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Abstract

This white paper proposes a novel framework for advancing the Al industry by
integrating personalized Large Language Models (LLMs) with Digital Twins
(DTs). The current challenges of generalized LLMs, such as hallucinations, poor
domain specificity, and over-reliance on low-quality data, are addressed by
proposing domain-specific fine-tuning. By focusing on quality datasets and
personalized model tuning, this approach transforms Digital Twins into highly
efficient, real-time systems capable of autonomous decision-making. The paper
discusses the current limitations in Al, offers a deep dive into neural networks,
CNNs, and deep learning, and presents a solution for scaling Al through Al agents
embedded in Digital Twins. This fine-tuning methodology offers significant
benefits to the Al industry, enhancing precision, reliability, and scalability across
critical sectors such as healthcare, material sciences, and infrastructure
management.

Executive Summary

The AI industry has made significant strides with the development of Large Language Models
(LLMs), but their general-purpose nature often limits their effectiveness in specialized fields such
as healthcare, material sciences, and infrastructure management. This white paper presents a new
approach by focusing on the creation of personalized GPTs for Digital Twins through domain-
specific fine-tuning. This solution not only mitigates issues such as hallucinations and
generalization errors but also elevates the real-time decision-making capabilities of Al systems.
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The paper highlights the limitations of current LLMs, particularly their reliance on large datasets
that often lack domain specificity. By integrating Al agents and personalized GPTs with Digital
Twins, this framework introduces a scalable and modular solution that provides real-time,
autonomous system management. The process involves curating high-quality, domain-specific
datasets for fine-tuning, ensuring that Al systems deliver accurate, actionable insights in critical
applications. This novel approach offers a pathway for the Al industry to enhance precision,
reliability, and efficiency, driving adoption across diverse sectors.

The Current State of Large Language Models and the Need for Personalization

Large Language Models (LLMs) have become central to the development of Al, providing
powerful capabilities for natural language understanding, generation, and translation. Models such
as Open Al, Claude by Anthropic (closed source), Llama, Grok, and other open-source LLMs have
transformed industries by enabling intelligent applications. However, these generalized models
often struggle when applied to domain-specific tasks, leading to inaccuracies, hallucinations, and
unreliable outputs in fields like healthcare and infrastructure management. The underlying issue is
that these models are trained on large, often noisy datasets that fail to capture the nuances of
specialized domains. Digital Twins, on the other hand, are dynamic virtual models that simulate
real-world systems in real-time. Their integration with Al has the potential to revolutionize fields
that require continuous monitoring and predictive analytics. However, current Al models
embedded in Digital Twins lack the precision needed to manage complex systems autonomously.
To address these challenges, this white paper proposes a framework for integrating personalized
GPTs, fine-tuned for each Digital Twin, enabling Al agents to manage systems with domain-
specific expertise. This approach represents a paradigm shift in Al development, moving away
from generalized models toward specialized, domain-specific solutions that are both scalable and
accurate. By leveraging high-quality, curated datasets and focusing on fine-tuning models for
specific use cases, Al can significantly improve its utility in critical sectors.

Deep Learning and Large Language Models: A Foundation for Specialized Al
Understanding Deep Learning in LLMs

Deep learning, the technology underlying LLMs, involves using neural networks to process vast
amounts of data and extract meaningful patterns. LLMs like Open Al Chat GPT and Meta’s Llama
rely on architectures that include Convolutional Neural Networks (CNNs), which capture
hierarchical relationships in data. The core strength of deep learning is its ability to learn from raw
data, allowing models to perform a wide range of tasks, from language generation to predictive
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analytics. However, these models are often trained on generalized datasets that cover a broad
spectrum of topics, which can lead to inaccuracies in specialized fields. For instance, a model
trained on general internet data may perform well in common tasks like language translation but
struggle when asked to provide expert medical advice or predict the degradation of materials in an
industrial setting. This overgeneralization can result in hallucinations, where the model generates
plausible but factually incorrect responses.

The Role of CNNs in LLM Architectures

CNNs are particularly important in LLM architectures because they enable the model to
understand spatial and contextual hierarchies in data. In natural language processing, CNNs help
identify patterns in text that allow the model to understand grammar, syntax, and semantics.
However, when these networks are trained on low-quality data, they can learn inaccurate patterns,
leading to poor generalization in specific domains. In the context of Digital Twins, it is essential
for AI models to not only understand general language patterns but also to comprehend domain-
specific knowledge. This requires specialized datasets and refined training methods to ensure the
model’s outputs are accurate and contextually relevant.

The Problem of Hallucinations and Generalization Errors in Current LLMs
Hallucinations in AI: A Major Challenge

One of the most significant challenges in deploying LLMs in real-world applications is their
tendency to hallucinate—producing outputs that seem plausible but are factually incorrect. This
issue stems from the model's exposure to noisy and inconsistent data during pre-training, which
causes it to make incorrect associations and generate unreliable outputs.

For example, an LLM tasked with answering medical queries may generate incorrect diagnoses if
it was not trained on high-quality, domain-specific medical data. In critical fields such as
healthcare, these errors can have severe consequences, reducing trust in Al systems and limiting
their adoption.

Overgeneralization and its Limitations

LLMs are designed to generalize across multiple domains, but this flexibility comes at the cost of
accuracy in specialized fields. Overgeneralization occurs when a model trained on broad datasets
fails to perform well in specific tasks. In industries such as infrastructure management or material
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sciences, where precise knowledge of systems and processes is required, generalized models often
fall short.

For instance, in predictive maintenance for power grids, an LLM might not fully understand the
nuances of electrical infrastructure, leading to incorrect recommendations that could result in
system failures. This is where domain-specific fine-tuning becomes critical, allowing the model to
focus on the exact data relevant to the task at hand.

Fine-Tuning Large Language Models for Digital Twins
The Process of Fine-Tuning

Fine-tuning is a process that involves retraining a pre-trained model on a smaller, domain-specific
dataset. This allows the model to refine its understanding of a particular domain, ensuring that its
outputs are more accurate and relevant. Fine-tuning is essential for industries like healthcare,
infrastructure, and material sciences, where generalized knowledge is insufficient to meet the
demands of complex systems. In the context of Digital Twins, fine-tuning enables the creation of
personalized GPTs tailored to specific systems. For example, a Digital Twin that models the
behavior of a manufacturing plant can benefit from a fine-tuned LLM trained on industrial data,
allowing it to provide accurate recommendations for maintenance, process optimization, and risk
management.

Integrating Key Components from Knowledge Distillation and Personalizing GPTs for Digital
Twins

Creating personalized GPTs for Digital Twins involves fine-tuning Large Language Models
(LLMs) by focusing on the specific datasets relevant to the system they represent. This process is
a critical advancement over generalized models, which often struggle to accurately capture the
unique nuances of different domains. By curating high-quality datasets from the target domain, the
LLM is transformed into a specialized tool that can understand and predict outcomes with greater
precision and reliability.

Distilling Knowledge into Personalized GPTs

In the context of personalizing GPTs for Digital Twins, the concept of knowledge distillation plays
an integral role. As described in the process of distillation from Hinton’s work, the core idea is to
take a large, cumbersome model, which has been trained across various tasks or domains, and
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compress its knowledge into a smaller, more efficient model. This smaller model can still perform
with high accuracy but is optimized for faster deployment and easier application to real-world
systems. Similarly, the process of personalizing GPTs for Digital Twins begins with the training
of a general-purpose LLM that has the capacity to learn from a broad spectrum of data sources.
Afterward, using a domain-specific dataset, the LLM undergoes a fine-tuning phase, which mirrors
the knowledge distillation process. Fine-tuning here means aligning the model with specialized
knowledge by training it on high-quality, curated datasets from the specific domain that the Digital
Twin is representing.

For example, a Digital Twin of a healthcare system may require a personalized GPT that has been
fine-tuned using medical literature, patient data, and clinical guidelines. In this scenario,
distillation compresses the model’s ability to generalize across the broad healthcare domain into a
specialized form that can offer precise, evidence-based recommendations. This distilled model is
then lightweight and efficient, capable of operating within the constraints of the system it is
designed to support.

Fine-Tuning with Domain-Specific Data

Fine-tuning LLMs is the process of refining a pre-trained model using a curated, high-quality
dataset from the target domain. This stage allows the LLM to adjust its internal parameters and
weights, making it more relevant and effective for a specific application. The key challenge here
is ensuring that the model retains the depth of knowledge from its general training while optimizing
for the nuances of its new domain. The importance of fine-tuning in this context is emphasized by
the specialist models discussed in the distillation literature. Each specialist model is fine-tuned on
a subset of the overall dataset, which allows it to become an expert in a particular task or sub-
domain. This is directly applicable to the concept of personalized GPTs for Digital Twins, where
each GPT becomes a specialist for the Digital Twin it supports.

For instance, a personalized GPT for a Digital Twin managing infrastructure might be trained on
datasets involving structural integrity, material sciences, and environmental stress factors. The
fine-tuning process ensures that the GPT becomes highly specialized in predicting outcomes and
suggesting actions that are contextually relevant to the infrastructure system it manages.

Improving Accuracy and Reducing Hallucinations

One of the critical improvements of personalized GPTs over generalized models is the reduction
of hallucinations—where a model generates outputs that are plausible but factually incorrect. By
fine-tuning a model on a carefully curated dataset, the risk of hallucinations is minimized because
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the model is not forced to generalize from noisy or irrelevant data. Instead, it is trained to recognize
patterns specific to the domain it is operating in. In the distillation process, we see that models can
retain a great deal of accuracy even when compressed, as long as they are trained on relevant data.
This insight is directly transferable to the personalization of GPTs for Digital Twins. By focusing
on domain-specific data during the fine-tuning process, the model learns to make predictions that
are highly relevant to the system it supports. As a result, the accuracy of the model increases, and
its tendency to hallucinate decreases, making it more reliable for critical applications like
healthcare or infrastructure management.

Al Agents and Real-Time Decision Making

Once a personalized GPT has been fine-tuned for its Digital Twin, it becomes a critical component
of the system’s Al agents. These agents are responsible for managing real-time operations,
interpreting data, and making autonomous decisions based on the outputs generated by the fine-
tuned GPT. The knowledge distillation process, combined with fine-tuning, ensures that the Al
agents are equipped with specialized knowledge tailored to the specific system they are managing.

For example, an Al agent managing a Digital Twin of a transportation network would use the fine-
tuned GPT to predict traffic patterns, identify potential disruptions, and recommend interventions
in real time. This level of autonomy is made possible by the distillation process, which compresses
the complex knowledge from large models into an efficient and deployable system that can operate
with minimal human intervention.

Incorporating key components from the knowledge distillation process into the methodology for
personalizing GPTs for Digital Twins represents a significant advancement in Al. By curating high-
quality datasets and fine-tuning LLMs for specific domains, we can create personalized GPTs that
offer improved accuracy, reduced hallucinations, and greater reliability. These personalized
models, much like specialist models in the distillation literature, become experts in their respective
domains, providing critical insights and recommendations that enhance the performance and
autonomy of the Digital Twins they support. This novel approach not only improves the efficiency
of Al systems but also ensures that they are better equipped to handle the unique challenges and
requirements of the critical applications they are deployed in. From healthcare to infrastructure
management, the integration of personalized GPTs with Digital Twins holds the potential to
transform industries and deliver more accurate, reliable, and contextually relevant Al-driven
solutions.
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Digital Twins: A Real-Time Solution for Autonomous Al
Understanding Digital Twins

Digital Twins are virtual models that replicate physical systems in real-time, continuously updating
with data from sensors and other sources. They provide a dynamic representation of systems such
as human physiology, industrial equipment, or infrastructure networks. By integrating Al, Digital
Twins can monitor systems, simulate future scenarios, and provide actionable insights. The
integration of LLMs with Digital Twins allows Al to process complex natural language queries,
generate predictive models, and recommend solutions based on real-time data. This enables
industries like healthcare, manufacturing, and transportation to make data-driven decisions that
optimize performance and reduce risk.

Enhancing Digital Twins with Fine-Tuned LLMs

While Digital Twins offer immense potential, their current integration with generalized LLMs
often results in inaccurate or irrelevant outputs. Fine-tuning LLMs for specific Digital Twins
significantly enhances their performance, allowing them to provide more accurate, domain-
specific insights. For instance, a Digital Twin representing a patient’s cardiovascular system can
benefit from a fine-tuned LLM that understands medical terminology, treatment protocols, and
patient history, enabling it to offer precise, personalized healthcare recommendations.

Al Agents in Digital Twins: Autonomous System Management
The Role of AI Agents in Managing Digital Twins

Al agents are critical components of Digital Twins, responsible for monitoring real-time data,
running simulations, and making decisions based on the insights generated by the fine-tuned LLM.
These agents are capable of autonomously managing complex systems, reducing the need for
human intervention.

For example, in a manufacturing Digital Twin, an Al agent can predict equipment failures and
recommend preventive maintenance, ensuring that operations run smoothly. Similarly, in
healthcare, an Al agent managing a patient’s Digital Twin can predict potential health risks and
suggest interventions before symptoms worsen.
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Real-Time Decision-Making and Predictive Analytics

Al agents embedded in Digital Twins provide real-time decision-making capabilities, allowing
systems to respond dynamically to changing conditions. By leveraging fine-tuned LLMs, these
agents can analyze data in real-time, predict future outcomes, and recommend actions that optimize
system performance. Predictive analytics is a key benefit of this approach. In infrastructure
management, for example, an Al agent can monitor a bridge’s structural integrity and predict when
maintenance will be needed, preventing catastrophic failures. This proactive approach is enabled
by the continuous feedback loop between the physical system and its Digital Twin, allowing Al
agents to make informed decisions based on accurate, real-time data.

Supervised Learning and Labeling for Domain-Specific Al
Supervised Learning for Fine-Tuning

Supervised learning plays a crucial role in the fine-tuning process, ensuring that LLMs learn the
correct patterns and associations from domain-specific data. In supervised learning, human experts
label data to guide the model in understanding the relationships between inputs and outputs. This
process is essential for fine-tuning LLMs for specific Digital Twins, as it helps the model focus on
the most relevant data for the domain.

For instance, in healthcare, supervised learning can be used to train an LLM on labeled patient
records, clinical trial data, and medical literature. This allows the model to learn how to generate
accurate diagnoses, treatment recommendations, and patient management strategies.

Labeling Instructions for High-Quality Datasets

Creating labeled datasets for fine-tuning requires domain expertise to ensure that the data
accurately reflects the knowledge needed for the Digital Twin. In material sciences, for example,
labeling instructions might include identifying different types of material stress and degradation
patterns. By providing the model with precise, labeled data, developers can fine-tune LLMs to
generate more accurate and reliable predictions in specialized fields.
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Gaps in the Al Industry: Addressing Hallucinations and Inaccuracies
Current Gaps in AI Performance

While LLMs have made significant advances in natural language processing, there are still several
gaps that limit their effectiveness in specialized fields. Hallucinations, overgeneralization, and
inaccuracies are common problems that arise when models are trained on large, noisy datasets.
These issues are particularly problematic in critical domains where precision is essential, such as
healthcare or infrastructure management.

How Personalized GPTs Address These Gaps

Personalized GPTs address these gaps by focusing on domain-specific data and fine-tuning models
for specific applications. This approach reduces hallucinations by training models on high-quality,
curated datasets that are relevant to the task at hand. In doing so, Al systems become more accurate,
reliable, and capable of handling complex, specialized tasks. By creating personalized GPTs for
each Digital Twin, this approach also addresses the problem of overgeneralization. Instead of
relying on broad, unspecialized knowledge, each GPT is fine-tuned to understand the specific
challenges and requirements of the system it represents. This results in more precise outputs,
improving the utility of Al in fields where accuracy is critical.

Benefits of Personalized GPTs for Digital Twins
Precision and Reliability in Critical Domains

Personalized GPTs offer significant benefits in terms of precision and reliability, particularly in
critical domains like healthcare, material sciences, and infrastructure management. By fine-tuning
models for specific Digital Twins, Al systems can provide accurate, actionable insights that
improve decision-making and reduce risk. This is especially important in industries where even
small errors can have severe consequences.

Data Efficiency and Reduced Computational Costs

The focus on data quality over quantity in the fine-tuning process also offers efficiency gains. Fine-
tuned models require less computational power to train and maintain, as they are focused on a
smaller, more relevant dataset. This reduces both the cost and time associated with developing Al
systems, making them more accessible to a broader range of industries.
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Enhanced Autonomous Decision-Making

Al agents powered by personalized GPTs can make real-time decisions autonomously, improving
system performance and reducing the need for human oversight. In industries like infrastructure
management, where continuous monitoring is required, Al agents can predict failures, recommend
preventive measures, and optimize resource allocation without human intervention.

Scalability and Modularity

The personalized GPT approach is highly scalable and modular. Each Digital Twin can have its
own specialized GPT, allowing organizations to scale their Al systems across multiple domains.
This ensures that each system receives the attention and expertise it requires, resulting in more
reliable and effective Al solutions.

Future Directions: Expanding the Use of Personalized Al in Critical Sectors
Scaling AI Across Multiple Domains

The personalized GPT framework is highly scalable and can be applied across a wide range of
sectors, including healthcare, manufacturing, transportation, and public infrastructure. By creating
specialized models for each Digital Twin, organizations can optimize their systems and improve
decision-making processes at every level.

Addressing Ethical Considerations

As Al systems become more integrated into critical sectors, ethical considerations become
increasingly important. Personalized GPTs must be developed with a focus on transparency,
fairness, and accountability to ensure that they are used responsibly and ethically.

The Role of Regulatory Frameworks

Regulatory frameworks will need to evolve to support the adoption of personalized Al models,
particularly in industries like healthcare and infrastructure. These frameworks should ensure that
Al systems are held to the highest standards of accuracy, reliability, and safety.
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A New Era for Al and Digital Twins

This white paper presents a new and novel approach to advancing the Al industry by integrating
personalized LLMs with Digital Twins. By focusing on domain-specific fine-tuning, this
framework addresses the limitations of generalized models, providing a scalable, modular solution
that enhances precision, reliability, and real-time decision-making across critical sectors. The
creation of personalized GPTs for each Digital Twin offers significant benefits, from improved
accuracy and reduced hallucinations to enhanced scalability and data efficiency. As Al continues
to evolve, this approach represents a transformative step forward, enabling industries to leverage
the full potential of Al in real-time, autonomous system management.

The Formula: LLM_DT (Personalized GPTs for Digital Twins)

A formula was created to capture the methodology described in this white paper for integrating
personalized Large Language Models (LLMs) with Digital Twins (DTs) using domain-specific
fine-tuning. The formula is multi-faceted, involving several steps that collectively improve the
accuracy, reliability, and autonomy of Al-driven systems. This formula synthesizes key processes
from Al, Digital Twins, and domain-specific fine-tuning while leveraging concepts from the
attached documents regarding multi-dimensional integration, risk analysis, and predictive
intelligence.

n

LL'ﬂ':{UT = (Z ((‘g; ' DSr : FTr)) ! AI.—]._:;(-.'JJF T D*A-fu!é:g."uh'wu

i=1
Where:

LLM DT = The fine-tuned Large Language Model specialized for a specific Digital Twin.

0O = Quality of the dataset for each domain-specific application (measuring data relevance and
reliability).

DS = Domain-specific dataset containing relevant, curated information for the target system
(Digital Twin).

FT = Fine-tuning process applied to the LLM for training with the domain-specific dataset.

AI Agent = Autonomous Al agents integrated with the Digital Twin to manage real-time data,
decision-making, and system operations.

DA_Integration = Dimensional integration of physical, abstract, and computational dimensions to
enhance Al predictive analytics and domain awareness.
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Breaking down each component of this formula:

1. Dataset Quality (Q)

Relevant Data

Qi = Total Data Used

This component evaluates the quality of data used for fine-tuning. Quality matters more than the
volume of data in this approach, which directly impacts the effectiveness of the model. High-
quality data means domain-specific, reliable, and curated information. The ratio ensures that only
the most relevant and high-quality data is used in fine-tuning, reducing errors and hallucinations,
as noted in the proposed methodology.

Explanation: General LLMs are trained on massive amounts of unfiltered data, which can lead to
hallucinations and inaccuracies. To address this, Q ensures that the focus is on curated datasets
relevant to the Digital Twin’s specific domain, like healthcare or infrastructure.

Process: Data collection and curation involve identifying, cleaning, and organizing datasets
specific to the domain, ensuring accuracy. For example, for a healthcare Digital Twin, this might
include clinical data, medical literature, and treatment protocols.

2. Domain-Specific Dataset (DS)

DS; = Curated Data + Labeled Data

Domain-specific dataset (DS) refers to the collection of data tailored specifically for the Digital
Twin being modeled. This step ensures that the model is trained with highly relevant information
from the domain it will be operating in. Data labeling and organization are crucial for enabling
supervised learning.

Explanation: A Digital Twin of a patient’s cardiovascular system requires medical records,
biomarker data, and clinical trial results, all labeled and curated for the model to generate accurate
health predictions.

Process: The domain experts curate and label data according to the specific application, be it
healthcare, infrastructure, or manufacturing. The data is used during the fine-tuning process to
retrain the LLM, making it more precise.
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3. Fine-Tuning Process (FT)

FT — Supervised Learning
" General Model

The fine-tuning process represents the transformation of a general-purpose LLM into a domain-
specific GPT by retraining the model on the curated domain-specific dataset (DS). Supervised
learning, with labeled data, is essential for guiding the model to learn the correct associations and
patterns relevant to the specific Digital Twin.

Explanation: Fine-tuning is the retraining of a pre-trained LLM on the specific dataset. This
process allows the model to adjust its neural network weights to better understand the domain it’s
focused on.

Process: Domain experts create supervised learning environments by labeling data and
establishing Q&A relationships. The model learns from this data, improving its predictive
capabilities within that domain.

4. Autonomous Al Agents (A1_Agent)

Autonomous Decision-Making
AIA;,!&:JH’ -

Human Intervention

Al agents are essential components that manage the real-time operations of the Digital Twin. Once
fine-tuned LLMs (LLM_DT) are integrated with the Digital Twin, Al agents autonomously
interpret data, make predictions, and manage the system’s behavior.

Explanation: Al agents can autonomously control the Digital Twin’s processes, reducing the need
for human intervention. For instance, an Al agent managing a power grid’s Digital Twin can predict
equipment failures and recommend preemptive maintenance.

Process: The Al agent continuously receives real-time data, analyzes it, and uses the fine-tuned
GPT for informed decision-making. This step reduces the need for manual oversight while
ensuring optimal performance and risk management.

5. Dimensional Awareness Integration (DA_Integration)

Autonomous Decision-Making

AI Agent —
ge Human Intervention
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Where:
PD = Physical dimensions (real-world measurements like length, time, material integrity).

AD = Abstract dimensions (non-physical factors such as risk perceptions, probabilities, and
decision variables).

CD = Computational dimensions (Al-driven calculations and simulations, predictive models).

The Dimensional Awareness Integration (DA Integration) refers to the inclusion of multi-
dimensional data that enhances the LLM's ability to understand and act within the domain. The
multi-dimensional data stream allows the Al agent to process physical measurements, abstract
decision-making elements, and computational simulations.

Explanation: By integrating these dimensions into the Digital Twin, the LLM can perform more
accurate risk analyses, predictive analytics, and make well-informed decisions. For example, a
Digital Twin of a bridge would account for physical data (stress loads), abstract factors (regulatory
compliance), and computational simulations of failure scenarios.

Process: Al agents incorporate these dimensions into their decision-making process, ensuring that
every factor influencing the system is considered. This multi-dimensional approach results in
higher accuracy, better predictions, and improved system resilience.

Explanation of the Formula’s Benefits for the AI Industry

The formula provides a comprehensive framework for improving LLMs' performance in domain-
specific applications, particularly for Digital Twins. Here’s a breakdown of its key benefits:

Precision and Accuracy: By using domain-specific datasets (DS) and fine-tuning (FT), the model
generates more accurate and relevant responses, reducing hallucinations and overgeneralization.

Autonomy: The use of Al agents (Al _Agent) allows for real-time, autonomous decision-making,
minimizing the need for human intervention and improving the efficiency of managing complex
systems.

Data Quality Focus: Emphasizing the quality (Q) of the dataset ensures that the model is trained
on the most relevant and reliable data, further enhancing its accuracy.

Multi-Dimensional Integration: The inclusion of physical, abstract, and computational dimensions
(DA _Integration) allows the Al to have a more comprehensive understanding of the system,
improving its ability to predict outcomes and manage risks.
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Scalability and Modularity: The framework allows for scalability as each Digital Twin can have
its personalized LLM, tailored to its specific needs. This modular approach makes it adaptable
across various industries, from healthcare to infrastructure.

Efficiency: The fine-tuning process (FT) reduces the computational cost compared to training a
model from scratch, making the approach more resource-efficient while maintaining high
accuracy.

Gaps Addressed by the Formula

Hallucinations and Inaccuracies: The formula reduces hallucinations by focusing on quality over
quantity in data and leveraging domain-specific fine-tuning. This is crucial for critical sectors like
healthcare, where inaccuracies can have serious consequences.

Overgeneralization: By tailoring the LLM for specific Digital Twins, the model no longer attempts
to generalize across multiple unrelated domains. This ensures that its predictions are relevant and
specific to the system it manages.

Limited Al Autonomy: Current Al systems often require significant human oversight. The
integration of Al agents that autonomously manage Digital Twins reduces this dependency,
allowing for more efficient system management and decision-making.

This formula offers a structured, multi-dimensional approach to integrating LLMs with Digital
Twins, ensuring that each system is managed with precision and domain-specific knowledge. By
focusing on quality datasets, fine-tuning, and multi-dimensional awareness, this methodology
provides a solution for overcoming the limitations of current LLMs, particularly in reducing
hallucinations and improving predictive analytics. This approach, backed by Al agents for
autonomous decision-making, represents a novel advancement in Al’s capability to manage
complex, real-world systems efficiently and accurately.

Enhancing Al for Digital Twins: A Novel Framework for Domain-Specific Large Language Models and Autonomous Systems ©
2024 by Chate Asvanonda and Bruce Redinger is licensed under CC BY-SA 4.0. To view a copy of this license, visit

https://creativecommons.org/licenses/by-sa/4.0/ ® ® @ cersaso

Page 15 of 20



https://creativecommons.org/licenses/by-sa/4.0/

© Chate Asvanonda and Bruce Redinger, 2024, All Rights Reserved

References

1.

10.

11.

12.

13.

14.

A. Krizhevsky, I. Sutskever, and G. E. Hinton. Imagenet classification with deep
convolutional neural networks. In Advances in Neural Information Processing Systems,
pages 1097-1105, 2012.

Asvanonda, C., and Redinger, B. Al Agents in Human Systems and Material Sciences - A
Holistic Framework, 2024.

Asvanonda, C., and Redinger, B. Digital Twins in Human Systems and Material Sciences
- A Framework for Al-Driven System Resilience VAs and Risk Analysis, 2024.
Asvanonda, C., and Redinger, B. Dimensional Integration in Al - A Multi-Dimensional
Framework for Risk Management Predictive Analytics and Resilience in Critical
Infrastructure Systems, 2024

Bai, J., Bai, S., Chu, Y., Cui, Z., Dang, K., Deng, X., Fan, Y., Ge, W., Han, Y., Huang, F.,
et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023.

Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J. D., Dhariwal, P., Neelakantan, A.,
Shyam, P., Sastry, G., Askell, A., et al. Language models are few-shot learners. Advances
in neural information processing systems, 33:1877—1901, 2020.

C. Bucilua, R. Caruana, and A. Niculescu-Mizil. Model compression. In Proceedings of
the 12th ACMSIGKDD International Conference on Knowledge Discovery and Data
Mining, KDD '06, pages 535-541, New York, NY, USA, 2006. ACM.

Chan, C.-M., Chen, W., Su, Y., Yu, J., Xue, W., Zhang, S., Fu, J., and Liu, Z. Chateval:
Towards better llm-based evaluators through multi-agent debate. arXiv preprint
arXiv:2308.07201, 2023.

Chen, J. C.-Y., Saha, S., and Bansal, M. Reconcile: Round-table conference improves
reasoning via consensus among diverse llms. arXiv preprint arXiv:2309.13007, 2023a.
Chen, L., Zaharia, M., and Zou, J. Frugalgpt: How to use large language models while
reducing cost and improving performance. arXiv preprint arXiv:2305.05176, 2023b.
Chowdhery, A., Narang, S., Devlin, J., Bosma, M., Mishra, G., Roberts, A., Barham, P.,
Chung, H. W., Sutton, C., Gehrmann, S., et al. Palm: Scaling language modeling with
pathways. arXiv preprint arXiv:2204.02311, 2022.

Cyber Security and Infrastructure Security Agency, Critical Infrastructure Sectors,
https://www.cisa.gov/topics/critical-infrastructure-security-and-resilience/critical-

infrastructure-sectors

Diao, S., Wang, P., Lin, Y., and Zhang, T. Active prompting with chain-of-thought for large
language models. arXiv preprint arXiv:2302.12246, 2023.

Du, Y., Li, S., Torralba, A., Tenenbaum, J. B., and Mordatch, 1. Improving factuality and
reasoning in language models through multiagent debate. arXiv preprint
arXiv:2305.14325, 2023.

Enhancing Al for Digital Twins: A Novel Framework for Domain-Specific Large Language Models and Autonomous Systems ©

2024 by Chate Asvanonda and Bruce Redinger is licensed under CC BY-SA 4.0. To view a copy of this license, visit

https://creativecommons.org/licenses/by-sa/4.0/ ® ® @ cersaso

Page 16 of 20



https://creativecommons.org/licenses/by-sa/4.0/
https://www.cisa.gov/topics/critical-infrastructure-security-and-resilience/critical-infrastructure-sectors
https://www.cisa.gov/topics/critical-infrastructure-security-and-resilience/critical-infrastructure-sectors

© Chate Asvanonda and Bruce Redinger, 2024, All Rights Reserved

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Dubois, Y., Galambosi, B., Liang, P., and Hashimoto, T. B. Length-controlled alpacaeval:
A simple way to debias automatic evaluators. arXiv preprint arXiv:2404.04475, 2024.

Fu, Y., Peng, H., Sabharwal, A., Clark, P., and Khot, T. Complexity-based prompting for
multi-step reasoning. arXiv preprint arXiv:2210.00720, 2022.

G. E. Hinton, L. Deng, D. Yu, G. E. Dahl, A. Mohamed, N. Jaitly, A. Senior, V. Vanhoucke,
P. Nguyen, T. N Sainath, and B. Kingsbury. Deep neural networks for acoustic modeling
in speech recognition: The shared views of four research groups. Signal Processing
Magazine, IEEE, 29(6):82-97, 2012.

G. E. Hinton, N. Srivastava, A. Krizhevsky, 1. Sutskever, and R. R. Salakhutdinov.
Improving neural networks by preventing co-adaptation of feature detectors. arXiv preprint
arXiv:1207.0580, 2012.

Guo, D., Zhu, Q., Yang, D., Xie, Z., Dong, K., Zhang, W., Chen, G., Bi, X., Wu, Y., L1, Y.,
et al. Deepseek-coder: When the large language model meets programming—the rise of
code intelligence. arXiv preprint arXiv:2401.14196, 2024.

Hendrycks, D., Burns, C., Kadavath, S., Arora, A., Basart, S., Tang, E., Song, D., and
Steinhardt, J. Measuring mathematical problem solving with the math dataset. arXiv
preprint arXiv:2103.03874, 2021.

Hinton, G., Vinyals, O., Dean, J., Distilling the Knowledge in a Neural Network, arXiv
preprint arXiv:1503.02531v1, 2014.

Huang, Y., Feng, X., Li, B., Xiang, Y., Wang, H., Qin, B., and Liu, T. Enabling ensemble
learning for heterogeneous large language models with deep parallel collaboration. arXiv
preprint arXiv:2404.12715, 2024.

J. Dean, G. S. Corrado, R. Monga, K. Chen, M. Devin, Q. V. Le, M. Z. Mao, M. Ranzato,
A. Senior, P. Tucker, K. Yang, and A. Y. Ng. Large scale distributed deep networks. In
NIPS, 2012.

J. Li, R. Zhao, J. Huang, and Y. Gong. Learning small-size dnn with output-distribution-
based criteria. In Proceedings Interspeech 2014, pages 1910-1914, 2014.

Jiang, A. Q., Sablayrolles, A., Roux, A., Mensch, A., Savary, B., Bamford, C., Chaplot, D.
S., de Las Casas, D., Hanna, E. B., Bressand, F., Lengyel, G., Bour, G., Lample, G., Lavaud,
L. R., Saulnier, L., Lachaux, M., Stock, P., Subramanian, S., Yang, S., Antoniak, S., Scao,
T. L., Gervet, T., Lavril, T., Wang, T., Lacroix, T., and Sayed, W. E. Mixtral of experts.
CoRR, abs/2401.04088, 2024. doi:  10.48550/ARXIV.2401.04088. URL
https://doi.org/10.48550/arXiv.2401.04088.

Jiang, D., Ren, X., and Lin, B. Y. LLM-blender: Ensembling large language models with
pairwise ranking and generative fusion. In Rogers, A., Boyd-Graber, J., and Okazaki, N.
(eds.), Proceedings of the 61st Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pp. 14165-14178, Toronto, Canada, July 2023.

Enhancing Al for Digital Twins: A Novel Framework for Domain-Specific Large Language Models and Autonomous Systems ©

2024 by Chate Asvanonda and Bruce Redinger is licensed under CC BY-SA 4.0. To view a copy of this license, visit

https://creativecommons.org/licenses/by-sa/4.0/ ® ® @ cersaso

Page 17 of 20



https://creativecommons.org/licenses/by-sa/4.0/

© Chate Asvanonda and Bruce Redinger, 2024, All Rights Reserved

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Association for Computational Linguistics. doi: 10.18653/v1/2023.acl-long.792. URL
https://aclanthology.org/2023.acl-long. 792.
Kojima, T., Gu, S. S., Reid, M., Matsuo, Y., and Iwasawa, Y. Large language models are

zero-shot reasoners. Advances in neural information processing systems, 35:22199-22213,
2022.

Liang, T., He, Z., Jiao, W., Wang, X., Wang, Y., Wang, R., Yang, Y., Tu, Z., and Shi, S.
Encouraging divergent thinking in large language models through multi-agent debate.
arXiv preprint arXiv:2305.19118, 2023. 10

Ling, Z., Fang, Y., Li, X., Huang, Z., Lee, M., Memisevic, R., and Su, H. Deductive
verification of chain-of-thought reasoning. arXiv preprint arXiv:2306.03872, 2023.

Lu, K., Yuan, H., Lin, R., Lin, J., Yuan, Z., Zhou, C., and Zhou, J. Routing to the expert:
Efficient reward-guided ensemble of large language models, 2023. OpenAl. Gpt-4
technical report, 2023.

N. Srivastava, G.E. Hinton, A. Krizhevsky, I. Sutskever, and R. R. Salakhutdinov. Dropout:
A simple way to prevent neural networks from overfitting. The Journal of Machine
Learning Research, 15(1):1929-1958,2014

National Geospatial Intelligence Agency (NGA), https://www.nga.mil/

NVIDIA Search Engine, 2024, Digital Twins search engine, https://www.nvidia.com/en-

us/search/?q=digital+twin

Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C., Mishkin, P., Zhang, C.,
Agarwal, S., Slama, K., Ray, A., et al. Training language models to follow instructions with
human feedback. Advances in neural information processing systems, 35:27730-27744,
2022.

Papineni, K., Roukos, S., Ward, T., and Zhu, W. Bleu: a method for automatic evaluation
of machine translation. In Proceedings of the 40th Annual Meeting of the Association for
Computational Linguistics, July 6-12, 2002, Philadelphia, PA, USA, pp. 311-318. ACL,
2002. doi: 10.3115/1073083.1073135. URL https://aclanthology.org/P02-1040/.

R. A. Jacobs, M. 1. Jordan, S. J. Nowlan, and G. E. Hinton. Adaptive mixtures of local
experts. Neural computation, 3(1):79-87, 1991.

RapidFuzz.  python-levenshtein by  rapidfuzz.  python-Levenshtein,  2023.
https://github.com/rapidfuzz/

Roziere, B., Gehring, J., Gloeckle, F., Sootla, S., Gat, I., Tan, X. E., Adi, Y., Liu, J., Remez,
T., Rapin, J., et al. Code llama: Open foundation models for code. arXiv preprint
arXiv:2308.12950, 2023.

Shazeer, N., Mirhoseini, A., Maziarz, K., Davis, A., Le, Q., Hinton, G., and Dean, J.
Outrageously large neural networks: The sparsely-gated mixture-of-experts layer. arXiv
preprint arXiv:1701.06538, 2017.

Enhancing Al for Digital Twins: A Novel Framework for Domain-Specific Large Language Models and Autonomous Systems ©

2024 by Chate Asvanonda and Bruce Redinger is licensed under CC BY-SA 4.0. To view a copy of this license, visit

https://creativecommons.org/licenses/by-sa/4.0/ ® ® @ cersaso

Page 18 of 20



https://creativecommons.org/licenses/by-sa/4.0/
https://aclanthology.org/2023.acl-long
https://www.nga.mil/
https://www.nvidia.com/en-us/search/?q=digital+twin
https://www.nvidia.com/en-us/search/?q=digital+twin
https://aclanthology.org/P02-1040/

© Chate Asvanonda and Bruce Redinger, 2024, All Rights Reserved

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

Shnitzer, T., Ou, A., Silva, M., Soule, K., Sun, Y., Solomon, J., Thompson, N., and
Yurochkin, M. Large language model routing with benchmark datasets, 2024. URL
https://openreview.net/ forum?id=LyNsMNNL;Y.

Team, G., Anil, R., Borgeaud, S., Wu, Y., Alayrac, J.-B., Yu, J., Soricut, R., Schalkwyk, J.,
Dai, A. M., Hauth, A., et al. Gemini: a family of highly capable multimodal models. arXiv
preprint arXiv:2312.11805, 2023.

The Mosaic Research Team. Introducing dbrx: A new state-of-the-art open 1lm. 2024. URL
https://www.databricks.com/blog/introducing-dbrx-new-state-art-open-llm.

T. G. Dietterich. Ensemble methods in machine learning. In Multiple classifier systems,
pages 1-15. Springer, 2000.

Touvron, H., Lavril, T., Izacard, G., Martinet, X., Lachaux, M.-A., Lacroix, T., Roziére, B.,
Goyal, N., Hambro, E., Azhar, F., et al. Llama: Open and efficient foundation language
models. arXiv preprint arXiv:2302.13971, 2023a.

Touvron, H., Martin, L., Stone, K., Albert, P., Almahairi, A., Babaei, Y., Bashlykov, N.,
Batra, S., Bhargava, P., Bhosale, S., et al. Llama 2: Open foundation and fine-tuned chat
models. arXiv preprint arXiv:2307.09288, 2023b.

Wang, H., Polo, F. M., Sun, Y., Kundu, S., Xing, E., and Yurochkin, M. Fusing models with
complementary expertise. In The Twelfth International Conference on Learning
Representations, 2024a. URL https://openreview.net/forum?id=PhMrGCMIRL.

Wang, Junlin, Wang, Jue, Athiwaratkun, B., Zhang, C., and Zou, J. Mixture of Agents
Enhance Large Language Model Capabilities. arXiv:2406.04692v1 [cs.CL] 7 Jun 2024
Wang, L., Xu, W, Lan, Y., Hu, Z., Lan, Y., Lee, R. K.-W., and Lim, E.-P. Plan-and-solve
prompting: Improving zero-shot chain-of-thought reasoning by large language models.
arXiv preprint arXiv:2305.04091, 2023.

Wang, Q., Wang, Z., Su, Y., Tong, H., and Song, Y. Rethinking the bounds of llm reasoning:
Are multi-agent discussions the key? arXiv preprint arXiv:2402.18272, 2024b.

Wang, X., Wei, J., Schuurmans, D., Le, Q., Chi, E., Narang, S., Chowdhery, A., and Zhou,
D. Self-consistency improves chain of thought reasoning in language models. arXiv
preprint arXiv:2203.11171, 2022.

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi, E., Le, Q. V., Zhou, D., et al.
Chain-of thought prompting elicits reasoning in large language models. Advances in
Neural Information Processing Systems, 35:24824-24837, 2022.

Xu, C., Sun, Q., Zheng, K., Geng, X., Zhao, P., Feng, J., Tao, C., and Jiang, D. Wizardlm:
Empowering large language models to follow complex instructions. arXiv preprint
arXiv:2304.12244, 2023a.

Xu, X., Tao, C., Shen, T., Xu, C., Xu, H., Long, G., and Lou, J.-g. Re-reading improves
reasoning in language models. arXiv preprint arXiv:2309.06275, 2023b.

Enhancing Al for Digital Twins: A Novel Framework for Domain-Specific Large Language Models and Autonomous Systems ©

2024 by Chate Asvanonda and Bruce Redinger is licensed under CC BY-SA 4.0. To view a copy of this license, visit

https://creativecommons.org/licenses/by-sa/4.0/ ® ® @ cersaso

Page 19 of 20



https://creativecommons.org/licenses/by-sa/4.0/
https://www.databricks.com/blog/introducing-dbrx-new-state-art-open-llm

© Chate Asvanonda and Bruce Redinger, 2024, All Rights Reserved

54. Yao, S., Yu, D., Zhao, J., Shafran, 1., Griffiths, T. L., Cao, Y., and Narasimhan, K. Tree of
thoughts:  Deliberate problem solving with large language models. arXiv preprint
arXiv:2305.10601, 2023a.

55. Yao, Y., Li, Z., and Zhao, H. Beyond chain-of-thought, effective graph-of-thought
reasoning in large language models. arXiv preprint arXiv:2305.16582, 2023b.

56. Ye, S., Kim, D., Kim, S., Hwang, H., Kim, S., Jo, Y., Thorne, J., Kim, J., and Seo, M. Flask:
Fine grained language model evaluation based on alignment skill sets. arXiv preprint
arXiv:2307.10928, 2023.

57. Zhang, J., Xu, X., and Deng, S. Exploring collaboration mechanisms for llm agents: A
social psychology view. arXiv preprint arXiv:2310.02124, 2023.

58. Zhang, S., Roller, S., Goyal, N., Artetxe, M., Chen, M., Chen, S., Dewan, C., Diab, M., Li,
X., Lin, X. V., et al. Opt: Open pre-trained transformer language models. arXiv e-prints,
pp. arXiv—2205, 2022a.

59. Zhang, 7., Zhang, A., Li, M., and Smola, A. Automatic chain of thought prompting in large
language models. arXiv preprint arXiv:2210.03493, 2022b.

60. Zheng, L., Chiang, W.-L., Sheng, Y., Zhuang, S., Wu, Z., Zhuang, Y., Lin, Z., Li, Z., Li, D.,
Xing, E. P., Zhang, H., Gonzalez, J. E., and Stoica, I. Judging llm-as-a-judge with mt-
bench and chatbot arena. arXiv preprint arXiv:2306.05685, 2023.

Enhancing Al for Digital Twins: A Novel Framework for Domain-Specific Large Language Models and Autonomous Systems ©
2024 by Chate Asvanonda and Bruce Redinger is licensed under CC BY-SA 4.0. To view a copy of this license, visit

https://creativecommons.org/licenses/by-sa/4.0/ ® ® @ cersaso

Page 20 of 20



https://creativecommons.org/licenses/by-sa/4.0/

