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ABSTRACT 
The increasing complexity of industrial biotechnology demands advanced modeling techniques 
capable of capturing the intricate dynamics of bioreactors. Traditional regression-based and em-
pirical methods often fall short when confronted with the highly nonlinear behavior and limited 
experimental data characteristic of bioprocesses. Addressing these challenges requires a more 
intelligent approach—one that leverages domain knowledge to model complex bioprocess dynam-
ics effectively, even with sparse data, while maintaining interpretability and robustness. In this 
study, we introduce a process-informed, data-driven methodology for modeling the dynamics of 
industrial bioreactors, leveraging the capabilities of the rising field of Scientific Machine Learning 
(SciML). Our approach leverages Physics-Informed Neural Networks (PINNs) to seamlessly inte-
grate domain knowledge encoded in physical laws with sparse experimental data and deep learn-
ing techniques, enabling precise simulation and modeling of bioreactor operations. The framework 
is validated using real-world experimental data, demonstrating its capability for state and space 
estimation, essential for optimizing biomanufacturing processes. Our findings underscore the po-
tential of Physics Informed Neural Networks to address the challenges of dynamic modeling in 
bioprocesses, paving the way for the development of intelligent, autonomous, and data-driven 
solutions in industrial biotechnology. This fusion of data-driven and mechanistic modeling repre-
sents a transformative step toward enhancing the efficiency, scalability, and sustainability of mod-
ern biomanufacturing practices. 
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INTRODUCTION 
The increasing complexity of modern industrial bio-

technology underscores the urgent need for advanced 
modeling and simulation techniques. Many biomanufac-
turing processes still rely heavily on empirical knowledge 
and operator expertise, which limits their ability to effec-
tively handle the increasing intricacies and dynamic na-
ture of contemporary bioprocesses. This dependency on 
traditional methods constrains the scalability, efficiency, 
and optimization of biomanufacturing, highlighting the 
need for more data-driven and adaptive approaches. As 
bioprocess systems become more sophisticated, tradi-
tional control strategies struggle to address emerging 
challenges, including raw material variability, unpredicta-
ble biological dynamics, and the imperative for real-time, 
data-driven decision-making. The advent of Industry 

4.0—characterized by digitalization, automation, and in-
telligent data integration—has initiated a transformative 
shift towards smarter, more efficient, sustainable, and 
adaptive bioprocessing systems [4]. Digital transfor-
mation in bioprocesses involves integrating multiple 
technologies, yet the inherent complexity, high dimen-
sionality, and dynamic nature of these systems, driven by 
numerous interacting parameters, pose significant chal-
lenges in optimizing process efficiency, maintaining sta-
bility, and maximizing product yields [6].  

Artificial Intelligence (AI) is gaining increasing 
recognition for its potential to revolutionize bioprocesses 
modeling by effectively leveraging real-world experi-
mental data. Recently, a growing number of AI technolo-
gies have been applied in bioprocess optimization and 
control to enhance the performance of bioprocess. These 
advancements demonstrate that AI holds great promise 
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for enhancing bioprocess efficiency, scalability and 
adaptability, making it a valuable tool for addressing the 
challenges faced in modern biomanufacturing [6]. How-
ever, conventional machine learning approaches, such as 
neural networks, face significant limitations in this do-
main due to their reliance on large datasets to achieve 
optimal performance. In bioreactor applications, the 
availability of data is often sparse and limited, posing a 
critical challenge for purely data-driven methodologies. 
Moreover, traditional neural networks operate as black-
box models, lacking the ability to incorporate physical 
knowledge of the underlying bioprocess, which is essen-
tial for ensuring reliability and interpretability in complex 
biomanufacturing systems. 

 To address these challenges, in this study, we in-
troduce a novel approach that leverages the principles of 
Scientific Machine Learning (SciML) to overcome the 
challenges of bioreactor modeling. Specifically, we em-
ploy Physics-Informed Neural Networks (PINNs), a cut-
ting-edge framework that integrates physical knowledge 
directly into the machine learning process. Unlike tradi-
tional neural networks, PINNs embed governing equa-
tions, such as mass balance, energy balance, and reac-
tion kinetics, as constraints within the learning architec-
ture. This enables the model to respect the underlying 
physics of the bioprocess while learning from limited ex-
perimental data. In addition to enabling accurate dynamic 
modeling with limited data, the Physics-Informed Neural 
Network framework offers the capability to perform pa-
rameter estimation directly within its architecture. Tradi-
tional methods for parameter estimation in bioprocesses 
often require extensive experimental data or rely on iter-
ative optimization techniques that can be computation-
ally expensive and time-consuming. In contrast, PINNs 
naturally incorporate parameter estimation by treating 
unknown process parameters as trainable variables 
within the network. We validate our approach using a dy-
namic model of a batch bioreactor and real-life experi-
mental data. Our demonstration highlights the effective-
ness of PINNs in achieving accurate dynamic modeling 
and parameter estimation, even with very limited experi-
mental data. 

METHODS AND MATERIALS 

Dynamic Model 
As a pilot study, we expanded upon the work of [1], 

which successfully demonstrated the production of re-
combinant nanobodies with scorpion antivenom activity 
in Escherichia coli. Nanobodies (VHH), derived from 
camelid antibodies, were produced intracellularly in E. 
coli WK6 through fed-batch cultivation, with production 
yields significantly improved using dynamic modeling 
techniques [2]. In our study, experimental data from the 
batch phase of the bioreactor were utilized to develop a 

predictive model using Physics-Informed Neural Net-
works (PINNs). The bioreactor is assumed to be an infi-
nitely mixed culture without any transfer limitation. The 
mass balances for biomass and glucose are given by Eq. 
(1) and (2): 

dX
dt

= 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚∙𝑆𝑆
𝐾𝐾𝑆𝑆+𝑆𝑆

∙ 𝑋𝑋    (1) 

𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= − 1
𝑌𝑌𝑋𝑋𝑋𝑋

∙ 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚∙𝑆𝑆
𝐾𝐾𝑆𝑆+𝑆𝑆

∙ 𝑋𝑋    (2) 

where X and S are the concentrations of biomass and glu-
cose (in 𝑔𝑔/𝐿𝐿), 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum specific growth rate 
(in ℎ−1), 𝐾𝐾𝑆𝑆 is the substrate saturation coefficient (in 𝑔𝑔/𝐿𝐿) 
and 𝑌𝑌𝑋𝑋𝑋𝑋  is the yield coefficient of substrate (in 𝑔𝑔 ∙
𝑐𝑐𝑐𝑐𝑐𝑐/𝑔𝑔𝑔𝑔). 

Scientific Machine Learning  
Scientific Machine Learning (SciML) is an innovative 

and rapidly evolving field that merges principles from ma-
chine learning (ML) with scientific computing to tackle 
complex challenges across various domains, including 
physics, biology, and engineering [5]. This interdiscipli-
nary approach leverages the strengths of both data-
driven methods and traditional physics-based models, 
aiming to enhance predictive capabilities and facilitate 
data-driven discoveries. This integration enables more 
accurate simulations and predictions, particularly when 
the under-lying physics of a system is only partially 
known or too complex to model explicitly.  

By incorporating scientific knowledge, SciML tech-
niques require less data to achieve accurate and robust 
predictions, which is especially beneficial when collecting 
large amounts of data is expensive or impractical. Fur-
thermore, these methods maintain interpretability by em-
bedding physical principles and domain knowledge into 
the models, allowing for better understanding of the un-
derlying processes and greater trust in the predictions 
they provide. 

 
Figure 1: Scientific Machine Learning 

Physics-Informed Neural Network 
Physics-Informed Neural Networks (PINNs) repre-

sent a significant advancement in the intersection of ma-
chine learning and computational physics, providing a 
framework for solving complex mathematical models 
governed by partial differential equations (PDE). 
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Introduced in [3], PINNs leverage the capabilities of deep 
learning to incorporate physical laws directly into the 
learning process, enabling the networks to approximate 
solutions to both forward and inverse problems effec-
tively. This approach allows one to automatically find 
data-driven solutions for PDEs or ODEs. In this paper, we 
consider parametrized nonlinear system of ODEs given 
by: 

ℱ �𝑡𝑡,𝒚𝒚(𝑡𝑡), 𝑑𝑑𝒚𝒚(𝑡𝑡)
𝑑𝑑𝑑𝑑

;𝝀𝝀� = 0   (3) 

where 𝒚𝒚 represents the state of the dynamic system (i.e., 
the latent ODE solution) and 𝝀𝝀 = [𝜆𝜆1, … , 𝜆𝜆2] are the ODE 
parameters. In the context of PINNs, a fully connected 
feed-forward neural network with multiple hidden layers 
is employed to approximate the solution of the differen-
tial equations. The network takes time 𝑡𝑡 as input and out-
puts:  

 𝒚𝒚 = 𝑓𝑓𝒘𝒘(𝑡𝑡)                                (4) 

where 𝑓𝑓𝒘𝒘 represents the mapping function learned by the 
neural network, parametrized by adaptive weights 𝒘𝒘. 
This setup requires the network to learn to compute the 
solution of the given ODEs. The neural network in a PINN 
framework is trained by minimizing a mean squared error 
(MSE) cost function, typically defined as: 

𝑀𝑀𝑀𝑀𝑀𝑀 = ℒ𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + ℒ𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦   (5) 

where ℒ𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 represents the data-based loss term, and 
ℒ𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 enforces the physical consistency of the solution. 
These loss terms are formulated as follows: 

ℒ𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1
𝑁𝑁𝑦𝑦
∑ 1

𝑁𝑁𝑡𝑡

𝑁𝑁𝑦𝑦
𝑖𝑖=1 ∑ �𝑦𝑦𝑖𝑖�𝑡𝑡𝑗𝑗� − 𝑦𝑦𝑖𝑖∗�2

2𝑁𝑁𝑡𝑡 
𝑗𝑗=1   (6) 

ℒ𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 = 1
𝑁𝑁𝑦𝑦
∑ 1

𝑁𝑁ℱ

𝑁𝑁𝑦𝑦
𝑖𝑖=1 ∑ �ℱ(𝑦𝑦𝑖𝑖(𝑡𝑡𝑗𝑗))�

2
2𝑁𝑁ℱ  

𝑗𝑗=1   (7) 

where, 𝑁𝑁𝑡𝑡,𝑁𝑁ℱ  and 𝑁𝑁𝑦𝑦 correspond to the number of train-
ing data points, the number of collocation points and the 
number of outputs of the neural network respectively; 𝑦𝑦𝑖𝑖   
is the 𝑖𝑖-th output of the neural network; 𝑦𝑦𝑖𝑖∗ represents  the 
desired 𝑖𝑖-th output, considering the 𝑗𝑗-th data pair 
(𝑡𝑡𝑗𝑗 ,𝑦𝑦𝑖𝑖∗ (𝑡𝑡𝑗𝑗 )). The data-based loss term penalizes discrep-
ancies between the network's predictions and the de-
sired outputs from the training data. The physics-based 
loss term enforces the alignment of the network’s outputs 
with the governing differential equations of the physical 
system by minimizing the residuals of these equations at 
a finite set of randomly sampled collocation points. To-
gether, these terms allow the network to approximate the 
solution of the system’s dynamics while adhering to 
physical laws. By incorporating prior knowledge through 
the governing equations, the PINN framework reduces 
the reliance on large datasets, enabling it to perform ac-
curate dynamic modeling and parameter estimation even 
with sparse data. This integration of theoretical models 
with experimental data enhances the efficiency and 

robustness of process modeling, making PINNs particu-
larly suitable for complex, data-limited systems. PINNs 
can also be employed in a inverse setup to perform pa-
rameter estimation of the governing ODEs. In this config-
uration, unknown parameters within the ODEs are treated 
as additional trainable variables within the neural net-
work. By incorporating these parameters into the optimi-
zation process, the network learns not only the dynamic 
behavior of the system but also estimates the values of 
the unknown parameters. This process enables PINNs to 
infer parameters even in cases where traditional methods 
struggle due to sparse or noisy data. 

 
Figure 2: Physics Informed Neural Network 

RESULTS 
Leveraging experimental data from [1] and the dy-

namic model described previously, we applied our ap-
proach to a batch bioreactor, showcasing the ability of 
Physics-Informed Neural Networks (PINNs) to accurately 
capture the system's state-space dynamics and unlock 
predictive insights, thereby advancing data-driven intel-
ligence in bioprocess modeling. The dataset consists of 
measurements of biomass and glucose concentrations 
over time in a batch bioreactor (Figure 3).  

 
Figure 3: Experimental data for batch phase 
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The results demonstrate that this physics-informed 
framework effectively overcomes the key challenges of 
conventional dynamic modeling methods, particularly 
those arising from sparse and limited experimental da-
tasets. The PINN architecture utilized in this study is a 
fully connected feed-forward neural network comprising 
one input layer, three hidden layers (with 64, 1024 and 
1024 neurons) and one output layer. The 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 activation 
function was applied to the input and final hidden layers, 
while the 𝑇𝑇𝑇𝑇𝑛𝑛ℎ activation function was used for the inter-
mediate layers, a combination that enhanced the net-
work's accuracy and overall performance. The network 
was trained using the 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 optimizer with a learning rate 
of 0.0001 over 30,000 epochs, with early stopping imple-
mented to prevent overfitting.  

The network's single input was the time (𝑡𝑡) variable, 
and its output layer provided predictions for Biomass (𝑋𝑋) 
and Glucose (𝑆𝑆). To capture the system's underlying dy-
namics, 50 collocation points were used during training. 
These points enforced the governing ODEs, ensuring that 
the PINN not only fit the available data but also adhered 
to the physical laws governing the system. The PINN was 
trained by solving the optimization problem: 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝒘𝒘,𝒑𝒑

ℒ                                                           (8) 

ℒ = ℒ𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 + ℒ𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦                 (9) 

where  

ℒ𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 1
2
∙ 1
𝑁𝑁𝑦𝑦
�∑ �𝑋𝑋�𝑡𝑡𝑗𝑗� − 𝑋𝑋∗�

2
2𝑁𝑁𝑦𝑦 

𝑗𝑗=1 + ∑ �𝑆𝑆�𝑡𝑡𝑗𝑗� − 𝑆𝑆∗�
2
2𝑁𝑁𝑦𝑦 

𝑗𝑗=1 �  (10) 

and 

ℒ𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 = 1
2
∙ 1
𝑁𝑁ℱ
�∑ �𝑑𝑑𝑑𝑑�𝑡𝑡𝑗𝑗�

𝑑𝑑𝑑𝑑
− 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚∙𝑆𝑆(𝑡𝑡𝑗𝑗)

𝐾𝐾𝑆𝑆+𝑆𝑆(𝑡𝑡𝑗𝑗)
∙ 𝑋𝑋(𝑡𝑡𝑗𝑗)�

2

2
𝑁𝑁ℱ  
𝑗𝑗=1 +

+∑ �𝑑𝑑𝑑𝑑�𝑡𝑡𝑗𝑗�
𝑑𝑑𝑑𝑑

+ 1
𝑌𝑌𝑋𝑋𝑋𝑋

∙ 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚∙𝑆𝑆(𝑡𝑡𝑗𝑗)
𝐾𝐾𝑆𝑆+𝑆𝑆(𝑡𝑡𝑗𝑗)

∙ 𝑋𝑋(𝑡𝑡𝑗𝑗)�
2

2
𝑁𝑁ℱ  
𝑗𝑗=1 �                  (11) 

In the equations (8)-(11), 𝒘𝒘 are the neural network’s train-
able weights and 𝒑𝒑 are the unknown kinetic parameters 
of the dynamic model. ℒ𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 represents the data-driven 
loss function, measuring how well the predictions of the 
model match the experimental data at specific time 
points. Finally, ℒ𝑝𝑝ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦 represents the physics-driven loss 
function, which ensures that the model adheres to the 
physical laws governing the bioprocess system. By mini-
mizing the loss function (ℒ) with respect to both the net-
work weights (𝒘𝒘) and the unknown kinetic parameters (𝒑𝒑) 
of the dynamic model, we simultaneously train the neural 
network and perform parameter estimation for the dy-
namic system. Addressing collinearity between network 
weights and kinetic parameters is essential to ensure that 
the estimated parameters accurately represent the un-
derlying system dynamics, rather than being influenced 
by artifacts of the optimization process. Techniques such 
as regularization, orthogonalization, or introducing 

additional constraints can help mitigate this issue and im-
prove the robustness of the parameter estimation pro-
cess.  

Parameter Estimation 
We first demonstrate the capability of the PINN to 

accurately estimate the unknown kinetic parameters of 
the dynamic model using only a sparse set of measure-
ments. Estimating these parameters is a critical step in 
effectively modeling and understanding the complex dy-
namics of bioprocesses, as they govern key aspects such 
as microbial growth rates and substrate consumption.  

By employing the PINN in an inverse configuration, 
we successfully performed parameter estimation, with 
the resulting kinetic parameter estimates summarized in 
next table (Table 1).   

Table 1: Estimated kinetic parameters 

Kinetic parameter Value 
𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚  
𝐾𝐾𝑆𝑆  
𝑌𝑌𝑋𝑋𝑋𝑋  

As a reference, the dynamic model calibrated parameters 
reported in [1] are presented in Table 2. 

Table 2: Model parameters reported in literature 

Kinetic parameter Min value Max value 
𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚   
𝑌𝑌𝑋𝑋𝑋𝑋   

These findings highlight the ability of PINNs to accurately 
estimate unknown kinetic parameters, even when exper-
imental data is sparse, showcasing their potential for ap-
plications in bioprocess modeling and control. In contrast 
to traditional parameter estimation approaches, which 
often require the full trajectory of data—available only at 
the end of the process—PINNs can achieve accurate pa-
rameter estimation using only the available data points at 
any time during the process. This allows for a more adap-
tive modeling approach, particularly in bioprocesses 
where real-time data collection is limited or costly. As a 
result, kinetic parameters can now be described as dy-
namic functions of time rather than fixed constants, 
providing a more realistic and accurate representation of 
the evolving nature of complex bioprocesses. 

Simulation 
In this paragraph, we demonstrate the ability of 

PINNs to perform accurate simulations of the bioprocess. 
By leveraging both sparse experimental data and the 
governing equations of the system, the PINN effectively 
captures the complex dynamics of the process. Accurate 
simulation is vital for understanding the system's behav-
ior, predicting outcomes under various operating condi-
tions, and optimizing bioprocess performance. This 
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capability is particularly important in biomanufacturing, 
where precise control of dynamic variables such as bio-
mass and substrate concentrations are crucial for 
achieving consistent product quality and yield. Unlike 
conventional regression approaches, which rely solely on 
fitting data and often require large datasets to achieve 
acceptable accuracy, PINNs integrate prior physical 
knowledge into the learning process. This integration sig-
nificantly reduces the dependency on extensive da-
tasets, making PINNs especially well-suited for applica-
tions where experimental data is limited or costly to ob-
tain. Furthermore, the physics-based loss function in 
PINNs ensures that the model predictions adhere to the 
underlying laws of the system, improving the interpreta-
bility and robustness of the simulation results.  

The simulation performance of the PINN is evalu-
ated leveraging the mean squared error (MSE) between 
the predicted state variables and the experimentally 
measured values for both biomass and glucose. This per-
formance metric provided a quantitative assessment of 
the model’s ability to replicate the observed dynamics of 
the bioreactor (Table 3).  

Table 3: PINN simulation performance 

Number of data 
points 

Biomass 
(MSE) 

Glucose 
(MSE) 

   

The low MSE values indicate that the PINN is capable of 
accurately modeling the dynamics of the batch biopro-
cess. A key advantage of the PINN also lies in its inter-
pretability, as it incorporates prior process knowledge in 
the form of governing ODEs directly into the modeling 
framework.  

 
Figure 4: PINN simulation results 

Figure 5 presents a comparison of the simulation results 
obtained by solving the system of ODEs using kinetic pa-
rameter values estimated through a traditional regression 
approach [1] versus the simulation results obtained 
through PINN. The values of kinetic parameters esti-
mated using standard regression techniques and used 
for simulating the system dynamics are 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 = 0.77, 𝐾𝐾𝑠𝑠 =

0.214 and 𝑌𝑌𝑥𝑥𝑥𝑥 = 0.40. The results clearly demonstrate that 
the PINN provides a better fit to the experimental data 
points compared to the traditional regression-based ap-
proach. This improved accuracy in state estimation is 
achieved because PINNs integrate both sparse experi-
mental data and fundamental process knowledge en-
coded in the system’s governing equations. Unlike pure 
data-driven methods, which may struggle with limited or 
noisy datasets, PINNs leverage physical constrants to 
guyide learning, ensuring consisntesy with known bio-
process dynamics. The superiority of PINNs becomes 
even more evident in scenarios where fewer experi-
mental data points are available or when modeling occurs 
in real-time rather than at the end of the process. Tradi-
tional regression-based methods typically require a com-
plete dataset spanning the entire process to provide re-
liable parameter estimates. In contrast, PINNs can extract 
meaningful insights even from sparse or incomplete data 
by leveraging the underlying physics of the system. 

 
Figure 5: Simulation results of PINN and traditional 
regression approaches 

CONCLUSIONS 
Accurate modeling of complex bioprocess systems 

is hindered by several key challenges. One of the primary 
issues is the sparse availability of experimental data, as 
generating comprehensive datasets can be costly and 
time. Additionally, traditional black-box data-driven 
methods often lack interpretability, making it difficult to 
understand and the underlying predictions or to derive 
actionable insights. "Furthermore, the inherently complex 
and highly non-linear nature of bioprocesses presents 
additional challenges, making it difficult to develop ro-
bust and accurate models that can effectively capture 
the intricate and dynamic behaviors involved. n this 
study, we aim to address these challenges by leveraging 
Physics-Informed Neural Networks (PINNs), a powerful 
tool for modeling and simulating the dynamics of complex 
bioprocesses. By integrating prior knowledge in the form 
of governing ODEs with sparse experimental data, PINNs 
offer a robust framework for accurate dynamic modeling 
and parameter estimation.  
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The results obtained from a batch bioreactor system 
highlight the ability of PINNs to capture intricate state-
space dynamics, even when data is limited, and to pro-
vide interpretable, physics-consistent predictions. Fur-
thermore, the application of PINNs in an inverse setup for 
estimating kinetic parameters underscores their versatil-
ity and effectiveness in addressing one of the key chal-
lenges in bioprocess modeling. Compared to conven-
tional regression approaches, PINNs not only reduce the 
dependency on extensive datasets but also ensure ad-
herence to the physical principles of the system, enhanc-
ing both reliability and interpretability.  

This integration of machine learning and scientific 
principles represents a significant step toward more in-
telligent, data-driven solutions for industrial biotechnol-
ogy. Future work will focus on extending this approach to 
more complex bioprocess systems, incorporating real-
time data, and exploring adaptive learning strategies to 
further enhance the scalability and applicability of PINNs 
in dynamic modeling and control. 
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