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Tuning error or structural error?

AMOC discrepancy workshop

At our workshop in Durham last September we identified a number of key
processes affecting the physics of the AMOC, thought to have “structural
errors” in HadCM3.

1 Overly strong ACC transport

2 Subpolar gyre in the wrong place

3 Intensity of the gulf stream at the western boundary

4 Separation of the gulf stream

5 Salinity in the sinking regions

Are these really structural errors or are they really tuning errors?
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Tuning error or structural error?

History Matching: Brief Overview

History matching is a statistical tool for cutting out parameter space
that is implausible given observations of the real climate.

It starts by building an emulator for constraints in the climate model.

Then, any parameter choice is rejected if the emulator prediction is
too far from the observations.

Distance is defined by implausibility measure I(x0) = maxi{Ii (x0)}

Ii (x0) =
z − E [f (x0)]√

Var [z − E [f (x0)]]

Any parameter choice with |I(x0)| > a, is then ruled out as
implausible.

We call the left over space Not Ruled Out Yet space (NROY).
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Tuning error or structural error?

History Matching: (Very) Brief Overview

We history matched the fully coupled, non-flux-adjusted HadCM3 to
4 constraints:

Global mean SAT,
NH meridional SAT gradient
NH seasonal cycle in SAT
Global mean precipitation.

The match ruled out about 56% of the parameter space of HadCM3.

Williamson, D., Goldstein, M., Allison, L., Blaker, A., Challenor, P.
Jackson, L., Yamazaki, K. (2013),
History matching for exploring and reducing climate model parameter
space using observations and a large perturbed physics ensemble,
Climate Dynamics, In submission, revised 3 times.
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Exploring parameter space

Constraining the ocean circulation

We impose 6 further constraints on NROY space:

1 Not implausible ACC strength

2 Not implausible SST in the sub-tropical gyre

3 Not implausible SSS in the sub-polar gyre

4 Not implausible that the STG is stronger west of 75oW than to the
east at 30oN.

5 Not implausible that the SPG is 1.5 times stronger in the labrador sea
than to the west of Greenland.

6 Not implausible SST around iceland.
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Exploring parameter space

Summary

Ocean modellers directed us to processes that were important for the
behaviour of the AMOC that amounted to getting the ocean
circulation right.

They identified a number of supposed “structural errors” in the
coupled HadCM3.

We have showed that some of these errors are not structural at all,
but are “tuning errors”.

We used History matching to find a region less than 1% of the
volume of the HadCM3 parameter space where ocean circulations are
predicted to be not implausible.
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Exploring parameter space

Summary

These results illustrate that good experimental design is essential
(and not currently present) during the development and “tuning” of
climate models.

Climate model tuning has implications for any one-run based study
including those based on multi-model ensembles and data
assimilation.

Designs geared towards multiple waves of history matching would
dramatically improve the current generation of climate models
without improving resolution or including more realistic physics.
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Exploring parameter space

References

Contact d.williamson@exeter.ac.uk for more info or for copies of papers

Williamson, D., Goldstein, M., Allison, L., Blaker, A., Challenor, P. Jackson,
L., Yamazaki, K. (2013),

History matching for exploring and reducing climate model parameter space
using observations and a large perturbed physics ensemble, Climate
Dynamics, In submission, revised 3 times.

Williamson, D., Blaker, A. T., Arnfield, M., Goldstein, M., Hampton, C.,
Salter, J. (2013),

Statistical tuning for removing known structural biases in AOGCMs with
application to HadCM3, in prep.

Williamson, D., Vernon, I. R. (2013),

Implausibility driven evolutionary Monte Carlo for efficient generation of
uniform and optimal designs for multi-wave computer experiments, Journal
of the American Statistical Association, in submission.

Danny Williamson (RAPIT) Discrepancy Quantification July 8, 2013 22 / 22


	Tuning error or structural error?
	Exploring parameter space

