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I Some grief about loss (function)

This is what ECCO minimizes (Wunsch 2006):

J=Ex-y) 'R I Ex—y)+u'Q lu-2u'(Ax — b —Tu)

..OK but don’t go
too crazy with
changing controls
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This is what ECCO minimizes (Wunsch 2006):

J=Ex-y) 'R }Ex—y)+u'Q lu—-2u’'(Ax — b —Tu)

ECCO uses a diagonal Q (+ smooth package)
Who cares?

1) It can be unphysical [ icky

2) Atmospheric errors have structure and we A N
are throwing away information!

I

Houtekamer and Mitchell (1998)
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This is what ECCO minimizes (Wunsch 2006):

J=Ex-y) 'R I Ex—y)+u'Q 'u-2u'(Ax — b —Tu)

Hypothesis: Using Q from atmospheric unc'ty gives a better state estimate.
(Side note: It should be possible to implement in J without big matrices...)

Here: building a more sophisticated smooth approach



This work: A statistically informed smooth ‘

Procedure: Require that the projection u onto sensitivities s
gives a desired loss function change &

Add a soft (Mahalanobis) constraint that u agree with
statistics C
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Lu)=2A(u's—¥8)+u'C'u
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Procedure: Require that the projection u onto sensitivities s
gives a desired loss function change &

Add a soft (Mahalanobis) constraint that u agree with
statistics C

Lu)=2A(u's—¥8)+u'C'u

Minimizing gives
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Hypothesis for Shaunticlair's internship:

Statistical smoothing improves state estimationin a
simplified model.

Shaunticlair Ruiz




Toy Model: Advection-Diffusion-Forcing Model

Tracer: quantity of interest, heat

Advection: Ocean currents carry heat
Diffusion: Heat moves from hot to cold
Forcing: Atmosphere adds heat flux

Equations discretely approximated to first order

Diffusion  Advection Forcing
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Toy Model demo (diffusion only)
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Forcing covariance Matrix: Gaussian decay

Covariance enforced data
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e Random initial ocean state
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Statistical smoothing creates a better fit for gradient
descent

o Left: J, the ocean misfit
o Right: atmosphere misfit

ocean_misfit: Z(Ex(t) - y(t))T(Ex(t) - y(t)) atmosphere_misfit: Z(f;(t) — frrue(t))(£i(t) = feue(t))
t — t
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Statistical smoothing creates a better fit for gradient
descent

1e6 Mahalanobis(covariance similarity): a]C~1a; mahalanobis(covariance similarity): aJC~1a;
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e Mahalanobis distance measures similarity of inferred forcing . SRS
covariance, to true covariance C
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Conclusions and next steps
I P | @ Near

Bottom line: Smoothing to make control adjustments obey covariance
relationships is effective in a simple model.

To do: Scaling changes may be needed for multiple iterations

Next step: Try in a real state estimate! Use spread from atm. reanalysis

Caveat: Control adjustments also correct ocean biases. Could subtract these out
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