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Disclaimer
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This presentation does not imply the endorsement or approval 
by the United States Government or the National 
Telecommunications and Information Administration (NTIA), and 
does not represent the views of the U.S. Government or NTIA.



Why Data  and   Physics?

Cranmer MD. Interpretable Machine Learning for the Physical Sciences (Doctoral dissertation, Princeton University).

Data Physics
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“Data science  (AI+HPC) is the fastest growing field of 
computer science today. Because of several different 
factors, it has become the fourth pillar of the scientific 
method.”

Jensen Huang, NVIDIA

The Four Pillars of Scientific Methods

Theory Experiments Data Science Simulation 



Data + Physical Laws



Regression of a Discontinuous/Oscillatory Function
 Long Tail, Hierarchical training, Spectral Bias, Discontinuity 



Regression of a Discontinuous/Oscillatory Function



 Minimize:

What is a PINN? Physics-Informed Neural Network
We employ two (or more) NNs that share the same parameters
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PINN 101
Data

No-Physics



10

PINN 101
Data

With Physics



Crack characterization in an Aluminum Alloy using PINNs (WPAFB Real Data)

• Objective: Identifying and characterizing a surface breaking crack in a 7075-T651 Aluminum  alloy metal plate.

• Dataset: Particle displacement induced by surface acoustic waves of 5 MHz at three incidence angle 0o,  45o, and 
90o.

• Approach: Reconstruct the wave field and compute the speed of sound using Inverse PINNs.

K. Shukla, P. Clark Di Leoni, J. Blackshire, D. Sparkman, G. E. Karniadakis,“ Physics-informed Neural Network for Ultrasound Nondestructive Quantification of 
Surface Breaking Cracks. J Nondestruct Eval 39, 61 (2020). https://doi.org/10.1007/s10921-020-00705-1



Problem Setup and Method

K. Shukla, P. Clark Di Leoni, J. Blackshire, D. Sparkman, G. E. Karniadakis,“ Physics-informed Neural Network for Ultrasound Nondestructive Quantification of Surface 
Breaking Cracks. J Nondestruct Eval 39, 61 (2020). https://doi.org/10.1007/s10921-020-00705-1
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Ultra-Sound Testing of Materials (WPAFB Real Data)
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Hidden Fluid Mechanics: Flow dynamics in an intracranial aneurysm 

Training Data

Inferred Hidden Physics

Science. 2020 Feb 28;367(6481):1026-30.
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Jose del Aguila Ferrandis, Chryssostomos Chryssostomidi, Michael Triantafyllou, Karniadakis, G.E. Learning functionals via LSTM 
              

Autonomy: Predicting the motion of battleships in extreme sea states



Can Neural Networks Approximate Functionals?



Functions map data,  Operators map functions

System
T

Input
Signal

Output
Signal



D e e p  O p e rato r N e tw o rk (D e e p O N e t)

DeepONet learns the underlying operator from the data

1D Burger’s Equation 

Branch Network

Trunk Network
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C o m p lex  Va lue d  D e e p O N e t fo r 3 D  M a x w e ll’s E q uatio n
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P E C  B o und a ry C o nd itio n
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3 D  H o m o g e ne o us M e ta llic  S p he re
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M e tric s a nd  C o rre latio ns

Training  and  Te sting

C o rre latio n
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3 D  A lm o nd  G e o m e try w ith S ha rp  C o rne rs
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R a d a r C ro ss S e c tio n (R C S )
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R C S  vs G e o m e trie s



AI Training Emissions in Perspective

 Training large AI models can have a substantial 
carbon footprint. 

 The reported emissions exceed several familiar 
transportation and lifestyle benchmarks. 

 Emissions depend on model size, hardware, 
training time, and the electricity source. 

 Repeated training and hyperparameter 
searches can further increase energy use. 

 Efficient algorithms, optimized hardware, and 
renewable energy are essential for sustainable 
AI. 



Human Neurons

Training AlphaGo: 1920 CPUs and 280 GPUs – about 1MegaWatt
Lee Sedol: 1 human brain – about 20 Watts

 We want to make PINNs  and DeepONets 1000x faster

 Biological plausibility



C o nc lusio ns
• Physics-informed neural networks (PINNs) provide a flexible framework for solving both 

forward and inverse problems, particularly in high-dimensional and data-sparse regimes.

• Physics-informed neural operators can serve as fast and accurate surrogate models for 
conventional numerical solvers, enabling efficient evaluation across multiple problem 
configurations. Optimal architecture for any problem should be driven by the Physics

• No single architecture is universally optimal: network design, constraints, and training 
strategies should be guided by the governing physics, data structure, and quantities of 
interest.

P hysic s sho uld  d rive  the  m o d e l d e sig n.
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Thank you!
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