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Climate models are improving,
yet systematic biases remain. ol

Precipitation bias (1995-2014) to
Global Precipitation Climatology Project (GPCP)

Skill of models at reproducing observations
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Eyring et al., IPCC AR6 WGI, Chapter 3: “Human influence on the climate system”, 2021 DLR




Subgrid-scale parameterizations are problematic. Cti
\

Not all motions (e.g., convective plumes) and processes
(e.g., cloud droplet formation) can be explicitly
represented by the model ("resolved" at grid-scale). Yet,
these can impact the resolved "grid-scale" state.

~50-150 km

Caltech

Solution: Describe the impact of subgrid-scale processes on the mean state of the system in a
statistical manner using information of the grid-scale state with Parameterizations

« Parametrizations do not represent processes exactly - rather the statistical effect of a given process (or
combination of processes) at grid scale of the GCM

« Often rely on factors that are uncertain or non-observable — have to be tuned (e.g., trial and error) to lie

within estimated observed bounds
E DLR




One approach to improve climate projections

an-
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microphysics)
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Data-driven methods can improve the
subgrid-scale parametrizations.

. our approach

~50-150 km

1. Massive data from Earth
observation

2. High-resolution
cloud resolving models

3. Progress in machine
learning

Science:

Improved
Climate Projections
and Understanding

Coupled hybrid model
(ICON-ML-ESM)

Land & Models
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Feedforward NN for Cloud cover parametrization in ICON (x:.
ol

Annual mean vertical profiles of cloud
fraction over Barbados (Crueger et al., 2018)

Estimate_d as a diagnostic . . Obsenvations

(Sundqvist et al., 1989) | —samR
. . . ——ECHAM-LR

« Based on relative humidity (RH) N

6.0

« And a semi-empirical
parameterization with tuning
parameters

« Cloud cover exists whenever RH o] Overestimation
exceeds a critical RH level (T,p)

height [km]
.
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ICON Storm Resolving Model Simulations

NARVAL, QUBICC, DYAMOND (~2-5 km)
- Explicit treatment of (deep) convection
- Improved representation of clouds & convection
(Stevens et al. 2020, Hohenegger et al. 2020)

IWP [kg m?] . Ax=2500 m
i

o NERWIAL: only regional tfaining dat
' % 2 months

Potential features

Temperature / Storm-Resolving Models (SRMs)

Humidity
Coarse-graining
Pressure

Water vapor

Coarse-grained

Cloud water _
state variables

Cloud ice \Our approach

B-o-

ML-based scheme

5 4
Coarse-grained
cloud cover/
0 DLR
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Grundner et al., DL Based Cloud Cover Parameterization for ICON, https://doi.org/10.1029/2021MS002959 (2022) ~|qud cover



https://doi.org/10.1029/2021MS002959

ML for cloud cover reduces the climate model error. Ctu
\

a) ICON-A-MLe* - OBS (RMSE = 9.71%) ICON-A-MLe* - OBS (RMSE = 8.03 W/m?) ICON-A-MLe* - OBS (RMSE = 12.22 W/m?)
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Grundner et al., Scientific Reports 15:43836 (2025)




Explore potential of quantum computing Cti
for climate modelling h

o :\ "for photonic platforms, the -\, ¢ NILSQ FTOC Hope from Iiteratlure for, e.g.
- « Better generalization
k ¢ properties (Cong et al.,
:E O 2019; Abbas et al., 2021;
T 103} o Caro et al., 2022, 2023)
S o « Faster training (Abbas et
E- $ al., 2021) (but: barren
810’} ® ’ - plateaus)
o ' 3 ! TN » Application for generative
e ® ; ®ee? ¢ modelling (Amin et al.,
101k 0 @ s o o 2018; Dallaire-Demers and
® Universities @ : _
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Schwabe et al: Env. Data Sci. 4, e35 (2025) DL
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(a) Offline Training
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(b) Online Operation
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Schwabe et al: Env. Data Sci. 4, R @ DLR
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QNN architectures for cloud cover Ct-
\

Inputs:
Specific humidity

Cloud liquid water
Cloud ice water
Air temperature Xf fo(x)
Pressure ~
Horizontal wind . w cle(x)
) Variational etz
Input features x ~ : variational blocks
encoded as angies blocks I_/(Q) with W () with
of single-qubit entangling gates entangling gates
rotations in encoding and trainable and trainable
\ layer S(x) = R,(x) parameters 6 /
Repeated n_,. times . #
P enc Repeated n,,, times DLR

Z8 Pastori et al: Machine Learning: Earth 2 (1), 015008 (2026)




Quantum neural networks for cloud cover Ct'
\

— XYZ = NNs === ground truth
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mean cloud cover MSE = 0.0026 MSE = 0.0205
= For a fair comparison, classical NN has 200 trainable parameters, comparable to quantum NNs
=  Quantum (XYZ and ZZXY) and classical NNs have comparable performances and biases
DLR

= Can XAl pinpoint more differences? Test on more complex parametrizations?
Pastori et al: Machine Learning: Earth 2 (1), 015008 (2026)
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Shapley values quantity the influence of input features

Output=0.4 Output=0.4
I

Age =65 — — L Age—6s
Sex=F — . i
Explanation «— Sex=F
e k— BP=180
BMI = 40 —> L
T
Base rate = 0.1 Base rate = 0.1

https://shap.readthedocs.io/en/latest/index.h

SHAP package: Shapley Additive exPlanations (Lundberg & Lee, 2017):
efficiently compute approximations of Shapley values for deep NNs




According to analyzing SHAP values: The QML parameterizations Ct.
for cloud cover learn more robustly than the classical ones. ol

| Network (Classical)) MSE | R? | Network (Quantum) | MSE | R? |

NN(6,) 0.007 | 0.93 QNN(6y) 0.010 | 0.90
NN(6s) 0.006 | 0.94 QNN(#2) 0.009 | 0.91
NN(65) 0.006 | 0.94 QNN(#3) 0.009 | 0.90
NN 0006 |084|  ONN@) | ooml | 0m Specific Humidity [kg/kg]
NN(6s) 0.006 | 0.94 QNN(05) 0.011 | 0.89 0.301
NN(67) 0.006 | 0.94 QNN(67) 0.010 | 0.90
NN(fs) 0.006 | 0.94 QNN(6s) 0.010 | 0.90
NN(fg) 0.008 | 0.92 QNN(6y) 0.009 | 0.91
NN (630) 0.006 | 0.94 QNN (6,) 0.010 | 0.90 0.25-
Table 9: Summary of MSE and R? values for different parameter sets in classical and
quantum architectures. The architecture remains consistent across all experiments, while b
the parameter set 6 (labeled with subscripts from 1 to 10) represents the selected set of E 0. 2 0 E
parameters. All values are computed using a dataset of 100,000 points, as in previous o
cases. >
o
: : 0.15-
= Train ten classical and ten I
quantum neural networks with ? 0.10.
varying random seeds
= Analyse feature importance 0.05
with SHAP values (XAl)
" Quantum netWOI’kS ShOW more 0.00 Classical Quantum
stable feature importances #
Sarandrea, Master's Thesis, LMU Munich (2025) DLR

(8 Schwabe, Proc. IEEE QAI 73-78 (2025)
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INPUT ML-based Cloud Microphysics Parameterization OUTPUT 071
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Sarauer et al., Env. Data Sci. 4, e40 (2025)
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DLR

Best trial's test R? Number of trainable parameters




CCi

ol

+ Parameterizations under development: Microphysics, turbulent fluxes, boundary
layer height, convection (stochastic parameterization)

0.695 -
Repeatedly observed: 0.690- o
_ &y
more stable training results 0685 e
- P *
2 0.680 - g
Rodriguez Garrido, University of Murcia, 'J
0.675
Master’s Thesis (2026)
0.670 .
QNN

1
MLP

+ Ongoing work on coupling QML-based parameterizations with ESM ICON-XPP

See Virtual Poster by H. Keller on Tuesday at 2 PM

i DLR
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One approach to improve cllmate projections

an-
are high-resolution models. g
+ High-resolution (0 (km)) models parmond
resolve various dynamical processes, %y o o
e.g. deep convection and eliminate ‘;"“"e?‘;“%&\&“gm o novatie

many biases

+ However, only part of spectrum
resolved (e.g., not shallow
convection)

+ Need for parameterizations still
remains (e.g., turbulence and
microphysics)

— Quantum computing for fluid » “ Wz
dyn amics G e ‘ M Potrsen 1 E3SMsimg ,-onsh:wAgsddjc"’éf;“(yPA)




PINNs can be used to approximate the solution of PDEs, Ct.
but can be slow. \

E\J\J\MM! ck

PDE Loss

BC Loss Loss

IC Loss
Luo et al.,
) Al Rev. 58,
0 (W,b) I ptlmlzel‘ 323 (2025)

i DLR




PINNs with quantum components converge faster Ct.
in terms of epochs than vanilla PINNSs. el

L 107 1
Fi b « PINNs and cPINNs (same number of trainable
: i parameters) reach similar performance
! : » gPINNSs are trained significantly faster in terms of
o 0 epochs in the complex loss landscape of PINNs
= 1o * Mean squared error (MSE) of gPINN goes up when
- - ] more parameters in classical part rather than
{|— omw quantum part
107°

0% 10t 102 10% 10 10° 107210°% 107
eps

i DLR

28 Klement et al., arXiv:2601.15046 (2026) — see his talk on Tuesday at 10 AM!
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ML-assisted Automatic Tuning Framework Ct,
\

- Preliminary step: choose metrics to tune
for and identify parameters to tune (e.q.
sensitivity analysis)

- lterative optimization: Bayesian scher  S— History Matching (HM)
applicable to costly "black-box” funct Model runs Improve ML emulator * Balance between exploration of the
(sampline] e parameter space and exploitation of
1. Perturbed parameters ensemble R — the already explored, and potentially
(PPE): N model runs for randomly 3 promising, parameter regions.
sampled parameters i ! + emulator Exploration-exploitation tradeoff
' = ) S N rediction . . o
2. Fit ML model (emulator) to PPE g / points ’/ 9 ’ achieved by shrinking parameter
3. Generate very large PPE with g b Y space according to an implausibility
emulator ‘\* 4 / criterion:
4. Shrink parameter space (history / * Only parameters which the emulator
matching) St finds promising (i.e,
Iy gy = v..)2 (Vemu (0) — yobs)2 is small), or
||:}Em11l{ ]' }'nhs} . q
IM(8) = 5 < p - where the emulator is very uncertain
\J el (8) + ot ’ (i.e., 02,1 (0) is lar ill be kept i
parameters =+ Yemul ge)' Wi e keptin
5. Reiterate from PPE generation the next iteration of the protocol.

i DLR

Bonnet & Pastori et al., Geosci. Model Dev., https://doi.org/10.5194/gmd-18-3681-2025, 2025




Quantum Gaussian process emulators applied :

to Lorenz-96 toy model

Quantum GPs: replace classical with quantum
kernel, i.e., kernel evaluated from quantum
circuit

—> Start with Lorenz-96 as toy model

. .
.
-----

L .
. %,
.

dXy
dt

Advection Diffusion Forcing |
Coupling

dY.

c
—— = —cbYjx(Yisak — Yjmrh) =Yk +— Xi
/\dv;lion Diffusi v
2

dt N

J
he
— = =Xk 1(Xk-2 — Xier1) =X +F S le Yik

= Simplified substitute model

= X variables correspond to
slow processes (e.g., ocean
system)

= Y correspond to fast
processes (e.g. atmosphere)

Z8 Christiansen & Ohl de Mello et al., arXiv:2512.20437 (2025)

Metrics to consider
for tuning:

(X)

(Y),

f) =] X?),
(XY),

(¥?),



Quantum kernels show good performance ) @

. .
......

Quantum GPs: replace classical with quantum kernel, i.e., kernel g planqc
. . te e .
evaluated from quantum circuit dine
10° : Chebyshev

(5 repetitions)
NPQC (3 reps)

- YZ-CX (5 reps)

o / 2 10-1 - RBF (3 reps)
o ,

) ey ) :
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f oo T =

A'g 7 i %

" p y =
x 05 v, £
0.4 - Initial
wave o
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DLR

Christiansen & Ohl de Mello et al., arXiv:2512.20437 (2025)




summary Cti
\

+ Climate models can be improved with ,
Parameterised

classical machine learning quantum
circuits (PQCs)

Quantum
annealing

+ Potential of quantum computing to boost
climate modelling

+ Important for community to position itself to
take advantage of rapid QC progress, Poi =Tt ontE
advocate for QC developments with

applications in mind, advance hardware- T;fj;’;t:s' fuanes
software/application co-design
Quantum £ Quardam:
lin.alg. S
| inspired
% Bundesministerium ¢ DLR SOIVers methods
fiir Wirtschaft Quantencomputing and others
und Klimaschutz N itative | Parameterisations
This project was made possible by the DLR - Schwabe et al: Env EI-EI
Quantum Computing Initiative and the Federal ht.tps.//kllm-qml.de Data Sci. 4. e35 (2025) 53 _Er-"‘,i;"l-.
Ministry for Economic Affairs and Climate Action. mierk.schwabe@dlr.de - O s DLR
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