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Perturbed Physics,
and why
we’re all kidding ourselves



So, you want to build an ensemble?
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Have a question first.



1. Constraint of large scale response variables

Normalized frequency (% per degree)
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1. Constraint of large scale response variables

2. Optimal Parameter Search
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1. Constraint of large scale response variables
2. Optimal Parameter Search

3. Plausible worlds
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1. Constraint of large scale response variables
2. Optimal Parameter Search

3. Plausible worlds

3. Process understanding

Parameter Correlation coefficients
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From ensemble to probability
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Probability

Attributable 20C warming (K/century)

Prior Sensit

(a) Uniform sensitivity
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(b) Uniform feedbacks
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Bayesian Representation

Probability of Prior
a future Climate ‘y/ probability
given a set of of simulating

Observational Expert prior
and systematic parameter

discrepancy at distribution
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Seasonal Cycle Amplitude

Transfer Function approach
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Systematic Differences

0.4

e
ez

=
=

S Cloud Fesdback al BRI-A00RF 4
W K
i
[ i

1, " " " : . " . i
EI.IZIE 003 GO4 005 e QoF Do 009 04

» HadCM3
x MIROC

Yokohata et al (2010)




Histogram

Is one model enough?

(f) NCAR-A

(b) CMIP3-AS
0.4 _

03}

0.2-/\

Histogram

0.1y N AR




Multi-model ensembles
(but not as many
as you think)
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T-Bias (K)
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With what?
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Is the past even relevant?
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Transfer functions?

Sanderson et al (in prep)
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In special cases... o
Snow-albedo feedback in climate change

Qu and Hall (2007) and seasonal cycle contexts
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A matter of interpretation

truth + error indistinguishable



% Precip change

The Bayesian Approach
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The spectacular mean...
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A reliable ensemble?

Surface air temperature rank histogram
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(a) Model Centrality
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Model Similarity ; Dissimilarity

Masson et al (2011) '
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Cluster 1: P=0.31
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Bringing it all together
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Climate Feedback [W m™ K]
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The future is super-ensembles
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Conclusions

PPEs — decide on a question first

Remember your result is dependent on model
structure

PPEs are rarely ‘reliable’
MMEs have smaller dimensionality than N
An ensemble of best guesses is not a PDF

A full uncertainty treatment must consider
both parametric & systematic uncertainty



