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The global weather from 20 October — 4 November 2012,
simulated by a cloud-resolving weather prediction model

Model: MPAS —Variable: Outgoing Longwave Radiation
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Black Box

INPUT OUTPUT

Input is converted
into output

2 Investopedia

Physics Informed Neural Network (PINN)
Layer-wise Relevance Propagation
Exaplainable Al (XAl)
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ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data
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Numerical Scheme

af .. fxo+ Ax) = f(xo0)
3-;(1?0) = Al;r_nm Ax ’
ﬂ(x)_ | f(x0) — f(x0 — Ax)

dx gt Ax—0 Ax ‘

af . fxo+ Ax) — f(xo — Ax)
E;(x(]) - AIJEO 2Ax '

See Dale R. Durran (1998): Numerical Methods for Wave Equations in Geophysical Fluid Dynamics



Shallow Water Quasi-Geostrophic Equations

D

5 L

where ¢ = (g/ fo)n, Lfi = gH/ foz, and the advective derivative is

= 3 +ug§ iy = e S y — + J(y, ). (5.67)

q=C+By—-"n=VyY+By— Sy (5.69)

is the shallow water quasi-geostrophic potential vorticity.



Mechanism of Rossby Waves

Fig. 5.4 The mechanism of a two-dimensional (x-y) Rossby wave. An initial distur-
bance displaces a material line at constant latitude (the straight horizontal line) to the
solid line marked n(t = 0). Conservation of potential vorticity, Sy + C, leads to the
production of relative vorticity, as shown for two parcels. The associated velocity field
(arrows on the circles) then advects the fluid parcels, and the material line evolves
into the dashed line. The phase of the wave has propagated westwards.
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In this section we derr how to fit the ples discussed in the text. We use the Python {} torch package, along with the pytorch_lightning package which provides utilities to simplify fitting and evaluating models. This code can be impressively fast with certain
special processors, such as Apple's new M1 chip. The package is well-structured, flexible, and will feel comfortable to Python {} users. A good companion is the site pytorch.orgjtutorials. Much of our code is adapted from there, as well as the pytorch_lightning documentation.
{The precise URLs at the time of writing are https://pytorch.orgjtutorials/beginnerjbasicsfintro.html and https://pytorch-lightning.readthedocs.iofen/latest/.}

We start with several standard imports that we have seen before.

import numpy as np, pandas as pd
from matplotlib.pyplot import subplots
from sklearn.linear_model import \
(LinearRegression,
LogisticRegression,
Lasso)
from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import KFold
from sklearn.pipeline import Pipeline
from ISLP import load_data
from ISLP.models import ModelSpec as MS
from sklearn.model_selection import \
(train_test_split,
GridSearchCV)

Torch-Specific Imports

There are a number of imports for torch . (These are not included with ISLP , so must be installed separately.) First we import the main library and essential tools used to specify sequentially-structured networks.

import torch

from torch import nn

from torch.optim impert RMSprop

from torch.utils.data import TensorDataset

There are several other helper packages for torch . For instance, the torchmetrics package has utilities to compute various metrics to evaluate performance when fitting a model. The torchinfo package provides a useful summary of the layers of a model. We use the
read_image() function when loading test images in Section~?77.

If you have not already installed the packages torchvision and torchinfo you can install them by running pip install torchinfo torchvision .We can now importfrom torchinfo .

from torchmetrics import (MeanAbsoluteError,
R2Score)
from torchinfo import summary

The package pytorch_lightning is a somewhat higher-level interface to torch that simplifies the specification and fitting of models by reducing the amount of boilerplate code needed (compared to using torch alone).

from pytorch_lightning import Trainer
from pyterch_lightning.loggers import CSVLogger

In order to reproduce results we use seed_everything() . We will also instruct torch to use deterministic algorithms where possible.

from pytorch_lightning import seed_everything
seed_everything(@, workers=True)
tarch_use deterministic alnarithme(Trua. warn anlv=Trus)

Python coding in jupyterlab
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Fig.1|Network training and inference strategies.a, 3DEST architecture.
Based onthe standard encoder-decoder design of vision transformers,

we adjusted the shifted-window mechanism' and applied an Earth-specific
positional bias. b, Hierarchical temporal aggregation. Once givenalead time,

we usedagreedyalgorithm to perform forecasting with as few steps as
possible. We use FM1, FM3, FM6 and FM24 to indicate the forecast models with
lead timesbeing1h,3h,6 hor24 h,respectively. A,is theinput weather state
and At denotes the predicted weather stateattime ¢ (in hours).
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