threats in a
specific Area of Interest (Aol) could exploit vulnerabilities. For example, a WeatherWatch Al
might predict how an incoming storm will affect an energy grid, working with GridGuardian Al to
prepare mitigation strategies.
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e Physical dimension: Al agents analyze sensor data from physical components, such as
temperature, pressure, or energy flow.

e Abstract dimension: Al agents consider non-physical factors, such as regulatory changes,
market conditions, and human behaviors.

o Computational dimension: Al agents run simulations and predictive models to anticipate
how vulnerabilities and threats will evolve over time.

This multi-dimensional analysis allows Al agents to develop a complete picture of the system’s
current and future risks.

Risk Analysis and Solution Optimization by AI Agents

Once vulnerabilities and threats are identified, Al agents collaborate to conduct a comprehensive
risk analysis. By combining their specialized knowledge, these agents provide insights into how
best to mitigate risks and optimize system performance.

o In material systems, Al agents might simulate how increased energy demand during a
heatwave could lead to transformer failures, recommending that load be redistributed to
prevent outages.

o In human systems, Al agents might predict that a patient is at high risk for a stroke,
recommending changes in medication and lifestyle to reduce the risk.

The Al agents then propose the most effective solutions, ensuring that the Digital Twin is optimized
and that the real-world system—whether it’s a human body or an infrastructure network—operates
with maximum resilience.

Al Agents Driving Resilience Across Material Science and Human Systems

Al agents are the driving force behind system resilience and optimization, enabling both material
science systems (like the 16 CI/KRs) and human systems to be managed proactively and
effectively. By morphing into specialized expert roles, these Al agents continuously monitor
systems, conduct vulnerability assessments, and perform risk analysis in real time. Their ability to
work collaboratively across multiple dimensions—physical, abstract, and computational—allows
them to anticipate and mitigate threats, ensuring that systems remain resilient and efficient. As we
look toward the future, the role of Al agents in managing complex, interconnected systems will
become even more critical. Their adaptability, scalability, and intelligence will drive the next
generation of system optimization, from healthcare to infrastructure, ensuring that we can predict,
prevent, and respond to risks in real-time across any domain.
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Unique Aspects of this White Paper

Al Agents as Dynamic Experts: Al agents typically operate within a specific, predefined
domain (e.g., cybersecurity, predictive analytics). This proposal pushes the boundaries by
suggesting that Al agents can morph into specialized expert agents depending on the real-
time needs of the system. They adapt and take on new roles, whether it’s analyzing energy
consumption for a power grid or monitoring a patient’s heart rate for a healthcare Digital
Twin. This kind of agentic flexibility is not widely explored in current AI models, which
tend to remain more static in their functionality.

Integration of Multi-Dimensional Threat and Risk Analysis: The integration of physical,
abstract, and computational dimensions into a cohesive system for risk analysis is
comprehensive and forward-looking. The ability of Al agents to operate across multiple
dimensions and synthesize complex, multi-domain data is a step forward from current
siloed approaches to Al. It allows for real-time risk mitigation that factors in everything
from physical asset conditions to regulatory environments and human behaviors.
Cross-Domain Applicability: This proposal highlights the versatility of Al agents. Instead
of limiting their application to one domain (e.g., healthcare or infrastructure), the agents
can operate across both human systems and material systems, morphing into whatever
expert roles are needed. This cross-domain adaptability is rare in current Al research, which
tends to compartmentalize Al solutions.

Gaps Addressed in the Al Community

This white paper addresses several key gaps in current Al research and application:

Siloed AI Models: Many existing Al models operate within rigidly defined boundaries,
focusing on a single domain (e.g., healthcare diagnostics or industrial operations). These
models struggle to integrate real-time, multi-domain intelligence that includes spatial,
temporal, and abstract factors. This white paper proposes Al agents that can transcend these
silos, operating seamlessly across domains and providing holistic risk assessments that
include diverse data streams.

Real-Time Multi-Domain Decision-Making: While Al can process large datasets, the
ability to synthesize real-time data from multiple dimensions—such as physical
infrastructure, human behavior, and predictive simulations—is currently underdeveloped.
Al systems often miss out on the opportunity to leverage real-time updates for dynamic
decision-making. This paper fills that gap by promoting Al agents that can make real-time
decisions by constantly evolving with the system they manage.
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Vulnerability and Threat Assessment in Complex Systems: Existing Al systems focus
heavily on pattern recognition and predictive models but may lack the ability to assess
vulnerabilities dynamically in real time, especially within complex systems like critical
infrastructure and healthcare. The proposal’s emphasis on concentric threat analysis and
multi-dimensional risk analysis provides a novel framework for real-time monitoring and
prediction across interconnected systems.

Positive Ramifications if Implemented

If the concepts outlined in this white paper are implemented, the positive ramifications could be

profound, both in the Al science community and across various industries:

Proactive, Predictive System Management: Instead of reacting to failures or emergencies,
Al agents would enable proactive management of both human and material systems. In
healthcare, this could mean preventing major health crises by continuously monitoring
patient vitals and adapting treatment plans in real time. In critical infrastructure, Al agents
could anticipate system failures (e.g., in power grids or transportation networks) and take
preemptive action to mitigate risks.

Increased System Resilience: By having Al agents continually monitor and adapt to real-
time conditions, critical systems (whether material or human) will become more resilient.
Al agents can collaborate, simulate potential threats, and adapt quickly to new challenges,
ensuring that infrastructure and healthcare systems can withstand crises like natural
disasters, pandemics, or cyberattacks.

Scalable AI Solutions Across Domains: This proposal offers a scalable Al solution that is
domain-agnostic, meaning it can apply to virtually any system—healthcare, infrastructure,
finance, agriculture, and beyond. The ability to spawn multiple specialized agents allows
the system to scale as needed, making it flexible and adaptable for small systems like
personal healthcare or large-scale operations like national power grids.

More Informed Decision-Making in Real Time: The continuous assessment of
vulnerabilities and threats across multiple dimensions means that decision-makers
(whether doctors, engineers, or policymakers) will have more accurate, real-time data to
base their decisions on. This could lead to better resource allocation, fewer emergency
interventions, and improved outcomes in both human health and infrastructure
management.

Reduction of System Failures and Risks: Because Al agents will constantly monitor and
predict vulnerabilities, we can expect a significant reduction in system failures across
various sectors. In healthcare, this could result in fewer hospital readmissions or severe
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health events, while in infrastructure, it might prevent costly breakdowns in energy
distribution or transportation systems.

e Cross-Industry Collaboration: Implementing this framework will likely encourage greater
cross-industry collaboration, as Al agents will need to access a wide variety of data streams.
Healthcare, infrastructure, IT, and even finance could start sharing critical data with Al
agents, enhancing the overall predictive capabilities and fostering interdisciplinary
innovation.

This white paper presents a distinct and valuable proposal for Al scholars and practitioners to
consider, as it suggests a framework that combines flexibility, real-time adaptation, and multi-
domain applicability. By proposing Al agents that morph into expert roles based on the system’s
needs and operate within multi-dimensional frameworks, this approach could significantly
enhance system resilience and predictive intelligence across industries. It addresses critical gaps
in current Al systems, particularly the siloed nature of many models and their inability to operate
fluidly across domains. If implemented, this model could transform how we manage complex
systems, leading to better decision-making, reduced risk, and optimized performance across a wide
range of human and material systems. This proposal could serve as a foundation for new research,
cross-sector partnerships, and technological advancements that push the boundaries of what Al can
achieve in both human and material domains.

Formula

Where:
R(®): Risk score at time ¢, indicating the overall risk level based on Al agent analysis.

f: A function that integrates and weights the components of the formula based on the system's
complexity and the agents’ predictions.

V(t): Vulnerabilities identified by Al agents at time # within the Digital Twin.
T(v): Threats identified by Al agents at time # that could exploit the system’s vulnerabilities.

P(t): The Physical dimension at time ¢, encompassing real-time sensor data and physical attributes
of the system (e.g., health metrics in human systems or structural integrity in material systems).
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A(t): The Abstract dimension at time t, including non-physical variables such as regulations,
market trends, human behavior, and policies affecting the system.

C(?): The Computational dimension at time t, representing predictive models, simulations, and
future projections that Al agents use to forecast possible outcomes.

3w AL(H) < DT(N): The contribution of n Al agents, each with a weighting factor wi, acting within
the Digital Twin. Each Al agent A1 monitors specific aspects of the Digital Twin and collaborates
to provide insights.

Ali(1): The Al agent responsible for a particular dimension or aspect of the Digital Twin at time #,
such as a healthcare specialist or an infrastructure expert.

DT(1): The Digital Twin model representing the system at time ¢, continuously updated with real-
time data reflecting the current state of the system.

wi: Weighting factor that adjusts the influence of each Al agent on the final risk score, depending
on the agent’s domain expertise and the system’s requirements.

Step-by-Step Explanation:
1. Risk Score R(1):

The final risk score R(?) represents the overall risk level for the system (whether a human or
material system) at a specific time. This score is determined based on the inputs provided by the
Al agents and their analysis of vulnerabilities, threats, and multi-dimensional data.

e A higher risk score indicates that the system is more vulnerable or facing greater threats.
e A lower risk score suggests that the system is stable, and its vulnerabilities are well
managed.

2. Vulnerabilities V(t) and Threats T(1):

o V() (Vulnerabilities): Al agents continuously monitor the Digital Twin and identify
vulnerabilities at time ¢. These vulnerabilities represent weaknesses within the system that
could lead to failures or issues, such as an overworked transformer in a power grid or a
patient's weakened immune system.

o T() (Threats): Al agents simultaneously assess threats that could exploit these
vulnerabilities. These threats may be external, such as extreme weather or cybersecurity
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risks in material systems, or internal, such as health complications or disease progression
in human systems.

Multiplying vulnerabilities by threats emphasizes that vulnerabilities alone may not be as critical
unless they are exacerbated by threats. For example, a minor vulnerability in a transformer
becomes critical if a heatwave (external threat) occurs.

Dimensional Integration P(t) + A(t) + C(t):

The next part of the formula reflects how Al agents incorporate data from three key dimensions to
assess the system’s vulnerabilities and threats in a holistic way:

e P(?) (Physical dimension): This dimension includes real-time sensor data and physical
measurements. In material systems, this could be the temperature of infrastructure
components or the energy load on a power grid. In human systems, it could be patient vitals
like heart rate or blood pressure.

e A(t) (Abstract dimension): This captures non-physical variables, such as human behavior,
regulatory frameworks, and operational constraints. For example, a financial regulatory
change might affect the stability of critical manufacturing, or a patient's lifestyle choices
might influence their health outcomes.

e ((t) (Computational dimension): This includes predictive models and simulations that Al
agents use to forecast potential future risks. Al agents run these models based on historical
data and real-time conditions to predict how vulnerabilities may evolve.

Adding these dimensions shows that each dimension provides independent, critical insights into
the overall risk level. Combining them creates a more complete picture of the system's health.

AT Agents >:(w < AL(D < DT(M): This part of the formula accounts for the various Al agents
operating within the Digital Twin:

o Al represents each specific Al agent operating within the system. For example, in a
healthcare system, one agent may be focused on cardiology while another monitors mental
health. In a material system, different agents might be responsible for energy distribution,
cybersecurity, or structural integrity.

e wi is the weighting factor that adjusts how much influence each agent has on the overall
risk score. Certain agents, depending on their expertise or the system’s immediate needs,
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might carry more weight in determining the final score. For instance, during a heatwave,
an Al agent responsible for cooling systems may have a higher weighting factor than one
responsible for routine maintenance.

e DT() represents the Digital Twin model itself, which is continuously updated with real-
time data. The Digital Twin reflects the actual system (whether a power grid or a human
body) and is the core model on which Al agents base their predictions and assessments.

Summing over n Al agents shows that multiple agents may operate simultaneously, each
contributing to the overall risk analysis. As more agents monitor different aspects of the system,
they collaborate to provide a comprehensive view of the system’s health.

Function f:

The function f integrates the different components of the formula, applying weighting and
adjustments based on the complexity of the system, the severity of vulnerabilities and threats, and
the precision of the Al agents' predictions. This function ensures that the final risk score is
accurately reflective of the system's current status.

For example, f may emphasize vulnerabilities and threats during times of crisis (e.g., a pandemic
or natural disaster) but may give greater weight to computational predictions when preparing for
long-term risk management or infrastructure upgrades.

Example Application:

In a hospital's IT system, Al agents monitor cybersecurity (CyberDefense Al), patient flow
(PatientFlow AI), and medical equipment status (AssetMonitor Al):

V(1): Cyber vulnerabilities are identified due to outdated firewalls.

T(1): Threats are identified from increased cyberattacks during a pandemic.

P(1): Physical dimension monitors the number of connected medical devices.

A(1): Abstract dimension includes hospital policies on data security and staff compliance
with cybersecurity protocols.

5. C(v): Computational dimension models potential impacts of a data breach on patient care,
based on historical patterns of attacks.

b S

Each Al agent collaborates, and the formula produces a risk score R(?) that informs the hospital's
IT team about which areas to address (e.g., firewall updates, training staff) to mitigate the
cybersecurity risks in real time.
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This formula captures the holistic role of Al agents in continuously assessing vulnerabilities,

identifying threats, and generating real-time risk scores for systems represented by Digital Twins.
The flexibility of the formula allows it to be applied across both material sciences and human

systems, offering a comprehensive approach to managing system resilience, risk, and optimization.
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