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their models outperform state-of-art
conventional models

* e.g. Downscaling, such as in Stengel et
al. (2020)

But the performance for rare, extreme
events of such systems is mostly unknown
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* Critical for

* any general purpose system that
will face events of
unprecedented severity e.g.

& UK 2022

“3 Storm Eunice
. gust return
period up to

NWP, climate simulation ~200 years
postprocessing.

* any specific use for simulating s Hurricane
highly damaging weather and Harvey rainfall:
climate events e.g. extreme \".'\ return periods
weather attribution ~1000s of

* (Though note not all extreme years
Impact events are so e.g. van

Oldenborgh et
al. (2017)

meteorologically extreme)



Reasons for scepticism

—— Properly fit model
~—— Overfit model
® Training data
® Test data

can work well e.g. big
vs small models, pure
ML vs hybrids

* Not as an afterthought
— risk of wasting lots of
time if the wrong
options are pursued! L2 G, (022




How extreme is “extreme”?

99.997th 100 years 4.0 1.7 10 2.3
99.9997th 1000 years 4.5 1.9 13 2.8

But even greater extremes do occur, e.g.:

37~ 77, River discharge up
/"% to 200x the 10-

300 14-day rainfall
... “2 %3 year return level

. . (e) ECMWF (Aug 2019) = IMD-GPM
in Kerala, India, :
2018 and 2019 ,¥. 2 S from rainstorms
(Mukhopadhyay et i I K M KE Kl te B o il e (Smith et al.,
al., 2021) o e 2018)

160

% Day-2
& Day-3
2 Day-4

o D 8
e eeCs
2 2B




Example — hurricane rainfall downscaling
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More success examples
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E.g. NWP post-processing for TC Winston E.g. Peak river flow estimates
(Gronquist et al., 2020) (Frame et al., 2021)




More useful
diagnostics
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* ML does work at least sometimes for extremes, but
evaluated in only a small number of studies.

* Critical to evaluate in many cases to show ML is useful, and
not as an afterthought.

* More research indicating which methods have the best
chance of working for extremes would be very valuable —
good way to argue novelty.
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