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CMIP6: CanESM5_p1, CanESM5 _p2,
MIROC-ES2L, MIROC6 & MPI-ESM1-2-LR
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Model by model (and point by point) standardization of

the inputs and outputs to account for different biases.
JJA Temperature at 7.5°E, 52.5°N
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Non-linear detrending using local polynomial regression

fitting (LOESS) to evaluate the skill of the cVAE beyond

predicting the force response.
JJA Temperature at 7.5°E, 52.5°N
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—=>» We train a conditional

Variational Autoencoder

(cVAE) with CMIP6

simulations to generate

probabilistic global
seasonal predictions.

Variational Autoencoders [T
summary 7 (VAESs) can be interpreted as a ~ o
probabilistic and non-linear S W
extension of classic g
dimensionality reduction s s s |
methods like PCA. 5 PCA | PCs |
Conditional VAEs (cVAEs) add 3
inputs (X and m [1]) to learn a e e |
conditional distribution and 3298 | e
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=> The performance of the

predictions obtained are

evaluated using ERAS
reanalysis as a
input/reference and
compared to the
ECMWFs dynamical
model SEASS

-> We disentangle the

performance of the cVAE

predicting the force
response vs climate
variability.
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VAEs efficient inference

Generating an entire hindcast
(72 years, 100 ensemble
members) at a 52 resolution

|_
> @ takes seconds in a single GPU

(similar times are achieved
using 4 GPUs at 12 resolution)

* Architecture
. A

oer se. Thus, the model
oroduces ensembles of
oredictions at a low
computational cost.
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Loss: Directly maximizing the likelihood of the target
variable is intractable. Hence, we minimize an
adaptation of the InfoVAE objective [2] based on the
evidence lower bound (ELBO) [3]:

L = E..q,[log Ps(Y|z, X, m)| | Dist. Divergences
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