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Goal: generative ML for CORDEX data
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Goal: generative ML for CORDEX data

Low-res. GCM input High-res. RCM output
! EI —. -I" RCM
M
=

Generative ML model

* easy & fast
training

» flexible

* novel loss
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Goal: generative ML for CORDEX data

Low-res. GCM input High-res. RCM output

RCM

Generative ML model

Data
e 8 GCM-RCM pairs from EURO-CORDEX
e Daily data for years 1971-2099 (RCP 8.5)
* Tas & pr
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Goal: generative ML for CORDEX data

Low-res. GCM input High-res. RCM output

RCM

@ Sea level
pressure

Generative ML model
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ML model: loss function & architecture

Loss=E[||Y = Y|[] %(C\ff{x:)
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ML model: loss function & architecture

KCM:

A 1 NN
Loss=E[IlY 7[[] -5 E[I7—¥"|

Prediction

arror Variability
Energy Score
(multivariate CRPS) % ¥ ORYY MW
vyt ¥
~ Q(YIX)
ML - mod

Theorem:
ES is minimal iff P = Q.

References: Gneitning 2007,
Pacchiardi 2022
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ML model: loss function & architecture

- 1 . Architecture
Loss=E[|lY =7|l] — 5 E[[I¥~ ]

Prediction Outputs

error Variability

inputs

Energy Score
(multivariate CRPS)

Output

Input Hidden Layer

Theorem: Layer Layer
ES is minimal iff P = Q.

https://www.geeksforgeeks.org/multi-layer-perceptron-learning-in-tensorflow/
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Direct prediction overfits

Low-res. GCM input

Problem:
—- .-.' Overfitting

Generative ML model
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2-step approach alleviates overfitting

Coarsened RCM

1z

ML model
“super-resolution”
| -
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2-step approach alleviates overfitting

Low-res. GCM input Coarsened RCM

N o

pgm mm ML model |

7,2'~Q(z]X)

ML model Il
“super-resolution”
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2-step approach alleviates overfitting

Low-res. GCM input Coarsened RCM
low-dimensional

2 -

7,2'~Q(z]X)

High-dimensional,
but data almost i.d.
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Result: Super-resolution (pr)

Coarsened
RCM

Samplel
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Results: GCM - RCM (pr)

Samplel

Sample2
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Evaluation metrics

Metrics

 Rank histograms

Rank

Flat: Correct variability
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Evaluation metrics

Metrics

 Rank histograms
RH pr, spatial mean RH pr, spatial max
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Rank

Flat: Correct variability Underestimation
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Evaluation metrics and benchmarks

Target sample Train data
NCEIER Benchmarks
neighbours
<+—> * Analogues

l
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Evaluation metrics and benchmarks (pr)

Method Energy | Pointwise | CRPS after
score CRPS max-pooling

Analogues 535 2.36 5.9
Our 433 1.90 4.8
model
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Evaluation metrics and benchmarks (pr)

Method Energy | Pointwise | CRPS after
score CRPS max-pooling

Linear 1.92 14.2
model +

Easy UQ

Analogues 535 2.36 5.9
Our 433 1.90 4.8
model
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Evaluation metrics and benchmarks (pr)

©

We outperform
the benchmarks

Method Energy | Pointwise | CRPS after
score CRPS max-pooling

Linear 1.92 14.2

e (almost) everywhere
Easy UQ else
Analogues 535 2.36 5.9

Our 433 1.90 4.8

model High quantiles for

precipiation slightly
underestimated
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Work in progress: multivariate extension

Coarsened RCM
(multivariate)

M GCM (multivariate)

ML model (tas)

$LTR
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ML model (pr)
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Take Home Messages

1. Generative models with scoring rules are an easy-to-use and flexible tool.

2. Open questions, e.g. heavy precipitation, multivariate extension, bias correction.

3. Current results for downscaling seem promising.
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Results: GCM - RCM (tas)

RCM

Samplel

Sample2
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Evaluation metrics

Metrics
Flat:
e Rank histograms Correct Varlablllty
RH pr, spatial mean RH pr, spatial max RH tas, spatial mean
Maybritt Schillinger Generative ML for Downscaling

Rank

RH tas, spatial max
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Work in progress: bias correction

Dimension reduction

Bias-correction to
observational data

Z (latent space)
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Evaluation metrics and benchmarks

Metrics

Benchmarks
* Rank histograms e Linear Model
* Energy score  Linear Model
* Quantiles + EasyUQ
* Spatial structure * Analogues

 Location of maximal value
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