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Likelihood-Weighted Active Selection of Training Data for Improved Prediction
of the Statistics of Extreme Weather Events*

Bianca Champenois’ and Themistoklis P. Sapsis'

Abstract. As a result of climate change, extreme weather events have increased in severity and frequency,
making the rapid modeling of potential climate scenarios all the more essential for future resource
management and planning. However, the broad range of dynamically relevant spatiotemporal scales
in the atmosphere makes direct numerical simulations computationally expensive and simplified
reduced-order approaches less accurate. Scientific machine learning (ML) methods are a promis-
ing alternative, but given the inherent limited representation of extreme events, comprehensive or
well-specified training data sets are necessary for model generalizability. To avoid time-consuming
learning brought about by large data sets, we use a model-agnostic active learning approach to se-
quentially select an optimal subset of the most valuable data points for model training. Points are
iteratively scored via a likelihood-weighted uncertainty sampling acquisition function which priori-
tizes points that reduce model uncertainty and improve prediction in the tails of the distribution,
i.e. most relevant to the dynamics of extreme events. We first validate the method on a well-studied
problem, quantifying the maximum wave magnitude statistics in a synthetic turbulent system. Then,
we apply the method to a real-world problem, learning a debiasing operator for coarse-resolution
climate simulations. In both cases, the likelihood-weighted active data selection algorithm most ac-
curately reproduces the extreme event statistics using a fraction of the original data points. Looking
forward, the approach is useful for improved environmental sampling schemes, and can be used as a
compression algorithm that preserves information associated with extreme events in vast data sets.

Key words. active learning, extreme events, climate modeling, dimensionality reduction, weather prediction,
machine learning

MSC codes. 86A08, 86-08, 62G32, 60G70, 62L05

1. Introduction. Climate change is increasing the frequency and severity of extreme
weather events such as week-long heatwaves and major rainfall episodes [21, 15]. These events
are leading to significant damage to critical infrastructure and numerous premature deaths,
and most extremes are occurring in low latitude tropical regions with high population density
[46]. To better prepare for and mitigate these catastrophic events, some of which are breaking
records by three or more standard deviations, there is a need for high-resolution models that
explore the outcomes of different possible greenhouse gas emission scenarios [44, 4, 14, 53].
Historically, researchers have used numerical solvers based on physical equations to emulate
climate systems [54, 30, 31, 57, 13, 51, 51, 17]. However, the dynamics can be highly turbulent
and involve spatial resolutions ranging from millimeters on the Kolmogorov dissipation scale
to tens of thousands of kilometers on the global scale. Numerical solvers require significant
computational resources, extensive parameter tuning, and complicated closure terms.

Machine Learning (ML) models provide a useful alternative for traditional computationally
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2 B. CHAMPENOIS AND T. P. SAPSIS

expensive and complex numerical solvers. Progress in the speed and capability of computers,
combined with new ML architectures and algorithms, has improved our ability to create
models of highly nonlinear and high-dimensional systems. As a result, significant research has
been done on leveraging ML for climate and weather modeling [42, 40, 43, 24, 50, 33, 5, 9,
3, 10, 41, 25]. However, ML remains challenging and expensive when applied to applications
for which the available data sets are large and high-dimensional. In many problems, not
all points carry the same wvalue of information, so it can be inefficient or ineffective to use
the entire data set. For some physical systems, certain dynamical mechanisms might be
represented by an imbalanced number of samples. Namely, in a system such as the climate,
extreme weather events, events in the tails of the probability density function (PDF), are
an important example of such dynamics [48]. To achieve adequate representation of these
events and understand their relationship to the system, it is often necessary to collect large
amounts of data consisting of nearly repetitive, and thus unnecessary, points. These data sets
become even larger for problems in high dimensions. Standard neural network (NN) models
— typically trained with mean squared error (MSE) — give emphasis to regions of the domain
where most points exist, so predictions are worse for phenomena in the tails. This discrepancy
is often manifested through slow convergence and bad generalizability properties of ML models
with respect to observables that highlight the statistics of extremes [36]. Therefore, identifying
a subset of data points most relevant to the dynamics of extreme weather events can reduce
model training time while more accurately representing the distribution of the original data.

To overcome the challenges associated with training an ML model given a large data set,
we present an adaptation of the active learning framework for effective training data selection.
Our active selection framework, introduced in Section 2, is well-suited for systems with extreme
events because it quantifies the value of data using a likelihood-weighted uncertainty sampling
acquisition (scoring) function [47, 6, 49]. One requirement of the acquisition function is
knowledge of epistemic uncertainty, so we provide an overview of probabilistic ML architecture
with uncertainty quantification (UQ) capabilities in Section 2.3. In Section 2.4, we explain
how to apply the framework to systems with high-dimensional functional inputs. In Sections
3 and 4, we demonstrate the proposed methodology for two applications: i) prediction of
extreme events in the Majda-McLaughlin-Tabak (MMT) model, a one-dimensional model for
dispersive wave turbulence and ii) a correction operator for coarse-resolution climate model
outputs. In both examples, we introduce methods to interpret the optimal points and gain
insights into the active selection algorithm.

Overall, we show how our method is able to i) identify the points in a large data set that
carry the most valuable information for predicting a specific quantity of interest, ii) reduce the
cost of training ML models by using only the most valuable data, iii) improve generalizability
properties of the resulting ML models with emphasis on their capacity to capture extreme
events, iv) interpret the optimally selected data. One important advantage of the method is
that it is model agnostic, so it can be used on any forthcoming ML-based climate model.

2. Data Selection with Active Learning. Active Learning (AL) is a form of supervised
ML in which new points are sequentially chosen to be added to the training set according to
a criterion called the acquisition function [28, 11, 18] . Ren et al. provides a survey of AL
in the context of ML classification models [45]. AL is part of the same family of algorithms
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LIKELIHOOD-WEIGHTED ACTIVE SELECTION FOR IMPROVED EXTREME EVENT PREDICTION 3

as Bayesian experimental design (BED) and Bayesian optimization (BO), algorithms that
sequentially select the next-best point. However, we adapt the AL algorithm for the case
where the new points must be selected from a preexisting, precomputed data set rather than
from a continuous domain [39, 52, 2]. This distinction is sometimes referred to as active
search, greedy approximations, optimal sampling, or active sampling, but we will refer to it
as active data selection or active selection (AS).

2.1. Active Data Selection Algorithm. The AS algorithm (illustrated in Figure 1) is
initialized with a small training set consisting of points randomly selected from the set of all
candidate points. During each iteration, the model is trained and the acquisition function is
evaluated at all remaining candidate training points. To compute the acquisition function, we
make use of the predictions for the mean and epistemic uncertainty made by the probabilistic
model. Candidate points resulting in the maximum value of the acquisition function are
considered optimal, and they are added, as a batch, to the training set. Further details on
batching are explained in [35]. The loop is repeated until the model error converges, or until
the error reaches a desired threshold. The output of the algorithm is a ML model that has
been trained with optimally selected data. At each iteration, the selected input points can be
further analyzed to provide insights into what types of data are most useful for modeling.

Initialize: End:
[ Initial Data Points ] [ Model }
_______ § I—
Section 2.3: . Mean Prediction Uncertainty
Trainin Probabilistic Model:
Data Se? Ensemble of Neural — Ny > 2 1N 50))?
L=y @ W= (3 - 90)
Networks 1 ney =
T ' /
3 4 Section 2.2:
' : Selected Optimal '4 Acquisition Function
Clustering for : Data Points ) = 02(x Px(x)
:' ": s ( )py@(X))

Figure 1. Active Data Selection Algorithm. Points are sequentially selected according to the acquisition
function and added to the training set to improve model prediction. The output of the algorithm is a model that
has been trained on an optimal subset of the data with respect to predicting the statistics of extreme events.

2.2. Acquisition Function: Likelihood-Weighted Uncertainty Sampling. The key ele-
ment of the active data selection algorithm is the acquisition function which selects the most
valuable points for model training. The choice of the acquisition function can depend on
the nature of the system (e.g. nonlinear, high-dimensional, etc.), the goal of the modeling
problem (e.g. optimization, extreme event identification, etc.), and many other constraints
(e.g. computational costs, etc.). In general, the acquisition function should strike a balance
between exploration and exploitation. In the most basic case of uncertainty sampling (US),
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4 B. CHAMPENOIS AND T. P. SAPSIS

the acquisition function is the epistemic variance.
(2.1) qus(X) = 0*(X)

A modified version of uncertainty sampling (input-weighted) prioritizes points that have a
higher chance of occurring by multiplying the epistemic variance by the probability of the
input points.

(2.2) qus(X) = o*(X)pz(X)

However, input-weighted criteria do not take into account the expected output and therefore
do not account for the importance of extreme events. Here we choose to use a likelihood-
weighted uncertainty sampling (LW-US) criterion to sequentially select optimal training points
and quantify the value of points in the data set. The key idea behind the LW-US acquisition
function is to pick input points that are likely to occur and reduce uncertainty, but also to
take into account points that are likely to lead to extreme outputs. Acquisition functions that
take into consideration the output were first introduced in [32] and further improved in [47]
for applications to problems with high dimensional input spaces. In the original formulation,
the function considers the integrated absolute difference between the log of the distribution
of the prediction yg and the log of the distribution of a perturbed prediction y; made from a
model perturbed in the direction of most uncertainty.

(2.3) Dy ot (yllyos h) = /S |log py, (y) — log py, (y)| dy

Y

For a bounded domain S, and a candidate sample point h, this acquisition function asymp-
totically converges to the desired output statistics, even in regions with low probability of
occurrence [49]. However, the function is expensive to compute, and its lack of smooth gra-
dients makes it unsuitable for gradient-based optimization. Instead, we use an upper bound
(derived in [47]), which has a lower cost of computation and is analytically differentiable

(2.4) gow-us(X) = / 02(X)m

In this modified version of the LW-US acquisition function, the epistemic variance o2(X) is
multiplied by the probability of the input points p,(X) and divided by the probability of the
output points p,(y(X)) to prioritize candidate points that have the potential to reduce the
model uncertainty, have a high chance of occurring, and most importantly, result in extreme
events. Overall, these points are better able to represent of the tails of the distribution.
The criterion can also serve as a “scoring” function because it gives priority to data points
with the highest “value” with respect to improving the statistics of a specific observable (e.g.
minimizing the error in the probability density function).

We measure success in terms of minimizing the error in the tails of the PDF, and we
benchmark our method against a Monte Carlo (MC) acquisition function which selects points
at random from the available candidate training points. MC is a meaningful benchmark
because it is standard practice in many ML applications to randomly select a subset of data
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LIKELIHOOD-WEIGHTED ACTIVE SELECTION FOR IMPROVED EXTREME EVENT PREDICTION 5

for training and validation. A useful loss function to evaluate the quality of our model is the
log-PDF error (LPE) which measures the integrated difference between the log of the true
PDF obtained from the true y and the log of the estimated PDF obtained from the prediction

y.
(2.5) LPE:/Ilogpy(y)—logpg(@)ldy

This loss function is similar to the Kullback—Leibler divergence, but it more heavily penal-
izes errors in the tails of the distribution because the metric is not weighted by the output
distribution py(y).

2.3. Probabilistic Model: Ensemble of Neural Networks. The acquisition function re-
quires an estimate for the epistemic uncertainty of the model. In previous works, traditional
Bayesian supervised learning methods such as Bayesian regression or Gaussian process re-
gression have been used to quantify uncertainty for optimal sampling [47, 7, 6, 58]. However,
these methods are limited: Bayesian regression can fail when modeling nonlinear systems while
Gaussian process regression suffers from performance issues on high dimensional or large data
sets. NN-based ML architectures that can quantify uncertainty are able to overcome these
problems [34, 22, 19, 62, 37, 63, 26]. We will focus on ensembles of neural networks (E-NN)
and dropout neural networks (D-NN), but other methods to create a heuristic measure for
uncertainty are summarized in [1]. In the E-NN, multiple models with the same architecture
and hyperparameters are trained with the same training data sets but with different random
weight initialization. The resulting prediction g is the mean of the n NN predictions ¢;

(2.6 §X) = = S (X)

where §; is the prediction of the i*" NN of the ensemble. The model uncertainty can be
quantified via the variance of the predictions

(2.7) o*(X) = = > (5:(X) - §(X))?

i=1

resulting in a probabilistic prediction. In a D-NN, only one model is trained, but the model
includes dropout layers [55]. During the prediction step, multiple predictions are made with
different randomly dropped nodes [16]. Again, the resulting prediction is the mean of all the
predictions, and the variance of the predictions can be used to create a probabilistic prediction.
The dropout layers require additional training time, but only one model is trained, so the
overall computation time is lower for the D-NN.

2.4. Application to Functional Inputs: Dimensionality Reduction. While the framework
is versatile, we explain how to apply it to an output which depends on a functional — a map-
ping from a (possibly infinite-dimensional) space to a real number. In the MMT application
in Section 3, the functional maps the high-dimensional initial conditions to the maximum
wave amplitude reached over the given time horizon. In the climate modeling application in
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6 B. CHAMPENOIS AND T. P. SAPSIS

Section 4, the functional maps the high-dimensional field consisting of temperature, humidity,
and wind speed fields over the globe to a target quantity of interest, such as, for example,
temperature at one spatial location. The challenge of using likelihood-weighted AS for a func-
tional with a complicated input is that there may not be a straightforward or cost-effective
way to compute p(X).

2.4.1. Weighted Principal Component Analysis. In the applications we consider, the
functional inputs are infinite or high-dimensional, so we first reduce the dimensionality by
performing weighted principal component analysis (PCA). The spatial weights w(§) depend
on the problem of interest. For MMT, the weight is trivial w(§) = 1, so we perform standard
principal component analysis to represent the inputs — the initial conditions. For the debiasing
operator, we take into account the spherical geometry of the Earth: in the spherical coordinate
system, the spatial coordinate £ represents the polar coordinate 6 € (—90°, 90°) and azimuthal
coordinate ¢ € (0°, 360°). At each spatial point &, we define the weight w(§) = w(0,¢) =

sin (%5 7).

In the general case, we start with the vector space x(&,t) with temporal mean X(§) where
¢ is the spatial coordinate. We aim to represent the vector space with an optimal set of IV
spatial modes (basis functions of dimension N) v;(£) with N corresponding time-dependent
expansion coefficients «;(t) (dimension ny).

(2.8) 2(t,€) £ x(t,§) — X(§) = Bj_y5(t)v5(€)
We define the weighted inner product between two fields, x; (&) and x2(&)
(29) i), & [ Wi €peae)ie
As an example, we show the resulting discretization for the spherical coordinate
(2.10) (x1,%2),, = > w?(&ij)x1(&ij)%2(&i)0056, where, & = (6i,6).
&ij
We then define the spatial covariance by averaging over time
1 1
(2.11) R(£1,6) 2 7 /(x(t,gl) — %) (x(t, &) — R)dt ~ ;zzT e RN,
¢ ¢
where Z is the concatenated matrix in discrete space time:
(2.12) Z = [z(t1) z(t3) ... z(t,,)] € RV*™
Next, we set up the eigenvalue problem
(2.13) (R ), %5 () = X1 (€)1 e RV M 2 X > .2 An 20
Finally, we obtain the quantity of interest (observable), the time-dependent PCA coefficient
(2.14) y = aj(t) = (z(t,), 1)),

If the target quantity is the first PCA coefficient, we use 1. However, we can adjust the mode
1) to focus on other quantities, such as, for example, a specific spatial location. The analysis
works for any target quantity of interest that can be described as a functional (z(¢,-), -).
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LIKELIHOOD-WEIGHTED ACTIVE SELECTION FOR IMPROVED EXTREME EVENT PREDICTION 7

2.4.2. Evaluation of the Acquisition Function for Functional Inputs. We now explain
the process of computing the acquisition function in the case of applying the method to a
system with a functional input. We highlight that in many problems, the test set (denoted
TS) is possibly different from the training set (denoted TR), which means that the target
quantity of interest can be generated with input points that are different from the input
points in the training set. The likelihood-weighted acquisition function depends on both an
input X and the predicted ¢, and it is made up of i) the uncertainty o?(X), ii) the weight
from the inputs p,(X), and iii) the weight from the outputs p;(y(X)).

pz(X)
py(9(X))

We first define some relevant quantities for our problem set up. We start with a training
set DTR consisting of candidate samples X’ and a test set DTS consisting of the points at which
we we wish to evaluate the model. The set U = [&] ... A}] consists of the p points that were
selected from all candidate points to train the model. The overall goal is to find which samples
X from D™ we should add to U to improve the prediction of the target output y. At each
iteration of the algorithm, we train a model M, trained with the selected samples U, a subset
of DT™R. We use My, to make two sets of predictions: i) predictions for the candidate training
points Vi, = My(X) and ii) predictions for the test points Yis = My (DTS). Then, we use
PCA to evaluate the quantities of interest ¢, and s which are the mean of the predictions
of all n members in the NN ensemble

(2.15) qw-us(X) = 0*(X)

n n

(216) gu =13 (Vi) L and ge= =30 (VLw)

j=1 7=1

We obtain an estimate for the uncertainty of the predictions made with the candidate
training points o (fi: (X)) from the model My,. The uncertainty is the variance of the pre-
dictions made by each member M, of the ensemble.

QI ) = 13 () el = 23 ((My0),0) -~ Tt an,,)’
j=1 j=1

The distribution of the input points py is approximated by the distribution of the first
k PCA coeflicients of the input data set X where k is selected according to the decay of the
eigenvalues. We refer to the truncated version of X' as x, and we estimate its kernel density
estimate (KDE) px using the python function FFTKDE from the package KDEpy.

k
(2.18) px(X) = px(x) where x = <X, {w}i:1>w
The single time distribution py,, is estimated with the predictions #is. Like px, pg,, is also

computed with KDEpy. We then compute the weight for the output, by evaluating py,, at the
predictions made from the candidate training points g, (X).

(2.19) Piee (Ger (X)) = Dy (Mu(X), 9),,,)
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8 B. CHAMPENOIS AND T. P. SAPSIS

In the end, the acquisition function for the candidate training points X’ is computed using all
of the quantities above

px(X)
P (Jtr (X))

As a result, we can evaluate the acquisition function at a low cost for high-dimensional func-
tional inputs X.

3. Application to the Majda-McLaughlin-Tabak (MMT) Model.

3.1. MMT System. We first apply the described method to the MMT model, a one-
dimensional dispersive nonlinear wave model that, given certain parameters, is useful for
studying turbulence and rogue waves [29]. More details on the overall system can be found in
[8, 59, 38, 12, 60]. The system is described by the governing equation

(2.20) quw.us(X) = o2 (X)

2
(3.1) iy = |85 + A8y P/ (’|8x]ﬁ/4u’ |8x]5/4u> +iDu

where the output u is a complex scalar representing the wave amplitude, o and 8 are param-
eters of the system, and D is a selective Laplacian which eliminates high wave numbers. For
a =1/2 and 8 = 0, the equation can be rewritten in the wave number space with forcing f(k)

(3.2) a(k)e = —ilk|"*a(k) — iNa(k)|*a(k) + Du(k) + f(k)

where the selective Laplacian is defined as

—~ — _ L* Qa i *
(3.3) Du(k) = {0 (|k] — k*)*a(k) ii :i: z Z*

This operator l/)\u(k:) prevents wave numbers above a threshold k*: for small wave amplitudes,
the output PDF appears to be Gaussian, but for large wave amplitudes, the output PDF is
very heavy-tailed. The stochastic complex initial conditions u(z,t = 0), which are Gaussian,
are obtained from the covariance

sin?(w(z — o’
(3.4) k(x,2") = 0*3 exp (z’2 sin?(7(z — x’))) exp <_2 ( 1(2 )))

with o, = 1 and [,, = 0.35, and they are reduced to 2m dimensions, m real and m imaginary,
using the Karhunen-Loeve (KL) expansion,

(3.5) u(z,t=0)~ Y aj\/Ajéi(x), Vo €0,1)
j=1

which transforms the original high-dimensional data into a set of orthogonal components. The
KL expansion is a dimensionality reduction method that maximizes the amount of retained
information by only using the most important features of the data. The grid is periodic over
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[0,1) and discretized into 512 points, m is set to 4, the timestep is dt = 0.001, the parameters
of the equation are A\ = —0.5 and k* = 20, and there is no forcing, f(k) = 0. As in [35]
and [19], we seek to train a standard fully-connected NN (FC-NN) to predict the maximum
future wave amplitude over a given time horizon, an extreme event, as a function of the 2m
stochastic initial conditions &

(3.6) y(@) = |[Re(u(z,T = 50;d))||

3.2. MMT Data Sets. To better mimic the characteristics of data sets that are found in
the real world, we make use of two data sets: points obtained from inputs that follow a Gauss-
ian distribution, D, , and points obtained with Latin hypercube sampling, Dy pg. For Monte
Carlo sampling, we select candidate training points from D, because this distribution more
closely resembles naturally-occurring data sets. As a result, we compare our proposed method
to a more rigorous benchmark (the Monte Carlo sampling performs worse when applied to
points from Dy g). For US/LW-US sampling, we select candidate training points from Dy g
because this data set more completely represents all the achievable values, including the tails
of the distribution. We evaluate the error metrics on the test set Dy g to measure the ability
of the models to capture the tails of the distribution.

3.3. MMT Machine Learning Architecture and Active Learning Hyperparameters. We
test both the E-NN and the D-NN described in Section 2.3. For the E-NN, we use an ensemble
of size 2, and for the D-NN, we use an ensemble fo size 5. Even though the size of the D-NN
ensemble is higher, the overall process takes less time because only one model is trained. From
the results of a simple hyperparameter grid search, we set the number of layers to eight, the
number of neurons to 250, the activation to ReLU, the number of epochs to 3000, and the
batch size to the floor of half the number of points in the training set. For the D-NN, we set
the dropout rate to 50%, a standard choice in many ML papers. The batch size is the only
hyperparameter that changes at each iteration, and we choose to update the batch size at
each iteration to keep the training error within a reasonable range given a growing data set
size and a constant number of epochs. We initialize the algorithm with a training set of 10
randomly chosen points. At each iteration, we add a batch of 10 points to the training set
(points that correspond to the maximum value of the acquisition function), and we re-initiate
the model to avoid getting stuck in any bad local minima found during early iterations.

3.4. MMT Results. The results obtained from carrying out the algorithm for 150 itera-
tions (up to 1500 points — 1.5% of the full data set) for randomly chosen points (MC), input-
weighted uncertainty sampling (US), and likelihood-weighted uncertainty sampling (LW-US)
are shown in Figure 2. Because we compute the mean squared error (MSE) with the Latin
hypercube sampling data set Dy g, we weight the error by the input distribution as follows

N

(3.7) MSE = (yi — () *px (&)

i=1
The LW-US outperforms MC and US with respect to minimizing the error in the tail of the
PDF, and this is seen again in Figure 3. The E-NN outperforms the D-NN, but the D-NN
training is faster, making it a useful architecture for more computationally expensive problems.
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_4 —— DNN MC
2 4
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Figure 2. Error Convergence Curves of the MMT Predictions. The log of the LPE error (left) and
log of the MSE (right) are plotted as a function of the number of points in the training set for both the E-NN
and D-NN implementations of the MC, US, and LW-US acquisition functions. LW-US (both E-NN and D-NN)
significantly outperforms the other acquisition functions with respect to LPE. E-NN US initially achieves a
better MSE, but E-NN LW-US eventually achieves a similar error.

3.5. Interpreting the Selected Points: Multidimensional Scaling. To gain insights into
the behavior of the LW-US active search algorithm, we visualize the eight-dimensional selected
input points with multidimensional scaling (MDS). MDS projects high-dimensional points to
a two-dimensional subspace with the requirement that a chosen distance metric be preserved
between points — points that are more spread apart in the original space must be spread apart
in the lower-dimensional space, and vice versa. As is typically done, we use the Euclidian
distance as the distance metric. The two-dimensional projection shown in Figure 3 reveals
that points chosen by the LW-US acquisition function are farther apart than points chosen by
other acquisition functions. The results of MDS suggest that drawing points that are more
“spread out” with respect to each other can be helpful for predicting extreme events.

4. Application to Debiasing Operator for Coarse-Resolution Climate Model Outputs.
We now show how likelihood-weighted active selection can be used to speed up the training
of ML climate models while improving the prediction of extreme weather events. We focus on
the model in [3] which learns a debiasing operator that maps trajectories from a free-running
coarse-resolution climate simulation to trajectories from a high-resolution fully-resolved cli-
mate reanalysis data set [3, 61, 9]. The advantage of this model is that the operator can be
used to correct less computationally expensive low-resolution climate simulations. While we
focus on this one model, the algorithm is model agnostic and can be used for any ML-based
climate model for which the set of possible training points is very large. In addition to re-
ducing computational time and costs, the likelihood-weighted criterion is able to determine
which points are most relevant to the dynamics of target extreme weather events.

4.1. Climate Data Sets. The coarse-resolution simulations are obtained from version 2
of the Energy Exascale System Model (E3SM) Atmosphere Model (EAMv2) [13, 17, 56]. The
data set consists of temperature (T), specific humidity (Q), zonal velocity (U), and meridional
velocity (V) at a 1° (approximately 110km) resolution, and we only consider the vertical layer
closest to the surface of the Earth. The high-resolution target data set is the European Centre
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Figure 3. Visualization of Selected MMT Input Points. In the top row, the 8D space is projected to
a 2D space with multi-dimensional scaling. Fach plot shows the spread of the optimally selected points in black
over the prediction made from the neural network trained after 150 iterations with training data obtained from
MC, US, and LW-US (left to right). The rightmost plot suggests that points chosen by LW-US are more spread
out. In the bottom row, the predicted PDF is compared to the true PDF after 150 iterations for MC, US, and

LW-US, and LW-US best matches the tail of the distribution.

for Medium-Range Weather Forecasts (ECMWF) Reanalysis version 5 (ERA5) [20]. ERA5
has a resolution of 0.25° (approximately 31km), but it is projected onto the E3SM grid for the
purpose of this model. For all data sets, we use 10 years of data from 2007 to 2017, sampled
8 times per day.

During the training phase, the output is the fine-scale reanalysis data set (denoted ERAS5),
and the input is the free-running data set from the coarse-scale climate solver that has been
nudged (denoted NUDG) to match the output. We will not go into the details of the nudg-
ing procedure, but it is comprehensively described in [3]. During the testing phase, we use
the trained model to predict high-resolution field given the un-nudged free-running coarse-
resolution climate simulation (denoted CR for coarse-resolution). Each data set (DFRAS,
DNUDG “and DOR) is a field over space ¢ and time t. Figure 4 shows the mean of the reference
reanalysis data set and the mean of the model output given the test data CR as input.

4.2. Machine Learning Architecture and Active Learning Hyperparameters. The NN
architecture, in Figure 5, is an encoder-decoder consisting of 2D convolutional layers. The
globe is divided into 25 sections (5 x 5 grid), the sections are padded to satisfy spherical
periodicity (the Earth is a globe), and the encoding convolutions are applied to each section
independently. The encoder is made up of one layer to split the globe, one layer to spherically
pad the sections, three convolutional layers applied to each section to capture anistropic local
features, one layer to merge the section. Next, the decoder applies “deconvolutional” layers
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Training Data Set: ERA5S 40 Test Data Set: M10o(CR) 40

emperature (°C)
emperature (°C)

Figure 4. Mean of ERA5 and Mean of Mioo(CR) for temperature. During the training phase, the
nudged data set is mapped to the ERAS5 data set. During the testing phase, the coarse-resolution (CR) data set
is provided as input to the trained model.

(or transpose convolutional layers) to map the latent space back to the desired dimension.
Finally, the 25 sections are combined to recreate the full field. The batch size is set to 8, and
the number of epochs is set to 150, as was done in [3]. The loss function is the MSE for which

spatial points are weighted by latitude 6: w(f) = 4/sin (99;)}9 )
encoder decoder
120x240 /\ /\; 120x240
45x67 53x61
24x48 z 2132 gy14 , o 2025 .13 25x29 X 24x48
0| SfaEa-= = O -
N T Y N A A
herical convolutions ~—~ de-convolutions ~—~
it SPrenea merge merge
sP padding 9

Figure 5. Climate Debiasing Operator Neural Network Architecture. The NN architecture splits the
Earth into sections which are individually passed through convolutional encoder-decoder layers.

The model M, is trained to map samples U from DNUPG to the output DFRA®. During
the testing phase, the input of the model is DR, and the resulting functional output is the
field Y = My (DR). To evaluate the framework, we generate “ground truth” data by training
a model with 100% of the samples in DNUPG and DERAS: we call this model Mjgg. Then,
we use the model Mgy to make a prediction from the un-nudged coarse resolution data set
DCR: we call this prediction Migo(DCR). At each iteration, we compute error metrics for
My (DCR) with respect to Mygo(DR).

The probabilistic model is an E-NN of size two, a choice that was shown to be preferable
in [35]. The prediction is the mean of the outputs of each member of the ensemble, and the
uncertainty is their variance. We initialize the algorithm with a training set of ten randomly
chosen points, and at each iteration, we add ten points to the training set (points that corre-
spond to the maximum value of the acquisition function). For the MC case, we add twenty
random points at each iteration because future iterations do not depend on previous iterations.
There are 29,200 (10 years x 365 days x 8 measurements per day) possible samples that can
be chosen by the acquisition function, but we only evaluate the method up to 750 points in
the training set (2.6% of all data). For each test case, we perform five or six experiments so
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that we can take the average MSE and LPE over the different experiments.

4.3. Results. For the climate application, we test the method on three cases: i) the first
PCA coefficient for temperature over the entire globe (Figure 6), ii) temperature in Paris
(Figure 9), and iii) specific humidity in Miami (Figure 12). These last two locations were
chosen randomly from a list of cities that have experienced extreme heat waves (in the case
of temperature) or extreme floods (in the case of specific humidity) in the last few decades.

PCA Mode 1 y; Temp. 4.5
— MC 2.0 — MC
4.0 —— LW-US —— LW-US
m o 1.5
£ 3.5 A g
S 3.0 S 1.0
3 3
2.5 - 0.5 -
2.0 1 0.0 -
200 400 600 200 400 600

Number of Points in Training Set Number of Points in Training Set
Figure 6. First weighted PCA

d the global t t ld.
mode of the global temperature fie Figure 7. The log of the MSE and LPE are shown for MC and

LW-US with respect to predicting the first PCA coefficient for tem-
perature given a global model.
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Figure 8. The true PDF of the first PCA coefficient for temperature is compared to the PDF obtained from
predictions made with MC and LW-US. The black vertical line denotes the mean of the true distribution, and
the dashed lines denote the 1o and 20. LW-US is able to better match the left tail of the true PDF.

Looking at the LPE as a function of number of points in the training set in Figures 7, 10,
and 13, we see that LW-US outperforms MC in all cases. In some cases, the improvement
is more significant (e.g. temperature in Paris Figure 10). The improvement obtained from
using LW-US can also be seen in the plots of the PDF (Figures 8, 11, and 14)— LW-US does
a better job at matching the tails of the distribution. We also observe that the improvement
obtained from using LW-US occurs at different number of iterations for different test cases. In
the case of MSE, the error is similar for cases involving temperature (Figures 7 and 10), but
worse for cases involving humidity (Figure 13). When using LW-US to improve the prediction
of temperature, there are no losses in the MSE and great improvement in the LPE. We note
that as the number of data points increase, the two methods give very similar results, as
expected.
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Figure 9. Mean temperature in the Figure 10. The log of the MSE and LPE are shown for MC and
region surrounding Paris, France. LW-US with respect to predicting the temperature in Paris given a

global model.
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Figure 11. The true PDF of the temperature in Paris is compared to the PDF obtained from predictions
made with MC and LW-US. The black vertical line denotes the mean of the true distribution, and the dashed
lines denote the 1o, 20, 30, and 4o. LW-US is able to better match the tails of the true PDF with just 310
points.

4.4. Interpreting the most informative data points: Clustering. Upon selecting the
training points, the subsequent goal is to determine if the points that were chosen by the
algorithm have any relevant physical meaning. For example, scientists could be interesting in
determining if these points are related to important system dynamics, if they can be attributed
to physical phenomena (e.g. turbulence, atmospheric rivers, tropical cyclones, etc.), or if their
physical interpretation depends on the target’s predicted output. Understanding why the
optimal points were selected also reduces some of the “black box” nature of the ML-based
algorithm.

We present a clustering framework to mechanistically identify and define the dynamics of
these points of interest. Clustering, a form of reduced-order modeling in which observations
are clustered around centroids, has been used for climate data sets in other applications [27].
In the case of a dynamic system like the climate, the observations (or samples) are snapshots
in time of the system. We select cluster centroids from the entire reference data set of PCA

time coeflicients o (t) = <DERA5,1/J]ERA5> using the standard k-means algorithm with k-

w
means++ for seed initialization. We set the number of clusters to six for all cases. The
resulting cluster centroids are projected back onto the PCA modes to visualize the spatial
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Figure 12. Mean specific humidity
in the region surrounding Miami, USA. Figure 13. The log of the MSE and LPE are shown for MC and
LW-US with respect to predicting the specific humidity in Miami given
a global model. LW-US is better for minimizing LPE, but worse for
minimizing MSE in the case of specific humidity.
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Figure 14. The true PDF of the specific humidity in Miami is compared to the PDF obtained from pre-
dictions made with MC and LW-US. The black vertical line denotes the mean of the true distribution, and the
dashed lines denote the 1o and 20. LW-US is able to better match the tails of the true PDF.

patterns. These cluster centroids are then used to predict the cluster labels of the new subset
of the data chosen by the algorithm. This step assigns the optimal points to relevant cluster
centers which allows us to determine if the points chosen by the algorithm are associated with
noteworthy dynamical phenomena. The ultimate goal is to interpret the physical meaning of
the points that were chosen for training.

In Figures 15 and 16, the six clusters are mapped in order of most occurring in the whole
data set (Cluster #1) to least occurring in the whole data set (Cluster #6). For temperature
in Paris (Figure 15), we found that points belonging to Cluster #6 are more relevant to the
dynamics of extreme weather events (Figure 15). Upon further examination, the shape of
Cluster #6 suggests a potential heat dome over Paris and the surrounding region [23]. By
using clustering, we are able to pick out extreme weather events using the active search as
an unsupervised algorithm. For specific humidity in Miami (Figure 16), we observe a similar
behavior: around 30% of the optimal points belong to Cluster #1 which resembles standard
zonal flow while around 50% of the optimal points belong to Cluster #6 which resembles a
blocking pattern. We also observe that only Clusters #1 and #6 are well-represented in the
optimal points which might provide an explanation as to why the MSE from LW-US is higher
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for humidity in Miami.

Temperature in Paris
Cluster #1: 20.85% of All Data Cluster #2: 19.53% of All Data
310 points: 26.08% of Optimal Data 310 points: 12.85% of Optimal Data
750 points: 36.13% of Optimal Data 750 points: 5.71% of Optimal Data

Cluster #3: 16.76% of All Data
310 points: 6.51% of Optimal Data
750 points: 2.84% of Optimal Data

Cluster #4: 15.58% of All Data Cluster #5: 14.09% of All Data Cluster #6: 13.18% of All Data
310 points: 7.31% of Optimal Data 310 points: 9.78% of Optimal Data 310 points: 37.47% of Optimal Data
750 points: 3.09% of Optimal Data 750 points: 4.42% of Optimal Data 750 points: 47.8% of Optimal Data

Figure 15. Clusters for Temperature in Paris With 310 points in the training set, Cluster #6 only
represents 13.18% of all data but 37.47% of the optimal data. Cluster #6 exhibits a blocking pattern over most
of France. The next most occurring cluster is Cluster #1 which represents standard zonal flow, typical for
normal weather events.

5. Conclusions. To better prepare for the impacts of climate change on humans, infra-
structure, and ecosystems, there is a pressing demand for improved climate models. These
models need to be fast so that they can be used for a variety of potential emission scenarios,
and they need to be accurate, even with respect to capturing the statistics of lower-probability
extreme weather events. Given both i) the rise in ML-based weather and climate models and
ii) the vast number of samples in high-resolution comprehensive climate data sets, our ability
to develop models can be significantly improved by more intelligently selecting training data.
To address this gap in the field, we introduced a likelihood-weighted active data selection
framework which sequentially selects optimal training points to improve prediction of extreme
event statistics (i.e. tails of the distribution). The framework is model agnostic and suitable
for high-dimensional data sets. We demonstrated the success of the framework on both a
synthetic problem and a real-world problem. In both cases, the likelihood-weighted active
data selection achieved a lower error in the tails of the probability distribution with fewer
training points, which reduces model uncertainty and brings down computational costs. In
the real-world problem, our method was also able to identify the dynamics relevant to extreme
weather events for added interpretability. The developed approach has the potential to be
useful for improved environmental sampling schemes, as well as compression algorithms that
preserve the information associated with extreme events in extensive data sets.
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Specific Humidity in Miami
Cluster #1: 26.62% of All Data Cluster #2: 17.97% of All Data

Cluster #3: 16.6% of All Data

310 points: 29.55% of Optimal Data 310 points: 6.0% of Optimal Data 310 points: 10.84% of Optimal Data
750 points: 29.6% of Optimal Data 750 points: 8.37% of Optimal Data

750 points: 6.08% of Optimal Data

Cluster #4: 14.46% of All Data Cluster #5: 14.39% of All Data Cluster #6: 9.97% of All Data
310 points: 2.71% of Optimal Data 310 points: 0.58% of Optimal Data 310 points: 50.32% of Optimal Data
750 points: 4.51% of Optimal Data 750 points: 0.91% of Optimal Data 750 points: 50.53% of Optimal Data

Figure 16. Clusters for Specific Humidity in Miami With 310 points in the training set, Cluster #6,
which resembles a blocking pattern, only represents 9.97% of all data but 50.32% of the optimal data. The next
most occurring cluster is Cluster #1 which resembles standard zonal flow, typical for normal weather events.
The spread of the frequency of optimal points does not change much between 310 points and 750 points.
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Appendix A. Supplementary Figures.

Training Data Set: ERAS
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Figure 17. Mean of ERA5 and Mean of M1oo(CR) for humidity. During the training phase, the
nudged data set is mapped to the ERA5 data set. During the testing phase, the coarse-resolution (CR) data set

is provided as input to the trained model.
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The black vertical line denotes the mean of the true distribution, and the dashed lines denote the 1o, 20, and

3o .

This manuscript is for review purposes only.



LIKELIHOOD-WEIGHTED ACTIVE SELECTION FOR IMPROVED EXTREME EVENT PREDICTION 19

Temperature in Delhi
Cluster #2: 15.62% of All Data Cluster #3: 15.33% of All Data
310 points: 3.48% of Optimal Data
750 points: 2.11% of Optimal Data

Cluster #1: 30.88% of All Data
310 points: 19.16% of Optimal Data
750 points: 20.08% of Optimal Data

310 points: 6.65% of Optimal Data
750 points: 3.49% of Optimal Data

Cluster #4: 14.71% of All Data Cluster #5: 11.9% of All Data Cluster #6: 11.57% of All Data
310 points: 11.48% of Optimal Data 310 points: 50.9% of Optimal Data 310 points: 8.32% of Optimal Data
750 points: 8.05% of Optimal Data 750 points: 38.19% of Optimal Data 750 points: 28.08% of Optimal Data

- . Y

Figure 19. Temperature in Delhi: With 310 points in the training set, Cluster #5 only represents 11.9%
of all data but 50.9% of the optimal data. The next most occurring cluster is Cluster #1. With 750 points in
the training set, there is a significant increase in the presence of Cluster #6.
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Figure 20. Specfic Humidity in Ankara. In the top left, the MSE and LPE are shown for MC and
LW-US. In the bottom row the true PDF is compared to the PDF obtained from predictions made with MC and
LW-US. The black vertical line denotes the mean of the true distribution, and the dashed lines denote the 1o,
20, 30, and 4o.
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Specific Humidity in Ankara

Cluster #1: 30.41% of All Data
310 points: 1.29% of Optimal Data
750 points: 8.21% of Optimal Data

Cluster #2: 16.13% of All Data Cluster #3: 15.36% of All Data
310 points: 0.71% of Optimal Data 310 points: 1.16% of Optimal Data
750 points: 1.25% of Optimal Data

750 points: 0.77% of Optimal Data

Cluster #4: 13.93% of All Data Cluster #5: 13.0% of All Data Cluster #6: 11.17% of All Data
310 points: 96.32% of Optimal Data 310 points: 0.19% of Optimal Data 310 points: 0.32% of Optimal Data
750 points: 89.33% of Optimal Data 750 points: 0.08% of Optimal Data 750 points: 0.35% of Optimal Data

Figure 21. Humidity in Ankara: With 310 points in the training set, Cluster #4 only represents 13.95%
of all data but 96.32% of the optimal data. With 750 points in the training set, Cluster #/ remains heavily
represented, but a larger portion of the optimally selected points are coming from Cluster #1.
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