Underdetermined OLS: Interpolation example
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Underdetermined OLS: Interpolation example

Data can be collected in data vector d with dimensions Nops X 1.
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Underdetermined OLS: Interpolation example

Model parameter vector m (N, x |) predicts tidal displacement at time X.

Tidal displacement (m)
o
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Underdetermined OLS: Interpolation example

Model parameter vector m (N, x |) predicts tidal displacement at time X.
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/ lf m (N, x ) and d (Nobs x 1), then G (No x Np). Also in this case Nobs > Nobs.
What does G look like ? Think Think Think.
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Underdetermined OLS: Interpolation example
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For didactic reasons | chose to show index
as time, not position in vector.

d
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Underdetermined OLS: Interpolation example

For didactic reasons | chose to show index
as time, not position in vector.
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Underdetermined OLS: Interpolation example

We need to find some way to add additional information to the problem. Otherwise we fail.
Which constraints can we add ! Discuss.
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Underdetermined OLS: Interpolation example
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Towards a smoothness constraint.

We know this representation of the derivative (naive forward differencing).
This allows us to find a representation of the second derivative.
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Towards a smoothness constraint.
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Towards a smoothness constraint.
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Towards a smoothness constraint.
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Yes. This we know how to handle.
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More general: Regularization
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More general: Regularization staying close to initial guess

|Gm — d||* + A|jm — mo|[*

=

Yes. This we know how to handle.
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Some guess of the solution.
Almost anything in the right
direction will help.
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More general: Regularization staying minimum length
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/\ Special case mg = 0

This is called diagonal loading. The minimum length regularisation is used extensively
/ ‘ in neural networks. Pythonians, try this one to improve fitting in Ex 3.
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Summary Regularisation
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* Regularisation is a rigorous way to include a-priori knowledge which virtually always exists.

* Regularisation is required for underdetermined problems, but also helps elsewhere.

* Regularisation results in a tuning parameter which you need to choose. It balances the
weight between the model-data misfit and the regularisation term.

* Regularisation is computationally comparatively easy b/c it requires the same methods as
OLS.

* Regularisation is used to avoid overfitting dealt with later.
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