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Methods

Methods to ensemble geophysical models are 
often basic and don’t allow for variable model 
performance or similarities between models. 
Also the quantification of uncertainties is not 
rigorous.

Historic observations are incomplete. This is 
often due to suboptimal coverage or adverse 
meteorological conditions.
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Our Bayesian neural network 
(BayNNE) method:
1) outperforms existing 
ensembling methods 
2) successfully fills observational 
gaps whilst quantifying the 
uncertainty of our predictions.
3) are interpretable
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Ensembling geophysical models 
with Bayesian neural networks
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We model observations as a linear combination 
of geophysical models:
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We learn the model weights, bias, noise (as a function of 
space and time) with a Bayesian neural network which:

 - Avoids overconfidence where there is no data
 - Allows encoding of out prior beliefs that bias and 
noise should be small, and that a uniform weighting of 
geophysical models is a good starting point.

Encoding domain knowledge in the prior
Time is warped onto a helix to enforce 
seasonal periodicity within the prior biases 
and weights.

We convert to 3D Euclidean to make 
coordinates continuous across boundaries.

Scalable inference:
We use randomised MAP sampling to perform Bayesian inference. A 
number of neural networks are regularised (anchored) according to 
our prior, which is that all geophysical models are equally good. The 
regularisation ensures that the variance is high for regions of sparse 
data.

The trained networks represent individual samples of the posterior, 
and from these we can compute the mean prediction and variance.
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Geophysical models

More accurate predictions

We can quantify 
when and where a 
model contributes 
to the ensemble 
prediction

Predictions are uncertainty 
aware. Uncertainty is high over 
the north pole because of lack 
of observations.
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Figure adapted from Pearce  et al. Uncertainty 
in neural networks: Bayesian ensembling 
(2020)


