Physics Informed Neural Networks

PINN: An Overview



What Are Dynamical Systems and Why Do They Matter?
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MACHINE LEARNING

Traditional Programming
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Why Do We Need Better Models?

INPUT OUTPUT

Black Box >




Introducing Physics-Informed Neural Networks (PINNs)

Data + Neural

—P1 Predictions

Physics Constraints Network




Types

e Supervised Learning

e Unsupervised Learning

e Semi-Supervised Learning
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FNN - FeedForward Neural Network
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RNN- Recurrent Neural Network
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Romanian Reports in Physics 74, 113 (2022)
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Simple Harmonic Oscillator
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Neural Network
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Position

Struggling to
capture the

Train Targets vs. Train Predictions pattern
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Position

RNN Train Targets vs. Train Predictions
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PINN Loss Function

Data Loss + Physics Loss
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Displacement
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Chaos, Solitons & Fractals
Volume 172, July 2023, 113509

Data-driven multi-valley dark solitons of
multi-component Manakov Model using
Physics-Informed Neural Networks



Pros of PINN

Cons of PINN

Requires less data due to physics-based constraints.

Slightly higher computational cost due to solving
differential equations.

Handles noisy and sparse data effectively.

Requires domain knowledge to encode the governing
equations properly.

Provides high interpretability by adhering to physical laws.

May struggle if the governing equations are unknown or
highly complex.

Reduces overfitting by enforcing physical constraints.

Implementation can be more challenging compared to
traditional neural networks.

Capable of extrapolating beyond training data.

Training may take longer due to physics-informed loss
computation.

Ideal for modeling dynamic systems governed by
differential equations.

Sensitive to the quality of the equations used.

Ensures stable predictions by constraining solutions to
physically valid ones.

Balancing between data loss and physics loss requires
careful tuning.
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