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Autoencoder writh Neural ODE

data space

h enc hdec h

----------------------------------------

Parameterized neural ordinary differential equations: applications to computational physics problems
Cookjin Lee and Eric J. Parish
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Parameterized neural ordinary differential equations: applications to computational physics problems
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Neural ODE with autoencoder
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encode(x[:, @, :1)
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Code Outline (psuedocode)

z0 = encode(x[:, @, :])
zhat = odeint(odefunc, z0)
xhat = decode(zhat)



Code Outline (psuedocode)

z0 = encode(x[:, @, :])

zhat = odeint(odefunc, z0)
xhat = decode(zhat)
loss_data = mse(xhat, x)



Code Outline (psuedocode)

z0 = encode(x[:, @, :])

zhat = odeint(odefunc, z0)
xhat = decode(zhat)
loss_data = mse(xhat, x)

loss_recon = mse(x, decode(encode(x)))
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www.nature.com/scientificreports

scientific reports

W) Check for updates

OPEN Physics-informed neural ODE

(PINODE): embedding physics
Into models using collocation
points

Aleksei Sholokhov?, Yuying Liu?, Hassan Mansour?* & Saleh Nabi?

Building reduced-order models (ROMs) is essential for efficient forecasting and control of complex
dynamical systems. Recently, autoencoder-based methods for building such models have gained
ciantficant traction but theirdemand for data limite their uice when the data ic ecarce and exnencive
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Physics-informed neural ODE (PINODE): embedding physics into models using collocation points
Aleksel Sholokhov, Yuying Liu, Hassan Mansour, Saleh Nabi
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Physics-informed neural ODE (PINODE): embedding physics into models using collocation points
Aleksel Sholokhov, Yuying Liu, Hassan Mansour, Saleh Nabi
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z_col = encode(x_col)



z_col = encode(x_col)
zdot_col = odefunc(0.0, z_col)



z_col = encode(x_col)
zdot_col = odefunc(0.0, z_col)

mse(zdot_col, dzdt)
mse(x_col, decode(encode(x_col)))

loss_physics
loss_recon_Z2



Demo of derivatives
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https://pytorch.org/tutorials/beginner/basics/quickstart_tutorial.html



https://pytorch.org/tutorials/beginner/basics/quickstart_tutorial.html

Optional section:

a mMore advanced dive
Nto reverse mode AD
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Separate data points
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let's say y Is a scalar in this case
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