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Outline

* A constrained ensemble - indistinguishable,
truth plus error or both?

e CMIP mean result: why is it so good?

* Improving confidence in multi-model
projections

* A weighting scheme accounting for inter-
model similarities
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truth + error

cr. Claudia Tebaldi



unweighted

indistinguishable

e model distribution e unknown distribution
e space-filling? e weighted by obs
e possibly 0/1 weight

eunobserved truth
e constrained by obs
edecreasing uncertainty

truth + error



Relative RMS: Global
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—rror of the mean

Knutti et al (2009)

RMS bias DJF (K)
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Annan et al. (2010)
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The mean result Reichler and Kim (2008)




+Statistically Indistinguishable
+Overdispersive

xModel Ensemble

Annan and Hargreaves (2011)
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CAMcube Optimal CPDN Optimal Mean Optimal

—-15 -10 -5 0 5 10 15
JJA Temperature anomoly from NCEP (K)

Recipe for a perfect T+E ensemble for the present:
- Independent irreducible errors

- sufficiently large ensemble

- perfect calibration

Sanderson & Knutti (in prep)
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Knutti & Sanderson (submitted)
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Time
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Variable

Case |V: impossible constraint

Knutti & Sanderson (submitted)
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Masson et al (2011)
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Regression from GPCP & CMIP-3 Future temp
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Conclusions

Constrained ensembles like CMIP may be best understood
as imperfect truth+error by design for observed climate
periods

Spread in the present day ensemble is likely due to a
combination of systematic errors, tuning limitations and
imited degrees of freedom, unlike future predictions which
spread due to differences in feedbacks and forced response

Some aspects of the climate system may be predictable, and
will retain truth+error characteristics for a longer lead time

A complete model weighting should include both aspects of
model skill and inter-model similarity

36



