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Foreword
©0000

What drives Science and Scientists?

Majorly two values drive such inquiry:

® Epistemic values: The quest of Science and scientists in
expanding the knowledge about the unknown;

® Non-epistemic values: Societal demands that drive inquiry;

® Helps determining and delimiting questions that are relevant;
® Highlight ethical issues that needs attention on experiments;

@ lIdeally, it helps scientists to produce models that are fit to
practical societal needs [Elliott and McKaughan, 2014];
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Foreword
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Climate Change - 2.1T U$D in 40 years (?

Billion-dollar events to affect the United States from 1980 to 2021 (CPI-Adjusted)

Percent Percent of

Events  Events/Year e Total Costs TotalCosts  COSt/Event  CostiYear  Deaths  Deaths/Vear
Drought 29 0.7 9.0% 2011800 132% $10.08 $6.98 4,139 99t
a Flooding 36 0.9 11.1% 5168.4B‘€” 13% $4.78 $4.08 634 15
] Freeze 9 02 2.8% 333.75“:“ 1.5% $3.78 $0.88 162 4
B severe Storm 152 36 47.1% $344.88 () 15.7% $2.38 $8.2B 1,972 47
Tropical Cyclone 57 14 17.6% 51,157.15“:” 52.6% $20.38 $27.6B 6,708 160
Wildfire 20 0.5 6.2% $123.6B (:' ) 5.6% $6.28 $2.98 418 10
a Winter Storm 20 05 6.2% $81.08 | {“ 3.7% $4.1B $1.98B 1,314 31
B aupisasters 323 7.7 100.0%  $2,199.78(¢) 100.0% $6.88 $52.4B 15,347 365

TDeaths associated with drought are the result of heat waves. (Not all droughts are accompanied by extreme heat waves.)

Flooding events (river basin or urban flooding from exeessive rainfall) are separate from infand flood demage caused by tropical cyclone events

The confidence interval (Cl) probabilities (75%, 90% and 95%) represent the uncertainty associated with the disaster cost estimates. Monte Carlo simulations were used to
produce upper and lower bounds at these confidence levels (Smith and Matthews, 2015).

Source: [National Oceanic and Atmospheric Administration, 2022].
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Foreword
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Higher impact events are recent

1980-2021 United States Billion-Dollar Disaster Event Cost (CPI-Adjusted)
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Source: [National Oceanic and Atmospheric Administration, 2022].
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Foreword
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Climate Change and Non-epistemic values

Several questions can arise from societal demands:
® Is climate change caused by humans? Yes[Portner et al., 2022].

® If so, can we attribute who are causing such events? in which
magnitude?[Hulme et al., 2011] £

® When finding the agents of such process, do we have robust
scientific evidence to characterize legal liability?[Allen, 2003] £

® How to design sound and principled adaptation
plans?[O'Neill et al., 2017] £,

® How to plan for remediation for loss and
damage?[Amnesty International, 2021] 5
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ooooe

Climate Change: The need for explainability

¥ Research motivated solely by epistemic values may not need to
define attribution of cause, because of the formalisms used in
the experiments may be sufficient to advance that scientific
field;

® However, non-epistemic reseach that deals with losses and
demages assessments must account for the explainability of
events[Dorkenoo et al., 2022];

® In the following slides, we will see that:
Explainability = Reproducibility = Open*

® And due to this, it is heavily dependent on technological
advances
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Tech Advances
90000000000

In the beginning (1970's)...

Only visualization, with huge limitations on image processing

T

Scientists in 1972 viewing a Landsat enlargement on a special machine in the control center [Shurkin, 2012].
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Tech Advances
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Workstation Era (1990’

Examples of desktop software for RS (L to R, Up to Down): ER Mapper, ArcMap, Oasis Montaj, ENVI.
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Tech Advances
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Linux and Open Source Software

® Richard Stallman, lauched
the GNU Project (first Linux
distribution);

® He also pioneered: Open
Source Software; Free
Software; Copyleft;

¥ These contributions sparked
a large, global scientific OSS
community, which today
enables scientists all over the
world to do research with
more accessibility.
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Tech Advances
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Internet and the WWW

® Tim Berners-Lee, created the
World Wide Web (1
communication using HTTP
via Internet);

9 The WWW allowed
researchers and the public to
have a Multimedia experience
over the Internet;

Tim Berners-Lee in 2005.

® This would be fundamental
to the development of
e-Science.

Ricardo Barros Lourenco Open-Reproducible-XAI4EO June 27t 2022 10/49



Tech Advances
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The opensource spatial analysis stack

. ¥ Currently exists a series of solutions for
OpenLayers @ QGIS spatial analysis, mostly centered in GIS:
v QGIS, Open Layers, GeoServer (WMS,
WPS);
¥ These were based on the foundational
GeoServer work done with the GDAL/OGR
& GeoWebCache libraries, which power all GIS software,

commercial and non-commercial, due to
it's MIT permissive license
[Warmerdam, 2008];

@ PostGlS ¥ Geostatistics and Spatial Data Science
capabilities were enabled by the usage of

GeoDa [Anselin et al., 2010] and PySal
[Rey and Anselin, 2010].

Former components of the Boundless OpenGeo Suite.
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Tech Advances
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Computational Science

HPC Cloud Computing

® The continuous investment in ® The cloud allowed users to use

infrastructure allowed researchers
to develop more complex models
in very different domains;

® Advances in Parallel and
Distributed computing allowed the
scalability of workflows to Peta,
and now, Exascale computing;

® The usage of functional
programming in Python language,
with libraries compiled in C and
C++ (ex.: numpy and scipy)
made computational efficiency
accessible.

Ricardo Barros Lourenco Open-Reproducible-XAI4EO

laaS and PaaS on-demand, which
allowed large research groups to
scale-out research in
unprecedented levels;

The cloud allowed large storage
with simultaneous collaboration, in
the most diverse forms (ex.:
GitHub; Google G-Suite; MS
Office 365, etc.);

Transferring massive amounts of

data became easier with Globus
[Ananthakrishnan et al., 2018]
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Tech Advances
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e-Science

®  The advances on Grid Computing
[Foster and Kesselman, 2011] allowed
the conceptualization of very large
scientific experiments;

¥ Fields directly impacted from this were,
among others, computational biology,
genomics, astrophysics, cosmology,
high-energy physics, materials science,
medicine;

®  The efforts in e-Science are paving what
is called Science 2.0 [Wikipedia, 2022],
where information sharing and openness
(of data, software, and computational
resources) is central to achieve a science
that is more accessible.

Ricardo Barros Lourenco Open-Reproducible-XAI4EO

The Python community organized on
creating an ecosystem of libraries that
allowed the deployment of services in
which data can be analyzed on the web
interactively (ex.: Ipython and Jupyter
notebooks; D3.js; Bokeh);

The emergence of frameworks for
parallel and distributed computing (ex.:
Hadoop, Spark, Dask, Kafka, Flink,
Parsl, etc.) helped democratizing these
capabilities across the sciences;

Usage of Docker and Singularity
containers, curated Python repositories
(Ex.: Anaconda and Conda-Forge), and
Git-based solutions helped users on
keeping projects consistent, and
enforcing interoperability, reproducibility
and provenance.
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Tech Advances
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GPUs and Deep Learning

GPU’s

®  The usage of Graphic Processing Units

DL Frameworks

¥ Following the development of the usage

(GPU'’s), especially those from NVIDIA,
brought extreme acceleration on
vectorized workflows in the mid 2000's;

This was achieved by NVIDIA
implementation of the traditional BLAS
library of linear algebra in cuda language
(cuBLAS), and subsequently libraries on
FFT, Math Operations, Random
Number Generation, Solvers, Support for
Sparse Matrices, Tensor Algebra, and
Simulations;

The most recent advance now is the
RAPIDS suite, which brings several
traditional python libraries (ex.: Numpy,
Pandas, Scikit-learn) to a compilation
optimized for NVIDIA cards.

Ricardo Barros Lourenco Open-Reproducible-XAI4EO

of GPU's for vectorized processing,
several packages surged to implement
Deep Neural Networks, such as
TensorFlow-Keras [Chollet, 2021], Torch
[Collobert et al., 2002] and the Julia
language [Bezanson et al., 2012]. The
majority of publications use one of these
first two libraries, often in its Python
bindings;

Interoperability between model and
platforms can be reached with the Open
Neural Network Exchange (ONNX), an
open standard that converges 24 ML
frameworks, not only in DL

[Shridhar et al., 2020].

Scientific model hubs, allowing the
share/deployment of trained models, are
being created [Chard et al., 2019].;
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Tech Advances
00000000800

Free satellite data

® From the 1970's to 2008, Landsat data was paid, reaching
about U$D 4,000.00 per scene (185 x 175 Km)
[Zhu et al., 2019];

® From that year on, Landsat data became free, which sparked a
boost in publications, and enabled diverse ventures. Some years
later, the European Space Agency (ESA) applied the same
policy for their Copernicus platform;

® The cross-calibration and harmonization between Landsat and
Sentinel products allowed the surge of Analysis Ready Data
(ARD) products;

® These initiatives have enabled important Paa$S platforms, such
as Google Earth Engine, and IBM PAIRS, which created a new
field of Big Data Analytics with Remote Sensing data.
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Tech Advances
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Landsat impact
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Impact of the free data policy on Landsat publication record and downloads [Zhu et al., 2019].
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Tech Advances
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Massive profusion of papers in AI4EO

2002 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

SVM cumulativ

SVM yearly frequency == RF yearly frequency quency R cumulativ

Cumulative frequency of studies that used SVM or RF
for remote sensing classification

[Sheykhmousa et al., 2020].
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Cumulative number of studies
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[Ma et al., 2019].
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Origins
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Porphyrian Tree [Kamath and Liu, 2021]

The earliest implementation of a
decision tree was done by Porphyry of
Tyre (234 - 305 AD), as a manner to
classify genera into classes;

It is the founder of Category Theory,
which incorporated Aristotle’s logic into
Neoplatonism;

The tree allows interpretability, due to
the ability to group categories in a
hierarchy, giving the notion of similarity.
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Explainability
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XAl Taxonomy

A
Explainable
) A

T —
' Global ' Local ﬁ l Specific l Agnostic

Stage

XAl Taxonomy [Kamath and Liu, 2021]

Ricardo Barros Lourenco Open-Reproducible-XAI4EO June 27t 2022

XAl methods can be divided in approach
and characteristics;

Methods can be evaluated by scope,
stage, and model type;
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Explainability
00@000000

XAl Taxonomy: Scope

’ﬁl‘ ¥ Global Methods: They seek to explain
e the predictions of the overall model from
a comprehensive, top-down approach.

scope ] |l Model As a result, explanations provide an
understanding of how the structures and
parameters of the model lead it make
Global ] tocal ] Iﬁ specific J Agnostic ] predictions. [Kamath and Liu, 2021].
Stage
o | J

Local Methods: Local methods, as the

name implies, seek to explain how a
l Pre }[ fnuinsie }[ fostHag ] specific sample is mapped to its output
by providing us an understanding of how
the model arrived at its prediction. This
explains to us the rationale via the
contribution of features for a specific
prediction from an input, and can
accomplished by approximating a model
in a small region of interest using a
simpler model [Kamath and Liu, 2021]

XAl Taxonomy [Kamath and Liu, 2021]
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Explainability
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XAl Taxonomy: Stage

’7“ ¥ Pre model: Pre-model interpretability
Explainable . .

techniques are independent of the
model, as they are only applicable to the

|l scope |I Vodel data itself. Data visualization is critical
for pre-model interpretability, consisting
of exploratory data analysis techniques.

Global I Local - l Specific I Agnostic Pre-model interpretability usually

stage happens before model selection, as it is
= also important to explore and have a
[ e }[ s }[ — J good understanding of the data before
thinking of the model. Meaningful

intuitive features and sparsity (low
number of features) are some properties
that help to achieve pre-model data
interpretability. [Kamath and Liu, 2021].

XAl Taxonomy [Kamath and Liu, 2021]
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Explainability
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XAl Taxonomy: Stage

’—'\ W Intrinsic: Intrinsic interpretability
Explainable

methods refer to self-explanatory models
that leverage internal structure to

|l scope J |I Vodel J provide natural explainability. The family

of intrinsic models include basic methods

B
such as decision trees, generalized linear,
Global Local Iﬁ} Specific Agnostic logistic, and clustering models. Natural

stage explainability comes at a cost, however,
in terms of model accuracy.

l “ “ ] [Kamath and Liu, 2021].
Pre Intrinsic Post-Hoc

XAl Taxonomy [Kamath and Liu, 2021]
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Explainability
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XAl Taxonomy: Stage

) m.\ ¥  Post-Hoc: Post model interpretability

Explainable .

" methods represent a collection of
techniques that are applicable to any

|l scope J |I Vodel J trained black-box models, without the

- need for understanding their internal

structures. They provide explanations of
Global Local Iﬁ Specific Agnostic the global or local behavior of models by

stage resolving relationships between input

T samples and their predictions. Post-hoc
l o }l i }l — ] methods are applicable even to intrinsic
models. [Kamath and Liu, 2021].

XAl Taxonomy [Kamath and Liu, 2021]
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Explainability
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XAl Taxonomy: Model

) m.\ ®  Agnostic: Most pre- and post-hoc
Explainable . .y

U explainability methods are
model-agnostic in that they are

|l scope J |I Vodel J applicable to a wide collection of

- models. Some, especially with regard to

deep neural networks, are model specific
lobal ' Lol l Specific l Agnostic and apply only to a specific set of
|I Stage models (e.g., convolutional neural

XAl Taxonomy [Kamath and Liu, 2021]

networks) [Kamath and Liu, 2021].
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Explainability
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XAl Taxonomy: Model

) m'\ ¥ Specific: Model-specific methods
Explainable
it provide advantages over model-agnostic

methods as they leverage specific
|l scope J |I Model J characteristics or architecture of the
I

- model to provide improved explainability
that may not be possible with
Slobel ' focs l Spedific l Agnostic model-agnostic methods.
|I Stage } [Kamath and Liu, 2021].

XAl Taxonomy [Kamath and Liu, 2021]
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XAl Landscape (as of 2021

Explainable Al

Explain Data Focus Explain Model
Treats any model
& v as a black-box
EDA Method Interpretation Method
Intrinsically Model-Agnostic
v v v v
Graphical Non-Graphical Model Type Takes advantage of Model Type These also work for
NN architectures neural networks
FteEn v v v v
IS Neural Network Ensemble Neural Network General
- - Attention Boosted Rulesets.
Multvariate Univariate Jointly Trained EBM
v v v v
Pair Plot Box Plot SK;“E'?;S,% Perturbation Gradient Visual Explain Feature Based
Heatmap Density Plot
BiPlot Violin Plot L Lid LIME Action Max PDP Interaction
Joint Plot actcest Occlusion Class Model Vis ICE Permutation
Radial Chart o RISE Saliency cP Ablation LOCO
Projection Plot inear(Rogression A PDA DeepLIFT ALE Shapley Values
Parallel Coord Decision Tree Meaningful DeepSHAP Breakdown SHAP
Plot oM Perturbations Deconvolution iBreakdown KerneISHAP
Naive B: Optimal CT Guided Backprop Anchors
aive Bayes Optimal DT Integrated Grad Global Surrogate
DL85S ¥ LIME
GOSDT Excite Backprop
I * e Example Based
Rule-Based GradCAM Contsansem
'_ TCAV KNN
Bayesian Logic Scoring TS toras!
Bayesian Case ) Counterfactuals
CORELS Linear Integer B
Bayesian Rule Models e
Influential
Instances
XAl Landscape [Kamath and Liu, 2021]
h
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Reproducibility
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Origins

®  Francis Bacon was perhaps the pioneer
of the Scientific Method, and one of the
founders of the Royal Society;

¥ Credited as the father of empiricism, he
used inductive reasoning based on
evidence collected with observations;

9 "If a man will begin with certainties, he
shall end in doubts; but if he will be
content to begin with doubts he shall
end in certainties” - Francis Bacon
[Kitzes, 2017]

Francis Bacon c. 1618.
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Reproducibility
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The Scientific Method - Reproducibility

INCEPTION OF IDEA

FORMULATE PROBLEM STATEMENT
OR HYPOTHESIS

DEVELOP METHODOLOGY

SET UP LABORATORY/FIELD GROUP

PROCESS AND ANALYZE DATA, MAKE INFERENCES

Typical sequence of events in a research process up to

peer-review [Crawford and Stucki, 1990]

Ricardo Barros Lourenco

¥ The Scientific Method (idea, hypothesis

formulation, development of
methodology, test the hypothesis (with
process and collection of data), always
finishes in a publication, often in a
peer-review process;

In the peer review, ideally, reviewers will
try to find evidence that the experiment
is sound;

However, it is not unusual that reviewers
will try to replicate the experiment, or
the public that reads such publications,
as well researchers in the same domain;

In scientific endeavors that involve
computing, the challenge is to keep
track of all digital processes, and if
possible, of the analog ones too.
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Reproducibility
00®00

Reproducibility vs Replication

Replication, the practice of independently implementing scientific experi-
ments to validate specific findings, is the cornerstone of discovering scien-
tific truth.

Related to replication is reproducibility, which is the calculation of quan-
titative scientific results by independent scientists using the original data
sets and methods.

Reproducibility can be thought of as a different standard of validity be-
cause it forgoes independent data collection and uses the methods and
data collected by the original investigator.

Reproducibility has become an important issue for more recent research
due to advances in technology and the rapid spread of computational
methods across the research landscape. [Kitzes, 2017]
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Reproducibility
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A path to reproducibility

Some guidelines to follow when trying to enforce reproducibility [Kitzes, 2017]:

® Automation and Provenance ¥ Availability of Data and Software
Tracking; (related to FAIR data principles)
® Software Documentation ¥ Software Engineering (code
testing, Cl/CD, releasing, version
¥ Copyright issues (on Data, control, bug tracking, community
Software, and methods) channels)

® Open Reporting of Results
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Reproducibility
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Use the best community resources

® The Turing Way - They have a full guide on reproducible research :
https://the-turing-way.netlify.app/reproducible-research/
reproducible-research.html

® The Environmental Data Science Book :
https://the-environmental-ds-book.netlify.app/welcome.html

® Prof. Antonio Paez lecture material on Reproducible Research Workflow in
R:
https://github.com/paezha/Reproducible-Research-Workflow

® NASA Transform to Open Science (TOPS) initiative :
https:
//science.nasa.gov/open-science/transform-to-open-science
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Needs to be FAIR! [Wilkinson et al., 2016]

Findable: Data and Metadata related to experiments needs to
be findable for both humans and computers, with a unique
identifier

Accessible: Data should contain instructions on how it can be
loaded, in a open and free protocol

Interoperable: This data uses and or provides vocabularies that
allow its indexation and linkage to other research efforts, as well
as enabling to be ingested and processed in various workflows
and systems

Reusable: Optimize data reuse by enforcing proper metadata,
including description, licensing and publication in a platform;
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. software

® Can be FAIR too! With some changes [El-Gebali, 2022].

® Findable: Assign a DOI (Ex.: Zenodo); Use domain
vocabularies; Include software citation with metadata;

® Accessible: Snapshot of GitHub, and link on Zenodo for each
versioning!

® Interoperable: Usage of Common Workflow Language (CWL) or
Workflow Description Language (WDL) with containers (Docker
or Singularity)

® Reuse: License in a open term, including a machine readable
version. Provenance should be addressed.
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Hardware

¥ As computing advances, we have a strong trend to increase software
specialization to take advantage of new advances in computer architecture
[Patterson, 2018];

®  New players have surged in the ML market, challenging well established
players such NVIDIA, Intel and AMD;

®  These new architectures bring advantages, but, as also happen in the more
established firms, these companies don't fully disclose how such processors
work, and have simplistic documentation about how the system works and
its limitations;

® If an experiment is dependent on a specific hardware, its reproducibility can
be compromised too, as other researchers may not have access to such
infrastructure;

®  These issues are not limited to these new chips, but can be generalized to
any expensive hardware.
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Community Responses
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PaaS - Google Earth Engine (GEE

Google Earth Engine  Search places and datasets. Ea |
| |
Landsat - Phenology Model s [ Fun | et -0}
37 // Set up the "design matr: ut to the regression. Use print(...) to write to this
38- function crea:euneamuoe\mpu:s(m ) € console. |
& From Name var tstanp = ce.Date(ing.get('systen: tine_start'));
30 var tdelta = tstamp.difference(start, 'year'); —— 2 |
| B Where a1 ¢ will be used o it the equation o “Non e teea
Ik Normalized Difference a2 ) + c2xcos(2xpixt) = 100
| uEression 43 var ing_fitting = ing.select() |
I HDR Landsat 44 .addBands (1) ors |
& Hillshade a5 ~addBands tdelta.multiply(2#Math.PI) .sin())
e cleans 4 laddBands(tdelta.aultiply(sMath.PI).cos() o
icover Cleanup P “addBands (ing. select("NOVI')) Ji |
s Reduce Region 48 .toDouble(); 028 .
‘ | Bitwise And 49 return img_fitting; |
& Canny Edge Detector Bl o
[ w0
| CemerProtimgatonetee. | 5 isate NOVI according to the fitted model. e omu m |
& Clamp 53- funciion. predic DV img) |
| mComnected Pixel Count 54 CStanp = ee.Date(ing.get(systen: tine_start'));
& Download Example 55 tielta = tstamp. ol ferenceltart, year: |
I From Name Landsats 55 /] predicted NOVI o cb + clesin(aepist) + C2xcos(2spixt)
i pirbaniirens 57 ar predicte ce. Taage (meoncoet 1)
& Tl rer i v regd N
& Houah Transform

my
» Geometry Imports
-

Mapdata ©2017 Google 2k L _{ Temms of Use T Reporta map eror |

Main javascript interface of Google Earth Engine [Gorelick et al., 2017]
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Community Responses
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GEE - Architecture

¥ Uses a series of Google proprietary laaS

[Earth Engine Code Editor} { Third-party Web Apps J .
to back up services;

Client Libraries

s e ®  Examples include: Borg Cluster
Web REST APIs Management System; Spanner
(database); Colossus (the successor of
On-the-Fly Computation Google File System); FlumeJava
‘ Front Ends | (Paf’allel pipelin.e _e>_<ecution); Google
. Fusion Tables (initially for GIS
Compute Batch Computation . laced with Bi
Masters operations - now replaced wit igQuery

Caches ; . e\
Compute which now supports spatial capabilities);
Servers

® |t stores data original properties (despite
Data Stores rechunking it for storage optimization):
original projection; original resolution;

Fusion Tilestore Asset . .
Tables Servers Database original bit depth.

GEE Architecture [Gorelick et al., 2017]
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GEE - Impact
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mReady-to-use data 0 1 0 6 7 9 5 m Optic
m Optic/SAR 0 0 0 0 2 11 5
mSAR 0 0 0 0 1 6 6
B Optic 2 5 10 33 44 86 100

Year

Publication Impact since the introduction of Google Earth Engine [Tamiminia et al., 2020].
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Download as csv

Main interface of IBM PAIRS (current IBM Environmental Intelligence Suite [Lu and Hamann, 2021]
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IBM PAIRS - Architecture

¥ Based on a key-value store that uses
HBASE, Hadoop and Spark, with
metadata in Posgres + PostGIS
[Lu and Hamann, 2021];

Industry applications

Agriculture

Energy | Insurance |Govemment

Interface
Clients, Open APIs and SDKs, Plugins, etc

¥ Exposes a variety of API's, including

Analytics & data platform OGC WMS and WPS;

Data Search Analytics platform services
services: services

Dockerized Python 17
and R Notebooks 1

el ¥ |t is optimized for timeseries analysis
leaming PYTERCH .
(due to the key-value store choices);

analytcs  SPOrk.

User-defined Functions & Filtering

Query worker .
® It resamples/reprojects all datasets when

Distributed compute & data store . . .
ingesting it.

Viota data Rastor Gata Vocior data
[ @ }( Y,{,’; HaAsSE [ﬁf“TJ [Spani'sm]

i Quality ntrol, filtering
Data curation| [ Ssyemstmrs — o

& ingestion indexing -

IBM PAIRS GEOSCOPE

Data & content providers

( Commercial data \(Private_) (@ [ Opendata_ Gesa |
P data Q) ‘@ USDA ‘
‘L"ECMWF B OB e =) (Yses. 52 ®

IBM PAIRS Architecture
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laaS - Databases

rasdaman
Barrodale
Terralib
PostGIS Raster
Oracle GeoRaster
ESRIArcSDE
MonetDB/SciQL
SciDB
EXTASCID
Ophidia
Grid & Gridfield
Paradise

Spatialite

AaL

AQuery

1989 1991 1993 1995 1997 1999 2001 2003 2005 2007 2009 2011 2013 2015 2017 2019

Timeline of Array Databases [Baumann et al., 2021]
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laaS - Pangeo stack

e Cloud Optimized
Storage Formats ﬁ OPeNDAP COG/Zarr/Parquet/etc.

ND-Arrays 3 NumPy [g DASK More coming...
AL peness
b'Iris Frilidiad

-
Processing Mode Jupyter Interactive Batch Serverless
v
Compute Platform HPC Cloud '-)QQQ Local -
Goc SHFERETT.

Reference Pangeo Stack as of 2019 [Eynard-Bontemps et al., 2019]

Data Models i ‘ xarray
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Challenges

Lots of infrastructure and methodology are already developed, however, train scientists
in such a new paradigm is new, and often universities lack a curriculum that can be that
much interdisciplinary;

¥ Developing end-to-end Open-Reproducible XAI4EQ is difficult also from a financial
standpoint, because despite efforts of the open source community, such endeavor is
expensive, and this may generate bias favouring to larger groups and or institutions to
implement such processes;

®  Still, there is a gap between policy makers and domain scientists (especially in Climate
Science) when pivoting research outcomes into policies and products able to satisfy
non-epistemic values. And this is not addressed well by any of the current efforts...

¥ For scientists it can be really difficult to choose between PaaS platforms that are more
convenient to use, but more expensive and sometimes limited in terms of functionalities;
and laaS-based ones, which require maintenance and people to do that, but ideally allow
lots of customizations.
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