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e Hamiltonian Mechanics -> Hamiltonian Fluid Mechanics
e HNN & ODEs -> KNN & PDEs

e Simulate the Propagation of a Wave Pulse
g = q(x,t)
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Hamiltonian System S = (g, p) € R?"

Hamilton’'s Equations
f) — _qu(pa q)
q=VpH(p,q)
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1: Hamiltonian Neural Networks
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1: Simple Physics Tasks
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Problem

1: 2-Body

Baseline NN
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Linear Wave Equation ¢y = 0,0'(q.)

Hamiltonian Functional

gt = P
p: = 0,0 (qz) fo [2p + 0 qw)]da:

Symplectic Discretization

qQ; :zAQj, 1=20,1,...,N
tj:jAt, 7=0,1,..., M
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Discrete Fourier Transform

Kamiltonian Functional

H(¢,p) =K




Kamiltonian Functional

H(¢,p) =K
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2:Kamiltonian Neural Networks

Kamaltonian Neural Network v

* KNN -> Fourier Space -> Independent of Discretization




2: Kam11ton1an Neural Networks
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2: Kam11ton1an Neural Networks
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2:Kamiltonian Neural Networks
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2:Kamiltonian Neural Networks
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3.Results: Wave Pulse
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3.Results: Wave Pulse
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KNN OUTPUT

Relative RMSE =

RMSEly,y]
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RMSE(y, ¥) / o(y)
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3.Results: Physical Space
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3.Results: Physical Space
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3.Results: Physical Space

MSE =
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3.Results: Energy Conservation

Deviation from Initial Hamiltonian Value
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4.Summary & Future Steps

e Hamiltonian Fluid Dynamics -> Hamilton's Equations
applicable to Fluid Dynamics problems, too

e HNN variant for multidimensional problems -> KNN

e KNN -> Fourier Space -> Independent of Discretization
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Thank you for your attention!




