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And many thanks to the European Research 
Council for funding this research
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AI and Energy: 
two of the Sectors with the 

highest growth potential
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AI is already creating value in Energy Systems

• Load Forecasting

• Weather Forecasting

• Predictive Maintenance

• Energy Trading (forecasting 
of prices or quantities)
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But AI can do a lot more things

1. Process massive amounts 
of texts (e.g. regulations, 
manuals, procedures, etc)

2. Virtual assistant: Helping 
maintenance technicians 
with step-by-step 
instructions

3. Support for decision 
making 

And many more
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But: Would you ever trust AI to run your 
electricity network?
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Machine Learning (ML) Barriers for Power systems
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Input:

Operating point
secure/ 

insecure
black box

1. Why would we use a “black box” to decide about a 
safety-critical application? 

2. Neural Networks performance metric is “Accuracy”. 
Accuracy is a purely statistical performance metric. 
Who guarantees that the Neural Network can handle well 
previously unseen operating points?

3. Good AI Tools need good data. Why would we depend on 
discrete and incomplete data, when we have developed 
detailed physical models over the past 100 years?
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Machine Learning (ML) Barriers for Power systems
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Input:

Operating point
secure/ 

insecure
black box

1. Why would we use a “black box” to decide about a 
safety-critical application? 

2. Neural Networks performance metric is “Accuracy”. 
Accuracy is a purely statistical performance metric. 
Who guarantees that the Neural Network can handle well 
previously unseen operating points?

3. Good AI Tools need good data. Why would we depend on 
discrete and incomplete data, when we have developed 
detailed physical models over the past 100 years?

Neural Network 
verification: 
guarantees for the NN 
performance!

Physics-Informed 
Neural Networks: 
potential to deliver tools 
that are 10x-100x-1000x 
faster!

Trustworthy AI 
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Physics-Informed Neural 
Networks for Power Systems
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What is the challenge?

• Assume we operate the Australian Grid and need 
to eliminate the blackout risk for the next day. 

• We need simulations to assess the risk and devise 
mitigation strategies. 

• Simulating 20 seconds of the dynamic behavior of 
the Australian Grid requires 12 minutes with a 
current state-of-the-art tool. 

• In a system of hundreds of nodes, there are 
1,000s of potential contingencies, and 100s of 
operating points that appear in a day. 

• Suppose we check just the 100 most critical 
disturbances for 5 hopefully representative 
operating points. This requires non-stop 
simulations for 4 days. 
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• Performing such a task every day is 
impossible. 

• Our goal bring this time down from 4 days to 
1 hour (100x speedup)
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Physics-Informed Neural Networks (PINNs)
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• Why can Neural Networks be faster than 
conventional simulation tools?
– Conventional tools need to run iterative methods to 

approximate the solution of differential equations

– For Neural Networks, it is a forward matrix 
multiplication (as long as they are accurate enough)

• What is the benefit of PINNs over standard NNs?
– PINNs do not need large amounts of training data. They 

learn from the physical models included in training.

– No need to spend (a lot of) time on generating data or 
depend on incomplete data

10x-100x-1’000x faster solution, 
depending on the application

Seem to be achieving significant speedups 
for partial differential equations                   

(e.g. computational fluid dynamics)
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Physics-Informed Neural Networks for Power Systems
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“Original”     
Loss function

G. S. Misyris, A. Venzke, S. Chatzivasileiadis, Physics-Informed Neural 
Networks for Power Systems. Presented at the Best Paper Session 
of IEEE PES GM 2020.  https://arxiv.org/pdf/1911.03737.pdf
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Physics-Informed Neural Networks for Power Systems

“Original”     
Loss function

Swing equation

“Physics-Informed” 
term

G. S. Misyris, A. Venzke, S. Chatzivasileiadis, Physics-Informed Neural 
Networks for Power Systems. Presented at the Best Paper Session 
of IEEE PES GM 2020.  https://arxiv.org/pdf/1911.03737.pdf
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Physics-Informed NNs 100x faster than Classical numerical solvers

The further ahead we look in time, 
the larger the computational 
advantage is

15

J. Stiasny, S. Chatzivasileiadis, Physics-Informed Neural Networks for Time-
Domain Simulations: Accuracy, Computational Cost, and Flexibility 
https://arxiv.org/abs/2303.08994 [ code ] 

Classical 
solvers 
(e.g. Runge-Kutta)

PINNs

0.01s 0.1s 1s 10s

Computational Advantage  20x – 1’000x

Results from 11-bus and 39-bus
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But, there is a trade-off. The further we look ahead in 
time, the more difficult the learning task becomes

Learning takes longer

PINN accuracy drops

What shall we do? 
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How can we reduce training time and improve 
performance? 

1. Train for a shorter time period but for a 
wide range of initial conditions

2. Use the PINN in a recurrent fashion

17

PINN
t=t0 t=t0+2s

2 seconds
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How can we reduce training time and improve 
performance? 
1. Train for a shorter time period but for a 

wide range of initial conditions

2. Use the PINN in a recurrent fashion

18

PINN
t=t0 t=t0+2s

2 seconds
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PINN

Simulations for Wind Farms: 
Estimating the Region of Attraction of a Wind 
Farm Controller

• Collaboration with Ørsted
– Estimating the region of attraction of controllers is 

an important part of the wind farm design process

• Goal: Determine the best set of controller 
parameters (controller tuning)

• Training PINNs with GPUs 
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R. Nellikkath, A. Venzke, M. K. Bakhshizadeh, I. Murzakhanov, S. Chatzivasileiadis,  
Physics–Informed Neural Networks for Phase Locked Loop Transient Stability 
Assessment, PSCC 2024 [ https://arxiv.org/abs/2303.12116 ]
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5 million points with PINN

• Evaluation of 5 million points

R. Nellikkath, A. Venzke, M. K. Bakhshizadeh, I. Murzakhanov, S. Chatzivasileiadis,  
Physics–Informed Neural Networks for Phase Locked Loop Transient Stability 
Assessment, PSCC 2024 [ https://arxiv.org/abs/2303.12116 ]

25x – 100x faster

• EMT: ~2 days @ DTU HPC
• PINNs: 90 minutes for 

training and 30 minutes 
for evaluation
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• Added benefit: once trained, 
PINN can run on a laptop

Simulations for Wind Farms: 
Estimating the Region of Attraction of a Wind 
Farm Controller
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So, what can we do with PINNs?

1. Integrate them in existing commercial simulators and accelerate 
them

2. Create a PINN-based Simulator  PINNSim
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Integrating 1 PINN in IEEE 30-Bus System :
Simulation error reduces (for the same time step) 

• Traditional:
– 6 conventionally 

modelled 
synchronous 
machines

• Hybrid:
– 1 PINN

– 5 conventionally 
modelled 
synchronous 
machines
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Do you want to create your own PINNs?

Components:
• ODE definition & parameter configuration

• Dataset generation (trajectories + 
collocation)

• Preprocessing & sampling controls

• PINN training loop (PyTorch, Hydra, Wandb)

• Evaluation & visualization
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Open-source Modular Python 
Toolbox!

GitHub/radiakos/PowerPINN

I. Karampinis, P. Ellinas, I. Ventura-Nadal, R. Nellikkath, S. Chatzivasileiadis, A 
Toolbox for Physics-Informed Neural Networks in Power Systems, IEEE 
Powertech 2025, https://arxiv.org/pdf/2502.06412

https://github.com/radiakos/PowerPINN
https://github.com/radiakos/PowerPINN
https://github.com/radiakos/PowerPINN
https://github.com/radiakos/PowerPINN
https://arxiv.org/pdf/2502.06412
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Results – PINNs trained from the toolbox

1 trajectory 50 trajectories 500 trajectories

ODE solver 10.81ms 54.06ms 540.61ms

PINN 1.95ms (x5.5) 3.82ms (x14) 8.59ms (x63)

Key point: PINN scales massively better due to GPU parallelization

Synchronous 
machine   

with 9 states
SM
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Physics-Informed Neural Networks for Power Systems: 
Vision (Part I)

25

Accelerate Power System Time-Domain 
Simulations in Commercial Tools

1. Create a tool that can assess which 
components will benefit by being 
replaced with a PINN (or, an ML model, in 
general)

2. Let the user decide if they want to 
“optimize” the simulator

3. Run the simulation with the “optimized” 
components, integrating PINNs in a plug-
and-play fashion where necessary

3 September 2025 Spyros Chatzivasileiadis – Trustworthy AI for Power Systems

First steps in that direction:

I. Ventura, J. Stiasny, S. Chatzivasileiadis, Physics-Informed Neural 
Networks: a Plug and Play Integration into Power System Dynamic 
Simulations. Electric Power Systems Research, vol. 248, 111885, 2025 
https://arxiv.org/abs/2404.13325 

I. Karampinis, P. Ellinas, I. Ventura-Nadal, R. Nellikkath, S. Chatzivasileiadis, A 
Toolbox for Physics-Informed Neural Networks in Power Systems, IEEE 
Powertech 2025, https://arxiv.org/pdf/2502.06412

I. Ventura-Nadal, R. Nelikkath, S. Chatzivasileiadis, Physics-Informed Neural 
Networks in Power System Dynamics: Improving Simulation Accuracy, IEEE 
Powertech 2025, https://arxiv.org/pdf/2501.17621

https://arxiv.org/abs/2404.13325
https://arxiv.org/pdf/2502.06412
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If we want to create a PINN-based simulator….

Are PINNs scalable? 

Can we have a single PINN for 1,000 buses? 
Learning takes longer

PINN accuracy drops

Short answer: probably not

What shall we do? 
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Physics-Informed Neural Networks for Power Systems: 
Vision (Part 2)

27

PINNSim: A modular power system 
time-domain simulator  

– All components can be replaced by PINNs

– A library of component models 
implemented with Neural Networks

– “Drag’n’drop” to create your system

• Novelty: A new algorithm that integrates 
individual PINNs in a common 
simulation framework

• A completely new way of simulation 
which can be 10x-100x faster Very first version of PINNSim simulation engine:

J. Stiasny, B. Zhang, S. Chatzivasileiadis, PINNSim: A Simulator for Power System 
Dynamics based on Physics-Informed Neural Networks, PSCC 2024. 
https://arxiv.org/abs/2303.10256
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Are PINNs Trustworthy? 

• They are as trustworthy as any reduced-order model
– Most reduced-order models come with no guarantees about worst-case violation errors

– But, reduced-order models come from first principles, so we have picked the equations 
that are relevant to us we have an intuition which dynamic phenomena we capture and 
which not

• Work on verifying PINNs
– If successful, for the first time we will have reduced-order dynamic models

– Major challenge: how do you verify (= optimize) through differential equations?  
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Physics-Informed Neural Networks for Power Systems: 
Vision (Part 3)

29

Verify PINNs
– For the first time, deliver a worst-case 

guarantee of the PINN approximation

– Deliver ML Surrogate Models with 
approximation error guarantees

P. Ellinas, R. Nellikkath, J. Stiasny, S. Chatzivasileiadis, Correctness Verification of Neural 
Networks Approximating Differential Equations, https://arxiv.org/abs/2402.07621

F. Eiras, A. Bibi, R. Bunel, K. Dvijotham, P. Torr, M. P. Kumar, Efficient Error Certification for 
Physics-Informed Neural Networks, ICML 2024, https://arxiv.org/pdf/2305.10157
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What would you do to make AI 
trustworthy?
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Making AI Trustworthy: My View

Performance 
Guarantees

1. your AI tool will never 
violate the voltage 
constraints

2. Or, your AI tool will violate 
the voltage constraint by 
XX % in the worst-case
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veriphied.ai ai-effect.eu/ 

Verify AI
Making it safe to deploy as is

http://www.veriphied.ai/
https://ai-effect.eu/
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Making AI Trustworthy: My View

Performance 
Guarantees

1. your AI tool will never 
violate the voltage 
constraints

2. Or, your AI tool will violate 
the voltage constraint by 
XX % in the worst-case
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Use AI as Decision Support

Take the AI output 
and project it to a 

feasible space

Use the AI output as a 
warm-start for an 

optimizer (or to predict the 
active constraints)

Use the AI to screen 
millions of scenarios. 

Assess with conventional 
tools the most critical ones

Verify AI
Making it safe to deploy as is

http://www.veriphied.ai/
https://ai-effect.eu/
https://ai-effect.eu/
https://ai-effect.eu/
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Making AI Trustworthy: My View

Performance 
Guarantees

1. your AI tool will never 
violate the voltage 
constraints

2. Or, your AI tool will violate 
the voltage constraint by 
XX % in the worst-case
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A lot of recent developments for trustworthy AI

• April 2021: The EU is promoting rules for 
Trustworthy AI

• Visit of Ms. Margrethe Vestager at DTU
– EU Commissioner of Competition, Executive 

Vice President of "A Europe Fit for the Digital 
Age”

– In April 2021, Ms. Vestager proposed new 
rules and actions aiming to turn Europe into 
the global hub for trustworthy Artificial 
Intelligence

• August 2024: AI Act is an official EU Regulation
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A lot of recent developments for trustworthy AI

• World-leading optimization tool: Starting with Gurobi 10.0, Gurobi supports Neural Network 
verification since 2023
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A lot of recent developments for trustworthy AI

• Tailored MILP solvers for NN Verification

– Alpha-beta-crown is the winning algorithm

– Over 100x speedup

• Focus is mostly on Image Classification/ Image 
Recognition

– Key for medical applications such as recognition of 
MRI images, for self-driving car applications, and 
others

• Recent focus on AC-Optimal Power Flow (NLP): an 
effort to submit models related to power systems, 
so that participants can test and develop 
verification algorithms with focus on power 
systems (we also tried to submit some power system 
models, but we did not manage to complete our effort)

https://sites.google.com/view/vnn2025 
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Accelerating Verification: α,β-CROWN for  
DC-Optimal Power Flow

S. Chevalier, I. Murzakhanov, S. Chatzivasileiadis, GPU-
Accelerated Verification of Machine Learning Models for 
Power Systems, Best Paper Award at HICSS (Hawaii 
International Conferences on Systems  Sciences), Jan. 
2024 https://arxiv.org/pdf/2306.10617

• We formulated the power system 
verification problem in a way that can be 
solved by α,β-CROWN.

• α,β-CROWN now verifies for multiple line 
flow violations and not only one at a time

• α,β-CROWN much faster than Gurobi 10.0

α,β-CROWN 7x-300x faster than Gurobi
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A lot of recent developments for trustworthy AI

• Interpretable AI

• SHAP: Shapley Additive Explanations

• Sensitivity Factors that explain the output of a 
model

38

Y. Lu, I. Murzakhanov, S. Chatzivasileiadis, Neural network interpretability for 
forecasting of aggregated renewable generation. In IEEE SmartGridComm 
2021, Aachen, Germany, October 2021. [ .pdf | code ]

Predicting the net production of PV+Load

https://shap.readthedocs.io/en/latest/ 
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Kolmogorov Arnold Networks
• Learnable activation functions (B-Splines)

H. Shuai, F. Li, Physics-Informed Kolmogorov-Arnold Networks for 
Power System Dynamics, https://arxiv.org/pdf/2408.06650 

P. Ellinas, I. Karampinis, I. Ventura-Nadal, R. Nellikkath, J. Vorwerk, S. 
Chatzivasileiadis, Physics-Informed Machine Learning for Power System Dynamics: 
A Framework Incorporating Trustworthiness, Sustainable Energy, Grids and 
Networks, Elsevier, 2025. https://doi.org/10.1016/j.segan.2025.101818
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Kolmogorov Arnold Networks
• Learnable activation functions (B-Splines)

H. Shuai, F. Li, Physics-Informed Kolmogorov-Arnold Networks for 
Power System Dynamics, https://arxiv.org/pdf/2408.06650 

P. Ellinas, I. Karampinis, I. Ventura-Nadal, R. Nellikkath, J. Vorwerk, S. 
Chatzivasileiadis, Physics-Informed Machine Learning for Power System Dynamics: 
A Framework Incorporating Trustworthiness, Sustainable Energy, Grids and 
Networks, Elsevier, 2025. https://doi.org/10.1016/j.segan.2025.101818
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Kolmogorov Arnold Networks
• KANs are potentially more interpretable than PINNs (less neurons, trained activation functions 

which can give some insights)

In our tests:

• KANs are more accurate than PINNs

• KANs are slower than PINNs

P. Ellinas, I. Karampinis, I. Ventura-Nadal, R. Nellikkath, J. Vorwerk, S. 
Chatzivasileiadis, Physics-Informed Machine Learning for Power System Dynamics: 
A Framework Incorporating Trustworthiness, Sustainable Energy, Grids and 
Networks, Elsevier, 2025. https://doi.org/10.1016/j.segan.2025.101818
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Neural Network Verification and 
Provable Worst-Case Guarantees
for Power Systems

42

Venzke, G. Qu, S. Low, S. Chatzivasileiadis, Learning Optimal Power Flow: Worst-case Guarantees for Neural Networks.  Best 
Student Paper Award at IEEE SmartGridComm 2020. https://arxiv.org/pdf/2006.11029.pdf

A. Venzke, S. Chatzivasileiadis. Verification of Neural Network Behaviour: Formal Guarantees for Power System Applications.
In IEEE Transactions on Smart Grid, vol. 12, no. 1, pp. 383-397, Jan. 2021, https://arxiv.org/pdf/1910.01624.pdf

V. Tjeng, K. Y. Xiao, and R. Tedrake, “Evaluating robustness of neural networks with mixed integer 
programming,” in International Conference on Learning Representations (ICLR 2019), 2019
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Guiding Application:
Optimal Power Flow with Neural Networks           
(can apply to any optimal control problem)

43

Database of                
load setpoints (inputs) 

and optimal 
generation dispatch 

(output)

2. Train a neural network 
NN Output:

Optimal generator 
dispatch

Extremely fast: up to 
100x-1’000x faster

5. Use the NN

1. Split the database in a 
training set and a test set 3. Test the neural network 

Input:

Operating point

Optimal 
setpoint

4. Is accuracy high enough?

Approaches proposed up to now
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Neural Network Verification: HOW?

1. Exact transformation: Convert the neural network to a set of linear 
equations with binary variables

• The Neural Network can be included in a mixed-integer linear 
optimization problem

2. Formulate an optimization problem  and solve it  certificate for NN 
behavior

443 September 2025 Spyros Chatzivasileiadis – Trustworthy AI for Power Systems
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• Most usual activation function: ReLU

• ReLU: Rectifier Linear Unit

45

𝑤𝑤35
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𝑢𝑢5

𝑢𝑢4𝑢𝑢2

𝑢𝑢3

From Neural Networks to 
Mixed-Integer Linear Programming

Linear weightsNon-linear 
activation 
functions

input

output
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From Neural Networks to 
Mixed-Integer Linear Programming

input

output

1. But ReLU can be transformed to a piecewise 
linear function with binary variables

If input<0 , set
binary =0  use

linear function #1
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From Neural Networks to 
Mixed-Integer Linear Programming

input

output

1. But ReLU can be transformed to a piecewise 
linear function with binary variables

If input>0 , set
binary =1  use

linear function #2

If input<0 , set
binary =0  use

linear function #1
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From Neural Networks to 
Mixed-Integer Linear Programming

2. I can encode all operations of a Neural Network 
to a system of linear equations with continuous 
and binary variables

3. I can integrate all information encoded in a 
neural network inside an optimization 
program

input

output

1. But ReLU can be transformed to a piecewise 
linear function with binary variables

If binary =1, 

linear function #2

If binary =0, 

linear function #1
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Key Enabler: 
our ability to represent the underlying ground truth

Main idea:

• Take advantage of the ground truth representation we have, i.e. the power system 
models

• Measure the performance of the Neural Network against the ground truth

– Does the Neural Network violate constraints?

• Determine the worst-case performance = provable worst-case guarantees

– Across the continuous input domain

– No Sampling

– Instead, we solve an optimization program

– Once “certified”, we can use directly the Neural Network (no need to re-run the 
optimization program)
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Verify Maximum limit-violations

1. Maximum violation of generator limits

50

Example: 

Electric load setpoints vary 
between 60% and 100% of 
their rated value
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Worst violation over the 
whole training dataset 

(training+test set)
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Our algorithm: provable
worst-case guarantee over 

the whole input domain

Maximum violation of 
generator limits

Maximum violation of 
line limits
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Worst violation over the 
whole training dataset 

(training+test set)
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Our algorithm: provable
worst-case guarantee over 

the whole input domain

Maximum violation of 
generator limits

Maximum violation of 
line limits

Over the whole input domain 
violations can be much larger 
(here ~7x) compared to what 
has been estimated empirically 
on the dataset
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Worst violation over the 
whole training dataset 

(training+test set)
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New algorithm: provable
worst-case guarantee over 

the whole input domain

Maximum violation of 
generator limits

Maximum violation of 
line limits

We can now provide guarantees 
that no NN output will violate 
the line limits over the whole 
input domain
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Reducing the worst-case violations:
Train for a larger domain; deploy on a subdomain

No violation

Max violation

20%

0%

40%

60%

80%

100%

0.00        0.04                 0.08                      0.12       0.16              0.20
Input domain reduction

Training 
Dataset:

Load Domain 
[60%-100%]

δ=0.08
Use for a  
single point  
only

Train 

Use on a 
subdomain

Train and use on 
the same domain 

Train 

118-bus system
Non-Linear 
Optimization 
Problem 
(AC-OPF)

Worst-case 
violations appear to 
be at the boundary 
of the input domain
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Classification of Verification Methods

Open-Source 
Trustworthiness Toolbox 

coming soon!

P. Ellinas, I. Karampinis, I. Ventura-Nadal, R. Nellikkath, J. Vorwerk, S. Chatzivasileiadis, Physics-Informed 
Machine Learning for Power System Dynamics: A Framework Incorporating Trustworthiness, Sustainable 
Energy, Grids and Networks, Elsevier, 2025. https://doi.org/10.1016/j.segan.2025.101818
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Trustworthy AI for Power Systems: Vision

AI Testing and Experimentation Facility for Energy

• Establish a platform that verifies AI tools and certifies that they 
comply with power system safety specifications

AI Standards: Create Standards for AI tools in Energy

Design a Neural Network Training Algorithm that 
simultaneously delivers guarantees of the worst-case NN 
performance

• Example: ”Neural Network Training finished. Accuracy 99.2%. 
Worst-case violation of critical constraints: 10%.” 

56

AI-EFFECT EU project
Start: 1st October 2024

Participants: EPRI (Lead), DTU, TU Delft, Univ. Porto, BEOF, 
TenneT, ENEL, and others 

R.Nellikkath, S. Chatzivasileiadis, Minimizing 
worst-case violations for neural networks, 
https://arxiv.org/abs/2212.10930 
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Some Final Thoughts

• Physics-Informed Machine Learning has the potential 
to accelerate computations by 10x-100x

• Integrate Physics-Informed Neural Networks in 
commercial simulators

• PINNSim: Create completely new simulation tools 
based on PINNs

– Do not need a single NN for the whole problem

– Let’s work with ”Libraries of Neural Networks”, 
similar to ”Libraries of Models”
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• Trustworthy AI is necessary if we are to deploy it in 
safety-critical systems

• Neural Network Verification and Provable Worst-
Case Guarantees: 

– can benchmark AI tools

– (similar to what convex relaxations have done for 
non-convex optimization programs)

• Need for Testing Facilities that validate AI tools 
towards AI standards

Still, a lot of challenges our community needs to address:

• How can PINNs efficiently capture stiff dynamics? 

• How can we scale NN verification for non-linear problems? 

• … and many more
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Open-source Toolboxes

1. Generate your own training datasets!

GitHub/bastiengiraud/DSA-learn

2. Train your own Physics-Informed Neural Networks!

GitHub/radiakos/PowerPINN

3. Play with a PINN for Power System Dynamics!

Google Colab PINN Playground
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You can find them all in: 
www.chatziva.com/downloads.html  

https://github.com/bastiengiraud/DSA-learn
https://github.com/bastiengiraud/DSA-learn
https://github.com/bastiengiraud/DSA-learn
https://github.com/radiakos/PowerPINN
https://github.com/radiakos/PowerPINN
https://github.com/radiakos/PowerPINN
https://github.com/radiakos/PowerPINN
https://colab.research.google.com/drive/1plxPZf-A4h-sPsFwpmcDbPqClwAwp_g1?usp=sharing#scrollTo=irgglR1yzyIO
https://colab.research.google.com/drive/1plxPZf-A4h-sPsFwpmcDbPqClwAwp_g1?usp=sharing#scrollTo=irgglR1yzyIO
https://colab.research.google.com/drive/1plxPZf-A4h-sPsFwpmcDbPqClwAwp_g1?usp=sharing#scrollTo=irgglR1yzyIO
https://colab.research.google.com/drive/1plxPZf-A4h-sPsFwpmcDbPqClwAwp_g1?usp=sharing#scrollTo=irgglR1yzyIO
http://www.chatziva.com/downloads.html
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Thank you!

Spyros Chatzivasileiadis

Professor

www.chatziva.com

spchatz@dtu.dk
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