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1. Supermodels (SUMOs):

interactive ensemble of existing models

* Proposal to improve climate modeling[1]
* As an alternative to conventional noninteractive ensemble
methods
* Models are good, but imperfect

e Supermodel = Ensemble of dynamically coupled
models

Individual model dynamics

SUMO coupling by weighted averaging
(see [2] and [3])
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SUMO couplings need to be optimized

e e.g. by minimizing short term (At) prediction error E

* Theoretical optimal if models are combined with At - 0
* Works very good if At is small

* But this may be impractical

 We would like to work with larger At

3. Research Question

Can a convolutional neural network (CNN) improve
linear / weighted averaging methods for model
combination used in e.g. ensembles or SUMO?

Is this feasible? With so many variables involved and
parameters to optimize? Based on limited amount of data?

First step: proof of principle with artificial assumed
ground truth model and artificial imperfect models.

4. Experimental scenario

Three level quasi-geostrophic model T21 [4]

Simulates the wintertime atmospheric flow in the Northern
Hemisphere quite realistically with a climatology with multiple
weather regimes that are also found in observations.

Dynamical system for potential vorticity (PV)

q1 =JW1,q1) — D1(Y¥1, ¥2) + S1,
g2 = T (Y2, q2) — Da2(Y1, Y2, ¥3) + S2,
g3 = J (¥3,q3) — D3(Y2, ¥3) + 53,

Imperfect models
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Convolutional Neural Network (CNN)
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