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Methods

We implement nonlinear methods such as Gaussian Process Regression (GPR) [4] to
observationally constrain cloud feedback for the first time.

Motivation

Clouds have a substantial effect on Earth’s radiative balance (reflecting
incoming solar shortwave (SW) radiation and absorbing outgoing
longwave (LW) radiation, creating a net cooling effect) [1]. But the cloud
response to global warming is highly uncertain, largely because small-
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e R et =T dEfive Furthermore, we discuss a transfer learning approach [5] with a U-Net [6]. In this approach, a

their relationships neural network trained on one of the CMIP models (historical + future scenarios) is finetuned
with radiative on historical data from another model, to evaluate the resulting constraint in a perfect-model-

anomalies. framework. Let i,j be two different CMIP models. We then first pretrain (PT) a U-Net fé* on all
data of model i, with ®® minimizing the loss function
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Then we finetune the U-Net with the historical data of CMIP model j,
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- Uncertainty

We  distinguish  between  prediction error o,.4 and prediction uncertainty 0,,.q = \/(0@ + O'X) The former is given by the fit of the actual cloud feedback

Aactuar- The latter depends on multiple sources. For ridge regression and GPR it consists of the uncertainties g, in the CCF responses and the uncertainties oy in the
estimates of the observed anomalies estimated through bootstrapping.
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For the U-Nets we add additional sources of uncertainty to the prediction uncertainty g,,,..4. Firstly, the final prediction depends highly on the initialization, which depends on

the chosen random seed. Secondly, because an ensemble of pretrained models is finetuned on historical data of one left out model, there is a spread of different predicted
feedbacks. This is the major cause of uncertainty in the prediction uncertainty o,,.4. Finally, prediction error g,.4,,; and prediction uncertainty g,,.4 are convolved to obtain

the overall uncertainty:
p(AC) — fpactual(;[cl /lpred) ppred (Apred) d Apred
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