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Abstract Persistent systematic errors in Earth system models (ESMs) arise from difficulties in representing
the full diversity of subgrid, multiscale atmospheric convection and turbulence. Machine learning (ML)
parameterizations trained on short high‐resolution simulations show strong potential to reduce these errors.
However, stable long‐term atmospheric simulations with hybrid (physics + ML) ESMs remain difficult, as
neural networks (NNs) trained offline often destabilize online runs. Training convection parameterizations
directly on coarse‐grained data is challenging, notably because scales cannot be cleanly separated. This issue is
mitigated using data from superparameterized simulations, which provide clearer scale separation. Yet,
transferring a parameterization from one ESM to another remains difficult due to distribution shifts that induce
large inference errors. Here, we present a proof‐of‐concept where a ClimSim‐trained, physics‐informed NN
convection parameterization is successfully transferred to ICON‐A. The scheme is (a) trained on adjusted
ClimSim data with subtracted radiative tendencies, and (b) integrated into ICON‐A. The NN parameterization
predicts its own error, enabling mixing with a conventional convection scheme when confidence is low, thus
making the hybrid AI‐physics model tunable with respect to observations and reanalysis through mixing
parameters. This improves process understanding by constraining convective tendencies across column water
vapor, lower‐tropospheric stability, and geographical conditions, yielding interpretable regime behavior. In
Atmospheric Model Intercomparison Project‐style setups, several hybrid configurations outperform the default
convection scheme (e.g., improved precipitation statistics). With additive input noise during training, both
hybrid and pure‐ML schemes lead to stable simulations and remain physically consistent for at least 20 years,
demonstrating inter‐ESM transferability and advancing long‐term integrability.

Plain Language Summary Clouds and thunderstorms are difficult to simulate accurately in climate
models because they typically occur at scales smaller than the model's grid. This necessitates the use of
approximations for these processes, so‐called parameterizations, which often introduce errors. Machine learning
(ML) offers a new way to improve these models, but ML can be unstable and doesn't always behave well when
employed in different models or with different conditions. In this study, we develop a new hybrid method that
combines machine learning with established physical principles to better simulate the influence of atmospheric
convection. Our approach learns from high‐fidelity climate simulations and can adjust its behavior based on
how confident the ML model is in its predictions. This helps the model stay stable and accurate, even when it is
used in a different climate model. Furthermore, a small amount of noise is added during training to improve the
long‐term stability of our ML model. We tested our method in the ICON climate model and found that it is
accurate and stable in year‐long simulations, while remaining stable and reliable over periods of 20 years. This
work shows that blending physics with machine learning can lead to more accurate and robust climate models.

1. Introduction
Mass‐flux parameterization schemes, which represent the vertical transport of energy, water, and momentum in
convective up‐ and downdrafts as a function of environmental conditions (Arakawa & Schubert, 1974;
Tiedtke, 1989), remain the de facto standard for parameterizing deep convection in modern ESMs. Such pa-
rameterizations can however introduce substantial biases into climate projections (Christopoulos &
Schneider, 2021; Judt, 2018; J.‐Y. Lee et al., 2021; Stevens, Satoh, et al., 2019) because they are often based on
empirical relationships and simplifying assumptions.
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Recent years have seen a surge of machine learning (ML)‐based parameterizations for deep convection and cloud
physics (Gentine et al., 2018; Heuer et al., 2024; Yuval & O’Gorman, 2020, 2023). Training ML‐based schemes
on coarse‐grained high‐resolution data and implementing them in conventional Earth System Models (ESMs)
promises to reduce long‐standing biases in coarse‐scale global simulations. To design a suitable training data set,
the choice of the coarse‐graining and filtering operator is however critical and not uniquely defined (Brenowitz
et al., 2020; Ross et al., 2023). Furthermore, coarse‐graining storm‐resolving ICON data does not yield a clean
separation of convective versus other subgrid processes (Heuer et al., 2024). Additionally, generating global
storm‐resolving training data is extremely expensive (Satoh et al., 2019) and most available storm‐resolving
ICON data sets are not ideal as a ground truth because they do not offer an appropriate temporal output fre-
quency (sub‐hourly), global coverage, or do not include the needed variables for training: DYAMOND (Stevens,
Satoh, et al., 2019) or nextGEMS (Koldunov et al., 2023) provide only 3‐hourly 3D fields and at best 15‐min 2D
surface variables; NARVAL (Klocke et al., 2017; Stevens, Ament, et al., 2019) is confined to the tropical Atlantic
with hourly output. Challenges related to using complex high‐resolution training data are illustrated in our
previous work, Heuer et al. (2024), where an ML model for deep convection was trained on coarse‐grained and
filtered two‐month‐long high‐resolution tropical data. This yielded promising online results such as an improved
representation of precipitation extremes, but also introduced heavy blurring and biases in variables such as
column water vapor or temperature.

Furthermore, whereas previously developed ML parameterizations have shown success in modeling the subgrid
convective fluxes and convective precipitation, stability issues remain very common, even in idealized aquaplanet
setups (Brenowitz & Bretherton, 2018, 2019; Brenowitz et al., 2020; Gentine et al., 2018; Lin et al., 2025; Rasp
et al., 2018; Yuval & O’Gorman, 2020). Hybrid ML–physics climate models have yet to demonstrate stable,
accurate simulations suitable for operational use; emerging real‐geography runs are still too short (Watt‐Meyer
et al., 2024) or too coarse (Han et al., 2023; Hu et al., 2025; X. Wang et al., 2022).

In an attempt to mitigate the discussed challenges of training ML models on global storm‐resolving data directly,
we use the ClimSim data set (Yu et al., 2025), generated with the Energy Exascale ESM multiscale modeling
framework (E3SM‐MMF) (E3SM Project, 2018). In this superparameterized setup (W. M. Hannah et al., 2020),
2D Storm Resolving Models (SRMs) with periodic boundaries are embedded in each coarse atmospheric column,
replacing conventional subgrid parameterizations. ClimSim pairs coarse‐scale atmospheric states (inputs) with
tendencies derived from the embedded SRMs (targets), providing a well‐defined, although artificial (W. Hannah
et al., 2022), scale separation between resolved coarse dynamics and unresolved physics. This reduces ad hoc
choices in coarse‐graining and process separation when training ML models. In addition, a 2024 challenge on
Kaggle, an open ML competition platform, built around ClimSim, attracted over 690 final submissions (Lin
et al., 2024), yielding strong baselines and architectures we leverage here.

In this proof‐of‐concept, we leverage these developments to create a new ML‐based parameterization of con-
vection for the Icosahedral Nonhydrostatic (ICON) model (Giorgetta et al., 2018; Zängl et al., 2015) with a
horizontal resolution of ∼160 km × ∼ 160 km, trained on the ClimSim data set. Our ML approach draws
inspiration from models developed in the Kaggle competition, in which vertically recurrent neural networks
(NNs) (Ukkonen & Chantry, 2025), such as bi‐directional Long Short‐Term Memory (BiLSTM) architectures,
emerged as competitive contenders for predicting subgrid‐scale tendencies from large‐scale inputs. We addi-
tionally implement a physically informed loss function encouraging the trained networks to adhere to conser-
vation laws and to discourage non‐conservative sources and sinks in single‐column predictions. A key
modification, inspired by the first‐place winner “greySnow” of the Kaggle competition, is the incorporation of a
confidence loss. This adds a second prediction head that estimates the loss for all targets, effectively quantifying
model uncertainty. Using this confidence metric during online inference, we mix ML predictions with the
conventional convection scheme when the ML scheme is uncertain, thereby improving overall performance. The
approach is similar to the novelty‐detection method of Sanford et al. (2023) or the “compound parameterization”
proposed by Krasnopolsky et al. (2008) and used in Song et al. (2021), identifying and responding to out‐of‐
distribution or uncertain conditions during inference. Rather than applying ML corrections unconditionally,
we use the confidence metric as a proxy for uncertainty to detect potential extrapolation beyond the training
domain. By avoiding extrapolation and applying ML corrections only in specific regions of the input space, this
method prevents unphysical or biased outputs and enhances stability and reliability. While the method by Sanford
et al. (2023) might be more reliable in out‐of‐distribution cases, the use of the confidence metric is easier to
implement and use as it does not require a separate novelty detection algorithm. With this work, we build upon
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previous studies demonstrating ML‐based parameterizations in ICON (Grundner et al., 2022, 2024, 2025; Hafner
et al., 2024; Heuer et al., 2024; Sarauer et al., 2025).

This paper is organized as follows: Section 2 presents the ClimSim data set used for model training, along with the
observational and reanalysis data sets for evaluation. Section 3 outlines the overall methodology, detailing the
architecture of theML‐based convection scheme, the loss design, and the confidence‐guided mixing. In Section 4,
we evaluate one‐year‐long coupled simulations, analyzing climate statistics and the physical behavior of the ML
parameterization to gain process‐level insights. As a comprehensive validation, we conduct historical Atmo-
spheric Model Intercomparison Project (AMIP)‐type simulations with prescribed sea surface temperatures
(SSTs), sea‐ice concentrations, and greenhouse gas concentrations. Finally, Section 5 discusses the key findings
and concludes the study.

2. Data
2.1. ClimSim and Cross‐Validation Procedure

We used the “high‐resolution version” of the ClimSim data set (LEAP, 2023; Yu et al., 2023) with a horizontal
resolution of approximately 1.5◦ × 1.5◦. The data are produced over realistic geography with E3SM‐MMF
(E3SM Project, 2018), span 2005–2014 with 20 min output, and total about 41.2 TB (Yu et al., 2025). Sea
surface temperatures and sea‐ice amount were prescribed. Boundary conditions such as ozone and aerosol
concentrations were set to the climatological average of 2005–2014 (Yu et al., 2025). In this multiscale modeling
framework, subgrid‐scale dynamics are resolved by 2D SRMs embedded within each grid column of the coarse
atmospheric model. These SRMs have a horizontal resolution of 2 km and are two‐way coupled to the coarse
atmospheric model (W. Hannah et al., 2022). The SRMs replace the coarse model's parameterizations for con-
vection and boundary‐layer turbulence (J. Lee et al., 2023) and are used for the calculation of radiative fluxes. The
SRMs are mostly based on the System for Atmospheric Modeling (SAM; Khairoutdinov & Randall, 2003), use
SAM's single‐moment microphysics, and close sub‐SRM‐grid‐scale turbulent fluxes with a diagnostic
Smagorinsky‐type closure. Gravity wave drag and vertical diffusion are parameterized by the coarse atmospheric
model outside the SRMs (Yu et al., 2025). We refer the curious reader to Yu et al. (2023) for more details on
ClimSim and W. Hannah et al. (2022) for the E3SM‐MMF setup.

This data set offers several advantages compared to training data from other high‐resolution models that enhance
its utility for research. Notably, it features a well‐defined scale separation between subgrid‐scale and grid‐scale
dynamics, as it is generated through a superparameterized modeling framework. Additionally, the data set is
readily accessible to the research community and was utilized in a Kaggle competition (Lin et al., 2024) that
attracted over 690 finalized submissions. The collaborative efforts of participants in this competition have yielded
highly competitive machine learning models and baselines, providing a valuable benchmark for future studies and
inspiring innovative approaches to data‐driven modeling.

Potential drawbacks of learning from the superparameterized ClimSim data set are the usage of 2D SRMs with
limited extent for the embedded subgrid dynamics and the useful but artificial scale separation (W. Hannah
et al., 2022). Therefore, the subgrid dynamics are highly idealized and can, for example, influence the mean state
response affecting moisture and associated shortwave cloud effects (Pritchard et al., 2014). Additionally, as
shown later in Section 4.1 and Section 4.4, the zonal precipitation distribution of the high‐res version of ClimSim
shows too high mean precipitation with respect to the Global Precipitation Climatology Project (GPCP), espe-
cially in the mid to high latitudes as well as for the Intertropical Convergence Zone (ITCZ).

To train ML models efficiently while utilizing the temporal variability of the data we only used the first two days
of every month over the span of the 10 years with a timestep of 20 min. This resulted in approximately
217 × 106/37 × 106/37 × 106 training/validation/test samples. For more efficient training of the NNs we
further subsampled the data in time and space, ending up with a 25 × 106/5 × 106/5 × 106 training/validation/
test split.

2.2. “ClimSim Convection”: Approximate Removal of Radiation for Training

While ClimSim facilitates process separation, it does not cleanly isolate convective processes. To use ClimSim to
train a drop‐in replacement for ICON's convection scheme, we must avoid double‐counting radiation. Addressing
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this is an essential step toward creating a modular version of ICON where different model components can be run
using either their conventional or data‐driven schemes. We therefore constructed ClimSim Convection by sub-
tracting radiative temperature tendencies from ClimSim. Because the E3SM‐MMF subgrid state is unavailable,
we approximated the radiative contribution by recomputing column radiation offline with the “RTE+RRTMGP”
scheme (Pincus et al., 2019, 2023). This scheme was employed to generate the ClimSim data set (J. Lee
et al., 2023; Yu et al., 2024) and is also used in our ICON setup. The resulting radiative heating is subtracted from
the superparameterized temperature tendencies (see Figure 1).

“RTE + RRTMGP” is driven by per‐column inputs from ClimSim: temperature; tracers for specific humidity,
cloud liquid, and cloud ice; solar insolation and the solar zenith angle's cosine; ozone, N2O, and CH4; shortwave/
longwave albedos; surface pressure; and outgoing longwave radiation. Mid‐ and half‐level pressures are
reconstructed from the time‐independent coefficients hyam/hybm and hyai/hybi provided by ClimSim:

Pm,k = hyamkP0 + hybmk Psfc, Ph,k = hyaikP0 + hybik Psfc, (1)

with P0 = 1000 hPa, and k representing the height level index. Cloud effective radii are computed as in ICON.

This subtraction yields tendencies dominated by convective heating, which we aim to learn, with residual con-
tributions from microphysics and turbulence. Explicitly separating convection from microphysics/turbulence
would be ad hoc and arguably unphysical (Arakawa, 2004; Arakawa & Jung, 2011; Randall et al., 2003).
Accordingly, in coupled runs we replaced only deep convection in ICON and keep its native vertical diffusion and
microphysics scheme active; once radiation was removed, we found no evidence of residual double‐counting
(e.g., anomalous diffusion signatures; not shown). Furthermore, we set up ICON simulations without vertical
diffusion and/or without microphysics schemes. These simulations became numerically unstable almost imme-
diately. We note, however, that because ClimSim also includes non‐convective precipitation (Liu et al., 2023),
there is a possibility of double counting non‐convective rainfall within ICON.

Figure A1 in Appendix A3 shows that removing radiative tendencies preserves the distributional shape across the
column and yields a net convective heating (left) that balances the removed longwave cooling (middle), with
shortwave heating as expected (right), consistent with the atmospheric energy budget. Overall, ClimSim

Figure 1. Overall training and evaluation pipeline of our hybrid model. x and y represent inputs and outputs of the ClimSim
data set, based on the E3SM‐MMFmodel. Ṫ tot is the total temperature tendency, and “RTE+RRTMGP” the ICON radiation
scheme. The ClimSim data set is first modified to separate radiative and convective subgrid tendencies, forming a new data set,
“ClimSim Convection.” Afterward, we trained a BiLSTM model including a confidence loss (CL). Using CL, this model is
mixed with the conventional “Tiedtke” cumulus convection scheme to predict convective tendencies as well as precipitation. In
the mixing process, λ represents the fraction provided by the BiLSTM and 1 − λ is the fraction from the conventional “Tiedtke”
scheme, respectively. This mixed scheme predicts the tendencies due to convection in temperature Ṫconv, water vapor, cloud
liquid water, cloud ice ( q̇α,conv, α = v, l, i), zonal wind u̇conv, and meridional wind v̇conv. Finally, we coupled the mixed scheme
with the ICON model and evaluate these runs' emergent statistics with respect to observational data sets, including ERA5 and
GPCP.
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Convection keeps assumptions minimal while acknowledging ClimSim's imperfections when training convective
parameterizations. Learning from ClimSim Convection is therefore treated as a transfer‐learning exercise be-
tween E3SM‐MMF and ICON, which requires online validation.

2.3. Data Sets Used for Evaluation

For the evaluation of the coupled ICON online runs, we mainly employed two data sets: GPCP (Adler et al., 2018)
and the ERA5 reanalysis (Hersbach et al., 2020). The GPCP data set provides a comprehensive, long‐term record
of global precipitation, combining various satellite observations, rain gauge measurements, and other remote
sensing data. GPCP offers a spatial resolution of 2.5◦ × 2.5◦ and temporal coverage spanning several decades with
monthly temporal resolution, making it ideal for validating simulated precipitation patterns against observational
benchmarks. ERA5, on the other hand, is the fifth‐generation ECMWF reanalysis data set, which provides at-
mospheric data at a higher resolution than GPCP (about 0.25◦ × 0.25◦) at hourly intervals. It incorporates a wide
range of variables, including temperature, wind, humidity, and surface pressure, and is widely used for evaluating
climate models due to its high accuracy and consistency with physical laws. These data sets were chosen for their
broad applicability, high quality, and availability, enabling a direct and meaningful evaluation of the model's
performance in real‐world scenarios.

For the bulk of the evaluation, we used the Earth System Model Evaluation Tool (ESMValTool) (Andela
et al., 2025; Righi et al., 2020). ESMValTool is a community diagnostic and performance metrics tool for the
evaluation of Earth system models (ESMs) (Righi et al., 2020). Besides the ERA5 and GPCP references,
ESMValTool offers the possibility to evaluate against a multi‐observational mean for certain variables. These
data sets additionally include, for example, MERRA2 (Gelaro et al., 2017), ESACCI‐WATERVAPOUR
(Schröder et al., 2023), and ISCCP‐FH (Zhang & Rossow, 2023). We used the multi‐observational mean to
evaluate the spatial distribution of column integrated water vapor. For evaluating precipitation statistics, we
utilized the GPCP data set, while ERA5 is used for the near‐surface temperature T2m.

3. Parameterization Schemes Methodology
This section describes how the conventional Tiedtke scheme compares to our newly developed ML‐based
scheme. After introducing the Tiedtke scheme, we outline the methodology behind training the ML model,
including constructing its loss function, selecting hyperparameters, and implementing confidence‐guided mixing
in ICON.

As seen in Figure 1, we used the ClimSim Convection data to train NNs (with a physics informed loss) to predict
the convective tendencies and convective precipitation with the atmospheric state variables as input. The NNs are
based on a bidirectional long short term memory (BiLSTM) architecture and trained with a confidence loss
inspired by the first place entry “greySnow” to the ClimSim Kaggle competition (Lin et al., 2024). This enables
the networks to judge their own prediction error during inference. We leveraged these error predictions for a
mixed convection parameterization in which the NNs' predictions are mixed with those from the conventional
cumulus convection scheme when the NNs exhibit low confidence, as explained in Section 3.4.

3.1. Tiedtke Convection Scheme

As described in Giorgetta et al. (2018) and Möbis and Stevens (2012), the conventional cumulus convection
scheme used in the ICON model is based on a mass flux formulation by Tiedtke (1989) with modifications by
Nordeng (1994). It differentiates between shallow, mid‐level, and deep convection. Deep convection occurs in
disturbed environments with synoptic scale convergence whereas undisturbed environments allow for shallow
convection (Tiedtke, 1989). Mid‐level convection originates at levels above the boundary layer and is often
formed by lifting of low level air until saturation (Blanchard et al., 2021; Tiedtke, 1989). For deep convection, an
adjustment‐type closure based on the Convective Available Potential Energy is used. Shallow convection uses a
moisture convergence closure and a large scale vertical momentum closure which determines the cloud base
mass‐flux for mid‐level convection. The scheme represents all subgrid convective cloud processes by one updraft
and one downdraft, respectively.

The bulk convection scheme works by defining a vertical profile for the mass‐flux M(z) which varies by the
amount of entrainment and detrainment happening in the up‐/downdrafts (for downdrafts only turbulent

Journal of Advances in Modeling Earth Systems 10.1029/2025MS005544

HEUER ET AL. 5 of 34

 19422466, 2026, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025M

S005544 by D
tsch Z

entrum
 F. L

uft-U
. R

aum
 Fahrt In D

. H
elm

holtz G
em

ein., W
iley O

nline L
ibrary on [23/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



entrainment/detrainment is considered (Nordeng, 1994)). To determine the magnitude of the mass‐flux and relate
the subgrid convection process to the resolved large‐scale flow, the three different closures are used. Tendencies
for temperature, water vapor, cloud liquid water, cloud ice, and zonal/meridional wind are calculated with this
scheme. The convective rain and snow rates are also computed and analyzed. We refer to this scheme as “Tiedtke
scheme” in this study.

3.2. Machine Learning Scheme

The backbone architecture for the selected NN is a BiLSTM. Our implementation is a BiLSTM based on the
winner of the fifth place in the Kaggle competition, “YA HBMS EK” (Lin et al., 2024), and considers sequences
along the model height dimension for each column. We selected this approach due to its accessibility and the
demonstrated effectiveness of BiLSTMs in capturing vertical profiles for atmospheric parameterization tasks
(Hafner et al., 2024; Ukkonen & Chantry, 2024; Yao et al., 2023). Furthermore, in the Kaggle competition, the
solution of the fifth placed team only had a difference of 0.0037 in its coefficient of determination R2 compared to
the first place (“greySnow”) on the private leaderboard, which we do not expect to make a significant difference
for the coupled online skill. Our architecture is shown in Figure 2.

The numerical values of the various dimensions shown in Figure 2 are given in Table A1. The inputs to the ML
model used in this work were inspired by Hu et al. (2025) and consist of the input variable set:

I = {T,RH,ql,qi,χliq,u,v, Ṫt− 1, q̇v,t− 1, q̇l,t− 1, q̇i,t− 1, u̇t− 1,

Ṫt− 2, q̇v,t− 2, q̇l,t− 2, q̇i,t− 2, u̇t− 2},

with temperature T, relative humidity RH, cloud liquid water ql, cloud ice qi, liquid partition χliq, zonal wind u,
meridional wind v, and water vapor qv. All variables with a dot superscript are convective tendencies from the last
(t − 1 subscript) or second to last (t − 2 subscript) timestep. The liquid partition χliq is a function of the tem-
perature and has a value of 1 for temperatures above 0◦C and 0 for temperatures below − 20◦C. Between − 20◦C
and 0◦C the function varies linearly as shown in Figure 2 of Hu et al. (2025).

This input set is similar to the inputs the conventional Tiedtke scheme uses, but also includes atmospheric
variables from the two previous timesteps. The choice to include inputs from the timesteps t − 1 and t − 2 was

Figure 2. The BiLSTM architecture developed by the fifth place Kaggle competition winner “YA HB MS EK,” and used in
the work presented in this article. Tensor dimensions are visualized in the lower right corner of the individual layers. The
tensor dimensions shown in the figure are the batch dimension b, the column height level dimension l, the input dimension i,
the encoding dimension e, hidden dimension h, iter dimension it, output scalar dimension s, and the output profile dimension p.
In the blue‐marked layers, the horizontal dotted lines indicate operations restricted to the last dimension, thereby preserving
“vertical locality.”
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also inspired by Hu et al. (2025) and can be motivated by the fact that by suppressing access to the high‐resolution
state, the evolution of the low‐resolution state is conditionally dependent on the low‐resolution states of previous
timesteps as argued in Beucler et al. (2025). Furthermore, by incorporating information from previous time steps,
especially from the thermodynamic variables temperature and water vapor, the scheme gains the capability to
capture convective memory effects (Colin et al., 2019).

The model outputs the following set of variables:

O = { Ṫ, q̇v, q̇l, q̇i, u̇, v̇,Prain,Psnow},

with the two 2D variables convective rain rate Prain and convective snow rate Psnow. The other variables are 3D
tendencies for temperature, water vapor, cloud liquid water, cloud ice, and zonal/meridional wind.

We implemented our NNs in PyTorch (Ansel et al., 2024) and PyTorch Lightning (Falcon & The PyTorch
Lightning team, 2019). Inspired by the Kaggle competition, we chose AdamW as the optimizer (Loshchilov &
Hutter, 2019).

3.3. Loss Function

3.3.1. Total Loss

The total per‐sample loss during training ℓtot combines the Huber loss ℓHuber with the confidence loss ℓconf , the
“difference” loss ℓdiff , and a physics‐informed loss ℓφ grouping the residual of the enthalpy, mass, and mo-
mentum budgets. These terms are explained in the following subsections, and the overall loss is computed as

ℓtot ( ŷ,y) = α s ⋅ℓφ (x, ŷ) + (1 − α) ⋅ [ℓHuber ( ŷ,y) + ℓdiff ( ŷ,y) + ℓconf ( ŷloss, ŷ,y)]. (2)

The parameter α serves as a tunable hyperparameter that governs the relative weight of the physically informed
loss terms. To ensure an approximately equal contribution from both the data‐driven and the physics‐based
components, we introduced another hyperparameter s. We initially trained the model without minimizing the
physical residuals, instead quantifying their magnitude during this phase. Empirical analysis revealed that a
scaling factor of approximately s = 385 effectively balances the magnitudes of these terms. This factor was
subsequently applied to the summed physical residuals prior to their integration into the overall loss function,
thereby enabling stable and effective backpropagation during subsequent training iterations.

3.3.2. Huber Loss

As the Huber loss and other combinations of the L1 and L2 loss terms were used successfully by many teams in the
Kaggle competition, we chose the Huber loss with hyperparameter δ = 1 as our base loss. An L2 loss is applied
for absolute biases between predictions ŷ and targets y smaller than δ, and an L1 loss otherwise:

ℓHuber ( ŷ,y) =
⎧⎨

⎩

0.5 ⋅ (y − ŷ)2, if | y − ŷ| < δ

δ ⋅ (| y − ŷ| − 0.5 ⋅ δ), otherwise.
(3)

3.3.3. Physics‐Informed Loss

The physical loss ℓφ is introduced to reduce enthalpy, mass, and momentum conservation errors in the ML
scheme during training. Note that the conventional scheme in ICON strictly conserves these quantities in the
vertical or converts atmospheric water phases to precipitation, whereas the ClimSim data set does not, because
processes like radiation and land surface fluxes lead to net inflows and outflows of conserved quantities. For
numerical stability and ease of implementation, we implemented the calculation of the physical terms in the
BiLSTM architecture in non‐dimensional form. The constants we chose for non‐dimensionalization are the
following:
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g0 = 9.80665 ms− 2,

t0 = 10 s,

ρh2o = 1000 kgm− 3,

cp = 1004.64 JK− 1 kg− 1.

The choice of these scales was physically motivated and their numerical values were taken from the ICONmodel,
except for the timescale, which was chosen so that the derived scales for, for example, length, energy, temper-
ature, and pressure are reasonably close to statistical average values of the data set. Non‐dimensional variables are
henceforth denoted with tildes and more details about the non‐dimensionalization of the physical terms can be
found in Appendix A1.

Our physics‐informed loss

ℓφ = H̃res + m̃res + ũres + ṽres (4)

sums the non‐dimensional residual fluxes of conserved variables, which were calculated as follows:

H̃res = ∫

p̃bot

p̃top
(
∂ T̃
∂ t̃

−
∂q̃l
∂ t̃
⋅ L̃v −

∂q̃i
∂ t̃
⋅ L̃s) d p̃ − L̃v ⋅ P̃rain − L̃s ⋅ P̃snow, (5)

m̃res = ∫

p̃bot

p̃top
(
∂q̃v
∂ t̃

+
∂q̃l
∂ t̃

+
∂q̃i
∂ t̃

) d p̃ + P̃rain + P̃snow, (6)

ũres = ∫

p̃bot

p̃top

∂ ũ
∂ t̃

d p̃, (7)

ṽres = ∫

p̃bot

p̃top

∂ ṽ
∂ t̃

d p̃. (8)

L̃v and L̃s are the non‐dimensionalized latent heat of vaporization and sublimation. The residual fluxes for the
conserved quantities (enthalpy H̃res, mass m̃res, zonal momentum ũres, and meridional momentum ṽres), were
calculated following Equations 5–8 by integration over the pressure coordinate, necessitating the inclusion of
mid‐level and surface pressure as inputs to the neural network. In the integrals, the pressure coordinate ranges
from the pressure level of the highest predicted level p̃top to the surface pressure p̃bot. These pressure variables
were utilized solely for computing differences between pressure half‐levels within the model code, which were
then employed in the residual flux calculation and were not used in the forward pass of the network itself.
Equations 5 and 6 contain terms for qv, ql, and qi only, as rain and snow are not treated as 3D resolved tracers in
the setup of ICON and the convective parameterization respectively.

Adding these residual fluxes to the loss function in Equation 2 effectively encouraged the model to redistribute the
conserved quantities in a column instead of introducing non‐physical sources or sinks. As a result, the NNs trained
in this manner are no longer purely data‐driven, but rather physics‐informed.

3.3.4. Improving the Output's Vertical Structure via the “Difference Loss”

Inspired by the second place (“ZLab”) solution of theKaggle competition (Lin et al., 2024), to help themodel learn
the vertical structure of each predicted profile, we included an additional loss term ℓdiff ( ŷ,y) that quantifies the
error between real and predicted differences of vertically adjacent levels:

ℓdiff ( ŷ,y) = ∑

Nlev − 1

i=1
ℓHuber ( ŷi+1 − ŷi,yi+1 − yi), (9)
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where i indexes the vertical level and Nlev is the total number of vertical
levels.

3.3.5. Confidence Loss

Finally, inspired by the first place solution of the Kaggle competition from
“greySnow” and the AlphaFold loss function (Jumper et al., 2021), we
implemented a technique in which the NN estimates its own prediction error.
The method introduces a second prediction head by doubling the number of
output neurons in the final layer, where the second half of the output layer
predicts the error of the predictions ŷloss. Combining these loss predictions
and minimizing the resulting “confidence‐loss” term defined as:

ℓconf ( ŷloss, ŷ,y) = ℓHuber ( ŷloss,ℓHuber ( ŷ,y)) (10)

ensures that the network learns to estimate its own loss as accurately as
possible. In practice, the model is able to anticipate when its predictive skill is
reduced because of high variability in the output due to, for example, latent
drivers, or when predictions are made in regions of the input feature space
containing few training samples.

3.4. Confidence‐Guided Mixing

On the validation set, we estimate the empirical cumulative distribution
function (CDF) Fval of the predicted‐loss averaged over all outputs. In prac-

tice, we store 101 equally spaced percentiles (0%–100%), which are used to approximate Fval. In coupled runs,
each online predicted error ŷloss is mapped to its percentile rank

q = 100 Fval ( ŷloss) ∈ [0,100]. (11)

To ensure a smooth transition between the pure ML and conventional schemes, confidence‐guided mixing uses
two user‐set percentile levels p0 < p1 (e.g., 20 and 60), defined with respect to Fval (Figure 3). Expressing
thresholds in percent makes them scale‐free and comparable across models. Given q, the ML weight λ is then
defined as a linear ramp:

λ(q) = max{0, min[1, 1 −
q − p0
p1 − p0

]}. (12)

Predicted tendencies are then mixed component‐wise as

ŷmixed = λ ŷ + (1 − λ) ŷTiedtke. (13)

Importantly, Fval (the mapping from error to percentile rank) is fixed from the validation set, while p0 and p1 offer
the possibility to tune the coupled hybrid ICON model in order to better match observations; this avoids
conflating the empirical percentiles with the mixing thresholds.

This confidence‐guided mixing is coupled online to ICON, and the resulting tendencies are integrated with the
model's other parameterized and dynamical tendencies in the dynamical core (Zängl et al., 2015).

Under a changing climate scenario, the ML weight λ may decrease, leading to a greater contribution from the
conventional parameterization in future climate simulations. This shift could introduce a change in the error
characteristics of the simulated climate response, as the two schemes have different biases. However, this
behavior is also a key strength of the method: by smoothly transitioning toward the conventional scheme in
regions of phase space that are underrepresented or outside the ML model's training distribution, such as extreme
or novel climate states, it avoids out‐of‐distribution failures that could otherwise degrade model performance.

Figure 3. Machine learning (ML) weight λ as function of the predicted error
percentile level. The tuning parameters p0 and p1 (here 20% and 60%) are
marked by dashed and dotted lines, respectively. In blue and with slanted
hatching, the area with λ = 1 (pure ML) is shown. λ = 0 (pure Tiedtke) is
shown in orange and with horizontal hatching.
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Given the infeasibility of generating training data for every possible future climate state, this adaptive robustness
is a valuable feature.

3.5. Jointly Optimizing Performance and Inference Cost

The original BiLSTM used by the fifth place winner “YA HB MS EK” in the Kaggle competition has around 18
million trainable parameters. To find a balance between model skill and computational efficiency, we first used
Ray Tune (Liaw et al., 2018) on a smaller data subset of 3 million training and 1.5 million validation samples.
We varied the encoding dimension, the hidden dimension, the iteration dimension, the number of LSTM layers,
and the dropout rate within the NN architecture. For the optimizer/scheduler we additionally varied the learning
rate, the weight decay parameter, the batch size, and the type of scheduler. The model marked as “Trade‐off” in
Figure 4 has about 540 k trainable parameters. This hyperparameter setting is used in the remainder of this study.
More information on the search space and the optimal parameters is given in Appendix A2.

Figure 4 shows all tested configurations and their coefficient of determination, as well as the number of Multiply‐
Accumulate Operations (MACs). We also measured the inference time on the CPU directly for each of the models
shown and found a correlation of ∼99% between MACs and inference time on CPUs, thus demonstrating that
MACs are an appropriate measure of computational performance. The correlation of MACs with the GPU
inference time is only ∼9%, meaning that if we were doing such a skill‐complexity comparison for a coupled
model running on a GPU, we should look at the GPU inference time directly. We decided to perform this
comparison on the CPU instead of the GPU, as the NN is later coupled to the ICONmodel on the CPU. This might
change in the future as ICON can be run on GPUs (Giorgetta et al., 2022).

The usefulness of Pareto fronts for ML models in climate modeling has been demonstrated in Beucler
et al. (2025). Given multiple metrics, Pareto fronts are defined as the set of NNs for which no other NNM exists
such thatM shows an improvement in one metric without a worsening in any other metric relative to the original

Figure 4. Offline skill‐complexity plane for various combinations of nine chosen hyperparameters of the BiLSTM on a
smaller subset of the data set with 3 million training and 1.5 million validation samples. The red dashed line shows the Pareto
Front between the coefficient of determination R2 and the number of Multiply‐Accumulate Operations (MACs). The
highlighted neural network is selected for the remainder of this study because it strikes a suitable balance between skill and
computational performance.
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NN. Testing a limited number of other NN architectures along the Pareto front revealed that our results did not
seem to be very sensitive to the specific architecture chosen (not shown).

3.6. Additive Noise During Training for Improved Stability

Inspired by the “Engression” framework by Shen and Meinshausen (2024) and by the results of Brenowitz
et al. (2020), we made the ML schemes more robust with respect to the transfer to a new domain with slightly
different distributions. This method is applied only for the results presented in Section 4.4. We did this by
including additive noise to the inputs during training of the BiLSTMs:

y = NN(x + η), η ∼ N (0,σ2), (14)

where η is a noise vector sampled from a Gaussian distributionN with zero mean and a tunable variance σ2. As x
and y are standardized using a Z‐score, the variance is constant across variables in x. This preadditive noise can
reveal some information about the true function outside the domain it was trained on, which can enable data‐
driven extrapolation (Shen & Meinshausen, 2024).

To add noise during training, we performed a warm restart from an optimized, noise‐free NN. Algorithmically, we
implemented a Python class initialized with four hyperparameters: the initial noise level σ0 > 0; the tolerated R2

drop compared to its value before any noise addition, ΔR2 > 0; and multiplicative growth/decay factors m↑ > 1
andm↓ ∈ (0,1) for the noise. In the first epoch, we add Gaussian input noise with standard deviation σ0. After each
epoch, we compute the change in R2: if the drop exceeds ΔR2, we reduce the noise bym↓; otherwise, we increase it
by m↑. After a manual search, we adopted (σ0,ΔR2,m↑,m↓) = (0.05,0.2,1.1,0.9).

3.7. Online Coupling to ICON

We used the ICON 2.6.4 model version with a horizontal resolution of approximately 158 km × 158 km, cor-
responding to an R2B4 ICON grid. The model incorporates a range of parameterized processes, including ra-
diation, cloud microphysics, orographic and non‐orographic gravity wave drag, boundary layer turbulence, and
convection. Since our approach consists in mixing the pure ML and physical convection parameterizations, our
ML‐based model did not replace the original Tiedtke scheme but was run alongside it. In order to initialize the
convective tendencies of the two most recent timesteps needed by the ML convection scheme, we utilized the two
last timesteps from the Tiedtke scheme as initial conditions.

To ensure compatibility between our ICON setup and the ClimSim data, we configured ICON with 60 vertical
levels, adjusting their heights to approximately match those of the ClimSim data set. The ML schemes' tendencies
were then coupled within the troposphere, and only the lowest 42 levels (corresponding to an approximate upper
pressure level of 95 hPa) were used as inputs/outputs for the scheme.

For the coupling of the ICONmodel implemented in FORTRAN and the MLmodels in Python/PyTorch, we used
the FTorch library (Atkinson et al., 2025). This library enables running the ML models in inference mode during
the time integration of the ICON model. After training and before exporting the ML models, we added
normalization layers before and after the forward method of the model to take care of the preprocessing and
postprocessing of the inputs and outputs during inference. Coupling an ML model to ICON slows down the
overall simulation by a factor of about two.

4. Results
This section first compares ICON simulations coupled to the various ML schemes developed in this study and the
conventional Tiedtke scheme with observations. These comparisons use ESMValTool (Andela et al., 2025; Righi
et al., 2020) to calculate evaluation metrics.We then examine the conservation properties of the developed models
and investigate under which conditions they exhibit higher or lower confidence. Additionally, we explore why the
mixed model demonstrates better skill than both the Tiedtke and pure ML models to ensure the improvements to
convective physics are interpretable. Finally, this section concludes with an application of the developed schemes
in 20‐year‐long AMIP‐style simulations.
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4.1. Benchmarking With Observations

To evaluate the online performance of various ML models, we systematically varied the weight of the physics‐
informed loss term, α, during training, with α∈ {0,0.01,0.1,0.5,0.9}. The offline coefficients of determination on
the test set for the models with α ≤ 0.5 are approximately R2 ≈ 0.89 and R2 = 0.631 for α = 0.9 as seen in
Table A2. Furthermore, we explored the impact of adjustments to the percentile parameters p0 and p1, which
generated diverse ML weight configurations, λ. Specifically, we tested p1 values within the range of 20%–90%,
while p0 was varied between 10% and p1. Additionally, we evaluated a model without the proposed mixing
mechanism and no physics‐informed loss terms (α = 0), referred to as the “pureML”model, to establish a further
baseline for comparison. The simulations were run in an AMIP‐style setup over an entire year starting on 1
January 2010. First, we will evaluate the performance of the ML‐based schemes on some key climate metrics
mainly related to water vapor and precipitation as the representation of water in the atmosphere is crucial for
improving current climate models (Stevens & Bony, 2013).

Figure 5 shows the performance of various model configurations evaluated by four different online metrics using
ESMValTool. The conventional Tiedtke scheme is located near the Pareto front in panel (a) and on the Pareto
front for (b). This is not surprising, as the ICONmodel has been tuned to perform well when used with the default
Tiedtke convection scheme. Nevertheless, many coupled ML schemes lie along the Pareto front and we could
expect even better results if ICON was calibrated with these schemes, which is not feasible for all of them. In
panel (a), we find a model with an α parameter of 0.5, showing an increase of ΔR2 ≈ 0.015 relative to the
Tiedtke scheme in both metrics. Interestingly, some schemes outperform the Tiedtke scheme by a large margin
with respect to one metric but have a lower skill in another metric. For example, there is a model with α = 0
having a precipitation R2 increase of over ∼0.12 compared to Tiedtke and a scheme with α = 0.9 showing a
column water vapor (CWV) R2 increase of∼0.25. On panel (b), a clearer ordering of the α parameter with respect
to the two metrics is observed. Furthermore, panel (b) demonstrates that there exist ML schemes outperforming
the Tiedtke scheme by ∼0.075 in near‐surface (2 m) air temperature R2 and ∼0.12 mmd− 1 RMSE of the zonal
mean precipitation.

The mixed models are named in the format “Mixed: p0 − p1_xα,” with x indicating the value of the physics‐
informed loss weight α. The mixed model with the parameter setting {p0 = 10,p1 = 60,α = 0.1} shows the
least error of zonal mean precipitation with respect to observations and is therefore used for further analysis. For
some of the shown results in this section, this model is compared to models having α = 0.1 as well, but different
confidence parameters p0,p1. For ease of notation, we will therefore leave out the α parameter in the naming of the
model whenever α = 0.1.

We next analyze the representation of precipitation in the various models by looking at zonal means of annual
surface precipitation (Figure 6). The Tiedtke scheme significantly underestimates the peak in mean precipitation
(Figure 6a). The pure ML scheme exhibits a stronger peak, although it remains lower than the GPCP reference.
The mixed scheme yields values slightly below the pure ML scheme, yet it outperforms the Tiedtke model. The
displayed Mixed:10–60 scheme represents a model “tuned” to observations as it shows the least RMSE of the
tested model with respect to zonal mean precipitation of GPCP. Notably, both the Tiedtke and pure ML schemes
clearly display a signature of a double ITCZ in the sense that they show a pronounced second precipitation peak in
the Southern Hemisphere. The double ITCZ is however substantially less pronounced in the mixed scheme and
more closely resembles the observational reference. In the high latitudes all schemes exhibit a similar behavior.

To investigate the double ITCZ bias more quantitatively, we use the tropical precipitation asymmetry index AP
(Hwang & Frierson, 2013) and the equatorial precipitation index EP (Adam et al., 2016). The tropical precipi-
tation asymmetry index quantifies the asymmetry of tropical precipitation, with positive values indicating higher
precipitation in the northern (0◦ − 20◦N) tropical hemisphere P̄0 − 20N versus the southern (20◦S − 0◦) tropical
hemisphere P̄20S − 0 (and vice versa for negative values):

AP =
P̄0− 20N − P̄20S− 0

P̄20S− 20N
. (15)

The equatorial precipitation index represents the symmetric component of tropical precipitation by relating the
mean precipitation within 2◦S–2◦N, P̄2S − 2N, to the mean precipitation estimated between the tropics, P̄20S − 20N:
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EP =
P̄2S− 2N
P̄20S− 20N

. (16)

The respective biases are defined as the index for a model run minus the index evaluated for the observations.

As Table 1 shows, the double ITCZ bias is lowest for the mixed model while the Tiedtke and pure ML models
have significantly higher biases. The informative value of these indices is rather limited due to their simplicity, but
they give a further indication that the mixed model captures the zonal precipitation distribution well. The mixed
model also displays the lowest error as indicated by the RMSE of the curve of zonal mean precipitation with
respect to the GPCP curve (Table 1).

The distributions of daily precipitation values (Figure 6b) reveal notable differences between the various data sets.
The ClimSim data set stands out with the highest extreme precipitation values, which is expected given that it is
based on the MMF data. In contrast, the Tiedtke scheme underestimates precipitation extremes compared to
ClimSim and exhibits an overabundance of minor precipitation events, a phenomenon commonly known as the
“drizzle problem” (Stephens et al., 2010; Y. Wang et al., 2016). TheML scheme presents a distribution more akin
to ClimSim but appears to slightly overemphasize mid‐level precipitation events, specifically those ranging from
2 mm hr− 1 to 9 mm hr− 1. Meanwhile, the mixed scheme offers a balance between low and high precipitation
events, showcasing slightly more heavy precipitation events than the Tiedtke scheme, although still falling short
of replicating the reference data provided by ClimSim.

As a comparison to Figure 14 of Heuer et al. (2024), we also visualize three snapshots of the column water vapor
for some of the tested configurations. This is shown in Appendix A3 (Figure A2). In Heuer et al. (2024) a sig-
nificant smoothing for the stable simulations was visible after 4 days and after 1 month there were no structures

Figure 5. Evaluation scores for coupled ICON runs, each dot represents a 1‐year long coupled ICON run at a horizontal
resolution of 158 km × 158 km. The runs are colored according to their physics‐informed loss weight α for the coupled
machine learning schemes and the conventional Tiedtke scheme is colored in blue. Within each coloring group, the models have
different values for p0 and p1. Panel (a) shows the spatial R2 score of precipitation with respect to the observational data set
GPCP versus the R2 score of column water vapor (CWV) with respect to the mean of multiple observation sets as explained in
Section 2.3. Panel (b) displays the R2 score of near‐surface (2 m) air temperature with respect to ERA5 versus the RMSE of
zonal mean precipitation with respect to GPCP. In both panels, the Pareto front between the two skill metrics is marked with a
dashed red line. All metrics shown are based on the temporal averages of the variables over the one‐year‐long simulation period
and are calculated over all longitudes and latitudes for the respective variable.
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visible in the troposphere anymore. Figure A2 clearly shows that this is improved substantially as clear structures
are still visible for all configurations after a month and even a year of integration.

4.2. Advantages of Physics‐Informed Loss via Conservation Laws

To assess the fidelity of the learned physics, we monitor the mean absolute enthalpy residual, that is, the mean
absolute value of Equation 5, throughout the simulations, alongside the global mean ML weight, 〈λ〉 (Figure 7).
As expected, the conventional Tiedtke scheme demonstrates perfect enthalpy conservation. Conversely, the pure
ML scheme exhibits the largest residuals as it has learned no physical conservation laws during training and also
does not mix in any conservative Tiedtke output profiles. Notably, the NNs enforcing soft constraints on enthalpy,
mass, and momentum conservation, exhibit intermediate behavior. This demonstrates that the proposed hybrid
approach effectively constrains the ML predictions, resulting in improved physical consistency compared to a
purely data‐driven model, which is particularly relevant for long‐term integrations.

Assuming the loss distribution would stay the same when coupled to ICON, one would expect an average ML
weight of 〈λ〉 = (p0 + (p1 − p0)/2)/ 100. However, in practice this is not the case as seen in Figure 7 and
indicates that there is a considerable distributional shift between the training distribution and the one encountered
during inference coupled to the ICON model.

4.3. Process Understanding: Why Is the Mixed Model Better Than Both
the Tiedtke and Pure ML Model?

In this section, we analyze the mixed scheme across environmental regimes
defined by geography (latitude), CWV, and lower‐tropospheric stability
(LTS). Our goals are to (a) explain why the mixed scheme outperforms both
Tiedtke and pure ML, (b) identify regimes of high/low model confidence and
its spatial structure, and (c) characterize conditional mean heating and
moistening profiles as functions of CWV and LTS. These analyses provide
process‐level insight into the hybrid model's strengths, demonstrate improved
precipitation skill, and clarify how convective processes interact with the
large‐scale climate as constrained by observational products.

First, we investigate the spatial distribution of the average weight, 〈λ〉, for the
Mixed:10–60 model with α = 0.1 (Figure 8). The average ML weight is
generally higher over land than over oceans, reflecting greater confidence in

Figure 6. Zonal mean precipitation in one‐year‐long runs (a) and precipitation distribution (b) for the pure machine learning
scheme, the Tiedtke scheme, a mixed scheme (Mixed:10–60), and references; GPCP observations, CMIP6 multi‐model
mean (MMM), and ClimSim (E3SM‐MMF) for the zonal mean precipitation (a) as well as for the precipitation extremes (b).

Table 1
The Tropical Precipitation Asymmetry Index AP and the Equatorial
Precipitation Index EP, and Their Biases, As Well As the RMSE, With
Respect to GPCP for the Data Shown in Figure 6a

Data AP EP AP bias EP bias RMSE (mm/d)

GPCP 0.454 0.920 – – –

Tiedtke 0.417 0.848 − 0.037 − 0.072 0.491

Pure ML 0.253 0.716 − 0.201 − 0.204 0.600

Mixed:10–60 0.451 0.911 −0.003 −0.009 0.387

ClimSim 0.268 0.973 − 0.186 0.053 0.884

CMIP6‐MMM 0.060 1.037 − 0.394 0.117 0.525

Note. Bold values mark the lowest error/best performance in comparison to
the other columns.
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ML predictions in continental environments. Furthermore, the model exhibits increased confidence in high‐
latitude regions compared to the tropics. In the tropics, where convective activity is abundant, the model's
confidence is reduced, likely due to inherent variability in this region. This fits the observation in Figure 9 that the
ML models' confidence decreases with the magnitude of the column water vapor in the column as higher
magnitudes of water vapor are expected in the tropics. Moreover, in the tropics the predicted tendencies and
convective precipitation have larger absolute magnitudes, which in turn generate larger prediction errors and
reduce the ML model's confidence. Importantly, regions with complex orography—including the Himalayas,
Andes, Ethiopian Highlands, and Rocky Mountains—tend to exhibit lower model confidence, even without
explicitly providing orographic information to the ML models. The overall fractions of precipitation originating
from convective (ML), convective (Tiedtke), and large‐scale are 62%, 5%, and 33%. The convective (ML)
precipitation fraction therefore outweighs both the Tiedtke precipitation and large‐scale precipitation on average
and is close to the average ML weight with 67%.

For comparison, the spatial distribution of the average ML weight is shown for two more models in Figure A3.
The patterns are very similar, but the overall ML weight increases with higher p1 values as expected.

To understand under which conditions the ML‐based schemes predict convective precipitation, Figure 9 shows
the conditionally averaged convective precipitation and average ML weights 〈λ〉 predicted by different schemes
as a function of cumulative CWV and lower tropospheric stability, defined as

LTS = θ∼700hPa − Tsfc, (17)

with the potential temperature θ at approximately 700 hPa and the surface temperature Tsfc. The LTS can be
regarded as measuring the strength of the inversion that caps the planetary boundary layer (Brenowitz et al., 2020;
Wood & Bretherton, 2006).

Figure 7. Mean absolute enthalpy residual (blue, left axis) and average machine learning weight λ during the 1‐year long
online integration (purple, right axis) for a selection of tested models. The ten most‐conserving (left in the plot) and least‐
conserving (right) models in terms of enthalpy conservation are displayed. In between the black dotted lines every eighth
model is displayed so that the figure is still readable. Additionally, models which are used for a deeper analysis in this section
are marked by bold labels.
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Panel (a) of Figure 9 reveals that the curves show comparable behaviors, especially among all mixed models,
similarly to panels (b) and (c). Notably, the mixed models and the Tiedtke show a sharp pickup of precipitation
around 50–60 mm globally, similar to the critical value of 66 mm reported for tropical environments in Holloway
and Neelin (2009). The Tiedtke scheme robustly shows the lowest precipitation values for all CWV conditions,
consistent with Figure 6b. In contrast, the pure ML model exhibits relatively low precipitation for low CWV but
high precipitation for mid‐level CWV values. For very high CWV values, the schemes show slightly different

Figure 8. The spatial distribution of the temporally‐averaged machine learning (ML) weight 〈λ〉 over one year of simulation
for the Mixed:10–60 model with a physics‐informed weight α = 0.1. The overall time averagedML weight was 〈λ〉 ≈ 0.67
for the coupled run.

Figure 9. Conditionally averaged convective precipitation (top row) and average ML weight 〈λ〉 (lower row) as a function of
CWV (a), lower tropospheric stability (LTS) (b), and absolute latitude (c). Circles represent the convective precipitation
(circle sizes indicate the number of samples in the respective region) and crosses the average ML weight 〈λ〉. All plots within
one row share the same y‐axis scale.
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behavior, although it is notable that this region contains very few samples. The decreasing ML model confidence
(hence increasing λ) observed as CWV is increased therefore results from both the scarcity of training samples
and the large inherent variability associated with convective processes in this region of the CWV space
(Bretherton et al., 2004; Jones et al., 2004; Sukovich et al., 2014).

In panel (b) of Figure 9, the mixed models vary more smoothly with LTS than either Tiedtke or the pureMLmodels,
which show discontinuities. Tiedtke also shuts down convection quickly at high LTS, likely missing cases where
large‐scale forcing (e.g., mesoscale convective systems or at higher latitudes) can trigger convection under relatively
stable conditions. This helps explain why mixed schemes that place more weight on the ML component at high
latitudes perform best, for example, the 10–60 mixed model depicted in Figure 8. As expected, convective precip-
itation generally increases with decreasing dry stability (decreasing LTS). The Tiedtke scheme shows a sudden
decrease in precipitation for very low LTS values, although it is worth noting that this region contains very few
samples. TheMLweight, that is 〈λ〉, of themodels initially exhibits amodest increase (or even a slight decrease) as dry
stability increases, but then rises more sharply until an LTS of 25K is reached, after which it levels off and remains
almost constant close to 1 under more stable conditions. This trend is reasonable because convective precipitation is
expected to be low under very stable atmospheric conditions and more intense and difficult to predict for unstable
environments. Notably, the mixed models predict higher precipitation rates than both the Tiedtke and the Pure ML
model. One reason for this counterintuitive behavior is that the Pure ML model is different from the one used in the
mixed models since it is trained with PINN weight α = 0. Another aspect is that due to the coupling with different
schemes, the coupled model (potentially) runs in different dynamical regimes, and we only condition on LTS here
without fixing any other variable in the analysis. As a consequence one cannot expect the model to “interpolate”
between the behavior of the Pure ML model and the Tiedtke scheme for these kinds of emergent statistics.

The convective precipitation decreases with increasing latitude (Panel (c)), as expected. In contrast, the ML
weight increases with absolute latitude, reaching values close to 1 for latitudes exceeding 80◦, consistent with the
patterns observed in Figure 8. Similarly to Panel (a), the Tiedtke scheme demonstrates the lowest convective
precipitation for almost all data points while the pureMLmodel and also the mixed models, predict relatively high
values overall.

Taken together, Figure 9 illustrates that when the mixed model parameterizations are observationally informed,
the resulting schemes predominantly converge toward the behavior of purely data‐driven approaches across a
wide range of atmospheric conditions. However, under moist and unstable conditions, the mixed schemes exhibit
a modest shift toward the conventional Tiedtke scheme. This calibration enables a more robust interpretation of
convective processes by constraining the inverse problem of mapping convective tendencies as a function of
column water vapor, lower‐tropospheric stability, and geographic context. The resulting parameterizations yield
physically interpretable regime behavior while mitigating the risk of extrapolation in regions of low confidence.

As illustrated in Figure 8, the ML weight exhibits a dependence on both latitude and topography. To further
investigate this relationship, Figure A4 presents the convective precipitation and ML weight as functions of the
surface height. The convective precipitation displays a non‐monotonic relationship with surface height, charac-
terized by an initial decrease followed by a sharp increase at high elevations (above 3–4 km). The relatively low (but
still over 60%) ML weights obtained for sea surface heights are consistent with the challenges associated with
predicting convection within the tropics and Intertropical Convergence Zone (ITCZ). Furthermore, theMLweight
decreases moderately at high surface heights, indicating a subtle dependence on topography in these regions.

To investigate how the 3D outputs of the ML/mixed scheme behave we now turn our attention to profiles of the
convective temperature and humidity tendencies as well as the corresponding enthalpy changes conditionally
averaged on CWV for the Mixed:10–60 model with α = 0.1. These profiles are displayed in Figure 10 for
different values of CWV. These correspond to the transects visualized as dashed red lines in Figure A5. Similar
profiles conditionally averaged on LTS are shown in Figure A6.

A comparison between the ML/mixed schemes and the Tiedtke scheme reveals similarities in the heating rate
behavior, as evident in panels (a, c, e). The mixed scheme exhibits slightly higher tropospheric heating rates and
correspondingly lower surface heating rates than the Tiedtke scheme. In contrast, the pure ML scheme displays a
similar overall magnitude, but with smoother profiles as a function of height. Notably, the ML scheme lacks the
mid‐tropospheric decrease in heating rates observed at higher humidity values, distinguishing it from the other
two schemes. The analysis may exhibit a slight bias toward higher CWV values and a relatively low ML weight,

Journal of Advances in Modeling Earth Systems 10.1029/2025MS005544

HEUER ET AL. 17 of 34

 19422466, 2026, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025M

S005544 by D
tsch Z

entrum
 F. L

uft-U
. R

aum
 Fahrt In D

. H
elm

holtz G
em

ein., W
iley O

nline L
ibrary on [23/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



correspondingly (Figure 9), due to the x‐axis scale. However, by zooming in, the mixed scheme and the Tiedtke
schemes still show a high level of similarity.

The moistening rates depicted in panels (b, d, f) show that the mixed scheme closely resembles the Tiedtke
scheme, despite the ML weight being approximately ∼67% on average. This suggests that the mixing approach
effectively retains the simulation's proximity to the conventional ICON model's distribution, while incorporating
ML predictions to enhance agreement with observational data, as evident in Figures 5 and 6. In contrast, the pure
ML model yields smoother predictions that lack some features, such as the moistening peak at around 900 hPa.

It is worth noting that for the shown profiles, the mixed model predicts heating, moistening, and precipitation in a
manner that nearly conserves enthalpy, whereas the pure ML model exhibits net fluxes into the column of up to
50W/m2, indicating a notable deviation from enthalpy conservation as already seen in Figure 7. Themean absolute
enthalpy residuals are 0.003, 1.024, 26.037 W/m2 for the Tiedtke, Mixed:10–60, and pure ML scheme, respec-
tively. The residual of the pureMLmodel is therefore higher than for theMixed:10–60model by factor of over 25.
Looking at the ML weight 〈λ〉, conditionally averaged for the same conditions, we find that the weight has an
averagemagnitude of 〈λ〉 ≈ 0.65. This showcases that the reduced enthalpy residual is not only due tomixingwith
the Tiedtke scheme but also to introducing the physics‐informed loss terms (see Equations 5–8) during training.

For the tendencies and enthalpy changes for varying LTS and fixed 19.6 kg/m2 displayed in Figure A6, the profile
comparison is less clear since the Tiedtke scheme shows a high variability, especially for lower layers. In general,
the mixed model exhibits the smoothest profiles with, for example, upward moisture transport being more visible
than for the Tiedtke scheme. The net column enthalpy flux reveals the same behavior as the pureML scheme is far
from conserving enthalpy, while the mixed scheme is much closer to conservation.

Figure 10. Conditional averages of convective heating rates (first column) and moistening rates (second column) as a
function of height. The conditioning is based on CWVwhile we keep the value for the LTS fixed to LTS = 11.4 K. Each row
corresponds to a different coupled scheme: (a, b) for Tiedtke, (c, d) for Mixed:10–60, and (e, f) for the pure machine learning
scheme. Conditional averaged curves are only computed for CWV conditions having at least 10 samples.

Journal of Advances in Modeling Earth Systems 10.1029/2025MS005544

HEUER ET AL. 18 of 34

 19422466, 2026, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025M

S005544 by D
tsch Z

entrum
 F. L

uft-U
. R

aum
 Fahrt In D

. H
elm

holtz G
em

ein., W
iley O

nline L
ibrary on [23/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



4.4. Twenty‐Year AMIP Run

In this section, we evaluate AMIP‐style simulation runs for 20 years (1979–1998) with the presented ML and
mixed schemes. We have already demonstrated the stability and skill of the method for 1 year long simulations,
but longer simulations remain to be investigated.

Online runs with the originally developed schemes became numerically unstable after 1.5–3 years. As the
schemes are trained on the ClimSim data set and even under the assumption that they are unbiased estimators of
the true subgrid tendencies on this data set, the transfer to the new domain (ICON) can transform them into biased
estimators. Therefore, small errors can add up over time and finally lead to the coupled model diverging.

Using the method introduced in Section 3.6, we therefore made the schemes more robust by dynamically
adjusting the noise variance such that the model maximally loses ΔR2 of its predictive skill while increasing its
robustness through the addition of noise. We applied this method to the pure ML model and the ML model with a
physics‐informed weight α = 0.1 with ΔR2 = 0.2. Depending on the chosen initial noise level σ0, this process
typically takes about 5–10 epochs to converge.

Although ClimSim shows the smallest deviations in the AP and EP metrics, Figure 11 reveals that its zonal
distribution deviates substantially from observations. Notably, precipitation is overestimated in the extratropics,
along the ITCZ, and at high latitudes in the Northern Hemisphere. This larger mean bias is also reflected in the
RMSE score for ClimSim in Table 2, which is approximately twice as high as that of the second‐worst model,
indicating a significant overall bias.

The CMIP6 multi‐model mean (MMM) shows a reasonable zonal mean precipitation distribution in general but
has a substantial double ITCZ bias which is also reflected in the highest overall bias of the tropical precipitation
asymmetry index AP of − 0.129 as reflected in Table 2. The MMM also has a relatively low RMSE with
0.394 mm d− 1 but is outperformed by, for example, the Mixed:10–80 model with a RMSE of 0.375 mm d− 1.

The zonal mean precipitation shown in Figure 11 and the corresponding biases summarized in Table 2 indicate
that all models produce reasonably realistic distributions over the 20‐year simulation period. Among these
models, the Tiedtke model exhibits the smallest bias in the asymmetric precipitation component, while the pure
ML model performs best in capturing the symmetric component among the schemes. The Mixed:10–80 model
achieves the lowest RMSE when compared to observational data, despite the relatively high RMSE of the
ClimSim distribution. The RMSE, which is arguably the more meaningful metric as mentioned in Section 4.1, is
slightly better for the mixed model compared to the Tiedtke model with a difference of 0.007 mm d− 1.

For the spatial distribution of the mean precipitation shown in Figure 12, the Tiedtke and pure ML models show
negative biases of − 0.21 mm d− 1 and –0.34 mm d− 1, respectively, whereas the Mixed:10–60 scheme yields a
slightly smaller positive bias of 0.14 mm d− 1. Spatially, the mean biases shown in Figure A7 show a very similar
distribution with a general slight overestimation of mean precipitation and underestimation patterns mainly seen
over low‐latitude, continental regions. Similarly, in terms of near‐surface temperature T2m (Figure A7), the
Mixed:10–60 model exhibits the smallest mean bias (− 0.26 K) over the 20‐year period, compared to the Tiedtke
scheme (0.5 K) and the pure ML model (1.03 K). When looking at the timeseries of the global mean near‐surface
temperature no considerable drift could be observed for all the shown simulations here. However, while the mean
biases highlight the potential of the confidence‐guided‐mixing approach, the broader set of metrics summarized in
Table A3 presents a more nuanced picture. Notably, when evaluating the RMSE and MAE, the Tiedtke scheme
still outperforms the mixed approach in some cases. Overall, these results indicate that while the mixing approach
shows promise for long‐term climate integrations, its performance enhancements vary depending on the specific
metric evaluated.

5. Summary
Through our proposed confidence‐guided mixing, we developed robust parameterizations that yielded successful
decade‐long runs. Impressively, this is true despite our parameterizations being trained on a data set generated by
another GCM, enabling the ICON‐A model to benefit from the advantages of a superparamerized GCM. This
study provides a proof‐of‐concept demonstrating that, through careful data preprocessing and deliberate model
design choices—including confidence‐guided mixing, loss function design, physics‐informed training, and ad-
ditive noise injection—it is possible to transfer ML convection schemes from one GCM to another without
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compromising stability and accuracy. The mean weight given to the ML‐transferred parameterization is ≈ 0.67,
confirming a fundamental change in the convective parameterization's behavior rather than a simple bias
correction of the Tiedtke scheme.

When training on the ClimSim data set, we first separated the radiative from the convective heating tendencies
using the “RTE + RRTMGP” radiation scheme. To achieve this, we modified the scheme slightly to match the
version used in ICON and to allow us to input full columns from the ClimSim data as explained in Section 2.2. We
note that this separation represents an approximation of the true radiative tendencies employed by the E3SM‐MMF
model, as the radiation scheme was run for multiple radiation columns in each grid cell of the multiscale modeling

framework, and we only have access to the coarse‐grained state in ClimSim.
Future versions of ClimSim would benefit from outputting radiative ten-
dencies explicitly, enabling process‐based training rather than emulating all
subgrid physics. Likewise, the SRMs in E3SM still parameterize sub‐SRM
processes (e.g., turbulence, microphysics), which contribute to ClimSim ten-
dencies; outputting those terms separately would further facilitate process‐
based schemes. The training would also benefit from a more accurate repre-
sentation of precipitation in the ClimSim data (see Figure 11).

The inclusion of physics‐informed terms in the loss function improves model
performance across various metrics. Specifically, adding the residuals of
conserved quantities to the loss function led to improved conservation online,
as evident in Figure 7. However, it is likely that using a training data set where
conservation laws can be strictly enforced without any net in‐ or out‐fluxes
into the columns would further improve the method. Creating such a data
set would be a crucial next step in further improving the here shown proof‐of‐
concept method.

Figure 11. Zonal mean precipitation evaluated over 20 years for the observational data set (GPCP), the Tiedtke scheme, the
pure machine learning scheme, the Mixed:10–60 scheme, the Mixed:10–80 scheme, the CMIP6 MMM, and the ClimSim
data set. For ClimSim, the zonal mean precipitation is evaluated over its available 10‐year simulation period.

Table 2
The Tropical Precipitation Asymmetry Index AP and the Equatorial
Precipitation Index EP, and Their Biases With Respect to GPCP for the Data
Shown in Figure 11

Data AP EP AP bias EP bias RMSE (mm/d)

GPCP 0.189 1.163 – – –

Tiedtke 0.247 0.909 0.058 − 0.254 0.382

Pure ML 0.257 0.924 0.068 −0.239 0.459

Mixed:10–60 0.275 0.901 0.086 − 0.262 0.380

Mixed:10–80 0.279 0.902 0.090 − 0.261 0.375

ClimSim 0.268 0.973 0.079 − 0.190 0.904

CMIP6‐MMM 0.060 1.037 − 0.129 − 0.126 0.394

Note. Bold values mark the lowest error/best performance in comparison to
the other columns.
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After generating the training data and designing the model and loss function, we performed a thorough hyper-
parameter search, an essential step for finding a good trade‐off between accuracy and computational efficiency,
with the number of multiply‐accumulate operations proving to be a well‐suited measure of computational
complexity (for CPU inference). Our results revealed 181 candidate schemes along the Pareto front when
comparing different metrics. Some of these models were found to perform even better than the conventional
Tiedtke parameterization used in ICON, a promising outcome considering that ICONhas been calibrated to behave
optimally with the Tiedtke scheme. In particular, the representation of precipitation, water vapor, and near‐surface
temperature potentially benefits from the confidence‐guided mixing approach as demonstrated in Figure 5.

Investigating the conditions under which the ML/mixed schemes produce convective precipitation revealed a
reasonable behavior, with precipitation generally increasing with higher column water vapor and decreasing with

Figure 12. The spatial distribution of 20‐year averaged precipitation for different convection schemes in the left column and
the bias with respect to GPCP in the right column. The first row (a) shows precipitation for the GPCP data, the Tiedtke
scheme in the second row (b, c), the pure ML scheme in the third row (d, e), and the Mixed:10–60 scheme in the last row
(f, g). In the upper right of each bias plot, the area‐weighted mean bias is displayed.
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higher atmospheric dry stability as shown in Figure 9. Notably, the mixed scheme does not fully shut down
convection under high dry stability conditions, which may help when convection is forced by, for example, large‐
scale horizontal advection or orographic forcing. Moreover, we observed that the confidence of the mixed
schemes decreased in regimes with few training samples as well as in regions characterized by high variability of
precipitation. Conditionally averaged heating and moistening profiles in Figure 10 show substantial differences
between the pure‐ML, mixed, and Tiedtke schemes. Despite an averageML contribution of approximately∼67%,
the mixed scheme resembles the conventional ICON model in its physical behavior more closely than the pure
MLmodel, maintaining dynamical consistency and avoiding out‐of‐distribution predictions while still leveraging
the ML component's learned physical relationships. Additionally, our analysis of the enthalpy profiles demon-
strated again that the mixed scheme learned with a physics‐informed weight of only 0.1 substantially improved
conservation of enthalpy. These results, and the chosen tuning parameters for further analysis, were based on one‐
year‐long simulations and cannot be expected to be robust due to the short evaluation period. However, as a proof‐
of‐concept, they show that the schemes could be adjusted to work well, even outperforming Tiedtke for some
metrics. By analyzing their emergent precipitation statistics, we additionally showed that they can potentially be
tuned to observations and learned from. Performing 20‐year‐long simulations for all 181 candidate schemes
would have been computationally infeasible.

Finally, as demonstrated in Section 4.4, we achieved long‐term stability using an engression‐like technique,
which provided data‐driven extrapolation by effectively forcing theMLmodel to behave smoothly for small input
perturbations. This result could potentially help many more ML‐based parameterization schemes which very
commonly struggle with long‐term stability when coupled to GCMs. The results regarding precipitation and
temperature patterns shown in Sections 4.1 and 4.4 indicate that the pure ML and mixed schemes are capable of
generating realistic patterns, which for near‐surface temperature even outperform the Tiedtke baseline with
respect to observational references by having a mean bias about half as large as for the Tiedtke model for the 20‐
year evaluation as shown in Table A3. However, calibration against observational data may further enhance the
predictive skill of all models examined.

As illustrated in Figure 8 and also Figure 9, the ML scheme exhibits relatively high confidence in the extratropics
and high latitudes while maintaining a non‐zero contribution in the tropical regions that were used to design the
Tiedtke scheme. The examination of the results from the twenty‐year‐long simulations in Figure 11 suggests that
this confidence may be overestimated due to out‐of‐distributions estimates, highlighting the potential benefit of
developing a separate convective triggering scheme or lowering the scheme's confidence (i.e., the p0 and p1 pa-
rameters) to improve overall model performance. Moreover, training on a data set which is closer to observational
references for, for example, the zonal mean precipitation (Figure 11) would also benefit the model development.

As we developed a tunable ML‐based scheme, future work should also prioritize proper tuning, exploring various
settings of parameters such as p0, p1, the level of stochastic noise injection, and the weighting α of physical loss
terms in the hybrid objective function to further optimize the scheme's performance. Furthermore, the confidence
estimates produced by the ML model could be leveraged to develop a stochastic parameterization framework,
transforming the current deterministic predictions into probabilistic outputs. Such a stochastic formulation would
better represent subgrid variability and improve the representation of uncertainty in climate and weather simu-
lations. Another direction for future research could be reducing the computational complexity (see Figure 4) of the
used schemes even more since the coupled ICON runs are roughly half as fast as the runs with the Tiedtke scheme.

Ultimately, our goal is to implement an ML‐based convection scheme into ICON‐XPP‐MLe (where XPP stands
for eXtended Predictions and Projections and MLe for machine learning enhanced) (Müller et al., 2025). Real-
izing this goal will require further work before the current proof‐of‐concept can be effectively deployed within
this hybrid ESM. This will include systematic tuning of the scheme and hybrid ESM, potentially through
automated methods such as the approach proposed by Grundner et al. (2025), further testing, and potentially
interpolating the training data to the vertical levels of ICON‐XPP‐MLe. This would ensure seamless integration
and optimal performance of the ML‐based parameterization scheme within the broader modeling framework.
Another important direction for future research is to assess the sensitivity of the ML scheme to horizontal res-
olution. We plan to evaluate its performance at higher resolutions, such as 80 km × 80 km, to determine its
scalability and robustness across different model configurations. This will help clarify whether the learned re-
lationships generalize across resolutions or require designing a scale‐aware version of the scheme.
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Additionally, a direct integration with the ICON‐XPP‐MLe modeling framework may be facilitated by incor-
porating ICON‐specific simulation data into the training pipeline. A suitable data set would have to fulfill several
constraints regarding the length of the simulated time period and spatial extent, frequency of output, as well as a
convenient (though not strictly necessary) scale separation, as mentioned in the introduction. Given such a data
set, the inclusion of ICON data may be achieved either through retraining the model on the ICON output or by
applying transfer learning techniques to adapt the existing models further to the ICON model.

Together, these developments, ranging from stochastic extensions to resolution dependence studies and model‐
specific adaptation, will be crucial for advancing the reliability, robustness, and applicability of ML‐based pa-
rameterizations in long‐term climate simulations.

Appendix A: Appendix
A1. Non‐Dimensionalization of Residual Fluxes

As written in Section 3.3.3, we start with the chosen scaling constants as they are defined in ICON (except t0):

g0 = 9.80665 ms− 2,

t0 = 10 s,

ρh2o = 1000 kgm− 3,

cp = 1004.64 JK− 1 kg− 1.

We use these constants to derive scales for length l0, temperature T0, energy density e0, mass fluxm0, velocity v0,
and pressure p0:

l0 = g0 t20, T0 =
e0
cp
, e0 = g20 t

2
0, m0 = ρh2o g0 t0, v0 = g0 t0, p0 = ρh2o g20 t

2
0.

Furthermore, the latent heat of vaporization Lv = 2.5008 ⋅ 106 J kg− 1 and sublimation Ls = 2.8345 ⋅ 106 J kg− 1

are non‐dimensionalized by dividing by e0.

In ICON, the net column in and out fluxes for enthalpy, mass, zonal, and meridional momentum can be
formulated as follows:

Hres = ∫

ztop

zbot
ρ (

∂T
∂t

cp −
∂ql
∂t

Lv −
∂qi
∂t

Ls) dz − Lv Prain − Ls Psnow, (A1)

mres = ∫

ztop

zbot
ρ (

∂qv
∂t

+
∂ql
∂t

+
∂qi
∂t
) dz + Prain + Psnow, (A2)

ures = ∫

ztop

zbot
ρ
∂u
∂t

dz, (A3)

vres = ∫

ztop

zbot
ρ
∂v
∂t

dz. (A4)

Using hydrostatic equilibrium for the background vertical coordinate:

dp = − ρ g0 dz, (A5)

we convert the vertical integration coordinate from elevation to pressure:

Hres = ∫

pbot

ptop

1
g0

(
∂T
∂t

cp −
∂ql
∂t

Lv −
∂qi
∂t

Ls) dp − Lv Prain − Ls Psnow, (A6)

Journal of Advances in Modeling Earth Systems 10.1029/2025MS005544

HEUER ET AL. 23 of 34

 19422466, 2026, 5, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025M

S005544 by D
tsch Z

entrum
 F. L

uft-U
. R

aum
 Fahrt In D

. H
elm

holtz G
em

ein., W
iley O

nline L
ibrary on [23/10/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



mres = ∫

pbot

ptop

1
g0

(
∂qv
∂t

+
∂ql
∂t

+
∂qi
∂t
) dp + Prain + Psnow, (A7)

ures = ∫

pbot

ptop

1
g0
∂u
∂t

dp, (A8)

vres = ∫

pbot

ptop

1
g0
∂v
∂t

dp. (A9)

Finally, substituting all dimensional quantities with their respective non‐dimensional counterparts (marked by a
tilde) times the corresponding physical scale yields the following non‐dimensional fluxes of enthalpy, mass, zonal
and meridional momentum as shown in Section 3.3.3:

H̃res = ∫

p̃bot

p̃top
(
∂ T̃
∂ t̃

−
∂q̃l
∂ t̃
⋅ L̃v −

∂q̃i
∂ t̃
⋅ L̃s) d p̃ − L̃v ⋅ P̃rain − L̃s ⋅ P̃snow, (A10)

m̃res = ∫

p̃bot

p̃top
(
∂q̃v
∂ t̃

+
∂q̃l
∂ t̃

+
∂q̃i
∂ t̃

) d p̃ + P̃rain + P̃snow, (A11)

ũres = ∫

p̃bot

p̃top

∂ ũ
∂ t̃

d p̃, (A12)

ṽres = ∫

p̃bot

p̃top

∂ ṽ
∂ t̃

d p̃. (A13)

A2. The Hyperparameter Optimization Search Space and Offline R2 Scores

Tables A1 and A2

Table A1
The Parameter Search Space Used for Creating Figure 4 and the Parameter Setting for the “Trade‐Off” Model

Parameter Search space Used in “Trade‐off”

encode_dim e {10 k ∣k∈N, 1 ≤ k ≤ 40} 280

hidden_dim h {10 k ∣k∈N, 1 ≤ k ≤ 40} 60

iter_dim it {100 + 10 k ∣k∈N, 0 ≤ k ≤ 80} 120

lstm_layers {k ∣k∈N, 1 ≤ k ≤ 10} 4

dropout_rate {0, 0.01, 0.02, 0.03, 0.05, 0.07, 0.1, 0.13, 0.16, 0.2, 0.25, 0.3} 0.02

learning_rate {1 × 10− 3, 5 × 10− 3, 6.5 × 10− 3, 1 × 10− 4} 1 × 10− 3

weight_decay {2 × 10− 4, 1 × 10− 2} 1 × 10− 2

batch_dim b {256,512,1024,2048} 256

Scheduler {None, consanh, reduce_plat} None

Optimizer ∅ AdamW

early_stopping_patience ∅ 6

input_dim i ∅ 17

column_height l ∅ 42

scalar_out_dim s ∅ 6

profile_out_dim p ∅ 2

Note. Additionally, some fixed Hyperparameters are indicated with an empty set as the search set. The scheduler cosanh is
short for the PyTorch class CosineAnnealingWarmRestarts and reduce_plat for the class Reduc-
eLROnPlateau. The encode_dim e, hidden_dim h, iter_dim it, batch_dim b, input_dim i,
column_height l, scalar_out_dim s, and profile_out_dim p correspond to the dimensions displayed in Figure 2.
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A3. Additional Figures

Figure A1

Table A2
The Overall R2 Scores for Five Models With Different Weighting Factors of the Physics Informed Loss Terms

α Offline R2

0 0.896

0.01 0.894

0.1 0.892

0.5 0.884

0.9 0.631

Figure A1. For three pressure levels (rows): (a, d, g) temperature tendency distributions before (blue, labeled “Total”) and
after (red, labeled “Convection”) subtraction of the tendencies computed with “RTE + RRTMGP.” These radiative
tendencies are decomposed into (b,e,h) longwave and (c, f, i) shortwave components. Mean values are shown with dashed
vertical lines for all distributions.
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Figure A2

Figure A2. The column water vapor for three simulation snapshots after 1 month (first column), 3 months (second column),
and 12 months (third column) of integration. The rows correspond to the five different coupled schemes. The last column
shows the zonal mean and standard deviation of the CWV for the last shown timestep of every configuration. The y‐axis
corresponds here to the latitudes of the corresponding row.
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Figure A3

Figure A3. The spatial distribution of the temporal average machine learning (ML) weight 〈λ〉 over one year of simulation for
the (a) Mixed:10–70 and (b) Mixed:10–80 models with a physics‐informed weight α = 0.1. The overall time averaged ML
weights were 〈λ〉 ≈ 0.71 and 〈λ〉 ≈ 0.76, respectively.
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Figure A4

Figure A5

Figure A4. Conditionally averaged convective precipitation as a function of the surface height. Circles represent the
convective precipitation (circle sizes indicate the number of samples in the respective region). Crosses in the lower plot
represent the average machine learning weight 〈λ〉.

Figure A5. 2D histogram of LTS and CWV for five different coupled schemes in the top row (a–e). Additionally, the
conditionally averaged convective precipitation for each bin above as a function of LTS and CWV is displayed in the lower
row (f–j).
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Figure A6

Figure A6. Conditional averages of convective heating rates (first column) and moistening rates (second column) as a
function of height. The conditioning is based on LTS while we keep the value for the CWV fixed to CWV = 19.6 km/m2.
Each row corresponds to a different coupled scheme: (a, b) for Tiedtke, (c, d) for Mixed:10–60, and (e, f) for the pure machine
learning scheme. Conditional averaged curves are only computed for LTS conditions having at least 10 samples.
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Figure A7

Figure A7. Spatial distribution of 20‐year averaged near surface temperature T2m for different convection schemes in the left
column and the bias with respect to ERA5 in the right column. The first row (a) shows near surface temperature for the ERA5
data, the Tiedtke scheme in the second row (b, c), the pure machine learning scheme in the third row (d, e), and the
Mixed:10–60 scheme in the last row (f, g). In the upper right of each bias plot, the area‐weighted mean bias is displayed.
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the ICON model is available from https://www.icon‐model.org/.
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Table A3
The Area Weighted Mean Bias, RMSE, and MAE for Near‐Surface Temperature and Precipitation Corresponding to
Figures A7 and 12

Metric—Variable Tiedtke Pure ML Mixed:10–60

Mean Bias—T2m (K) 0.50 1.03 − 0.26

RMSE—T2m (K) 1.37 1.88 1.54

MAE—T2m (K) 1.04 1.22 1.03

Mean Bias—Precipitation (mm d− 1) − 0.21 − 0.34 0.14

RMSE—Precipitation (mm d− 1) 1.35 1.36 1.48

MAE—Precipitation (mm d− 1) 0.86 0.87 0.96

Note. Bold values mark the lowest error/best performance in comparison to the other columns.
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