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Two different approaches

The current approach (deterministic model):
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Learning

The initial state xp and the model parameters 6§ are jointly
estimated by minimising the sum of squared deviations between
the observations and the model output (‘maximum likelihood").

Not expected to perform well.
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The statistical approach (stochastic model):

Observations: Yi—1 Yi+1
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Learning

The joint distribution of the state trajectory xp, x1,... and the
model parameters 6 is updated by the observations {y;}. The
result is represented as a set of samples of (xp, x1, ..., 0).

ﬂ Hard to do: call a statistician!



Structural error on the time-step
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Why is it so important to ‘noise up’ the model?

Statisticians are often grumpy. What's the pay-off?
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» If we are interested in quantifying uncertainty, then, for our
analysis to be defensible, the uncertainty must be sourced
correctly.

» In environmental science, the dominant source of uncertainty
is structural limitations in the model, and this uncertainty
lives in the propagation of the state vector from x;_1 to x;.

» We cannot simply add on some uncertainty to the solution of
a deterministic model, because non-linearities in the model
imply that deterministic and stochastic solutions have
fundamentally different characters.
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1. Increase the measurement uncertainty to incorporate aspects
of 'representation uncertainty’ and 'structural uncertainty’
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And, some time soon,

4. Call in a statistician and noise up your model!



