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DINO: SPACE-TIME-CONTINUOUS FORECASTING FOURIERNET AND AMPLITUDE MODULATION DIVERSE EVALUATION SCENARIOS

INFERENCE -~ We modulated a Multiplicative o - Comparison to recent neural PDE forecasters [1, 2, 3,4, 5, 6] on planar (Wave, Navier-Stokes) and spherical (Shallow-Water) PDEs.
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TWO-STAGE TRAINING PROCESS trapolation.

Separate training of
model components:

MORE INFORMATION

FINER TIME RESOLUTION

1. Train (ENC)-(DEC):

Model In-t Out-t

I-DINO (linear) 3.459 x 10~ 5.598 x 10~
-DINo (quadratic) 2.165 x 104 4473 x 104
DINo (ODE solve) 2.151x104 4.388 x 10~

auto-decoding
auto-decoding

~ hypernetwork h;
> latent state {a; }+.

2. Train (DYN) on the
learned { a4 }4:

In-t Out-t

= dynamics f.
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