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Abstract: The overall impact of climate change mostly stems from the rarest and most
extreme events. Understanding the statistics and the spatiotemporal dynamics of extreme
events thus constitute a major stake for human adaptation to climate changes. However,
studying rare events constitutes an old and long-lasting significant scientific challenge,
because of both the limited availability of observational data, and simplifications, biases and
costs in global climate model numerical simulations.
The present works aims to investigate the use of machine learning and artificial
intelligence to integrate observational and numerical model data in extreme event studies, so
as to take advantage of both worlds: Observational data are scarce but produced by actual
physical mechanisms; conversely, model data might be biased but are plentiful.
Forecasting heatwave occurrences and waiting times in the North hemisphere will be
the specific goal of this work. Yet, the contributions aim to be of methodological values, with
transfer learning to marry observational and model data, and to match the intrinsically nested
nature of extreme events, with rare event simulation genetic algorithms to address resampling
issues, with deep learning architecture design and data preprocessing driven by physical
mechanisms and equations.
Context: Massive impacts of rare and extreme events. The impacts of climate change on
biodiversity, human fatalities, societies and economy are likely to be dominated by the rarest
and most extreme events, especially heat waves, drought, and extreme precipitations. For
instance, recent decades witnessed a number of exceptionally warm summers and recordbreaking heatwaves [1]. At Northern hemisphere mid-latitudes, relevant such examples were
observed over France and Western Europe during summer 2003, with a death toll of
about 70,000 people [2], or over Russia during summer 2010 [3], [4], with long lasting
(several weeks) periods of anomalous heat. These events were unprecedented in the past
500 years and were outliers in the probability distribution of temperature [5]. Climate
projections expect heat waves to become more severe toward the end of the 21st century [6].
Therefore, a difficult challenge for the scientific community, with critical stakes for
the society (international agencies, governments and policy makers), consists in
characterizing (the statistics of) extreme events and in predicting their occurrences, notably
for events that were never observed before.
Scientific challenges: Studying the statistics of extreme events and predicting their
occurrence. Studies of extreme climate events aim to assess the statistics and spatiotemporal
dynamics of extreme events. Notably, the focus are: i) on the relations between intensity
(return levels) and probability (return times or return period), a static property, and ii) on the
clustering structures of extreme events, a dynamical property in time and space, that may stem

from Earth & Ocean nonlinear longterm couplings. Notably, the way such intensity-return
relations or clustering structures change through periods of time may convey significant
information related to global climate change speed and strength. Assessing such relations and
structures may also reveal physical features that can be used as precursors in extreme events
forecasting.
Bottlenecks: lack of empirical data, model limitations and sampling issues. Current
methodologies for studying extreme event statistics and predicting long return times and
spatiotemporal clustering patterns suffer from significant limitations, stemming from the fact
that extreme events are … rare events. This implies that huge amounts of data need to be
analyzed for a relevant assessment of rare event properties.
From observational data, only a few units of extreme events of moderate to large
intensities might be observed, and it may even be the case that events of most extreme
intensity were never observed. Observational data will thus hardly be available in large
enough quantity to permit relevant statistical analysis. Observational data also only provide
partial information (sampling of the ground temperature, geopotential heights only for a finite
and limited levels of pressure levels,…) as the quantity of information that can be measured is
by nature limited.
Instead, Global Climate Models have been massively used to produce large amounts
of numerically synthetized data. Thanks to their being based and constrained by the laws of
physics, such model data permit to sample correctly the tail of extreme event distributions,
and thus to estimate accurately return times or the evolution of their records [7]. However,
relevant statistics require to simulate thousands of years of climate and are only thus achieved
at massive storage and memory costs. Further, Global Climate Models need to account for
intricate nonlinear multicomponent and longterm interactions and couplings and thus may
require approximations, thus implying potential biases, whose impact on extreme event
assessment is difficult to evaluate but could be large.
Beyond the direct use of observational data as initial conditions to global climate
model solvers, there is thus a significant need to define methodologies aiming to combine the
use of observational and numerical model data in extreme event studies.
Goal and contributions: Machine learning and artificial intelligence to integrate
observational and numerical model data in extreme event studies. The overarching goal
of this PhD thesis work is to contribute to devising artificial intelligence based methodologies
aiming to combine observational and numerical model data to improve extreme event
statistics assessment and forecasting.
The contributions intend to be of methodological values and thus to be of usable for
the study and forecast of extreme events of different natures in climate studies and, beyond
climate studies, in other application fields. These methodological contributions are organized
along several lines:
-

Data structuration to make joint use of physical quantities different in nature and
units,
Transfer learning and nested extreme events (most extreme events are included in
less extreme ones),
Transfer learning with pre-training on numerical model data and final training on
observational data,
Resampling strategies to address the intrinsic unbalanced class sizes between
extreme and non-extreme events, with physically-driven resampling strategies,
Design of artificial intelligence architectures design driven by physical mechanisms
and equations.

The first focus will however be on studying extreme heatwaves over the north
hemisphere.
Research program:
The goal is to devise artificial intelligence numerical tools that can actually be used
data to forecast the probability of occurrences or the waiting time till the next extreme
heatwaves of given intensities, from a limited set of real-observational data, with a limited
number of computational resources and in a time that is compatible with actual societal
reactivity and action.
The empirical data will be the ERA5, ERAClim and NCEP reanalysis data sets, which
extend over several decades. The need for and availability of other empirical data will be
investigated in the course of the work.
The research tracks will be organized along different lines.
Resampling strategies. By nature of the problem addressed, there is an intrinsic class-size
unbalance between extreme and non-extreme events. Such an unbalance is well documented
to constitute a severe issue in designing learning procedures and in achieving relevant
prediction or estimation performance. Several strategies will be investigated. The simplest
approach consists in downsampling the largest class. Alternatively, existing upsampling
strategies for the smallest class will be tested. However, we also intend to explore two
original approaches.
First, deep learning architectures, in the spirit of Discrete-Convolutional Generative
adversarial Networks (DC-GAN), will be used to synthesize artificial climate time series
containing extreme events, with spatiotemporal dynamics that reproduce those of
observational climate data. This would thus enlarge the available sets of data with extreme
events. The training of such DC-GAN will make use of Global Climate Model and
observational data.
Second, and in attempt to marry physics (thus expert knowledge) and artificial
intelligence, rare event algorithms will be used. They have been developed in the fields of
statistical physics and molecular dynamics in order to compute trajectories that are too rare to
be computed by direct numerical simulations. The general principle is to work with ensemble
simulations. The trajectory ensemble is then modified akin to population dynamics (genetic
algorithms) with some selection rules. Some trajectories are selected and reproduced such that
the rare events become more common. The algorithm gives a rule to compute the probability
of the new ensemble. The algorithm then produces extremely efficiently rare events that could
not be observed in a reasonable computational time and estimate those event probabilities.
Using such a rare event algorithm, we were able to evaluate return times for events that
cannot be observed otherwise in comprehensive Global Climate Models [8]. Moreover, the
number of observed heatwaves for a return time of 100 years is multiplied by a factor about
100, which improves the statistics of extremes [9].
Transfer learning. Transfer learning strategies, which consists in applying what has been
trained under certain conditions to (slightly) different situations, will be investigated in two
different instances.
First, the idea is to exploit the intrinsically nested nature of extreme events: most
extreme events are included in less extreme ones. Training will hence first be performed on
the less extreme events, and the learned architecture will be used to seed and initialize the
training for more extreme events, iteratively up to the most extreme and hence rarest events.
Second, transfer learning will be used to combine global climate model and
observational data. The pre-training of artificial intelligence architectures will be first based
on global climate model data. The achieved architectures will be used to initialize the fine
training on observational data. The idea is that global climate model data are plenty and thus

can yield efficient pre-training but may contain model biases and approximations. The final
training from observational data may correct for such biases and avoid that the training locks
on model defects, even if mild, rather than on feature of real physical significance, a classical
pitfall in Deep Learning architecture training.
Data structuration. Climate data are heterogeneous in nature and in physical units
(temperature, pressure, humidity). While is it has often been claimed that artificial
intelligence will make the best of raw data to preprocess them and extract relevant
information, it is now commonly accepted that data preprocessing prior to feeding deep
learning architectures has positive impact of performances. A classical case was made by the
team of S. Mallat, promoting the scattering transform outputs as first non-trainable layers for
deep learning architectures [10]. In the present work, we will seek to investigate how data
preprocessing based on physical mechanisms and equations may improve data assimilation.
Deep learning architecture design. In any artificial intelligence tool, the question of the
choice or design of the architecture needs to be addressed. Because climate data are governed
by coupled partial differential equations inducing spatiotemporal dynamics and patterns,
convolutional neuronal networks appear as natural candidate architectures. Tailoring their
complexity, e.g., using Vapnik-Chervonenkis Dimension [11,12,13], to the complexity of the
task potentially quantified by the rareness of the extreme events (or more technically by the
likelihood of their statistics), will be addressed.
Further, following interesting propositions very recently reported in [14], we will
investigate how to take advantage of the knowledge of the partial differential equations,
governing climate dynamics, and of the analysis of their iterative resolution schemes, to better
guide the choice and design of deep learning architectures. This will be conducted in the spirit
of recent work conducted by Nelly Pustelnik, a member of the Signal, Systems and Physics
team, aiming to use convex minimization iteration schemes to design deep learning layer
design [15].
Feasibility: Freddy Bouchet already conducted preliminary work of the use of machine
learning for climate prediction [16]. Patrice Abry already published articles related to deep
learning in International conferences [17, 18, 19], one of which has recently been selected to
be transformed into a journal paper [18]. Freddy Bouchet and Patrice Abry have (in
collaboration with Pierre Borgnat) already started preliminary investigations related to such
topics via the joint supervision of internships. These several months of preliminary efforts
lead to the current writing of a first paper (close to be submitted and available upon request)
[20], as well as to the structuration of this PhD research program.
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