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Context and Motivation

Precipitation Accumulation
(12-18 july 2021)

Extreme precipitation
events across Europe.

"1

Interpolated observational
data
(E-OBS dataset).
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Data

Space-time data

Yearly maxima of daily
rainfall

\

o
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Maximum daily rainfall in summer (mm/day)

E-OBS Summer Annual Maxima of Daily Rainfall
74 years | 680 locations

Each yearly value is the single wettest day in June-july-August
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Generalized Extreme Value Distribution

GEV A random variable Z follows a GEV distribution
Y‘”th location u € R, scale o > 0, and shape £ € R /GEV probability density for different shape values £ \

G(z;p,0,8) :exp{— [1+§(%)]_1/5},

A flexible
family for A

for block 1+€(z—u) 0.

maxima. o K Support depends on & j
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Return Levels(1)

A return level is a quan- Annual Maxima of Daily Summer Rainfall

1950-2023 | 74 Yea

tile of the fitted GEV: Return Level Plot

95% confidence interval
—— Stationary GEV fit
Observed annual maxima
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Return Levels(2)

Return Level Plot

Non-stationary GEV with linear trends in location and scale
1950-2023 | 74 years

95% confidence interval

120 - == Non-stationary GEV fit
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5.8499E, 49.9499N | GEV trends: loc 1.73, scale 1.74 | pointw

Observed annual maxima
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(Weighted) Independence Likelihood

For a reference site sy, we use the weighted independence likelihood

lao(Bs2) = > Cey (DY o5 (253 0(t:5:8))

seS teT

GEV parameterization.
0(t,s:8) = (u(t,s), o(t.),¢).
ult.s) = x,.(t,5)T 8",

o(t,s) = exp{xg(t, S)T,B(J)} .

The weights ws, (s) determine how much information site s contributes to the local fit at sg.
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Regionalization

( Existing regionalization strategies )

N ([

Hierarchical k= 10 K-medoids, k=8

>
e ]
s |
Longlude o j
[y R b A <]
K Tradowsky et al., 2023 / K Saunders et al., 2021

Weights for regionalization

Homogenous weights.
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A quick look at the weighted regression

(Kernel) Weighted Regression

s smooth line so far
2.5 — current reference point

+-++-:space neighbourhood
20- underlying signal
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local estimate
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reference point
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o 2 4 6 8 10 12
1D space
10-
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Input Features

From fixed kernels to learned weights

For a reference site sg and a neighbouring site s, we build a
feature vector summarizing spatial and distributional distance

A= plso) —pls),  Awgo =loga(so) —loga(s),  Ag=E(s0) —&(s)

T
2 2 2
f _ | Iso=sll AL A Ac
(SOa S) ) PR 2 ) PR
Yd Yo Vogoe &

Interpretation: the first component measures spatial separation, while the remaining
components compare local GEV characteristics. The constants v put all features on
comparable scales.
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Architecture :-)

1. Neural weighting network

Parametric nonlinear map R — RF

Input features
Fo05:6) € RF

Weights
(Function of s, and 6)

Feature Energy
coefficients E(s0,59)

o(so,8;6)
eR”

oy 58) = P
Loesexp{ - Elsuu)}

Some features depend on
GEV parameters 6 = (11,,€).
hy =ReLU(Wf +by) weights sum to 1
hp = ReLU(Wahy + bp)

o(s0,;¢) = Wahz + b3

GEV parameters

0 =(p,0,6) ¢ = (W1,b1, Wa, by, Ws, b3) Output: weights wy,(,s,0) ‘

2. Alternating optimization

Step W: update network parameters ¢ »| Step T: update GEV parameters § eneat
« Fixd « Fix ¢ ____p___,
 Optimize ¢ .  Optimize 8
* Recompute @ and wy, (v, s,0) b « Rebuild features f(so, s; )
N
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Optimization

We learn the weighting rule by maximizing the average local weighted likelihood

L6, ZZwSOSOa |7_|Zlogg 24,53 0(s0))

so€S seS teT

Optimization problem.

(8,a) = arg max L0, ).

,O

The parameters o define the feature coefficients, while @ represents the local GEV parameters used inside the

objective.
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3-Step Method

(. 1
Preliminary estimation

with MLE

Obtain preliminary GEV pa-
rameters

o~

(7i(s), 5(s), £(s))-

Pointwise or with spatial covari-

kates xo(s)

0(s) =

\

e
2

Learn the weighting rule

~

Use the preliminary
marginals to build input fea-
tures to start the two-step
optimization criterion.

J

- /
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(3

Final estimation using
MLE

\

Estimate the final local GEV
parameters via MLE, with

the weights fixed:
(Classical weighted likelihood

optimization).

)

17/32



Simulations
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Data Generation (1)

We simulate annual maxima on a spatio-temporal domain

(s,t) ST, Z(s,t) ~ GEV(u(s,t),0(s,t),&(s, 1)) .

Covariate-driven parameter fields.
1(8,1) = Bu0 + Bu,s Cs(8) + Bt Ci(t),
logo(s,t) = Bo,0 + Bo,s Cs(8) + Bot Ce(t),
E(s,t) = &0 +ee(s, t).
Normalized covariates.
C(-) —minC

— — € 1[0,1].
maxC — minC

c() =

Spatial and temporal covariates induce smooth non-stationarity; e¢(s,t) € {—0.05,40.05} is a weak mean-zero

random perturbation.

'
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Data Generation (2)

Temporal covariate.

t — tmin
Let Z(s) be a mean-zero Gaussian random field. It;msnpatial covariance is taken from the Matérn
family:
2171/ v ,
Cov{Zs(s), Zs(s')} = o? ) (\/ 2v r¢(s,s/)) K, (\/ 2urs(s,s )) .

st =| (e f)se

Simulation parameters.

Parameter Intercept (o) Spatial (5s) Temporal (5;)
Location p 70.0 30 1.0
Scale o 11 22 1.0
Shape ¢ 0.1 0.0 0.0

£ noise amplitude d¢ = 0.05 - -
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Evaluation Criteria

For each target quantity 6, performance is measured using the root mean squared error:

1L 2
RMSE — N;(er—e).

Normalized error.
To compare quantities with different scales, we use the relative RMSE:

RMSE

NRMSE =
10

The normalization makes errors comparable across GEV parameters p, 0, & and across return levels.
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Results
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Effective Sample Size

A convenient summary of the amount of information used by a weighted procedure is

2
Nog = (2 wi)
Normalized weights.
1

If Zwi:L Nog = .
: > w?

%

This is useful when the weights are interpreted as proportions of information: the more
concentrated the weights are, the smaller N.g becomes.

Uniform weights.

TL2

fw, = =w, =1, Neff:?:n.

In our setting, ESS provides a quick indicator of how much information is effectively used after weighting.

Robert Paulus ISBA, UCLouvain 23/32



Step 1 : Marginal fit

Pointwise Marginal GEV Fit
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100 independent stationary fits on the SIM2 simulation field. Each site is fitted separately on its own 100-step series.
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Step 2 : Gradient Descent

RMSE

500

NLL vs Epoch

ESS vs Epoch

—o— W step train NLL —o— WstepEss
—e— Tstep train NLL 55
50
o 45
b
)
35
80 100 o 20 80 100
Epoch Epoch
RMSE vs Epoch RMSE VS ESS
—e— RMSE
12
10
W 8
4
2
z
6
4
2
20 80 100 35 50 55

Epoch

a5
Snapshot ESS

Robert Paulus

ISBA, UCLouvain

25/32



Learned Weights

( Spatial covariate field

Field intensity (0-1)

The learned
weights capture
—thestructuire—>
of the spatial
covariate field

-

Weights at (i,j)=(5,6), t=30
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Step 3 : Weighted fit

Weighted GEV fit

a

100
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€ 16t
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Comparing weighting methods

Table: Simulation performance summary. True values: p = 76.08, 0 = 12.66, £ = 0.05,
RL100 = 14155, and RL1000 = 180.52.

Metric Parameter Pointwise Local Weighted Full
I 1.96 5.07 1.83 8.66
o 1.48 2.20 1.15 4.46
RMSE 13 0.11 0.05 0.05 0.06
RL100 21.21  26.82 17.24  45.61
RL1o00 49.80 50.36 35.74 81.15
I 1.70 5.06 1.81 8.66
o 1.05 2.19 1.13 4.46
Bias 13 0.05 0.05 0.05 0.06
RL100 16.50 26.50 16.99  45.57
RL1000 33.90 49.10 3498 81.01
I 0.97 0.39 0.23 0.20
o 1.04 0.19 0.22 0.14
Std 13 0.10 0.02 0.01 0.01
RL100 13.33 4.08 2.90 1.82
RL1000 36.47 11.22 7.31 4.73
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WIP & Limitations
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Discussion

Work in progress.
» Visualize the extension of the method to all reference sites
sp €S.
Current simulation results focus on a single reference point.

» Determine when to stop the neural network training: validation set, early stopping
criterion, or stability-based rule.

» Investigate feature selection more deeply: which features are truly informative for learning
the weights?

Caveats.

» The main weakness is that the learned weights are data-dependent.

» As a result, the sandwich/Godambe estimator may underestimate uncertainty, leading to
confidence intervals that are too narrow.
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Thank You

Thank youl!

Robert Paulus
ISBA, UCLouvain

Adaptive regionalization for extreme precipitation

Questions ?
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