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The ocean and global climate

The ocean, with its large heat capacity, has absorbed
of the heat gained by the planet between 1971 and 2010.
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The ocean and global climate: Atlantic

Greenland Atlantic Meridional Overturning

__/| Circulation (AMOC):

- Thermohaline

- Heat transport to Europe
- Atmospheric patterns

- Droughtin Europe

- Sealevel USA East coast
- Hurricanes
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Often assessed with bulk metric:
One number to describe complex currents
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The ocean and global climate: ENSO

The Global Impact of El Nifio

The Southwest and Camorma
ted

Europe is less "are affoc Gult states become
affected by El Nino, o cool and wet.
but weather patterns flooding and mudslides Flooding occurs
are abnormal Northern States and the

) Pacific Northwest become
In the Pacific Ocean warmer and drier than usual. In the Atlantic Ocean
stronger hurricanes occur Fisheries are disrupted fewer hurricanes occur

South Africa is

Elooding in Equador Southern Brazil, Argentina and
affected by drought e

Australia is affected by and Northern Peru Paraguay experience heavy rains
drought, forest fires and
crop failures

Indonesia and New Guinea In C"'le fisheries
are affected by drought and are disrupted
severe forest fires

Often assessed with bulk metric:
One number to describe complex phenomena

- Global climate mode

- Complex interplay of
circulation

- Profound ocean impact

(a) Neutral ENSO

(b) El Nifio phase Sanabria, 2018



Climate modelling

b @CMIP6

World Climate Research Programme

Coupled Model Intercomparison Project (CMIP)

Standard experiment framework
Comprehensive climate simulations
Allows direct comparison of models
Global participation

@ CMIP6 modelling center -t

Lots of data; hard to store+disseminate; hard to analyze

Models used here: IPSL-CM6-LR [1], ESM4 [2], etc.



Tracking Global Heating with Ocean Regimes (THOR)

ﬁ) Clustering ocean dynamical regimeﬂ

Full complexity
ocean model
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K-means clustering + AIC/BIC validation

B) Supervised learning using labeled
ocean dynamical regimes

With different inputs, training a classifier using labels from step A
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©) Tracking the effect of global Heating
on Ocean Regimes (THOR)
Predict ocean regimes of models with no access
to in-depth ocean data

{

Ne an Extract input Interpret
W oce data needed Run the trained inferred
model — . — .

for the classifier dynamical
classification from step B
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Tracking Global Heating with

Use to reduce Advection Wind and Bottom stress Lat. Visc.

s . N ) Advectiony 'd Botto LataViscy

Primitive equations dimensions and enhance 0=V (fU)-V x (pVH) +V x 7~V xA+V x B
C 2 NaLa)

Bottom Pressure Torque Non-linear Torque
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density
continuity
# Advection of temperature
Advection of salinity

Density as a function of S and T

Ocean model that follows

Arrive at 2D fields, representing
laws of physics

equation space

Huge number of 3D fields With clustering ask:
Are there patterns?

Sonnewald et al. 2019




Tracking Global Heating with

Use to reduce Advection

Wind and Bottom stress ~ Lat. Visc.
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Tracking Global Heating with

K-means+
strict statistical and
geoscientific criteria

Greenland

Map onto
climatically key
features

NOAA Artificial Intelligence Strategy



Global Heating with Ocean Regimes: B
B) Supervised learning using labeled
ocean dynamical regimes

With different inputs, training a classifier using labels from step A

Hidden layer  Hidden layer  Hidden layer
er* €r er®
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Engineer dataset Train Ensemble MLP
Input th informed: - nsemble of 50 MLPs: same

1. Wind stress architecture, different initialization
2. Seasurface height+grads - MLP: 4 layers, 24-24-16-16 neurons
3. Depth+grads - Keras-tuner for Hyperparameters
Labels: Dynamical regimes ( ) - Class prediction: Average softmax

probabilities of the Ensemble MLP



Global Heating with Ocean Regimes: B

Classification
Predict dynamical regimes
in unseen data

Mean of predictions is used to
find the most probable class

R ——
XAI method (ex: LRP) is used Explainability
for each MLP to obtain Attribute predictive skill
the mean of relevances to input features
_ ¢

Extract input data /
—>  needed by the
classifier

Ocean model
of interest

Sonnewald and Lguensat 2021 [3]



Global Heating with Ocean Regimes: B

Additive Feature Attribution: M. - B, w O O3 0~
(XAD ""lr\: e o Mo e o

LayerW|se Relevance Propagatlon (LRP)
Dynamical regime (horizontal) by input feature (vertical)
Relevance mean of ensemble LRP estimation
Pos/Neg regions
Avoid (D'’Amour et al., 2020)
Confidence in prediction « All climate simulation

Negative relevance o Positive relevance



Tracking with Ocean Regimes: C

s Circulation is known to weaken with
" climate change: Mechanisms?

Two example IPCC climate models:

- IPSL (Fr.) and GFDL-ESM (USA)

- Perturbation from ‘historical’
e - Moderate pace increase: 1% CO
s0 - Abruptincrease: 4xAbrupt CO

THOR reveals:

o - USA east coast current shift (Gulf
o Stream)
- Heat delivery not as far north
e (Trans Atlantic Current)
s0 - Areas of waters sinking shift
;‘! o - Strongerin IPSL
™ Wsy - 4xAbrupt CO, bigger change

M4 4xCO, o Model mechanism

intercomparison is facilitated



Tracking with Ocean Regimes:

Circulation is known to weaken with
climate change: Mechanisms?

Two example IPCC climate models:
- IPSL (Fr.) and GFDL-ESM (USA)
- Perturbation from ‘historical’
- Moderate pace increase: 1% CO
- Abruptincrease: 4xAbrupt CO

THOR reveals:

- USA east coast current shift Sl
(Gulf Stream)

- not as far north
(Trans Atlantic Current)

- Areas of dense water Bifiking shift

- Strongerin IPSL

- 4xAbrupt CO, bigger change

Model mechanism
intercomparison is facilitated




Tracking with Ocean Regimes: C

w  Change less clear:
© Mean state brings variability

NSV
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Tracking with Ocean Regimes: C
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Summary + open questions

THOR strives for transparency:

- 1: Has first step with equation transform and clustering
- 2: Engineers labeled dataset grounded in oceanographic theory and utility
- 3: Dataset allows an to be verified for

Climate analysis appropriate:

- THOR's theory conformance boosts confidence in out-of-sample application
- Avenue for CMIP6 data dissemination+analysis?
- for other analysis: Monsoon, marine biogeochemistry

open questions for the ML community: Zachary Lipton & @zacharylipton - Jun 17
It's hard to understate just how strange the state of “explainable Al" is today.
For nearly all “local explanation” techniques, the only people who
- XAl methods are sometimes understand them would never use them, and the only people who use them
unreliable (adversarial attacks, do ot understand them.
design choices..) O 2 n s Q s02 &

by other ML techniques, but need an Perhaps scariest, there's a negative feedback loop whereby people who

estimate of uncertainty too understand the state of the field tend not participate in it (nominally), and
thus confusion compounds.

Q1 a1 Q e &

- An Ensemble MLP can be replaced
é Zachary Lipton & @zacharylipton - Jun 17
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