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Neural Networks are universal function approximators
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Physics informed Neural Network
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Training the neural network
• Training Set:
• IC & BC

Define ! ≔ #$ + 	'[#]

• Objective Function:
• Loss: ℒ ! *+;- , /+ , in our case:  Mean Squared error
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Overfitting: Solutions are not 
generalizable and are affected 
by noise

Gradient Descent to Minimize Loss function 



Burger’s Equation !"
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• Can lead to shock formation that’s hard to 
resolve by classical numerical methods



Wave Equation !"
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No CFL condition No Numerical 
Dispersion 



Neural Network Architecture 

Neurons 7 8 9 10

10 1.31E-01 4.77E-02 1.29E-01 1.75E-01

20 2.65E-02 4.89E-03 2.63E-02 4.97E-02

40 4.23E-03 2.39E-03 3.06E-03 2.01E-03

Layers



Training data vs Error
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500 9.9E-03
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Conclusions

• Ability to solve the PDE exactly without discretization error
• Ability to Regularize the neural network by incorporating the physics 

from the PDE
• We don’t encounter numerical dispersion or dissipation due to 

violating CFL
• The neural network architecture is parallelizable
• No convergence guarantees
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