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Abstract

Energy dissipation in non-linear systems plays a crucial role in diverse fields, including quantum
thermodynamics, fluid dynamics, and climate modeling. Traditional mathematical models often
struggle to capture the stochastic and high-dimensional nature of entropy production and energy loss
in these systems. This research presents a hybrid machine learning framework that integrates Deep
Neural Networks (DNNs) for learning complex dissipation patterns and Bayesian inference methods
for probabilistic reasoning and uncertainty quantification. The proposed approach is validated across
multiple domains: (1) Quantum systems, where the model predicts decoherence and entropy generation
in non-equilibrium quantum states; (2) Fluid dynamics, where energy dissipation in turbulent flows
is analyzed using deep learning-based turbulence modeling; and (3) Climate systems, where entropy
production due to radiative and convective processes is estimated to improve predictive climate
models. Experimental evaluations demonstrate that the hybrid DNN-Bayesian framework outperforms
traditional numerical solvers by improving predictive accuracy while maintaining interpretability

through probabilistic uncertainty estimates.

Introduction

Energy dissipation in non-linear systems
is a fundamental process observed across
a wide range of physical, engineering, and
environmental sciences. In these systems,
energy is irreversibly lost due to entropy
production, resulting in complex dynamical
behavior that is difficult to predict. Traditional
mathematical models, such as differential
equations and numerical solvers, have been
widely used to analyze these dissipative
processes [ 1]. However, they often fail to fully
capture the stochastic, high-dimensional, and
non-equilibrium nature of real-world systems.
This challenge necessitates the development
of advanced computational models capable
of learning intricate patterns in energy
dissipation.

The rise of machine learning (ML),
particularly Deep Neural Networks (DNNs),
has opened new possibilities for modeling
complex physical phenomena [2,3]. DNNs
excel at extracting patterns from vast datasets,
making them particularly suited for predicting
non-linear energy dissipation in systems
where conventional approaches struggle.
However, despite their power, deep learning
models often lack interpretability and fail
to provide uncertainty estimates, which are
crucial for making reliable predictions in

scientific domains. This limitation can lead to
overconfident predictions, especially in high-
stakes applications such as quantum mechanics,
climate modeling, and turbulence simulation. To
address these challenges, this research proposes
a hybrid approach that integrates Deep Neural
Networks with Bayesian inference methods.
Bayesian inference introduces a probabilistic
framework  that enhances uncertainty
quantification, ensuring that model predictions
are not only accurate but also reliable. By
combining the pattern recognition capabilities
of DNNs with the probabilistic reasoning of
Bayesian approaches, the proposed framework
aims to provide a more robust and interpretable
solution for modeling energy dissipation in
non-linear systems.

This study explores the application of the
hybrid DNN-Bayesian framework in three
primary domains: (1) Quantum systems, (2)
Fluid dynamics, and (3) Climate modeling.
In quantum systems, the model is applied to
predict entropy production and decoherence
in non-equilibrium quantum states, where
traditional Schrodinger-based solvers often
struggle with stochastic influences. In fluid
dynamics, the framework is used to analyze
energy dissipation in turbulent flows, an
area where deep learning-based turbulence
modeling has shown promise. Finally, in
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climate modeling, the method is employed to estimate radiative
and convective entropy production, which plays a key role in
predicting climate change patterns [4].

The significance of this research lies in its ability to bridge
the gap between physics-based modeling and data-driven
machine learning approaches. Traditional numerical solvers,
such as finite element methods (FEM) and computational
fluid dynamics (CFD) simulations [5], often suffer from
high computational costs and limited generalizability to new
conditions. By contrast, machine learning models can learn
from large-scale datasets, enabling rapid, adaptable, and
computationally efficient predictions. The addition of Bayesian
inference further enhances the credibility and interpretability
of the predictions, making this approach highly valuable for
scientific and industrial applications. Moreover, the proposed
framework [6] has the potential to revolutionize various applied
fields, including quantum computing, aerospace engineering,
energy management, and environmental science. For instance, in
quantum computing, where entropy production directly affects
qubit stability, an Al-enhanced approach could significantly
improve fault tolerance and error correction. Similarly, in
turbulence modeling, more accurate dissipation predictions can
enhance aerodynamic efficiency in aerospace and automotive
industries. In climate science, improving entropy-related
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modeling could lead to better predictions of extreme weather
events and overall climate stability assessments [7].

Despite the advantages of this hybrid Al-driven approach,
there are still technical challenges that need to be addressed.
One major issue is the computational complexity of training
deep learning models, particularly when integrating Bayesian
inference, which requires sampling from complex probability
distributions. Another challenge is ensuring physical
consistency—although neural networks can learn patterns, they
do not inherently obey conservation laws or physical constraints.
To mitigate this, recent advances in Physics-Informed Neural
Networks (PINNs) and hybrid ML-physics modeling approaches
are being explored as potential enhancements [8,9].

This study aims to contribute to the growing field of
Al-augmented physics modeling by demonstrating how a
hybrid DNN-Bayesian framework can improve the accuracy,
efficiency, and reliability of energy dissipation modeling in
non-linear systems [10]. By validating this approach across
diverse domains, the research highlights the interdisciplinary
impact of integrating machine learning with traditional
scientific methodologies. The ultimate goal is to pave the way
for more intelligent, data-driven simulations that enhance our
understanding of dissipative processes in complex systems [11].
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Predictive Uncertainty in Energy
Dissipation Modeling using
Bayesian Deep Learning

Hybrid Neural Networks for
Multi-Scale Energy Dissipation in
Turbulent Systems

Zhang et al., 2022[13]

Tan et al., 2022[14]

Bayesian Physics-Based Machine
Learning for Entropy and Energy
Flow Modeling

Li et al., 2023[15]

Proposed Implementation

Energy dissipation in non-linear systems is complex due
to its stochastic nature and high-dimensional characteristics.
Traditional models lack the ability to generalize across varying
conditions. This research proposes a hybrid Deep Learning and
Bayesian Inference framework to enhance predictive accuracy
while quantifying uncertainty.

The proposed system consists of two major components:

e Deep Neural Networks (DNNs): Used for feature
extraction and modeling non-linear energy dissipation
patterns.

*  Bayesian Inference: Integrates uncertainty estimation to

improve interpretability and decision-making.

Energy dissipation in non-linear systems presents significant
challenges due to its stochastic nature and high-dimensional
complexity. Traditional mathematical models often fail to
generalize across varying conditions, making it difficult
to predict entropy production accurately. To address these
limitations, this research proposes a hybrid Deep Learning
and Bayesian Inference framework. The combination of Deep
Neural Networks (DNNs) for learning complex dissipation
patterns and Bayesian inference for uncertainty quantification
ensures both predictive accuracy and interpretability.

The proposed implementation follows a structured
methodology. First, datasets are collected from diverse domains
such as quantum mechanics, fluid dynamics, and climate
systems. These datasets undergo preprocessing, including
normalization, encoding, and dimensionality reduction using
Principal Component Analysis (PCA). This step ensures that only
the most relevant features are retained for training the model,
reducing computational complexity while preserving essential
information. Next, the Deep Neural Network (DNN) model is
designed for feature extraction and pattern recognition. A multi-
layer Convolutional Neural Network (CNN) is implemented
to identify spatial patterns in energy dissipation. Additionally,
a Long Short-Term Memory (LSTM) network is incorporated
to capture sequential dependencies in time-series data, such as
turbulence fluctuations in fluid dynamics or entropy variations
in quantum systems. The models are trained using the Adam
optimizer with a carefully tuned learning rate to minimize the
loss function. To ensure reliable predictions, Bayesian
Neural Networks (BNNs) are integrated into the framework.
This step allows for uncertainty estimation in energy dissipation
modeling, addressing the limitations of purely deterministic
deep learning approaches. Monte Carlo Dropout is employed
during inference to approximate uncertainty, while Bayesian
Optimization is used for hyperparameter tuning. These
techniques improve model generalization and enable more
trustworthy decision-making in real-world applications.
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Provided probabilistic estimates

Bayesian Deep Learning for dissipation models

Modeled dissipation across

Multi-scale hybrid NN multiple scales

Unified statistical and physics-

Bayesian + Physics-based ML based dissipation modeling

Model evaluation is conducted using Mean Squared Error
(MSE), R? Score, Root Mean Square Error (RMSE), and Log-
likelihood Estimation (LLE) as performance metrics. The dataset
is split into 80% training and 20% testing to prevent overfitting.
Comparative analysis is performed against traditional physics-
based solvers to measure improvements in predictive accuracy,
computational efficiency, and interpretability. The proposed
hybrid approach is expected to outperform conventional models
by leveraging deep learning's pattern recognition capabilities
and Bayesian methods' probabilistic reasoning.

Let the energy dissipation function in a non-linear system be
represented as:

E=fX) +¢

A Deep Neural Network (DNN) with L layers is used to

approximate f(X). The model is defined as:

70 =x

ZV =g(wWz=0 1), wi=1,2,...,L—1

E = wWzL-1) | plL)

The model is trained by minimizing the Mean Squared Error
(MSE) loss function:

N

1 2
ACM.SE = E Z{Ez - E!)

i=1

Since exact inference is intractable, we use Monte Carlo
Dropout (MC Dropout) for approximate Bayesian inference by
performing multiple stochastic forward passes:

1 M
Epred = H Z E(m]

m=1

M

1 r(m 2
UesL - H Z(E{ ) — Epred)

m=1

Results Analysis

This table compares the proposed DNN-Bayesian framework
with traditional Physics-Based Solvers and standard Deep
Learning Models for energy dissipation prediction.
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Table 1: Comparative Results

RMSE R Uncertainty
Model MSE | ! R? Score 1 (Variance) |
Traditional
Physics-Based | 0.021 0.145 0.85 N/A
Solver
Standard DNN
(Without Bayes- | 0.015 0.122 0.9 0.0025
ian)
Proposed
i +
Hybrid (DNN 1 509 | 0,095 0.95 0.0012
Bayesian Infer-
ence)

The performance comparison of the three models—
Traditional Physics-Based Solver, Standard Deep Neural
Network (DNN), and the Proposed Hybrid DNN + Bayesian
Inference Model-—demonstrates that the proposed approach
significantly outperforms the others across all key metrics. The
Proposed Hybrid Model achieves the lowest Mean Squared
Error (MSE = 0.009) and Root Mean Squared Error (RMSE
= 0.095), indicating superior predictive accuracy compared
to the Standard DNN (MSE = 0.015, RMSE = 0.122) and the
Traditional Solver (MSE =0.021, RMSE = 0.145). Additionally,
the R? score, which measures how well the model explains the
variance in data, is highest for the Proposed Hybrid Model (0.95),
surpassing the Standard DNN (0.90) and the Traditional Solver
(0.85), confirming its ability to capture complex dissipation
patterns more effectively. A crucial advantage of the Proposed
Hybrid Model is its significantly lower uncertainty (variance
= 0.0012), achieved through Bayesian inference, making its
predictions more reliable than the Standard DNN (variance =
0.0025) and the Traditional Solver, which lacks uncertainty
quantification. The incorporation of Bayesian inference into
deep learning not only enhances accuracy but also provides
confidence in predictions, which is essential for modeling
energy dissipation in complex non-linear systems.
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Figure 1. Actual vs predicted Dissipation graph
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Uncertainty Estimation in Energy Dissipation
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Figure 2. Uncertainty estimation graph

Model Performance Over Training Epochs
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Figure 3. Model performance by epoch and loss graph
Conclusion

The proposed Hybrid Deep Neural Network (DNN) with
Bayesian Inference significantly enhances the accuracy and
reliability of energy dissipation modeling in non-linear systems
compared to traditional physics-based solvers and standard
deep learning models. The results demonstrate that the hybrid
approach achieves lower MSE (0.009) and RMSE (0.095),
a higher R? score (0.95), and reduced uncertainty (variance
= 0.0012), highlighting its superiority in capturing complex
dissipation patterns with minimal error. By integrating Bayesian
inference, the model effectively quantifies uncertainty, ensuring
more reliable predictions—an essential feature for real-world
applications in quantum thermodynamics, fluid dynamics,
and climate modeling. The findings emphasize the potential
of Al-driven physics-based modeling to improve predictive
simulations, optimize energy management, and offer deeper
insights into dissipative processes. Future work can extend this
approach to multi-scale systems, real-time applications, and
adaptive learning frameworks to further enhance its robustness
and generalizability.
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