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Project

Proposal (next week's HW): meet with me or one of the
TAs to checkoft your idea

Timesheet (~/0% project score). 24 hours.
Presentation (~20%)
Watch/Review Others (~10%)



Minl-Review

Multilayer perceptron (MLP): starting point for tabular data or a
building block In larger architectures.

Physics-informed neural network (PINN): Embed PDE/ODE
residuals In the loss function. Enhance accuracy, particularly when
data Is Iimrted.




Neural ODE: Parameterize dy/dt = f(y;t) with a neural network.
Use regular ODE solvers. Can learn unknown dynamics, or

speedup known dynamics.

Autoencoder (AE): change dimensionality (lift to higher
dimensions, or compress to lower dimensions). Primarily used In

conjunction with other methods.

Neural Koopman: like neural ODE, but learn linear dynamics. Can
take advantage of convergence analysis, linear control theory, etc.




Convolutional neural network (CNN): useful when data lives on a
regular grid.

Graph neural network (GNN): useful when data lives on an
rregular mesh, or has varying connectivity.

Kolmogorov Arnold network (KAN): particularly useful when you
need Interpretability - get extract symbolic expressions.




Neural operators: learn a mapping between function spaces
rather than between data to data (FNO for regular grids,
DeepONets for more fleible input geometry)

Recurrent networks (RNN/LSTM/GRU): useful for sequential data

(that doesn't have a governing law like an ODE)

Transtormer/attention: more complex version of RNNs, especially
important for long-range dependencies.




Symbolic Regression

Level |; y = ax’ + cexp(d - x)
minimize ||9 — y||?

Level 2: y=ax+bx*+cx’+...+dxy+ ... +esin(x) + ...
minimize [|$ = ylI* + 7161

| evel 3; structure itself Is a variable



PySR and SymbolicRegression. |l
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PySR & SymbolicRegression.jl LE) github.com/MilesCranmer/pysr paper

Interpretable Machine Learning for Science
with PySR and SymbolicRegression.|l
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Letstry it

dataset on course website
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