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Key questions and motivations

1.  Can we make improvements by adapting the modelling setup
according to the state of the system? (Figure 1).
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2. Can we use ML to provide diagnostic information to drive adaptations? 2
3.  Local Lyapunov exponents (LLEs) measure dynamical instability over a
finite time interval, i.e. how quickly nearby trajectories separate or get
closer. They are too expensive to compute numerically during a
forecast run. -
4. Thus, can we use ML to estimate the LLEs from the system state? We
investigate this extensively in toy models.!
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Figure 5: Target values (left) and negative contributions to R? score for RT (middle) and CNN (right).
Figure 1: The non-intrusive paradigm for ML in NWP In error plots, darker points have larger error.
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ML algorithm Architecture - Similar patterns with most negative, neutral and [ P

RT
MLP  Multilayer perceptron

Regression Tree 1 tree per target LLE

1+ dense hidden layers, dense

d 5.)2
2 () = 9j)

most positive LLEs: most negative LLE is best
estimated.
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output layer R2 — 1 — J .
CNN  Convolutional neural network ~ 1D-convolution layer, max pool, d (yi = 7:)2 - Several ML algorithms tested: U-Net, ResNet-
flatten, 1+ dense layers 2 \Yj=Jj .
j=1 style CNN, gradient-boosted ensemble of | 0

LSTM Long short-term memory network 1+ LSTM layers, dense output layer

Table 1: ML algorithms used in Experiment 1

Equation 1: R? score measures
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