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Case Studies
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Key Take Aways

Challenges

Dry Cells Extreme Events Temporal Unrolling

Accuracy Scalability Training Inference Strength

Uncertain model generalization under rare
extremes.

Autoregressive rollout of single-step model
causes error growth over long lead times.

Numerical solvers produce NaNs in dry
cells, leading to spurious propagation in ML
training. Clear correlation:

Training data size 1 Hours x100 speed-up

Model performance 1

Hamburg: 95%
Jresund: 79%

Complex

geometries

1. Pre-training: Map NaN values to defaults Augment normal-condition (NC) testing with 1. Initial training: Single-step loss
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2. Fine-tuning: Multi-step loss

2. Post-training: Re-identify dry cells Grid search over rollout length reveals:

Optimal rollout = multiple of half tidal-cycle
Hamburg — 13h (13 steps)
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Hamburg: 90% Unclear correlation:
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