Machine learning for
modeling and understanding
the Earth system
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2 weeks ago ...

REUTE RS" World «» Business ~» Markets » Sustainability «~ Legal ~~ Breakingviews Technology~ Im

Environment

World breaks hottest-day record for third

time this week, U.S. agency says «<NEWS|[EARTH'S HOTTEST DAYS

JULY3 JULY_S 2023 _

By Jake Spring

July 7, 2023 5:15 PM CMT+2 - Updated 18 days age |\ u J ‘\ Aa J |\ <: J

THREE DAYS IN A ROW _
TYING/BREAKING HEAT RECORDS

Climate Reanalyzrer/Climate Chang




Last week ...

€he New Jork Times

Extreme Heat U.S. Forecast  Europe Forecast  Global Heat Tracker  U.S. Weather by the Numbers.

Extreme Heat
Phoenix Breaks Record With 19
Consecutive Days 110 Degrees or

Higher

Much of the Northern Hemisphere is experiencing withering high
temperatures, which scientists warn are increasingly likely.

Published July 18, 2023 Updated July 20, 2023

PACIFIC NORTHW

JUNE 27-29, 2021

ST HEAT WAVE

e Virtually impossible withoul .
« Made at least 150x more likely by climate change

e 1in 1000 year event in current climate

¢ By 2040, heat waves will be a once per decade event

| WWA REPORT:

NORTH AMERICAN HEAT WAVE IS A "1 N 1000 YEAR EVENT' | [



Yesterday ...
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This appeared today!

18:50 24 © © ® Sl

I‘Iatl.ll'e CommllnicatiOHS O @ theguardian.com/inte <

Explore content ~  About the journal ~  Publish withus ~ The 5
e  Guardia

nature » nature communications » articles » article News Opinion Sport Culture Lifestyle

World UK Climate crisis Environment Science

Article | Open Access | Published: 25 July 2023

Warning of a forthcoming collapse of the Atlantic
meridional overturning circulation

Headlines 26

Peter Ditlevsen -1 & Susanne Ditlevsen

Nature Communications 14, Article number: 4254 (2023) \ Cite this article

Observational SST trend over 1993-2021 (°C)

Climate crisis
Gulf stream could collapse as early as
2025, study suggests

2h ago

Italy
Storms kill four in north as
wildfires continue in south
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The planet as a hypercube ...

«play video 1»



All models are wrong, many are not even useful

Global warming projections f § Land carbon uptake projections
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The perfect storm

1. Massive data from Earth 2. High-resolution 3. Progress in machine
observation L cloud resolving models learning

Science:




Agenda for today

Part I: Introduction: why do we need ML?
Part II: ML for Earth sciences

Part lll: The challenges

Part IV: Physics-aware Machine Learning
Part V: Explainable Al

Part VI: Pragmatic causality



Part |
Why ML for the Earth sciences?



Al helps in...

o Al for prediction of essential climate variables

e Al for detection of extreme events

e Al for characterization of Earth status and health
o Al for attribution of causes of changes and anomalies
e Al to optimize resources

e Al to understand human role in the planet



Did you say ‘modeling & understanding’?

What?
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Part I
ML & DL for the Earth sciences



Why deep learning works, after all?

* DL are powerful machine learning models

* DL deals well with spatio-temporal-spectral multidimensional data
* DL can incorporate inductive priors by new losses & architectures
* DL is now a democratized, ready-to-use, commodity tool for users

* DL can be used for regression, classification, clustering, visualization

19



Deep learning for the Earth sciences works

PERSPECTIVE

Deep learning and process understanding

. .
for data-driven Earth system science
Markus Reichstein!2*, Gustau Camps-Valls®, Bjorn Stevens?, Martin Jung!, Joachim Denzler?5, Nuno Carvalhais'® & Prabhat” D EEP LEAR N I N G F u H
Machme learning approaches are increasingly used to extract patterns and insights fmm the ever-increasing stream of T H E E A RT H S C I E N C E S
data, but current may not be optimal when system i i by spatial or

context. Here, mther than amending classical machine learning, we argue that Ijmese contextual cues should be used as
part of deep learning (an appruach that is able to ﬂlractspalmﬂempoml features automatically) to gain further process
understanding of Earth system science problems, improving the predictive ability of seasonal forecasting and modelling
of long-range spatial connections across multiple timescales, for example. The next step will be a hybrid modelling A COMPREHENSIVE APPROACH TO REMOTE SENSING

s

approach, coupling physical process models with the versatility of data-driven machine learning.
CLIMATE SCIENCE AND GEOSCIENCES

htps://doi.org/10.1038/541586-019-0912-1

EDITED BY
GUSTAU CAMPS-VALLS * DEVIS TUIA
XIAO XIANG ZHU * MARKUS REICHSTEIN

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls, Tuia, Xiang, Reichstein. Wiley & Sons book, 2021

& GitHub https://github.com/DLAES/DLAES




Detect, localize, superresolve ...

~ @ Object classification and localization Pattern classification

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls, Tuia, Xiang, Reichstein.
Wiley & Sons book, 2021




Predict, anticipate, forecast ...

c Video prediction Short-term forecasting
xl xfﬂ
+ -
Time
:;1 P
Predict future visual
representation
R
#1X,,
_ d Language translation Dynamic time series modelling
Er beble 2 essen Real va pradicted humidity values
Decoder

Camps-Valls, Tuia, Xiang, Reichstein. £
Wiley & Sons book, 2021

Er lBeble zu
Reichstein, Camps-Valls et al, Nature, 2019 e ; ; w ;_ J
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Part |1.1
.. and we deploy them in the wild!



“A unified vegetation index for quantifying the
terrestrial biosphere”, Gustau Camps-Valls et al,
Science Advances, 2021 \

“Learning main drivers of crop progress and
failure in Europe with interpretable machine
learning”, Anna Mateo et al, International Journal of
Applied Earth Observation and Geoinformation, 2021
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“Learning Relevant Features of Optical Water
Types” Blix, K. and Ruescas,A. and Johnson, E. and
Camps-Valls, G. IEEE Geoscience and Remote Sensing
Letters, 2022 !

gin it
“Estimation of Oceanic Particulate Organic
Carhon with Machf'ne Learning” Sauzéde, R and
Johnson, ) Emmariuel and Claustre, H and Camps-Valls,
G and Ruescas, AB.1SPRS Annals of the

Photogrammetry, 2 :949--956, 2020 .—‘h\
)

“Predicting regional coastal sea !eve_'l"chﬁl_gés :
with machine-learning”, V Nieves, C. Radin & G.
Camps-Valls, Scientific Reports, 2021




[ TROPOMI NO?2 tropospheric column
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scientific reports

Explore content +~  About the journal ~  Publish withus

nature » scientific reports » articles » article

Article | Open Access | Published: 31 March 2021

Towards global flood mapping onboard low cost satellites
with machine learning

Gonzalo Mateo-Garcia [, Joshua Veitch-Michaelis, Lewis Smith, Silviu Vlad Oprea, Guy Schumann, Yarin

Gal, Atthm Gunes Baydin & Dietmar Backes

Scientific Reports 11, Article number: 7249 (2021) | Cite this article
13k Accesses | 31 Citations | 97 Altmetric | Metrics



nature

Explore content ~  About the journal ~  Publish with us

nature » articles » article

Article | Open Access | Published: 29 September 2021

Skilful precipitation nowcasting using deep generative
models of radar

Suman Ravuri, Karel Lenc, Matthew Willson, Dmitry Kangin, Remi Lam, Piotr Mirowski, Megan Fitzsimons,

Maria Athanassiadou, Sheleem Kashem, Sam Madge, Rachel Prudden, Amol Mandhane, Aidan Clark,

Andrew Brock, Karen Simonyan, Raia Hadsell, Niall Robinson, Ellen Clancy, Alberto Arribas & Shakir

Mohamed

Nature 597,672-677 (2021) | Cite this article




GraphCast: Learning skillful medium-range
global weather forecasting

Remi Lam !, Alvaro Sanchez-Gonzalez™-!, Matthew Willson"-!, Peter Wm:sberger*-l, Meire Fortunato -,
Alexander Pritzel™-!, Suman Ravuri!, Timo Ewalds!, Ferran Alet!, Zach Eaton-Rosen!, Weihua Hu!,
Alexander Merose”, Stephan Hu_vﬂ'z, George Holland', Jacklynn Stott', Oriol Tm}rﬂlsl, Shakir Mohamed'
and Peter Battaglia’

*equal contribution, ' DeepMind, *Google

a) Input weather state b) Predicting the next state

c) Rolling out a forecast

e) Processor

@) Simultaneous multi-mesh message-passing
e

G

10u: Initialization time 2018-01-29 00:00 UTC
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ISPRS Journal of Photogrammetry and Remote

; Sensing
ELSE\ [ER Volume 195, January 2023, Pages 1-13

Multi-spectral multi-image super-resolution of
Sentinel-2 with radiometric consistency losses
and its effect on building delineation %

Muhammed T. Razzak * © =, Gonzalo Mateo-Garcia b =, Gurvan Lecuyer © &=,

Luis Gémez-Chova ® =, Yarin Gal * =, Freddie Kalaitzis * o=
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DL for climate change mitigation

ROOFPEDIA

Automated Roof Mapping + Geospatial Roof Registry + Sustainable Roof Index

Contents lists available at ScienceDirect Landseape and

T sverwl Automated Classification Roofpedia Registry Roofpedia Indices

Landscape and Urban Planning Solar Roof Index

journal homepage: www.elsevier.com/locate/landurbple

Research Paper H J e = o S B urne
. Satellite Images & - Berlin

Roofpedia: Automatic mapping of green and solar roofs for an open '

roofscape registry and evaluation of urban sustainability

Abraham Noah Wu*", Filip Biljecki ™" -

* Department of Architecture, National University of Singapore, Singapore
® Department of Real Estate, National University of Singapore, Singapore

Convolutional Neural Network [T ) o LA .\nleruﬂivéMup

¥

HIGHLIGHTS GRAPHICAL ABSTRACT

« There is a lack of open data on urban
rooftop typology and current use of W o
1o0fs. ROOFPEDIA >

o A deep learning and GIS workflow to
map and quantify green and solar roofs.

* A generated dataset that covers 17 cit-
ies, scalable to include more locations.

o An index to benchmark the proliferation
of green and solar roofs in cities

GIS Processing

"Roofpedia: Automatic mapping of green and solar roofs for an open roofscape registry and evaluation of urban sustainability." 31
Wu, Abraham Noah, and Filip Biljecki. Landscape and Urban Planning 214 (2021): 104167.



DL for wealth, energy & activity analysis

Poverty Prediction with Public Landsat 7 Satellite
Imagery and Machine Learning

Anthony Perez
Department of Computer Science
Stanford University
Stanford, CA 94305
aperez80@stanford.edu

George Azzari
Department of Earth System Science
Stanford University
Stanford, CA - 94305

gazzariGstanford.edu

David Lobell
Department of Earth System Science
Stanford University
Stanford, CA - 94305
dlobell@stanford.edu

Christopher Yeh
Department of Computer Science
Stanford University
Stanford, CA 94305
chrisyeh@stanford.edu

Marshall Burke
Department of Earth System Science
Stanford University
Stanford, CA - 94305

mburke@stanford.edu

Stefano Ermon
Department of Computer Science
Stanford University
Stanford, CA - 94305
ermon@cs.stanford. edu

Model Mean Train 7> Mean Test 72 Aggregate Residual 2
Nightlights / GBT 0.63 0.66 1.0

VGG-F, RGB / ridge 0.71 0.64 0.69

VGG-F, 9 Band / ridge 0.68 0.63 0.70

ResNet-18, 9 Band / ridge  0.69 0.64 0.73

ResNet-34, 9 Band / ridge  0.70 0.65 0.74

Jean et al. [8] 0.53 0.54 0.76

"Poverty prediction with public Landsat 7 satellite imagery and
machine learning." Perez, Anthony, et al. arXiv:1711.03654 (2017).
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D I. fO r h e a Ith a n a Iys I S https://ispguv.users.earthengine.app/view/covid19-reproductive-meteo-estimation

Estimation of the effective reproductive number R of #COVID19 - Mozilla Firefox

& Estimation of the effect X [iag

nNDe®0e6e =

Cc @ © | @& https://ispguv.users.earthengine.app/view/covid19-reproductive-meteo-estimation

Earth Engine Apps Coatend Q_  Search places

v indFPeom

&« c @

healthmap.or/en/ -

Estimation of the effective reproductive
number R of #COVID19

+ Mapa  Sathit

BBk - Mar el Nord B

Date

B 931 aterts for Alerts from past week~ ——

o esimte e e ot
transmission of COVID-19 from environmental variables.
“The model implements the relation 011-0.0233'T
0.0133*RH, where T refers to air temperature and RHis.
‘the relative humidity [Wang et al, March 2020] (updated
el n Aot 2030 poper vrlon. e Arier show
e nden, AW v accounts o e dctesof
Unaizaon AW-RD0

12223242526 27 28 29
< nlw

Jun28,2020 Jump to date

Meteorologicaldata were extracted from the GLDAS 2.1
Global Land Data Assimilstion System dataset, which
ingests satelite and grounc-based observational data
products. Spatial resolutionis 0.25 arc degrees. The
predictive model uses ai temperature, available inthe.
(GLDAS dataset, and the relative humidity, which is
estimated from the specific humidty using the Clausius-
Clapeyron formula. For the mask ayer map the predictve.
‘model outputs is weighted times Urbanization (DU)
obtained from the GHSL: Global Human Settiement Layers.
forthelast year available 2016, and s simply simed to
mask out inhabitated areas, giving more weight o Rin

TROPOMI NO2 tropospheric column 1 : Pigh cencity e

A - Disclaimer
- June 2018 o o Tl Click on the map for a different location

- cf

o m 353 Vectorborne Alerts
Dengue (257), Zika virus (6),

» Plague (6), Tick-bome disease

(4), West Nile Virus (12), Eastern

‘s applcation was implemented on the Google Eartn
Engine by the ISP group, it:/isp ures The applcation
implements the model n [Wang et a 2020] (updated
version i Apri 3rd 2020), and is only aimed to allow users
0 assess the claims about meteorologicalmpact on
COVIDIS spread,and hopefully help modelers and experts
inthe fel o testthifhypothesis and modes. We are
‘aware of the challenge in modeling spread, in which many
canfounders are present. The presentation of hese maps.
and curves do notimply he expression of any opinion
whatsoever

References:

Mar Tirrena
Wang, Jingyuan and Tang, Ke and Feng, K and Ly,
Wieifeng, High Temperature and High Humidity Reduce the
Transmission of COVID-19 (March 9, 2020). Available at
RN: htps:/ssi com/abstract=3851767

i HealthMap s uesie eroecs

https://healthmap.org/en/ -



Part 11.2
some deep learning
for spatio-temporal data analysis



Spatio-temporal data: convolutional and recurrent networks

® Convolutional neural nets (CNN)

: hierarchical structure exploits spatial relations

® Long short-term memory (LSTM): recurrent network that accounts for memory/dynamics

Convolution Pooling  Flatten LSTM Dense / Output

Input

T” Input
CNN —
Mcldel AN
LSTM 8
Model = L

£ <

Dense 2 \ J

l foreach
Output time step

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls, Tuia, Xiang, Reichstein Wiley & Sons hook, 2021

F—E‘\_S feature volume X time steps

4

n 13—
||r‘~ \ )\ J
12 Y Y Y
101 for each for each for each
Ffilters  {jme step time step time step
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Multiscale & multisource wavelet neural networks

® Wavelet decomposition as a ‘saliency detector’ of interesting regions

® Divide-and-conquer strategies for detection

scitation

.org/journal

l/cha

Chaos ARTICLE

Forecasting of extreme flood events using

different satellite precipitation products and

wavelet-based machine learning methods

Cite as: Chaos 30, 063115 (2020); doi: 10.1062/5.0008195
Submitted: 19 March 2020 - Accepted: 14 May 2020 - @

Published Online: 2 June 2020

th

®

Pavan Kumar Yeditha,' 2 Venkatesh Kasi,' Maheswaran Rathinasamy,' and Ankit Agarwal”*

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls, Tuia, Xiang, Reichstein Wiley & Sons hook, 2021

gyt 227x227

l‘ el value=> Pre- trained network
My .
(a) J” - /‘/ = //',
_______ |I|| gl gl
Fine Tuning

(b) Input 227 X227
<Wavelet coefficient =
LLl LH  HL | HH

Original

A
NS
o0

QQ.-0000
Vo

L

dropout

< SALOTAED T >

< $3LI03318D ()00° [ >

nding

mdingy
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Forecasting and tracking as a video prediction task

® Many video prediction techniques from computer vision are widely applicable in extreme
event tracking and forecasting

c Video prediction Short-term forecasting
X

@ Methods: U-Net, ARCON, OLS, ...

37



Transformers and attention mechanisms

® Transformers capture multiscale and multisource data relations
@ Attention mechanisms rooted on visual neuroscience and natural language processing

‘ Transformer J Transformer ] Transformer J

/CI\IIN\/CllIN\/Cll\IN\

ke B

n I

l

TrackFormer: Multi-Object Tracking with Transformers, 2021



Fast and slow multisource neural networks

@ Networks to process speed-varying
processes

@ Different focused branches to fuse
multisource information

® Opportunities to model legacy effects &
persistence

Audiovisual SlowFast Networks for Video Recognition, 2020

& T
Slow pathway

Fast pathway

B.C
Faster pathway



Part 1.3
advances in kernel methods

- kernel indices

- feature extractors



1- Kernel (vegetation) indices

SCIENCE ADVANCES | RESEARCH ARTICLE

ENVIRONMENTAL STUDIES

A unified vegetation index for quantifying
the terrestrial biosphere

Gustau Camps-VaIIs'*, Manuel Campos-Tabernerz, Alvaro Moreno-Martinez"3, Sophia Walther",
Grégory Duveiller®, Alessandro Cescatti’>, Miguel D. Mahecha®’?, Jordi Mufioz-Mari',
Francisco Javier Garcia-Haro?, Luis Guanter®, Martin Jung", John A. Gamon'""’,

Markus Reichstein®, Steven W. Running®

Empirical vegetation indices derived from spectral reflectance data are widely used in remote sensing of the
biosphere, as they represent robust proxies for canopy structure, leaf pigment content, and, subsequently, plant
photosynthetic potential. Here, we generalize the broad family of commonly used vegetation indices by exploiting
all higher-order relations between the spectral channels involved. This results in a higher sensitivity to vegetation
biophysical and physiological parameters. The presented nonlinear generalization of the celebrated normalized
difference vegetation index (NDVI) consistently improves accuracy in monitoring key parameters, such as leaf
area index, gross primary productivity, and sun-induced chlorophyll fluorescence. Results suggest that the statis-
tical approach maximally exploits the spectral information and addresses long-standing problems in satellite Earth
Observation of the terrestrial biosphere. The nonlinear NDVI will allow more accurate measures of terrestrial carbon
source/sink dynamics and potentials for stabilizing atmospheric CO, and mitigating global climate change.



Vegetation indices

Why do
plants reflect
lots of infrared

light?
-

: They're really

lots of
infrared

g o absorbing red,
s , and blue, to
< convert into food.
"o nfrared is all

p that’s left over.

400 500 600 TOD 8OO 900
wavelength (nm)

Method Formulation P

Gl Rs72/Rss0 0.52 (0.09)
GVI (Res2-Rss3)/(Reg2+ Rss3) 0.66 (0.07)
Mace (R7s0-R710)/(Reso+ Reso) 0.20 (0.29)
MCARI [(R700-R670)-0.-2( R700-Rs50)]/ (Rroo/ Re70) | 0.35 (0.14)
MCARI2 1.2[2.5(Rgoo-Rs70)-1.3( Reoo-Rss0)] 0.71 (0.12)
mNDVI (Reoo-Rs80)/( Reoo+Rego-2Ra45) 0.77 (0.12)
mNDVlzgs | (Rzso-R7os)/(R7s0+Rro5-2Rass) 0.80 (0.07)
mSR705 | (R750-Raas)/(Rro5+ Raas) 0.72 (0.07)
MTCI (R754-R709)/(Rr09+ Reg1) 0.19 (0.26)
mTVI 1.2[1.2(Rs00-Rss0)-2.5( Re70-Rss0)]) 0.73 (0.07)
NDVI (Rs00-R670)/(Rsoo+Rs70) 0.77 (0.08)
NDVI2 (R750-R705)/(Res0+Rros) 0.81 (0.06)
NPCI (Reso-Ra30)/(Rego+Ra30) 0.72 (0.08)
NPQI (Ra15-Ra3s)/(Ra15+Ra3s) 0.61 (0.15)
OSAVI 1.16(Rgpo-Re70)/ (Rgoo+ Re70+0.16) 0.79 (0.09)
PRI (Rs31-Rs70)/(Rs31+Rs70) 0.77 (0.07)
PRI2 (Rs70-Rs39)/(Rs70+Rs39) 0.76 (0.07)
PSRI (Res0-Rs00)/R7s0 0.79 (0.08)
RDVI (Rsoo — Re70)/+/(Reoo + Re70) 0.76 (0.08)
SIPI ( Reoo-Raas )/ (Rsoo-Reso) 0.78 (0.08)
SPVI 0.4[3.7(Rs00-Rs70 )-1.2( R530-Re70)] 0.70 (0.08)
SR Rsoo/Reso 0.63 (0.12)
SR1 Rrso/Rrao 0.74 (0.07)
SR2 Rrsa/ Reoo 0.68 (0.09)
SR3 R750/R550 0.75 (007)
SR4 Rs72/ Rss0 0.76 (0.10)
SRPI Re30/Reso 0.76 (0.09)
TCARI 3[R700-Re70)-0-2(R700- Rss0 )(R700/Re7o)] | 0.53 (0.13)
VI 0.5[120R;50- Rss0)-200( Re70-Rss0)] 0.70 (0.10)
VOG Rzao/(Rr20 0.76 (0.06)
VOG2 (R734-R7a7)/(R715+Rr26) 0.72 (0.09)
NAOQC Area in [643, 795] 0.79 (0.09)




Normalized Difference Vegetation Index (NDVI)
Collected by MODIS on NASA's Terra Satellite

Imager
Data: MASA MODI
Source €



A simple observation ...

@ All indices try to linearize the problem with arbitrary, yet
sensible, transformations...

@ Why not accounting for all possible transformations
jointly?



Kernel methods to the rescue ...
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Kernel methods to the rescue ...
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k(a,b) =a'b k(a,b) = exp(—[la —b]*/(207))



Kernel methods to the rescue ...

O
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k(a,b) =a'b o(a) ~ {a,a®,a°,..}



Kernel NDVI

NDVI =

n—r

n-—+r



Kernel NDVI

kKNDVI =




Kernel NDVI




Kernel NDVI

2
KNDVI = tanh ( [ 2=
2072

k(n,r) :exp(— ””‘”'2) o= %(n +7)

202




Kernel NDVI

KNDVI = tanh(NDVI?)

k(n,r) ZeXp(— Hn_TH2> o = %(n + 7)

202



Accurate proxy to gross primary production

e FLUXNET: a sensor network of eddy covariances
o Upscaling CO2, energy and heat fluxes

R I :
- T »
S a1 T, ¥
— 3 - = Ty b




Accurate proxy to gross primary production

o Sensors allow estimating turbulent exchange of carbon dioxide (C02), latent and sensible heat,

C02 storage, net ecosystem exchange, energy balance, ...

Flux scale

Measuring the dynamic flow of chemicals between the atmosphere and '

Local/microclimate scale

Measuring small scale climate properties
o]
near the tower (e.g., barometric pressure)

Towers extend past the
top of the vegetation
canopy to allow sensors
to capture the full profile
of atmospheric
conditions. Typically,
there are 4-6 levels of
sensors on the tower.

ILLUSTRATION NOT TO SCALE

@ Gross primary
productivity

@ Terrestrial
ecosystem

@ respiration

@ Net ecosystem
exchange



Frequency

Accurate proxy to gross primary production

I | ! 1 I GPP
—m\\’f' = —m === — Biome| NDVI | NIRv |[KNDVI
—KNDVI| S - - C1|NF 0.59 0.65 | 0.62

C2|EBF | 037 | 045 | 045
C3|DBF | 061 | 079 | 0.82
calmMrF | 069 | 084 | 086 |
cslsH | 057 | 068 | 0.72
C6/SAV | 063 | 0.74 | 0.74
c7lGrRA | 061 | 071 | 0.72

1 I T T T
0 02 o4 06 o8 1 c8|CRO | 051 | 0.58 | 0.58

Correlation with GPP (weekly) ALL 0.59 0.68 0.68




2- ROCK-PCA: Rotated complex kernel PCA

¢

1@ 0Ck “001

e,li




e (ovariance C=X'X
e (ram G=XX"
e Diagonalization GV = AV

ol



PCA

e Find projections of maximum variance

o0 e Covariance Cy=9'®
"t t P e (ram K=®d'
t e [Diagonalization KA = AA

58



ROCK-PCA

e Complex: Map data to the complex domain with the Hilbert transform 1 /+oo

xp(t) = x(t) + jH(x(t)) zn(t) ==H(z(t) = —
e Nonlinear: Map the complex data into a higher dimensional kernel Hilbert space
GH :XHXH:G—I-jéh e Otxt Ky Z‘I)H(I)H = K+ 7K,

o Eigendecompose K to obtainV
e Extra Promax (oblique) rotation: B,, = RVH b, = b?/||b?||

Original data 1elized dat welized data ielized data

- f- - F

Original axis Ortho Oblique Rotated PC axis

10



SM decomposition

e Strong compression

e st: annual oscillation
- Boreal

- Equatorial

e 2nd: seasonal oscillation
- Boreal

- Croplands
e 3rd: intrannual trend, ENSO

60
30
0

-30

60

30 |

0

-30

60

30

0

-30

60

30

0

-30

-180 -120 -60 0 60

SMOS-BEC (Barcelona Expert Center) + June-2010 to June-2017 + 5 days temporal gap (with asc./desc avgd. orbits) + 25km res.

2013 2015 2017



SM decomposition

e Nonlinear cross-correlation uncovers
unreported SM-ENSO lags

O Dry pattern

25 |O Wet pattern
1O New wet patterr

© New dry pattern

0z

ENSD1.2 | ENSO3 | ENSO 3.4 | ENSO4
Lag [days] 60 30 25 5
Max Corr 056 0.68 0.66 08 -







Part 1.5
(aussianizing the Earth



Gaussianization

PDF estimation is the core of statistics, machine learning and info theory

ny p(x,y)log p(y|x) 32, p(x)log g(x) >, p(x) (dpgéX)

Z2Xy p(x, y)log p(ylx) >_, p(x)log q(x) [ p(x)log(p(x)/q(x))dx
> P(x) (dp ;Q ) > P(x)log p(x) >, p(x,y)log p(y[x) >°, p(x)log q(x)

5 p00 (P25 ) p(x)o(p(x) a(x))ex . p(x) 05 p(x

Opo(x)\*
S plx 1) ogpyle) £, px) 105 6(x) 3, o) ) )52, plx) o8 p(x

. 2
S plx 1) ogply1x) £ px) 105 0(x) X, () (P ), plx) o8 p(x

Dy P(x.y)log p(y\2><) > p(x)log q(x) [y p(x)log(p(x)/q(x))dx
et (22252

> _x P(x) log p(x)
)
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Gaussianization for PDF estimation

Why? Statistical independence of features is useful to ...
@ ... process dimensions independently, no dim curse
@ ... tackle the PDF estimation problem directly

@ ... and estimate multivariate I'T measures




Gaussianization

[e]e] lelejelelelelele]e]

Marginal (univariate) Gaussianization is easy!

Gaussianization in each dimension, \Uzk), can be decomposed into two consecutive
equalization transforms:

@ Marginal uniformization, U{k), based on the cdf of the marginal PDF

@ Gaussianization of a uniform variable, G(u), based on the inverse of the cdf of a
univariate Gaussian: W,y = G © U

(k)
(R
i k ! 1 k 1k
o= U = [ pi)
— 00
o
G (x) = / g(x]) dx!
—00
I
= oo "o %04 %0 %o / \\
0.002} J/ U[Zh ",’ 0 2 D_; / \

00 20 300 W00 300 0 05 1 = 05 1 -5 0, 5
- . i
i i u u



Gaussianization

[o]e]e] lojele]ele]ele]e]

Marginal Multivariate
Original Gaussianization Gaussianization




Gaussianization
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RBIG = Rotate and marginally Gaussianize

v/ An orthogonal transform does not affect Gaussianity
v/ Univariate Gaussianization is unique




Gaussianization
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Rotation-based Iterative Gaussianization (RBIG)

Definition
Given a D-dimensional random variable x(9) = [x;.....xp]" do




Gaussianization
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Rotation-based Iterative Gaussianization (RBIG)

Definition

Given a D-dimensional random variable x(9) = [x1....,xp]T do
Q . X(kJrl) = R(k)\ll(k)(x(k)) k = 1 RN K

Properties

\/ is invertible and differentiable

v/ is valid under any rotation transform (PCA, ICA, random!)
v/ converges! (negentropy and MI reduce in each iteration)

\/ is fast (only marginal Gaussianization and rotations needed)
\/ is a deep neural net! (normalizing flow)

X is relatively robust to high-dim spaces

X is a meaningless transform



Gaussianization
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The change-of-variables formula

Let x € RP be a r.v. with PDF py(x). Given some bijective, differentiable transform of
x into y using G : RP — RP y = G(x), the PDFs are related:

pu(x) = y(0() | 2

= py(9(x)) [VxG(x)|

where |VxG| is the determinant of the transform’s Jacobian matrix




Gaussianization
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RBIG for density estimation, py(x) = py(G(x)) |VxG(x)]

@ PDF of a multivariate Gaussian:

1

py(¥) = py(G(x)) o exp(=5(G(x) — uy) ' Z7HG(X) = py))

@ Jacobian is the product of Jacobians:
VG = ITr 1 Ry Vi W k)

D) 0 \
8x(k) ) i
oW ! | MWy  0G du
x(K) ¥ (k) — | :d ; @X_(k) — ou 8X,(k)
0 dlll(k) i i
\ 230 )
@ Invertible:




Gaussianization
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It works in arbitrary natural and remote sensing images

Image

Image PDF

RBIG

(0.34)

(0.0006)

=y
=) |
g/ >y
/(@) /
{ L‘tf/?

(0.59)

(0.0001)

1L 11
X~/

N /)
/)
—

N4

T




Synthesis
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Synthesis in low dimensions

Original data Gaussianized data Synthesized data
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Synthesis in moderate dimensions

FLUXNET: a network for micro-meteorological tower sites




Gaussianization Synthesis Anomalies Information Conclusions
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Synthesis in moderate dimensions

Towers extend past the

top of the vegetation
Flux scale canopy to allow sensors
“ | to capture the full profile
Measuring the dynamic flow of chemicals between the atmosphere and =AN of atmospheric

surface of the ecosystem (e.g., carbon dioxide, humidity, wind speed) conditions. Typically

there are 4-6 levels of
Local/microclimate scale sensors on the tower.

i ]
. ] 1

| NN

Measuring small scale climate properties

Vi )
¢ ! near the tower (e.g., barometric pressure)
R ;

A‘t _‘/\

1h *H
U“ .

X

e — : i
-
:

Sensors allow estimating turbulent exchange of carbon dioxide (CO;), latent and
sensible heat, CO, storage, net ecosystem exchange, energy balance,

| N

=AN ILLUSTRATION NOT TO SCALE




Synthesis
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Synthesis in moderate dimensions

MODIS sensor: 36 channels, 8-daily, 500 m




Synthesis in moderate dimensions

Synthesis
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Synthesis in moderate dimensions

real, n = 10* ME RMSE MAE R
LR -0.01 1.82 128 0.78
GPR +0.03 1.72 114 0.81
real+syn, n = 10° ME RMSE MAE R
LR -0.01 180 127 0.79
GPR -0.00 1.63 1.03 0.83




Anomalies
0

Anomaly and extreme detection

ARBIG(X) X PRBIlG(X)
RX KRX RBIG
da.tl:.'}c ¥ 4 i&kz{y’%\ 0.03 ?i’§ 8
- 5 NE,

. o -@:" & 0.025 3‘ ?
P a¥pe %g “\ 3 o <o ‘&5 { 6
Mt 1| M ] ‘w'g




Anomalies
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Anomaly and extreme detection

Cat-Island GT KRX (0.96) RBIG (0.99)  ROC

n !
—RI, AIC= 0.9
9 gg|-KRx AUC= 0.70
® " ]| =50, Auc= 0.70
. . & v ||=KDE AUC= 097 i
2067 -relG, Auc=099 | |
=z =HYBRID, AUC=0.99| |
204 .
o 5 08 08 8 P
& it o=
Lol 0.4 0.4 ~
0.2 02 0 T
10° 10’

False positive rate

GulfPort GT KRX (0.90) RBIG (0.95)  ROC

L= S | s TR IR B B | —RX, AUC= 050
- < oo - E KRX, AUC= 095
—SVDD, AUC= 083
—HDE, AUC=0.90
ABIG, AUC=085
—HYBAID, AUC= 095
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=
=
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Information
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RBIG framework allows to compute all IT measures

H(x,) H(x,)

O H(x)=H([x,,x]) @ T(x)=1(x;,%5)

8 X, 7 <8> T([x,¥])

Fig. 1: Conceptual scheme of information theoretic mea-
sures. x = [ry,x2] and y = [y1,y2]| are two-dimensional
random variables. Areas represent amounts of information,
and intersections represent shared information among the
corresponding variables and dimensions. Examples of en-
tropy, total correlation and mutual information are given.
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RBIG framework allows to compute all IT measures

@ Total Correlation (aka multi-information)

K D
TC=>Y" (D AN(0,1)) + > h(xg“)))
k=1

d=1
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RBIG framework allows to compute all IT measures

@ Total Correlation (aka multi-information)

K D
TC=Y" (D AN(0.1)) + > h(xg“))>
k=1

d=1
@ Multidimensional entropy (and negentropy):
D

H(x) =)  h(xq) — TC(x)

d=1
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RBIG framework allows to compute all IT measures

@ Total Correlation (aka multi-information)

K D
TC=Y" (D AN(0.1)) + > h(xg"))>
k=1

d=1
@ Multidimensional entropy (and negentropy):
D

H(x) =) h(xq) — TC(x)

d—1
© Kullback-Leibler divergence: Dy (x|ly) = TC(Gx(y))
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(o] Jelelelelelelelelelels]

RBIG framework allows to compute all IT measures

@ Total Correlation (aka multi-information)

K D
TC=Y" (D AN(0,1)) + > h(xg“))>
k=1

d=1

@ Multidimensional entropy (and negentropy):
D

H(x) =) h(xq) — TC(x)

d=1
© Kaullback-Leibler divergence: Dk (x|ly) = TC(Gx(y))
@ Conditional independence
I(x,y|]z) = H(x,z)+ H(y,z) — H(x.y,z) — H(z)
= TC(x,y,z) — TC(x,z) — TC(y, z)

with the null hypothesis distribution p(/(x, r(y)|z))



Information
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But ... how to estimate total correlation?

1: Given data x(9 =[xq,...,xp]" € RP
2: Learn the sequence of Gaussianization transforms y = G(x)
3: Compute the cumulative reduction in mutual information

K D
TC=Y" (D AN(0.1)) + Y h(xg“)))
k=1 d=1
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Total Correlation

TABLE 1: Relative mean absolute errors in percentage for TABLE 2: Relative mean absolute errors in percentage for
total correlation estimation on known PDFs. Best value in  entropy estimation on known PDFs. Best value in dark gray,

dark gray, second best value in bright gray. second best value in bright gray.
D. | RBIG | kNN | KDP F ME | E
— s = 1555 “*p ;5 5 gs D, | RBIG | kNN | KDP | expF | vME | Ens
2 : ' ' ' ' = 3 15 25 1592 35 98
7 10 | 3.1 31.2 >100 339 | 449 g
2 3 10 | 3.1 312 | >100 33.9 | 449
5 50 1.3 32.7 >100 >100 | 38.7 2
3 5 50 | 1.3 327 | >100 >100 | 38.7
O 100 | 0.8 310 | 89.9 94.2 34.9 8
—— T 50 So—T540 100 | 0.8 310 | 899 942 | 349
= : ’ ' : 3 47 1272 | 372 | 3.6 22.7
g 10 2720 | >100 | 11.00 | 24.20 | 38.70 g5 10 452 | 2633 Imozomml 45 2.0
S 50 S1.10 1 >100 |715.10 | >100 | 59.40 g 50 460 | 1402 | 142 | 876 | 53.1
- 3 13.55 >100 94.03 >100 66.59 3 0.62 357 11.5 3.25 211
|10 1673 | >100 | 67.32 | >100 @ |10 1382 | 159 | 529 | 1.80
~ | 50 >100 | 29.44 | >100 | 24.65 i 50 198.7 | 2243 | 175.4 | 6.96
100 17.41 >100 21.12 | >100 28.63 100 2373 | 2534 | 1649 | 13.59
3 5276 [ >100 | 89.74 | 8185 | 133.12 3 740 | 350 124 [ 2.00
= ‘Irl‘ 10 19.74 | >100 | 49.60 | >100 =110 96.2 | 5.63 | 59.23 | 1.23
g L | 50 16.87 | >100 | 20.29 | >100 | 32.14 5 i 50 1475 | 9.61 202.3 | 8.81
2 100 22.53 | >100 | 15.39 | >100 | 34.96 El 100 1877 | 114 194.9 | 16.2
2 213 >100 | >100 |JESISEN >100 | >100 S B 92 | 0.70 141 .76
10 11.86 | >100 | 10.51 | >100 | 19.93 |10 70.6 1.6 46.6
1 50 33.17 | >100 | 4.54 >100 | 52.62 1 s0 107.3 | 3.37 219.7 | 11.06
| 100 35.56 | >100 | 3.43 >100 | 49.46 21100 139.6 | 423 | 2142 | 19.24
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Total Correlation

256 264 272 280 288 296 304 312
Temperature [K]

a) b)
— train
0.81 —— test
(N]
<061
XeR* | L1 L2 3| Ye R?
—» N=20 — [N=10|—p| = |—» 0.4
sigmoid sigmoid N=3 .
0 25 50 75 100
epochs
c) d)
£
o 1.
g’ s 00
2 2 0.75 L1
Z2 3 — L2
; 50.50 — L3
= 1 —— train >
— test g 0.25
0 25 50 75 100 0 25 50 75 100
epochs epochs

Fig. 8: Learning in artificial neural networks from RBIG estimations of mutual information: evolution of I during the training
of an ANN. a) Configuration of the considered neural network. b) Error evolution. ¢) Evolution of I between the predicted
output and the actual data. d) Evolution of I per dimension between the output of each layer and the actual data.
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Information in high spatial resolution images

park  sparse  golf airplane beach river harbor tennis parking medium tanks dzme baseball mlers build freeway pass runway

BN Vi
« . -Nﬁ
ol TP RN

(c) Averaged convergence (d) Class-specific T'

I 1 1
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20 \/\ i

25 -

log (1)

=30+ -
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Information in terrestrial biosphere over time

Legend
California
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Information in terrestrial biosphere over time
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[ lele]

Conclusions

Take-home messages
v/ Simple, Fast, Versatile, Hyperparameter free
v/ Info bottleneck with multivariate measures
v/ Many applications possible, use it!
4 https://isp.uv.es/rbig.html
@ https://github.com/IPL-UV/rbig_jax
Future steps
@ Train all layers at the same time
@ Conditional Independence Test
@ Conditional Density Estimation
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Part Il
The challenges



Al promises to transform scientific discovery ...

nature

index

Artificial intelligence

Science:

A

TRANSFORMS
-, SCIENCE ..

ARTIFICIAL -
INTELLIGENCE

13



Deep learning challenges

e Do Models respect Physics Laws?
o What did the ML model learn?
e Do they get cause-effect relations?

Ehe New York Times

The End
of Science ¥y

OP-ED CONTRIBUTORS

Eight (No, Nine!)
| Problems With Big Data

By Gary Marcus and Ernest Davis

Can we open the black box of Al?

Artificial intelligence is everywhere. But before scientists trust it, they first need t

understand how machines learn.

Davide Castelvecchi

118



Microsoft Tay (and chatGPT too) learns biases

umrmu ﬂw; L
nayark joe can | st say that im (Fi ke

'ih:-h:ad o mest U hiumans are super
cool

Tury Tt 8 . ﬂ TayTwasts o (2

Yz | Recking hate feminists  EOeghtonus 33 Hitler was rght | hate
and thesy should all die and bum in el T jews

oS n| Sy

wiithHE wes chill
i & nice person’ | st hate everybody

gerry
i garaidmelior

"Tay" went from "humans are super cool to full nazi in <24 hrs
and I'm mat at all concerned about the future of Al
A 10.TE 12458 AM - Mar 24, 2018

C* 123K people are talking about this *

19



Automatic systems can be fooled with adversarial examples

+.007 x

“gibbon”

57.7% confidence 99.3% confidence

“panda”



DL suffers hallucinations (aka confabulations, delusions)

e (onfident response not justified by the training data

Building segmentation
- " v *

summarise this article https:/fwww.nytimes.com/2023/03/11 technology/chatgpt- prompts-
to-avoid-content-filters. htmil

The article discusses how ChatGPT, an Al language model, is being used to circumvent
content filters that are designed to detect and block certain types of content. By generating
prompts that are less likely to trigger these filters, ChatGPT can be used to create content
that might otherwise be censored. While this technology could be useful for those seeking
to express themselves freely, it alse raises concerns about the potential misuse of Al
generated content, as well as the difficulty of regulating such content in the future. The
article concludes by noting that there is still much to learn about the impact of Al language

models like ChatGPT an the way we communicate online,

Predicted



Current Al doesn’t get context, composition and meaning

122




Current Al doesn’t get semantics ...

123




Al doesn’t understand physics and causality!

Seagull caused damage




JIWERE /g,

\\:\x\llaf,/

~/ligh\=

AT THE END
% of The
TUNNEL



Deep learning challenges

e Do Models respect Physics Laws? Physics-aware machine learning
o What did the ML model learn? Explainable Al
o Do they get cause-effect relations? Causal inference & discovery

Ehe New York Times

The End
of Science ¥y

OP-ED CONTRIBUTORS

Elght (NO, NlﬂE!) Can we open the black box of Al?
. PrObI ems Wltl-l Blg Dat a jrl;t;f:r:;atlainn;edlti)ijvenml:; :: ::Serlzva\:l::re. But before scientists trust it, they first need t

By Gary Marcus and Ernest Davis Davide Castelvecchi

126



Part IV
Physics-aware machine learning



Physics-aware™ machine learning

FX.5; +v9e=0) =y

* aka physics-guided, physics-informed, physics-constrained, science-guided, ...



The truth is that...

“Models without data are fantasy.
Data without modes are chaos.”

Patrick Crill,
Stockivalrm
Umiversity, quoted im
Science, 2074, imv
“Nfethame am the rise
againy”. ol 343, pp.
493495

- St e,
e = T ™

At AGU 2017, New Orleans, USA



A simple taxonomy

-

“Living in the Physics - Machine Learning Interplay for Earth Observation” 130
Camps-Valls et al. AAAI Fall Series 2020 Symposium on Physics-guided Al for Accelerating Scientific Discovery, 2020. arxiv.org/abs/2010.09031



A- Constrained optimization

o ML minimizing model errors & violations of the physical laws

PhysLoss = Cost(y, 9) + A1llw|[3 + vQ(7, )
Q(y, ®) = sum of physical violations of g

1000
—
«|
= 999
—
H =
= 998 =
Nk 8
ey
Z 997
o]
a
996
-10 0 4 10 15 20 25 30 .
Temperature (in °C) Density

“Theory-guided Data Science”, Karpatne, A. et al. |EEE Trans. Know. Data Eng., 2017. 131



A- Fair optimization

e ML minimizing errors & predictions independent of sensitive factors
FairLoss = Cost(y,9) + M||w|]5 + vI(9, s)

e Independence measured with HSIC
I := HSIC(Y, M, Pys) = [[Cyslliis

e (losed form solution with kernels
A= (K+ M+ %f(f{s)_lY

® Prnhahilistie internretation with GPs:
f~GP(0,k(,-) — kx.(KHLH + 6 ') '"HLHkx.)

“Fair Kernel Learning” Perez, Laparra, Gomez,
Camps-Valls, G. ECML, 2017.

“Consistent Regression of Biophysical
Parameters with Kernel Methods” Diaz, Peréz-
Suay, Laparra, Gamps-Valls, IGARSS 2018

“Physics-aware Nonparametric Regression
Models for Earth Data Analysis”. Cortés &
Camps-Valls. Environmental Research Letters,, 2022

“Kernel Dependence Regularizers and
Gaussian Processes with application to
Algorithmic Fairness” Zhu Li, Perez-Suay, Camﬂ32
Valls and Sejdinovic, Pattern Rec. 2022



A- Fair optimization

T anomalies (C)

e ML minimizing errors & predictions independent of human factors
FairLoss = Cost(y,9) + M||w|]5 + vI(9, s)

4500

HSIC vs RMSE

10

4000 -

oz 3500

= Oc 3000 -

2000

1500

1000 -

500

0
Time (yn) 0.6 0.65 0.7 0.75

RMSE AA GHG Oz LU Oc Sl Vi

“Fair Kernel Learning” Perez, Laparra, Gomez, Gamps-Valls, G. ECML, 2017.
“Consistent Regression of Biophysical Parameters with Kernel Methods” Diaz, Peréz-Suay, Laparra, Camps-Valls, IGARSS 2018
“Kernel Dependence Regularizers and Gaussian Processes with application to Aleorithmic Fairness” Zhu Li, Perez-Suay, Camps-Valls and Sejdinovic, , Pattern Rec. 2022
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A- Blending observations and simulations for extrapolation

o |et ML talk to physical models for extrapolation

JointLoss = Cost(y,§) + A1|w|3 + v(g,®)  Setup

Q(" @) = Cost ( -~ ) @ EI{IVIES prOjeCt: 3 rice Sites, 85% European prOdUCtion
Y, = LOSUs\Ys, Us
@ Landsat 8 + in situ measurements + PROSAIL simulations

[IGP 95% CI ° : 70 -
Eersswail In situ LAl measurements: r = 70-300 (3 countries, 2 years)
@ Train @ Simulations: s = 2000 (Landsat 8 spectra and LAl)
—Test
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“Physics-aware Gaussian processes in remote sensing” Camps-Valls, G. et al. Applied Soft Computing, 2018.



A- Convolution processes & encoding ODEs

e Encode ODEs governing the system + Learn
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latent forces driving it
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A- Convolution processes & encoding ODEs

o |FM-GP learns to estimate SM from uneven sampled time series ...
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A- Convolution processes & encoding ODEs

e .. and also learns driving forces, and one resembles precipitation
o . plus the time-decay constant of the ODE!
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de

pri KH(c)p — Dc+u (3a)
A- Hybrid neural networks
C
r de/dt
Q) -
<, P
Available online at www.sciencedirect.com
Computers W)
BOIENGE@BIHEOT' & Chemical
Engineering Fig. 1. General hybrid model structure for stirred tank bioreactors.
C s and Chemical Engineering B8 (2004) 785-766
orpuers and Chemicesl Fneineering www.elsevier.com/locate/compchemeng, 5
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Combining first principles modelling and artificial neural networks: S

a general framework

R. Oliveira*

REQUIMTE/CQFB, Centro de Quimica Fina e Biotecnologia, Faculdade de Ciéncias e Tecnologia, Universidade Nova de Lisboa,
P-2829-516 Caparica, Portugal

glucose (g/L)

% 04 4 .

.E 03 —— "measured” . T

Q| e hybrid model

8 o2

o

E o1

B (cy
0,0




A- Hybrid neural networks

PERSPECTIVE

https://doi.org/10.1038/541586-019-0912-1

Deep learning and process understanding
for data-driven Earth system science

Markus Reichstein'?#, Gustau Camps-Valls®, Bjorn Stevens®, Martin Jung', Joachim Denzler®*, Nuno Carvalhais"® & Prabhat’

Machine learning approaches are increasingly used to extract patterns and insights from the ever-increasing stream of
geospatial data, but current approaches may not be optimal when system behaviour is dominated by spatial or temporal
context. Here, rather than amending classical machine learning, we argue that these contextual cues should be used as
part of deep learning (an approach that is able to extract spatio-temporal features automatically) to gain further process
understanding of Earth system science problems, improving the predictive ability of seasonal forecasting and modelling
of long -range spatial connections across multiple timescales, for example. The next step will be a hybrid modelling
approach, coupling physical process models with the versatility of data-driven machine learning.

“Deep learning and process understanding for data-driven Earth System Science”, Reichstein, Camps-Valls et al. Nature, 2019. 140



A- Hybrid neural networks

e ML that learns laws of physics (e.g. model-data consistency, mass and energy conservation)

13 [ ” " 1 - 1 H Predicted fut
A: “Physisizing” a deep - B: A motion field is learned with a g temperature field

Incorporating Prior Scientific Knowledge”.
de Bezenac, Pajot, & Gallinari, arXiv:1711.07970 (2017).

learning architecture by ‘ — convolutional-deconvolutional net, 1
«— . . N -I— Physical odel
addmg one or several physica| ) arcos and the motion field is further ysicalwarping m
layers after the multilayer - processed with a physical model I g j Motion field
m
neural network i —
- “— mappingn+2
- U Convolutional-
" - (U deconvolutional
| Learned D neural network
* mapping 2...n + 1
k‘— Leamed [
« - - mapping 1
Deep learning and process understanding “Deep Learning for Physical Processes: Input: past
for data-driven Earth System Science” - . . R temperature fields

Reichstein, Camps-Valls et al. Nature, 2019.



B- Emulating complex codes

e GP Emulation = Uncertainty quantification/propagation + Sensitivity analysis + Speed
/A gy

MODTRAN (2000 samples; 20PCA)

Total S1 (%]
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Verrelst,

Camps-Valls et al Remote Sensing of Environment, 2016
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2.3-24.5 s/pix 0.1-1.3 ms/pix
0% RMSE = 0.1 -5%

Vicent and Camps-Valls, IEEE Journal Sel. Topics Rem. Sens, Apps. 2018


https://www.mdpi.com/2072-4292/8/8/673
https://ieeexplore.ieee.org/document/8510901

C- Parametrizations with variational inference

forward problem

S
A Y

~

~
-~ -

inverse problem
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C- Parametrizations with variational autoencoders

e AnRTM is a deterministic model mapping
parameters (‘causes’,c) to radiances (‘effects’,
)

e Assume a Gaussian prior P(c) = NV(ug, o)

o The evidence/marginal likelihood is hard to
integrate w/ RTM inside the Gaussian mean!

P(E|c) = N(E|RTM(c), ol)
e VAL is orders of magnitude faster than MCMC,

but problems with multimodal distributions

“Variational inference over radiative transfer model for hiophysical parameter retrieval”

D. Svendsen, L. Martino, V. Laparra, G. Camps-Valls, Machine Learning, 2021
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D- Discover ODEs from data

. . ~——— Subtropical
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“Discovering governing equations from data by sparse identification of nonlinear dynamical systems” Brunton, Proctor, Kutz, PNAS 2016
“Discovering Differential Equations from Earth Observation Data” Adsuara, ).E.; Camps-Valls, G.; Reichstein, M. and Mahecha, M. IGARSS 2020 146



Part V
XAl: Towards transparent models



Methods
CAM with global average pooling !{-1 . H
+ Grad-CAM E generalizes CAM, utilizing gradient

- [ I
A taxo n 0 m + Guided Grad-CAM and Feature Occlusion |67 E]
+ Respond CAM
+ Multi-layer CA
LRP (Layer-wise Relevance Propagation)
el :ﬂ

— — — + Image classifications. PASCAL VOC 201
+ Audio classification. AudioMNIST
+ LRP on DeepLight. fMRI data from Human Connectome Project .
+ LRP on CNN and on BoWi{bag of words)/SWVM
+ LRP on compressed domain action recognition algorithm
+ LRP on video deep learning, selective relevance merhnd

+ BIiLRP
DeepLI
Prediction Difference Analysis

Slot Activation Vectors
PRM (Peak Response Mapping)

" LIME (Local Interpretable Model-agnostic Explanations) |14 .] """"""""""""""""""""""""""""""""""
+ MUSE with LIME

+ Guidelinebased Additive e}{lanalion optimizes complexity, similar to LIME

# Also listed elsewhere: . 168]. ] 193

+ Direct output labels. Training NN via multiple instance learning
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Others. Also listed clsewhere -
+ Image corruption and testing Region of Interest statistically Others
+ Attention map with autofocus convolutional layer ml
DeconvNet [[71
Inverting representation with natural image prior
« R . Inversion using CNN [73]
A Survey on Explainable Artificial Guided backpropagation |74].
H . H Activation maximization/optimization [3
Intelllgence(XAI]. towards Medical + Activation maximization on DBN ( Belief Network)
XAI”, Tjoa 2019 + Activation maximization, multifaceted feature visualization
Visualization via regularized optimization

“Advancing Deep Learning For Earth Semantic dictionary [38]
Sciences: From Hybrid Modeling To Decision troes

Inversion

[eusts

Optimization

Propositional logic, rule-based
Interpretability”, Camps-Valls, G. and poree decision list (B3]
Reichstein, M. and Zhu, Z. and Tuia, D.
IEEE IGARSS (2020)

Sparse decision list

Decision sets. rule sets

Encoder-generator framework |85
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1: Sensitivity analysis
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“Remote Sensing Feature Selection by Kernel Dependence Estimation”, Camps-Valls, G. Mooij, JM. Schdlkopf, IEEE-GRSL, 2010.
“A guided hybrid genetic algorithm for feature selection with expensive cost functions”, M. Jung, J. Zscheischler, Procedia, 2013. 149
“Kernel methods and their derivatives: Concept and perspectives for the Earth system sciences” Johnson, JE, Laparra, V, Perez, A, Mahecha, M., Camps-Valls, G. PLOS ONE 2020



Detect, anticipate, understand climate extremes

«play video 2»



1: Sensitivity analysis

fi: Surface moisture f3: Root moisture f3: GPP fa: Transpiration
- 1 - " - " Motion
E . E s E , E - Latent OUTPUT:
o o o o ENCODER Representation DECODER —Tt— ECVs Reconstruction
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Spatio-temporal drought detection: Russian heat wave in 2010
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“Spatio-Temporal Gaussianization Flows for Extreme Event Detection”. Miguel-Angel Fernandez-Torres and J. Emmanuel Johnson and Maria Piles and Gustau Camps-Valls
EGU General Assembly, Geophysical Research Abstracts, Online, 19-30 April 2021
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“Spatio-Temporal Gaussianization Flows for Extreme Event Detection”. Miguel-Angel Fernandez-Torres and ). Emmanuel Johnson and Maria Piles and Gustau Camps-Valls
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2: Model decomposition

e (Gaussian processes

1
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“Estimating and Understanding Crop Yields with Explainable Deep Learning in the Indian Wheat Belt”. Wolanin, Mateo-Garcia, Camps-Valls, Gomez-Chova, et al. Environmental Research Letters, 2020
“Crop Yield Estimation and Understanding with Gaussian Processes” Martinez-Ferrer, L, Piles, M. and Gamps-Valls, G. IEEE Geoscience and Remote Sensing Letters, 2020



Part VI
All is about (pragmatic) causality



Causal inference

151



orrelation is not causation, but then what’s causality?

e (orrelation is not causation!

Population (in 1,000's)

Population of Oldenburg, Germany, at Year's End
vs. Number of Storks Observed Each Year

>
I

¢

(=]
T

Correlation: you can be right for the wrong reasons!

(1930 - 1936)

=0.96

100

200
Number of Storks

300

Source: Statistics for Experimenters.

by Box, Hunter & Hunter

Storks Deliver Babies (p = 0.008)

KEYWORDS:
Teaching:
Carrefation;
Significance:
povalues.

Robert Matthews
Aston Universily, Birmingham,
cmail: rajm@compuserve.com

Iy statistically
s between stork

Whik storks may not deliver habies, unthinking
interpretation of correlation and p-values can
certainly deliver unreliable conclusions

+ INTRODUCTION #

] zioduetory savitn esibooks sutiely waen
of the dangers of confusing corrdation with

lation coefficient is indicative of (linear) association
itcannat be taken as a measure of causation. Such
warnings are typically accompanied by illustrative
examples, such as the correlation between the
reading skills of children and their shoe size, or the
appatent relationship between educational level
and unemployment (see e cedman et al. 1998)
However, such examples are often either Irm.lHy
explained via an obvious confounder (e in
the case of readin, .md «hoL £¢) OF are not
obviously  case: ociation (e

of a

cducational level may indecd be a1 leas pariy
responsible for time spent unemployed), In what
follows, 1 give an cxample based on genuine data
of an association which is dearly ludierous, but
which cannot be so casily dismissed as non-causal

via an obvious confounder,

My sta point is the familiar folk tale that
babics are delivered by storks. The origins of this
connection are believed to lie partly in the

association between storks and the concepl of

in the bird's

od as 4

sarch o embryonie lie in waler (Cooper 1992)

end lives on o this day. wilh neonate-

storks being a regular feature of gree
s

suspected links between diet and eancer risk), one
may well decide Lo carry out a correlational study
1o see if the number of storks in a country bears a
simple relationship to the number of human births
that country. Althor
statistically significant degree of correlation cannot
be laken to imply causation, its absence woukd
certinly constitute evidenee against 4 simple
ship. This possibility can quickly be

0o of arry corrdation between the nubsr
of storks and the number of live bin]
particular country, This I now proceed to dé.!

36 & Teacking Sunikcs Vol 22 Number 2 Sumnics 200



Common Cause Principle

o |[fXandY are statistically dependent, then there exists Z causally influencing both
e /screens X and Y from each other: X and Y become independent given Z
-- Reichenbach, 1956

pXY)
Zz p(x|z)p(y|z)p(2) p(x)p(y|x) P(X|Y)P(Y) 159



The rungs of inference ...

Counterfactuals
Imagining
Interventions What if | had done ... ?
Doing Why?
Associations What would I do ... ?
Seeing How?
What if I see ... ?

Deep learning world  Interaction world Scenarios world

160




Causal inference in Earth and climate sciences

e (Causality discovery learns cause and effects relations from data
o What for? Hypothesis testing, model-data comparison, causes of extreme impacts

| 0 A Tropical climate example B Arctic climate example

% EFAPA 2 pov
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C Ecology example

iy i‘u- - Uoplcal “nuo'srength Lk trengtn \
= |C relation | |Grang r causality |
@ @1@1 N

“Inferring causation from time series with perspectives in Earth system sciences”, Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm., 2019
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018
“CauseMe: An online system for henchmarking causal inference methods,” Muiioz-Mari, Mateo, Runge, Camps-Valls. In preparation (2019). CauseMe: http://causeme.uv.es

croplands ~ =
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Methods for causal discovery from data

a Granger causality b Nonlinear state-space methods

‘[mﬂ,\'

t—=3
S N\ RS !
nature : 10 @ @0

COMMUNICATIONS Ry s

vy @ ®© 0@
N
PERSPECTIVE Z,|1® ®© |0
OPEN .
. . . . . .
Inferring causation from time series in Earth system J .
sciences (X, X(t-d), X(t-2d)) (Y, Y(t-d), Y(t-2d))
Jakob Runge® 1'2, Sebastian Bathiany3'4, Erik Bollt®, Gustau Camps-VaIIss, . .
Dim Coumou’, Ethan Deyle?, Clark Glymour'®, Marlene Kretschmer?, C Causal network learning algorithms d Structural causal models
Miguel D. Mahecha® ", Jordi Mufioz-Mari®, Egbert H. van Nes?, Jonas Peters'?, . . . . . -
Rick Quax'3'4, Markus Reichstein'!, Marten Scheffer?, Bernhard Schélkopf's, Skeleton discovery phase Orientation phase Linear Non-Gaussian Additive Model
Peter Spirtes'®, George Sugihara®, Jie Sun® 5'€, Kun Zhang'® & _ _ _
Jakob Zscheischler @ 171819 p=0 p=1 p=2
-2 -1 ¢ =2 -1 ¢t (-2 -1 ¢ =2 -1 ¢t
IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING X . . . ' . . . . . . .
Causal Inference in Geoscience and Remote ° L ° * ° @ L ® i
. . Y
Sensing From Observational Data
Adridn Pérez-Suay™', Member, IEEE, and Gustau Camps-Valls™, Fellow, IEEE Z . . ._». . . . ._».
 Mtract—Bstablishing causal relations between random vari: - with societal, I and en I chall such I \ I I
ables from observational data is perhaps the most important limate ch: 121 [3]. Ther d for tool:
g I s e o ol e st e s nd sl e st . Mo, W/ ® eo_ex0 o @0 -0

andl the complex. interactions betneon the governing processes,  Machine leaming and signal processing play a crucal role in

“Inferring causation from time series with perspectives in Earth system sciences”, Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm., 2019
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018 163
“CauseMe: An online system for henchmarking causal inference methods,” Muiioz-Mari, Mateo, Runge, Camps-Valls. In preparation (2019). CauseMe: http://causeme.uv.es



1- Nonlinear Nonstationary Granger Causality (XKGC)

- s e T Y / Y\—1
{6 ® @ : Yig1 =a Xy +¢g apg = (K(X, X)) +¢; ) Y
' o | Y1 =bYi+b] X, +e ¥ br = (L([Ys, X4), [Y/, X1]) + el )1y,
.’ t+1 = 0y Yo + 0y Xy + & i = (L([Ye, Xe . [V, X{]) + 6,7 ) Ve
Z, Y|X Y X
: X 5Y &« Ve « Ve, | ] X =Y & Vyle)l] < Vyle, | ]
i - ENSO4 — SM
| 2] e Causality is sharper
K Kag™ than correlation
v o [ENSO4 “causes” SM
i) in very dry (Sahel)
AR and very wet
gy < (tropical rain forests)
i
‘DE_ -0,5_ 0,2 02 _GE’
' B Inferrmg causation from time series with perspectlves in Earth- system sciences”, Runge Bathiany, Bollt, Camps-Valls, et al. Nat Comm., 2019
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018 164

“Explicit Granger Causality in Kernel Hilbert Spaces” Diego Bueso, Maria Piles, Gustau Camps-Valls, Physical Review E 102 :062201, 2020



2- Robust Convergent Cross Mapping (RCCM)

e X-Y if you can recover manifold structure Y from manifold structure X

e RCCM: bootstrap resampling for robust estimation + IGCI correction for entropy asymmetry

e Results in carbon and water fluxes )

0.8

-

—

“Inferring causal relations from observational long-term carhon and water fluxes records” E. Diaz, G. Camps-Valls et al. Scientific Reports, 2022
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2- Robust Convergent Cross Mapping (RCCM)

e (ausality on (GPP, Tair, SM) \thigmeﬁsj

e (ausal maps capture common knowledge

e |ndry (water-limited) areas, GPP is
caused/driven by SM

e Temperature is mainly an effect in boreal
regions

e (PP affects SM in dry/savannas/shrubs,
possibly related through ET aih

e SMin boreal regions matches with a -
reduction in radiation and temperature \_)

@
=]

Latitude [deg]

- Soil Moisture

166
“Inferring causal relations from observational long-term carhon and water fluxes records” E. Diaz, G. Camps-Valls et al. Scientific Reports, 2022



3- PC with momentary conditional independence (PCMCI)

e Smart fast algorithm to test conditional independence and decide causal arrows

e Test correlation of residuals-cause in both directions

Partial correlation test of X 1L Y | Z:

1. Assuming linear model
X = £Px + ex
Y =28y + €y

2. Test correlation of residuals p(r*, r")

“Causal network reconstruction from time series” Runge, J. Chaos, 2018

Partial
Correlation

x W
;\Z/‘
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3- PC with momentary conditional independence (PCMCI)

e Smart fast algorithm to test conditional independence and decide causal arrows
e Test correlation of residuals-cause in both directions _
] ] ] Gaussian Process
Gaussian process + distance correlation test: Distance Correlation

1. Assuming nonlinear additive Gaussian

X *, Y
X = fx(Z) + ex \/ -.
Y = f(Z) + ey T W
e. ~ N(0,0%)
(2) ~ GP(0,k(2,2) X & v
2. Test independence of residuals with distance \ /

W (z A 168

correlation coefficient



3- PC with momentary conditional independence (PCMCI)

e — -~ =
A O\ N
0.80
L
. \ NV
= S o-— N
-
Model 2 Model 3 Model 4 . 1
. .
l, PCA Varimax 075 T il * T
.................. e B e o
. L]
- * ¥ L |
x '] L
0.70
L]
0.65
c o Common Indirect ¢, B [V 2 0 o g 9 3 T
o driver link o Q p g e = 7 o 7 x
: j PCMCI 2 3 § § § § © 3
: Causal fingerprinting 7, = = g o
' *—Time lag e 0 T
3 -
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“Gausal networks for climate model evaluation and constrained projections”. Nowack, Runge, Eyring, Haigh, Nature Comm, 2020



4- Structural causal models

e (ausality with two variables only!?

p(z,y) = p(y|z)p(z) = p(x|y)p(y).

e |dea: Cause should be independent of the generating mechanism

0.2f

0.15f

=

0.1f

0.05}

p(y)

ok : i ; i
0 0.2 04 0.6 0.3
I

1
Mitrovic et al, 2018; Perez & Camps-Valls, TGARS, 2019a; ASOC, 2018 (=) 170




4- Structural causal models - example

o Step 1: fit a forward and an inverse nonlinear regression

p=-0.95624, HSIC=0.04585

15

—

Temperature

p=-0.95362, HSIC=0.04585

0 500 1000 1500 2000 2500 3000 %
Altitude
Mitrovic et al, 2018; Perez & GCamps-Valls, TGARS, 2019a; ASOC, 2018; Hoyer et al., NIPS 2008.

0

b
Temperature
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15
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4- Structural causal models - example

e Step 2: test independence between residuals and the assumed cause

p=0.002155, HSIC,=0.0018867 p=0.0073992, H3IC, _=0.0067435
300

200

=

Temperature residuals
®
®
]
Altttude residuals
|
8 o

15

1000 1500 2000 2500 3000 = 0
Altitude Temperature
Mitrovic et al, 2018; Perez & Camps-Valls, TGARS, 2019a; ASOC, 2018; Hoyer et al., NIPS 2008. 172



4- Structural causal models - example

p=0.0073992, H3IC, _=0.0067435

Altitude residuals
|
8 o

©®
o
>
o
i
o
S
2
o
11
o
E
2

15

1500 2000 2500
Altitude Temperature
Mitrovic et al, 2018; Perez & GCamps-Valls, TGARS, 2019a; ASOC, 2018; Hoyer et al., NIPS 2008.
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4- Structural causal models

e Excellent preliminary results in synthetic examples, model emulation, and RTMs

Mitrovic et al, 2018; Perez & Camps-Valls, TGARS, 2019a; ASOC, 2018; Hoyer et al., NIPS 2008.

id X ¥ Cause
pair0001 | Altitude Temperature Cor
pair0002 | Altitude Precipitation —
pair0003 | Longitude Temperature —
pair0004 | Altitude Sunshine hours o
pair0020 | Latitude Temperature —
pair0021 | Longitude Precipitation o
pair0042 | Day of the year Temperature o
pair0043 | Temperature at t Temperature at t+1 Cor
pair0044 | Pressure at t Pressure at t+1 —
pair0045 | Sea level pressure at t | Sea level pressure at t+1 | —
pair0046 | Relative humidity at t | Relative humidity at t+1 | —
pair0049 [ Ozone concentration | Temperature o
pair0050 | Ozone concentration | Temperature .
pair0051 | Ozone concentration | Temperature <
pair0072 | Sunspots Global mean temperature | —
114




4- Structural causal models

e Excellent preliminary results in synthetic examples, model emulation, and RTMs

1 . . —~ 0.8 :
e AUC = 0.68

Q@ 0.8 .-"'J ) 0.7+ IS D
o w—c |
0 0.6 e _'
= Q
:.u__a g 06 ................
804 : :
[0} _
= !
T 0.2 é i

Qb . .u_CS: 04

0 0.2 0.4 0.6 0.8 1 50 100 200 n500 10002000

False positive rate max

15
Mitrovic et al, 2018; Perez & Camps-Valls, TGARS, 2019a; ASOC, 2018; Hoyer et al., NIPS 2008. 1



5- Learning causal feature representations

X:I

Image credits: Jakob Runge, 2019

Varando, Fernandez, Camps-Valls, Learning Granger Causal Feature Representations, ICML 2021. 176



5- Learning causal feature representations
. ENSO changes patterns of essential variables like moisture, greenness & precip.
Goal: Learn causal impact teleconnections of ENSO on greenness

NDVI from MODIS in Africa, linear interp, anomalies
ENS03.4 index, focus on 2014-2017

2014-2017

i

1950 1960 1970 1980 1990 2000 2010 2020

The El Nino-Southern Oscillation

Varando, Fernandez, Camps-Valls, Learning Granger Causal Feature Representations, ICML 2021.



H- Learning causal feature representations

Reconstruction error |1x: — ¢(o(x))|[3

o1(x;)
(“b el (zz (:X:}) ¢

o1(xq)

encoder

y leKedss R IEF RN Thay §
[ B | | T

-----
e WE WSS B e u me we e me =5 mm

T

= Ixe—(0(x0)) 3-8 GCln(dr(x1.7), yrr|6(x1.7)
t—1



H- Learning causal feature representations

No Granger penalization (5 =0 Granger penalization 5 = 0.01

— ENSO — g — ENSO — ¢y

2014 2015 2016 2017 " 2014 2015 2016 2017

Varando, Fernandez, Camps-Valls, Learning Granger Causal Feature Representations, ICML 2021.



H- Learning causal feature representations

@ XAl - Neuron Integrated Gradients (NIG) over the Granger Autoencoder

@ Spatially-explicit and temporally resolved activation maps per biome

2014 2015

T Ty

— Bsv| |crd cvM |EBF| IGRAl losH [sav]| wsa
O. 2 i 3 ‘ ° .
S . 3 ' s
| 1- |
o)

O_

1-.

N [ ]
_2-. ' [ ]
E beta = 0 E| beta = 0.01

B =0







Causal Understanding of Disasters

Causality and “Natural” Disasters

ROBERT A. STALLINGS
Department of Sociology
University of Southern California
rstallin@usc.edu

Waorst Cases: Terror and Catastrophbe in the
Popular Imagination, by Lee Clarke.
Chicago, IL: University of Chicago Press,
2005. 200 pp. $22.50 cloth. ISBN: 0-226-
10859-7.

Heat Wave: A Social Autopsy of Disaster in
Chicago, by Eric Klinenberg. Chicago, IL:
University of Chicago Press, 2002, 320 pp.
$15.00 paper. ISBN: 0-226-44322-1.

The Vulnerability of Cities: Natural
Disasters and Social Resilience, by Mark
Pelling. Sterling, VA: Earthscan Publi-
cations, 2003. 156 pp. $111.57 cloth. ISBN:
1-85383-829-2.  $32.60 paper. ISBN: 1-
85383-830-0.

Acts of God: The Unnatural History of

Natural Disaster in America, by Ted
Steinberg. Oxford, UK: Oxford University
Press, 2003, 320 pp. $19.95 paper. ISBN: 0-
19-516545-4.

Perils of a Restless Planet: Scientific Per-
spectives on Natural Disasters, by Ernest
Zebrowski, Jr. Cambridge, UK: Cam-
bridge University Press, 1997. 320 pp.
$24.99 paper. ISBN: 0-521-65488-2.
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Understanding Disasters is about answering causal queries

® Causal inference: draw A Large-scale time series dataset B Causal discovery
conclusions about causal x 1 /S, meings (09
relations A HH9/

® Causal discovery: learn :
relations from data &
assumptions

® Cause-effect estimation:
quantify impacts of
interventions
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Learning drivers of displacement

. Drought = crop (s Internally displaced N

. ] persons
| failure = Conflict over scarce o i
| * Poor natural [EaOtNCES se:herslrefugees
resouree EiDEMnETIPhE + Economic migrants
management pressures in E
destination area

I Migration

nature
climate change

Comment | Published: 26 November 2019
Climate migration myths
Ingrid Boas =J, Carol Farbotko, [...] Mike Hulme

Nature Climate Change 9, 901-903(2019) | Cite this article
476 Accesses | 114 Altmetric | Metrics

Conflict
Climat a-induced degradation Climate-inducsd decing

x of frealwaiter acurces ﬂQ\ in food production - rotspot
Climat e-induced incroase Enwiranmenitally-induced . Main
In storm and flood disastens ! mgraticn BN tajectories

Fig. 11.1 A map of conflict and migration induced by environmental stressors (source:

German Advisory Council on Global Change WBGU (2007): Climate Change as a Security

Risk arrows added by UNU-EHS)
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Learning drivers of displacement

(a)
Drought IDP 1 Precipitation
/ ‘
2 Drought IDP
o R
Conflict IDP i 6 Fatalities
<7 Precipitation
A 3 2
dVAY
“ — , 7 Drought IDP
o | Prices 5
b TV TR
i .l . Water Price Fatalities
QoriOOIey Food Prices 4 Precipitation
—> Drought IDP
Prices

Lo ‘-;!!!ijf

2010 2012 2014 2016 2018 2020 2022 Fatalities

185
“Causal discovery of drought-induced human displacement drivers”, Tarraga, Piles, Sevillano, Mufioz, Ronco, Camps-Valls, et al. Submited, 2023



Learning drivers of displacement

Variable Source Spatial Resolution  Temporal Resolution
Mean Precipitation CHIRPS (Chris et al., 2015) 0,05 Daily
Median NDVI MODIS TERRA (Didan and Huete, 2015) | km Daily
Mean LST MODIS TERRA (Wan et al., 2015) | km Daily
Violent Conflict ACLED (Clionadh et al., 2010) Geolocated Event  Hourly
Local Market Prices FSNAU (FSNAU, 2021) District Monthly
Drought Displacement UNHCR PRMN (UNHCR Somalia ID) District Weekly
Somalia Districts UNDP (UNDP) District Static
Livelihood Zones FEWS NET (Fews Met) Sub-national Static
Food (a) spI
Prius. 4
! 2 Drought
IDP
4 2
1
6 4 4
Livestock 1 L
Prices 7 4
~

Water 1
6

“Causal discovery of drought-induced human displacement drivers”, Tarraga, Piles, Sevillano, Mufioz, Ronco, Camps-Valls, et al. Submited, 2023

. Fatalities
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Learning drivers of displacement

8000 — ¥ Actual
7000 —— ¥ Pred. RF causal vars
Y Pred. RF all vars
6000 Y Pred. Poisson causal vars
—— ¥ Pred. Poisson all vars

%i 5000
=
=4 4000
o
B 3000

2000

1000

Date
“Causal discovery of drought-induced human displacement drivers”, Tarraga, Piles, Sevillano, Mufioz, Ronco, Camps-Valls, et al. Submited, 2023
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Software suites for this ...

CAUSEME ™™

HEURIFS 2019 COMPETITION CAUSAL DISCOVERY HOW IT WoRKS HOW To CITE LINKS Lo SIEN UP TERMS

DoWhy library

XA N

L] N
v i Ml e

o
4 MJ’”} t-:'-?m
W it s

Domain
Knowledge

CAUSEME

A platform 1o benchmark 15al ¢ very methods
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Take-home message: fitting is not enough!

You can be right for the wrong reason
All models are wrong, some are useful
Al is not deep learning, dude

>> Give Physics, XAl and Causality a Chance




Take-home message: fitting is not enough!

Al is a paradigm shift
Excel in classification, (change) detection, parameter retri
Automate & understand processes

Challenges: interpretability + causal relations + physics consiste

Future: _
User-centric Al + trustworthiness + accountability \
Holistic & interdisciplinary education

“Towards a Collective Agenda on Al for Earth Science Data Analysis” ’
Tuia, Roscher, Wegner, Jacobs, Zhu, and Camps-Valls, G. IEEE Geoscience and Remote Sensing Magazine 2021, arxiv.org/abs/2104.05107

“Living in the Physics - Machine Learning Interplay for Earth Observation”
Camps-Valls et al. AAAI Fall Series 2020 Symposium on Physics-guided Al for Accelerating Scientific Discovery, 2020. arxiv.org/abs/2010.09031
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ISP at Universitat de Valencia
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ISP at Universitat de Valencia - Hiring!
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