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Abstract

Earth system models (ESMs) are important tools to project climate change, yet continue to have
persistent systematic errors due to the representation of subgrid-scale processes, most notably
atmospheric convection—a key driver of large-scale circulations such as the Hadley and Walker
cells, as well as weather patterns such as thunderstorms. These errors contribute considerably to
uncertainties in climate projections. Traditional convection parameterizations rely on physical
assumptions and empirically derived relationships that fail to capture the full complexity of
convective processes. This thesis contributes to showing that machine learning (ML) offers
breakthroughs, leveraging high-fidelity simulations to learn data-driven parameterizations that
better represent subgrid-scale dynamics. However, translating high offline ML performance
into stable, physically consistent, and transferable online implementations in ESMs has proven
challenging, often due to issues related to causality, scale separation, distributional shifts, and
process separation.

This dissertation addresses these challenges through two complementary studies that advance
the development, interpretation, and integration of ML-based convection parameterizations
into the ICOsahedral Nonhydrostatic (ICON) model. The first study develops and benchmarks
a suite of ML models, including deep learning and tree-based methods, trained on filtered
and coarse-grained convective fluxes derived from storm-resolving ICON simulations over the
tropical Atlantic. A filtering method to isolate convective contributions from other physical
processes is meant to ensure that the ML models learn to represent deep convection. Offline,
a U-Net architecture outperforms other models but exhibits non-causal dependencies on
precipitating tracers, as revealed by explainable artificial intelligence (AI) analysis using
SHapley Additive exPlanations (SHAP). Ablating these inputs yields a more physically
interpretable and causally sound parameterization that demonstrates improvements in online
stability, maintaining 180-day integrations in ICON while reducing biases in precipitation
extremes compared to conventional schemes. However, a significant smoothing bias in the
column water vapor distribution as well as biases in the mean temperature persist.

Building on these insights, the second study presents a proof-of-concept for cross-model
transferability and long-term integrability. A bidirectional long short-term memory model
trained on the global ClimSim dataset, derived from superparameterized Energy Exascale Earth
System Model-Multiscale Modeling Framework (E3SM-MMF) simulations, is transferred to the
ICON-A atmosphere model. Several innovations ensure physical consistency, accuracy, and
robustness: removal of radiative tendencies to isolate the convective signal, physics-informed
and vertical consistency losses, confidence-guided mixing with a conventional scheme, and
additive input noise during training to enhance extrapolation and stability. This hybrid
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Abstract

AI-physics approach enables the stable multi-decadal (20-year) integration of an ML-based
convection parameterization in ICON. Evaluating the resulting simulations against observations
indicates improved precipitation statistics, including reduced root mean square error in the
zonal mean, better spatial distribution, and improved precipitation extremes, as well as a more
accurate spatial distribution of the near-surface temperature, relative to the reference ICON
configuration. Furthermore, the developed scheme exhibits a physically interpretable regime
behavior across column water vapor and stability metrics. However, the used training dataset
has biases as well, e.g., the zonal mean precipitation does not match the observed climatology
and conservation laws are not strictly enforced by the developed framework and would require
a refined training dataset to do so. Moreover, the scheme is trained and evaluated at a relatively
coarse horizontal resolution of ∼160 km; implementing it in the currently developed version of
the hybrid ICON model, which has a horizontal resolution of ∼80 km, may require vertical
interpolation and tuning.

Together, these studies demonstrate that ML-based parameterizations can become stable,
interpretable, and transferable components of next-generation climate models. They highlight
the critical importance of physical consistency, learning causal relationships, and robust training
practices in achieving reliable long-term simulations, thereby demonstrating that multi-decadal
stable hybrid simulations are achievable, paving the way toward more accurate and trustworthy
climate projections.
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1. Introduction

The accurate representation of atmospheric convection in Earth system models (ESMs) is

arguably one of the most enduring and consequential challenges in climate modeling (Bony

et al. 2015; Gentine et al. 2018; Schneider et al. 2017). Convection, particularly deep convection

in the tropics, governs the vertical transport of heat, moisture, and momentum, driving

large-scale circulations such as the Hadley and Walker cells (Neelin 2010). It plays a pivotal

role in determining cloud formation, precipitation patterns, and the radiative balance of the

planet. Despite its critical importance, convection occurs at spatial scales far below the grid

resolution of typical global climate models (on the order of tens to hundreds of kilometers),

necessitating the use of parameterizations: simpli�ed, idealized, and often semi-empirical

representations of subgrid-scale processes (Easterbrook 2023). These parameterizations have

long been recognized as a dominant source of structural uncertainty in climate projections

(Eyring et al. 2024b; Sherwood et al. 2014; Zelinka et al. 2020), particularly in estimates of

the equilibrium climate sensitivity (ECS), a key metric that quanti�es the long-term warming

response to a doubling of atmospheric carbon dioxide ( CO2) (Council 1979; Manabe and

Wetherald 1967). Remarkably, despite signi�cant advances in computational power and

physical understanding, the uncertainty range in ECS has changed little over the past decades,

with values spanning 2� 5 � C in the latest Coupled Model Intercomparison Project (Eyring

et al. 2016; Forster et al. 2021). A substantial portion of this uncertainty can be traced back to

di�erences in how models simulate tropical low-cloud feedbacks, in particular for cumulus

and stratocumulus clouds over tropical oceans (Bony and Dufresne 2005; Brient and Schneider

2016; IPCC 2013; Schneider et al. 2017).

Traditional (often mass-�ux-based) convection schemes, such as the widely used formula-

tions by Tiedtke (1989) and Zhang and McFarlane (1995), are built upon simpli�ed physical

assumptions about convective triggering, entrainment, and closure. While these schemes

have enabled meaningful progress in climate modeling, they are inherently limited by their

structural simplicity and inability to capture the full complexity and nonlinearity of real-world

convection. Common de�ciencies include persistent biases in the position and structure of the

intertropical convergence zone (ITCZ), such as the notorious "double-ITCZ" problem (Hwang

and Frierson 2013; Satoh et al. 2019; Stevens et al. 2019b), an underestimation of extreme

rainfall events (Christopoulos and Schneider 2021; Fosser et al. 2024; Stephens et al. 2010), a

misrepresentation of convectively coupled waves like the Madden-Julian oscillation (Kuang

et al. 2005; Lin et al. 2008), inaccuracies in reproducing teleconnection patterns such as the El

Niño�Southern Oscillation (Mahajan et al. 2023), and a poor simulation of the diurnal cycle of

precipitation (Anber et al. 2015; Christopoulos and Schneider 2021). These shortcomings are
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1. Introduction

not merely academic, they have direct implications for climate projections and may impede

policy decisions and adaptation planning (Eyring et al. 2024b).

In recent years, machine learning (ML) has emerged as a promising approach to address

the challenge of improving the representation of these processes. The emergence of storm-

resolving models (SRMs) and multiscale modeling frameworks (MMFs), which explicitly

simulate deep convection without relying on convection parameterizations at horizontal

resolutions of 2� 5km, o�ers a powerful opportunity to generate high-�delity training data for

ML models. These simulations resolve individual convective cells and their interactions with

larger-scale dynamics, providing a rich dataset from which subgrid processes can be diagnosed

and emulated (Brenowitz and Bretherton 2018; Eyring et al. 2024a; Gentine et al. 2018). At the

same time, ML, particularly deep learning, has demonstrated remarkable success in learning

complex, nonlinear mappings from high-dimensional input-output relationships. This makes

ML a promising tool for developing next-generation parameterizations that go beyond the

rigid assumptions of traditional physics-based approaches.

In addition to emulating conventional convection schemes (Balogh et al. 2025; O'Gorman

and Dwyer 2018; Zhong et al. 2024), ML-based convection and general moist subgrid physics

parameterizations have been developed using data from MMF (Behrens et al. 2022, 2025;

Beucler et al. 2021, 2024; Brenowitz et al. 2020; Chen et al. 2025; Gentine et al. 2018; Han et al.

2020, 2023; Hu et al. 2025; Iglesias-Suarez et al. 2024; Lin et al. 2025; Mooers et al. 2021a; Ott

et al. 2020; Rasp et al. 2018; Wang et al. 2022b), and from SRMs (Beucler et al. 2024; Brenowitz

and Bretherton 2018, 2019; Brenowitz et al. 2020; Krasnopolsky et al. 2013; Wang et al. 2022a;

Watt-Meyer et al. 2024; Yuval and O'Gorman 2020; Yuval et al. 2021; Yuval and O'Gorman 2023),

see Section 2.4. These studies have demonstrated success in parameterizing convection and

subgrid cloud physics, but accurately representing subgrid convection remains challenging

due to its complex and multiscale nature. Consequently, most of these studies have used

idealized setups, like aquaplanets, and even under these simpli�cations, online stability (when

the parameterization is coupled to the host ESM) is not guaranteed (Brenowitz et al. 2020;

Lin et al. 2025; Rasp et al. 2018; Yuval and O'Gorman 2020). Stability crucially depends on

technical details when training the ML model, the inclusion of speci�c variables and vertical

levels (Brenowitz and Bretherton 2018, 2019), and the choice of training data (Rasp 2020).

Moreover, high o�ine performance (i.e., when the model is evaluated in isolation, not coupled

to the ESM) is not a su�cient condition for stable online integration (Lin et al. 2025; Yuval and

O'Gorman 2020). Although methods exist to analyze the stability of ML-based schemes o�ine

(Brenowitz et al. 2020), researchers typically rely on trial and error to test for how long their

scheme runs stably when coupled online (Wang et al. 2022b).

Due to the aforementioned reasons, an online, accurate, and long-term stable ML-based

convection parameterization suitable for operational hybrid ML-physics models has yet to be

demonstrated. This dissertation contributes to this evolving paradigm by investigating the

development, integration, and evaluation of ML�based convection parameterizations within

the ICOsahedral Nonhydrostatic (ICON) modeling framework (Giorgetta et al. 2018; Zängl et al.

2015). It presents two research e�orts that together aim to improve the representation of tropical

2



1.1. Key Science Questions

convection and its interactions with large-scale dynamics through data-driven approaches,

while ensuring numerical robustness and physical consistency in coupled simulations.

1.1. Key Science Questions

This thesis advances the �eld of ML-based parameterizations for general circulation models

by addressing the following three key science questions, with a focus on achieving skillful

predictions, interpretability, robustness, and long-term stability:

1. How can we ensure that machine learning parameterizations learn physically consistent,

causal, and interpretable relationships, rather than spurious correlations, when learning

complex atmospheric convection?

2. Can machine learning parameterizations of subgrid convection improve the representa-

tion of convective processes in coarse-resolution models while maintaining long-term

numerical stability?

3. To what extent can ML-based parameterizations be transferred across climate models,

and how can training strategies be optimized to support robust hybrid climate modeling?

1.2. Structure of the Thesis

Parts of this thesis are already published (including text, �gures, and tables) in two �rst-author

studies, one already peer-reviewed (Heuer et al. 2024) and one currently under review by the

Journal of Advances in Modeling Earth Systems (JAMES). Another co-authored study (Yu et al.

2025) has been published in theJournal of Machine Learning Research. For this study, the author

of this thesis contributed primarily by testing the new containerized online pipeline presented

in the paper. A complete list of these publications is provided on Page vii. Two additional

co-authored publications are currently in preparation.

Speci�cally, Chapter 4, Chapter 5, and parts of Chapter 3 are based on the two �rst-author

publications (Heuer et al. 2024, 2025). The pronoun �we� is used in these chapters to enhance

readability and to acknowledge the contributions of all co-authors. Unless stated otherwise, all

content from these publications (text, �gures, and tables) shown in this thesis originates from

the author of this thesis.

This thesis is structured as follows: Chapter 2 introduces the scienti�c background and

reviews the relevant literature upon which the presented studies build. Chapter 3 presents the

data and methods relevant to the subsequent chapters. The data and methods introduced in

Chapter 3, which directly reference Chapters 4 and 5, are based on the corresponding data

and methodological frameworks detailed in Heuer et al. (2024, 2025). Chapter 4 is based on

Heuer et al. (2024) and presents the development of ML-based convection schemes trained on

storm-resolving regional ICON data. This chapter primarily addresses Key Science Question 1

while also presenting online results relevant to Key Science Question 2. Chapter 5, based on

3



1. Introduction

Heuer et al. (2025), presents the development of an ML-based convection scheme trained on

global MMF-based data and transferred to the ICON model. It addresses all three key science

questions. A summary of the results presented in this thesis and an outlook are given in

Chapter 6.

4



2. Scienti�c Background

This chapter presents the scienti�c background and reviews the relevant literature underpinning

the research. It begins in Section 2.1 with a brief historical overview of atmospheric general

circulation models, followed by a more detailed introduction of high-�delity models. Section 2.2

discusses the traditional parameterization of convection, focusing on semi-empirical approaches

commonly used in current modeling frameworks. In Section 2.3, key machine learning (ML)

methods that are relevant to the results and methodologies developed in this thesis are

introduced. Finally, Section 2.4 explores data-driven approaches to convection parameterization

and reviews prior work in this �eld.

2.1. Atmospheric General Circulation Models

You can never win competing with nature's complexity

Syukuro Manabe

This section provides a brief historical overview of general circulation modeling and

introduces two advanced high-�delity modeling frameworks: storm-resolving models (SRMs)

and multiscale modeling frameworks (MMFs) (also called superparameterized models). Both

aim to explicitly resolve relatively small-scale dynamics, such as deep convection, thereby

eliminating the need for conventional convection parameterizations. These next-generation

models represent a paradigm shift in atmospheric simulation by explicitly capturing deep

convective updrafts and downdrafts. Despite these advantages, coarse-resolution, non-storm-

resolving general circulation models (GCMs) continue to play a vital role in climate research

due to their computational e�ciency, which enables long-term simulations spanning centuries,

the representation of a broader range of processes in Earth system models (ESMs), and the

generation of large ensembles (Eyring et al. 2024b). A promising approach to enhance the

representation of key processes in such models using ML is discussed in Section 2.4.

2.1.1. Brief History of General Circulation Models

The foundation of modern climate modeling was laid in the mid-20th century with pioneering

work in numerical weather prediction. Building on early successes by Jule Charney, Ragnar

Fjørtoft, and John von Neumann, who conducted the �rst regional numerical forecasts over

North America at a coarse resolution of approximately 736km (Charney et al. 1950), Phillips

(1956) published the �rst idealized GCM in 1956. This two-level, quasi-geostrophic model

5



2. Scienti�c Background

simulated atmospheric dynamics on a single hemisphere with a horizontal resolution of

375km � 625km and already included parameterizations for non-adiabatic heating and friction.

Later, the practice of parameterizing subgrid processes was introduced more formally by

Smagorinsky (1963) for the di�usive lateral transfer of momentum and heat.

In 1965, Joseph Smagorinsky, Syukuro Manabe, and collaborators at the Geophysical Fluid

Dynamics Laboratory developed a more sophisticated nine-level GCM of one hemisphere,

albeit without realistic topography, and a horizontal resolution ranging from 320km at the

equator to 640km at the pole (Edwards 2011; Manabe and Wetherald 1967; Smagorinsky et al.

1965). Around the same time, Yale Mintz and Akio Arakawa at the University of California,

Los Angeles, introduced a two-level GCM incorporating realistic geography and global extent

(Arakawa 1966; Edwards 2011) using a7� � 9� resolution, demonstrating the feasibility of

simulating Earth's climate system on a planetary scale.

These pioneering models catalyzed rapid development across research institutions world-

wide. As computational power expanded, GCMs improved quickly and grew in complexity.

For example, coupling atmospheric models with ocean models, simple land models, and

sea ice components (Manabe and Bryan 1969; Manabe et al. 1975) enabled more realistic

representations of climate feedbacks. Over subsequent decades, these coupled systems evolved

into comprehensive ESMs, integrating interactive carbon cycles, cryospheric processes, sulfate

aerosols, dynamic vegetation, and more processes (Easterbrook 2023). Despite these advances,

one of the main persistent limitations has remained: the inability to explicitly simulate convec-

tive and other small-scale processes, which has necessitated reliance on uncertain, empirical,

and idealized parameterizations.

Figure 2.1.:Comparison of two horizontal resolutions ( R2B4and R2B10) of an atmospheric state
modeled by the ICOsahedral Nonhydrostatic (ICON) model (Giorgetta et al. 2018; Zängl
et al. 2015). Shown is a snapshot of the cloud cover distribution from the 05.02.2020.
Data is taken from the DYAMOND intercopmarison project (Stevens et al. 2019b).
Background image: NASA Earth Observatory (https://neo.gsfc.nasa.gov/view.php?
datasetId=BlueMarbleNG).

6



2.1. Atmospheric General Circulation Models

2.1.2. High-�delity Atmospheric Models

Both SRMs and MMFs circumvent the ambiguities and structural uncertainties inherent to

traditional parameterized convection schemes (Satoh et al. 2019; Stevens and Bony 2013) (see

also Section 2.2.4) by employing horizontal resolutions typically �ner than 5km (Satoh et al.

2019; Stevens et al. 2019b). At these scales, deep convection (and other small-scale processes) can

be explicitly resolved rather than parameterized. However, even at kilometer-scale resolutions,

shallow clouds in remain largely unresolved and generally require parameterization (Schneider

et al. 2017), which can introduce additional uncertainty and degrees of freedom. This

partial resolution of convective processes gives rise to the so-called �gray zone� problem,

where convection is neither fully resolved nor fully parameterized (Prein et al. 2015). To

comprehensively resolve the full spectrum of convective motions and eliminate the �gray zone�

problem, models would require grid spacings � G® 100 m(Craig and Dörnbrack 2008; Prein

et al. 2015). Improvements gained by explicitly resolving processes that would otherwise

require parameterization come at a considerable increase in computational cost. For three-

dimensional, lower-resolution models, a doubling of horizontal resolution typically increases

computational demands by a factor of eight, following a ¹� Gº� 3 scaling due to the need for

shorter time steps and increased grid points in the horizontal dimensions. In storm-resolving,

non-hydrostatic models, where vertical resolution must also be re�ned to maintain numerical

stability and physical accuracy, the scaling worsens to ¹� Gº� 4, implying a 16-fold increase in

computational cost for each halving of grid spacing (Schneider et al. 2024). This unfavorable

scaling causes long-term, global climate simulations at storm-resolving resolutions extremely

computationally demanding (Eyring et al. 2024b), rendering, e.g., running ensembles of SRMs

prohibitive given current supercomputing capabilities. For MMFs, the computational scaling

is more favorable due to the idealized representation of subgrid processes, though signi�cant

computational resources are still required, as discussed below. The following two sections

provide further details on both approaches, discussing their advantages over coarse-resolution

GCMs as well as known biases.

Storm-Resolving Models

SRMs, also known as cloud-resolving models or convection-permitting models, represent a

transformative advancement in atmospheric modeling, operating at horizontal resolutions

of 5km or less (Satoh et al. 2019; Stevens et al. 2019b; Weisman et al. 1997). At such scales

below 10km, the hydrostatic approximation, which is commonly used in coarser models,

breaks down (Drake 2014). A comparison of a low-resolution snapshot with a resolution

of � G � 160km and a high-resolution snapshot at � G � 2•5km is presented in Figure 2.1.

At storm-resolving resolutions, non-hydrostatic dynamical cores are necessary, as vertical

accelerations associated with convective updrafts and downdrafts become non-negligible

compared to the gravitational acceleration. SRMs typically employ terrain-following hybrid

sigma-altitude vertical coordinates, since pressure is no longer a monotonically decreasing

function of altitude (Prill et al. 2022).
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The �rst global SRM simulations were conducted using the Nonhydrostatic Icosahedral

Atmospheric Model (NICAM), developed in Japan. Tomita et al. (2005) performed a one-

week aquaplanet experiment at 3•5km resolution (Satoh et al. 2019), followed two years

later by Miura et al. (2007), who implemented a version incorporating realistic geography at

the same resolution. Subsequently, several modeling centers developed or adapted global

non-hydrostatic models capable of storm-resolving simulations (Satoh et al. 2019):

ˆ In Germany, the ICON model was developed for global convection-permitting simulations

(Giorgetta et al. 2018; Zängl et al. 2015).

ˆ In the United States, multiple frameworks emerged, including the Model for Prediction

Across Scales (Skamarock et al. 2012), the Finite-Volume Dynamical Core on the Cubed-

Sphere (Lin 2004), the Goddard Earth Observing System Model (Putman and Suarez 2011),

and the global version of the System for Atmospheric Modeling (SAM) (Khairoutdinov

and Randall 2003).

ˆ At the European Centre for Medium-Range Weather Forecasts (ECMWF), the Integrated

Forecast System was extended into the kilometer-scale regime (Kühnlein et al. 2019;

Smolarkiewicz et al. 2016; Wedi et al. 2015).

The DYAMOND intercomparison study by Stevens et al. (2019b) evaluates multiple SRMs

under the same atmospheric initial conditions and prescribed sea surface temperatures (SSTs)

and sea-ice concentrations provided by ECMWF. The simulations are compared both among

models and against satellite observations. Despite the models being in relatively early stages

of development, many having never been run in this con�guration or been tuned for this

application, the results show remarkable consistency in simulating key aspects of the climate

system. The models reproduce realistic patterns of the general circulation, outgoing longwave

radiation, precipitation, and precipitable water (Stevens et al. 2019b). Visually, cloud �elds

closely resemble those observed in satellite imagery. Furthermore, SRMs demonstrate skill in

capturing tropical cyclone genesis and intensi�cation statistics, as well as the diurnal cycle of

precipitation, features notoriously di�cult to simulate in conventional GCMs (Christopoulos

and Schneider 2021; Judt et al. 2021).

Ongoing initiatives such as Deep Numerical Analysis in Japan, Next Generation Earth

Modelling Systems (NextGEMS), and Destination Earth in Europe are advancing SRMs toward

decadal and multi-decadal climate projections (Takasuka et al. 2024), marking a transition from

process-oriented studies to operational climate simulation.

SRMs o�er several compelling advantages (Satoh et al. 2019), including:

ˆ The explicit resolution of mesoscale convective systems allows a direct analysis of storm

dynamics and organization.

ˆ The multiscale nature of convection is naturally represented, including realistic simula-

tions of the Madden-Julian oscillation (MJO).
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2.1. Atmospheric General Circulation Models

ˆ Cloud-scale circulations are directly coupled to microphysical processes as opposed to

coupling to convective schemes.

ˆ High-resolution output enables more direct comparison with remote sensing and surface

observations as scales are typically more comparable.

ˆ High-resolution �ow �elds improve tracer transport, o�ering more accurate links between

surface emissions of substances and their atmospheric concentrations.

ˆ Improved precipitation patterns including the spatial distribution (mesoscale organiza-

tion), more realistic propagation of precipitating systems, and an improved diurnal cycle

(Stevens et al. 2020).

ˆ Improved representation of extreme events and regional projections of climate change

(Palmer 2014)

ˆ Monsoons, tropical cyclones, and general precipitation are better captured (Schneider

et al. 2017)

Despite these strengths, SRMs are not without limitations. They still require parameter-

izations for subgrid-scale processes such as turbulence, radiation, and cloud microphysics.

Although they typically require less tuning than coarse GCMs (Stevens et al. 2019b), calibrating

the remaining parameters is considerably more computationally expensive. Some common

biases include:

ˆ Although tropical cyclones are represented more realistically compared to coarse GCMs,

there are still biases regarding the number, intensity, size, and structure of tropical

cyclones (Judt et al. 2021).

ˆ New turbulence parameterizations to accurately represent the planetary boundary layer,

shallow convection, subgrid-scale cloud cover, and turbulent �uxes related to deep

convective systems at kilometer scales have to be developed (Prein et al. 2015). In this

regime, the assumptions for traditional parameterizations for coarse GCMs break down,

while the speci�ed processes are only partially resolved; this is also referred to as the

convective �gray zone� (Honnert et al. 2020; Prein et al. 2015).

ˆ For example, SRMs with typical horizontal resolutions of approximately 5km operate

directly within the convective �gray zone�, where partially unresolved convection can

lead to the simulation of overly intense rainfall events (Kendon et al. 2021).

ˆ Challenges in representing land-surface processes were observed (Kendon et al. 2021).

ˆ Imbalances in energy and water budgets, likely linked to the representation of shallow

cloud, turbulence and microphysics (Stevens et al. 2019b).

9
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ˆ The well-known double-intertropical convergence zone (ITCZ) bias, with excessive

precipitation over the tropical Paci�c and Indian Oceans is still exhibited by storm-

resolving models (Schneider et al. 2024).

These challenges underscore that while SRMs eliminate the need for deep convection

parameterizations, they are not free of model errors and introduce new demands on the �delity

of other physical components.

Multiscale Modeling Frameworks

An alternative pathway toward high-�delity representation of convection is multiscale modeling

frameworks (MMFs). First proposed as the �cloud-resolving convection parameterization

(CRCP)� by Grabowski and Smolarkiewicz (1999), this approach typically embeds two-

dimensional SRMs with periodic boundary conditions within each column of a coarser global

GCM. The embedded SRMs operate on a kilometer-scale grid and explicitly resolve storm-

scale dynamics, such as updrafts, downdrafts, anvils, and mesoscale organization, thereby

rendering conventional convection parameterizations unnecessary. The proposed framework

was subsequently applied in an idealized setting by Grabowski (2001).

The development was quickly advanced by Khairoutdinov and Randall (2001), who imple-

mented the CRCP framework with realistic topography within the Community Atmosphere

Model, giving rise to the Superparameterized Community Atmosphere Model (SPCAM).

SPCAM simulations produced reasonable simulations of tropical convection and large-scale

dynamics with minimal tuning, a signi�cant improvement over conventional parameterizations

in coarse GCMs, which often require extensive calibration. This success sparked widespread

interest and catalyzed further development of the MMF approach, particularly at Colorado

State University's Center for Multiscale Modeling of Atmospheric Processes (Khairoutdinov

et al. 2005; Randall et al. 2003; Randall 2013).

Other major modeling centers adopted MMF development, including the NASA Goddard

Space Flight Center (Tao et al. 2009) and the U.S. Department of Energy's Energy Exascale Earth

System Model-Multiscale Modeling Framework (E3SM-MMF) (Hannah et al. 2020). These

e�orts underscore the broad recognition of MMFs as a powerful tool for advancing the �delity

of climate simulations, particularly in representing convective processes.

Several extensions to the original MMF framework have since been proposed to address

limitations associated with the use of 2D SRMs. One promising advancement is the so-called

quasi-3D MMF (Q3D MMF), in which each GCM column hosts two perpendicular 2D SRMs

of �nite width that interact through shared lateral boundary conditions. This design more

e�ectively approximates three-dimensional dynamics without the computational burden of

a full 3D SRM (Arakawa 2004; Jung and Arakawa 2010). A key advantage of the Q3D MMF

is its asymptotic consistency: as the host model's grid spacing decreases, the representation

converges toward that of a global SRM.

The MMF framework o�ers numerous advantages over conventional parameterizations

(Randall et al. 2003), including:
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ˆ It allows for the explicit (but idealized) representation of deep convection at the subgrid

scale, including critical processes such as mesoscale convective organization, downdrafts,

and anvils.

ˆ MMFs have demonstrated success in simulating the MJO with realistic features

ˆ Fractional cloudiness emerges naturally from the SRM grid cells

ˆ The framework enables the explicit simulation of convectively generated gravity waves.

ˆ Better representation of both light and intense precipitation, with a large improvement

for extreme precipitation compared to conventionally parameterized models (Li et al.

2012)

From a computational standpoint, MMFs strike a pragmatic balance between accuracy and

e�ciency. As they are able to maintain a relatively coarse global grid while resolving clouds

locally via embedded 2D SRMs, they require only a fraction of the computational resources

needed for global SRMs (Satoh et al. 2019). For example, Randall et al. (2003) estimate that

the costs of running MMF simulations are approximately 100 to 1,000 times more costly than

conventionally parameterized GCMs. While substantial, this increase is modest compared to

the computational costs of a global SRM, which would raise computational costs by a factor

of roughly 106 (Randall et al. 2003). Furthermore, MMFs are almost embarrassingly parallel

(Randall et al. 2003): the embedded SRMs operate independently across grid columns and

typically do not exchange information directly, enabling e�cient distribution across processor

cores.

However, several limitations arise from the inherent idealizations typically used in MMFs:

ˆ The use of 2D SRMs with limited spatial extent can a�ect the mean state response and

lead to, e.g., a too moist lower atmosphere and an associated shortwave cloud e�ect

(Pritchard et al. 2014).

ˆ Di�culties representing (convective) momentum transport due to the 2D nature of the

SRMs (Tulich 2015; Woel�e et al. 2018). This can a�ect, e.g., mean precipitation, winds,

and spatiotemporal variability of tropical convection (Yang et al. 2022).

ˆ The Representation of randomly distributed or clustered convection, especially in low

wind environments, can be biased for 2D SRMs (Tompkins 2000).

ˆ Biases in mean precipitation with too much rain in the ITCZ region and too little over the

Amazon (Liu et al. 2023).

ˆ Unphysical �checkerboard� patterns in cloud-related �elds on the grid-scale have been

observed in E3SM-MMF (and with much less frequency of occurrence in SPCAM),

potentially related to the arti�cial scale gap between SRM and GCM dynamics (Hannah

et al. 2022).
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ˆ The double-ITCZ bias can still be an issue for the MMF (Hannah and Pressel 2022;

Kooperman et al. 2016).

Nonetheless, MMFs remain an important bridge between traditional GCMs and fully resolved

SRMs, o�ering a computationally tractable platform for exploring convective-scale processes in

a global context.

2.2. Conventional Convection Parameterizations

Of the many subgrid-scale processes that must be represented

in numerical models of the atmosphere, cumulus convection

is perhaps the most complex and perplexing.

Emanuel and Raymond (1993)

Atmospheric convection, particularly deep moist convection, plays a critical role in the

vertical transport of heat, moisture, and momentum, thereby in�uencing large-scale circulation

patterns, cloud formation, and precipitation. To explicitly resolve deep convection, horizontal

resolutions of less than approximately 5km have to be used (Drake 2014; Satoh et al. 2019;

Stevens et al. 2019b; Weisman et al. 1997). However, due to the coarse spatial resolution of

GCMs typically used in climate modeling (Eyring et al. 2016; Haarsma et al. 2016), individual

convective elements such as updrafts and downdrafts cannot be resolved. As a result, convection

must be represented through parameterizations, models which approximate the in�uence of

subgrid-scale processes as a function of resolved-scale variables. These typically involve a

number of empirical relationships and idealized assumptions about the modeled interactions.

Over the decades, various approaches to parameterize convection have been developed,

broadly categorized into three main types: adjustment schemes, moisture convergence schemes,

and mass-�ux schemes. Each represents a di�erent level of physical sophistication and

computational complexity.

2.2.1. Adjustment Schemes

Adjustment schemes represent the earliest and simplest form of convective parameterization.

The core concept is based on the assumption that when the atmosphere becomes convectively

unstable, typically diagnosed when the lapse rate exceeds the moist adiabatic pro�le, it rapidly

adjusts toward a more stable reference state, often following the moist adiabat. This adjustment

occurs instantaneously or over a short timescale, redistributing temperature and moisture

vertically to eliminate instability. One of the earliest examples is the scheme by Manabe et al.

(1965), which applied moist convective adjustment to both temperature and water vapor pro�les

in a climate model, e�ectively preventing super-moist-adiabatic lapse rates. A re�nement of

this idea is the Betts-Miller scheme (Betts and Miller 1993), which introduces a relaxation of

temperature and humidity pro�les toward observationally informed reference equilibrium
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pro�les for shallow and deep convection, separately over a �nite timescale, rather than enforcing

an instantaneous adjustment. This allows for a more gradual and physically plausible response

to convective instability.

The primary strengths of adjustment schemes lie in their simplicity and low computational

cost, making them suitable for early-generation climate models. However, their weaknesses are

signi�cant: they lack a dynamical representation of convective updrafts and downdrafts, fail to

capture the timing and lifecycle of convection, and do not account for convective memory or

feedbacks with large-scale dynamics. As such, they provide only a crude approximation of

real convective processes.

2.2.2. Moisture Convergence Schemes

Moisture convergence schemes take a di�erent approach, linking convection directly to the

large-scale dynamics through the horizontal convergence (and surface �uxes) of moisture. The

fundamental premise is that precipitation results directly from the net accumulation of water

vapor within a model column due to large-scale advection.

The most prominent example is the Kuo scheme (Kuo 1965, 1974), in which deep convection

is activated when atmospheric conditions are su�ciently unstable to support deep convection

and when the large-scale �ow provides su�cient lift to trigger it. A key strength of this

approach is its direct coupling between convection and large-scale dynamics. However, the

scheme su�ers from several limitations due to its simplicity. It assumes that water is consumed

by convection at the rate it is supplied by the large-scale dynamics. Although this condition

was later modi�ed to allow fractional consumption of the large-scale moisture supply, the

assumption fundamentally violates causality, as convection is not caused by the large-scale

water supply (Emanuel and Raymond 1993). Furthermore, the scheme fails to reproduce

realistic vertical pro�les of convective heating (Emanuel and Raymond 1993).

2.2.3. Mass-Flux Schemes

Mass-�ux schemes represent a major advancement in convective parameterization, o�ering a

more physics-based treatment of convection by modeling discrete convective elements: updrafts

and downdrafts. These actively transport heat, moisture, and momentum across atmospheric

layers. Mass-�ux schemes are grounded in the idea that the net e�ect of convection on the

large-scale environment can be approximated by the vertical �uxes associated with these

plumes, weighted by their fractional area coverage.

Two subcategories exist: spectral (Arakawa and Schubert 1974; Baba 2019; Grell and Dévényi

2002; Moorthi and Suarez 1992) and bulk mass-�ux schemes (Bougeault 1985; Gregory and

Rowntree 1990; Kain and Fritsch 1990, 1993; Tiedtke 1989; Zhang and McFarlane 1995). Spectral

schemes model the full spectrum of convective elements using a continuous distribution of

cloud types or plume properties, such as fractional entrainment rate and detrainment level.

In contrast, bulk mass-�ux schemes assume a single representative plume per grid column,

signi�cantly reducing complexity while retaining essential physical processes (Stensrud 2007;
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Yanai et al. 1976). As a result, bulk schemes are more commonly used in operational atmospheric

models (Giorgetta et al. 2018; Golaz et al. 2022; Neale et al. 2010; Roberts et al. 2018; Roehrig

et al. 2020; Stevens et al. 2013; Walters et al. 2019).

Figure 2.2.:Visualization of an ensemble of convective cumulus clouds (left) and the corresponding
bulk mass-�ux scheme representation (right). Updrafts and downdrafts are visualized
as orange and blue arrows, respectively. Entrainment and detrainment are indicated by
the violet arrows. The grid box is assumed to be much larger than the area depicted,
with the environment subsidence region occupying most of it.

Mass-�ux schemes are more sensitive to their local environments than adjustment schemes

or the Kuo scheme, which do not try to model the vertical transport related to convection

but instead prescribe a �nal state after the convective adjustment took place. However,

mass-�ux schemes typically rely on a number of parameters that are poorly constrained by

observations yet have a large in�uence on the modeled convection (Stensrud 2007). The mass-

�ux schemes discussed here are all based on the assumption of convective quasi-equilibrium

(CQE), meaning that convection reacts on su�ciently short timescales to rapidly remove

instabilities generated by large-scale dynamics, thereby remaining almost in equilibrium with

the large-scale environment (Arakawa and Schubert 1974; Bechtold et al. 2014; Yano and

Plant 2012). This principle also underlies adjustment schemes, in which vertical pro�les of

temperature and humidity relax toward stable conditions when instability is diagnosed, also

holding convective available potential energy (CAPE) approximately constant. Observationally,

however, the CQE assumption remains contested (Neelin et al. 2008; Palmer 2019).

Notable examples among bulk mass-�ux schemes include Bougeault (1985), Gregory

and Rowntree (1990), the Zhang-McFarlane scheme (Zhang and McFarlane 1995), and the

Kain�Fritsch scheme (Kain and Fritsch 1990, 1993). The latter employs a CAPE-based closure

and includes both deep convective updrafts and downdrafts with entrainment and detrain-
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ment (Stensrud 2007). Another important parameterization is the Tiedtke scheme (Tiedtke

1989), a bulk mass-�ux scheme that distinguishes between penetrative, shallow, and mid-level

convective regimes and incorporates physically motivated closure assumptions for each type.

This scheme is used in the ICON model and is therefore of particularly important for this

thesis. Further details will be provided, after a discussion of common errors associated with

conventional convection parameterizations in Section 2.2.5.

2.2.4. Common Biases in Conventional Convection Parameterizations

Despite advances, the use of conventional convection parameterizations contributes to persistent

errors across climate and weather models. These include systematic errors in the position

and structure of the ITCZ, often simulated as a double-ITCZ with excessive precipitation in

the tropical Southern Hemisphere (Hwang and Frierson 2013; Satoh et al. 2019; Stevens et al.

2019b). Precipitation patterns are frequently misrepresented in both magnitude and spatial

distribution, with excessive light, drizzle-like rainfall and insu�cient simulation of extreme

events (Christopoulos and Schneider 2021; Fosser et al. 2024; Stephens et al. 2010). Many

schemes fail to capture key modes of tropical variability, such as convectively coupled equatorial

waves, including the MJO (Kuang et al. 2005; Lin et al. 2008), a shortcoming attributed, e.g.,

to the inadequate representation of convective organization (Moncrie� 2019). Teleconnection

patterns associated with the El Niño�Southern Oscillation may also be misrepresented (Mahajan

et al. 2023). Additionally, the diurnal cycle of convection, particularly over land, is often poorly

simulated, with peak rainfall occurring earlier than observed (Anber et al. 2015; Christopoulos

and Schneider 2021).

These persistent errors underscore the limitations of current parameterizations and motivate

ongoing e�orts to improve their physical realism, particularly through machine learning

approaches, high-resolution modeling, and multiscale modeling frameworks.

2.2.5. The Tiedtke Convection Parameterization

Among the most widely used mass-�ux schemes in modern atmospheric modeling is the

convection parameterization developed by Tiedtke (1989). Designed for use in coarse GCMs,

the Tiedtke scheme employs a bulk mass-�ux approach, representing the net convective e�ect

through simpli�ed, one-dimensional updrafts and downdrafts. It was originally implemented

in the ECMWF model and has since been adapted for use in other models, including the ICON

model (Giorgetta et al. 2018; Zängl et al. 2015).

Core Framework

The Tiedtke scheme is based upon the principle that convection can be represented as a collection

of organized updrafts and downdrafts, each transporting heat, moisture, and momentum

vertically. Rather than resolving a full spectrum of cloud types, the scheme uses a simpli�ed

cloud ensemble modeled as a single bulk plume. This approach follows diagnostic studies
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by Yanai et al. (1973), which successfully characterized observed convective systems using a

bulk model framework. The scheme explicitly includes cumulus downdrafts which can be

important for the large-scale heat and moisture budgets (Houze Jr and Betts 1981). Following

Tiedtke (1989), the large-scale budget equations for dry static energy Band speci�c humidity

@v can be formulated as follows:
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with the horizontal velocity vector v, vertical velocity F , time C, height I , density � , mass

�ux " , latent heat of vaporization ! E, condensation 2, evaporation 4, and radiative heating

& ' . Overbars indicate grid-box averages, primes denote deviations from these horizontal

averages, and subscriptsu and d refer to updrafts and downdrafts, respectively. The tilde

denotes environmental (non-cloudy) averages so that the evaporation of detrained cloud air

is denoted as 4¡ ; and the evaporation of precipitation in the unsaturated subcloud layer as

4¡?. The two terms with subscripts tu represent boundary layer turbulence, which is typically

parameterized by a seperate scheme in GCMs. The environmental air occupies a much larger

fraction of a given grid box compared to the area covered by updrafts and downdrafts in

large-scale models. This justi�es the already applied approximation of G¡ = G, where Gis a

transported quantity such as Bor @v .

To determine the mass �ux, steady-state conditions are assumed for both updrafts and

downdrafts. Under this assumption, the following bulk updraft equations can be derived for

the stationary �uxes of mass, dry static energy, water vapor, and cloud liquid water:
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with the rates of mass entrainment and detrainment per unit length � resp. � , the cloud

liquid water content @l , and the conversion rate from cloud water to rain � p. Equations for

the transport of momentum and the corresponding downdraft transport equations can be

derived in analogously; further details are provided in Nordeng (1994) and Tiedtke (1989).
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The remaining challenge lies in determining the entrainment and detrainment rates and

in closing the problem, i.e., relating the problem back to large-scale conditions to provide

boundary conditions at cloud base for Equations (2.3)�(2.6). In the Tiedtke scheme, entrainment

and detrainment are partitioned into organized and turbulent components. The organized

entrainment � org
u for deep and midlevel convection is directly related to moisture convergence,

while the turbulent parts � tu
u are set directly proportional to the mass �ux:
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Where &u is the fractional entrainment and is chosen as a constant &u–0 for deep and midlevel

convection, and as ¹3&u–0º for shallow convection. The closures used to determine the cloud

base mass �ux are closely related to moisture convergence and will be elaborated upon in the

following section, as slightly di�erent closures are applied for the considered convective types.

Representation of Convective Types

One of the de�ning features of the Tiedtke scheme is its distinction among three physically

distinct types of convection, each governed by di�erent triggering mechanisms and closure

assumptions:

1. Penetrative (Deep) Convection:

This type occurs in regions of large-scale convergence, typically associated with low-level

synoptic scale convergence (Tiedtke 1989). The closure is based on a moisture convergence

hypothesis, inspired by Kuo (1965, 1974) and Lindzen (1981), in which the entrainment

of environmental air through the cloud base and sides is directly proportional to the

large-scale moisture convergence in the subcloud layer (Tiedtke 1989). This closure

ensures that deep convection is sustained by the large-scale supply of moisture. It can be

formulated in the following way:
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where B denotes the cloud base height and jB indicates that the corresponding term is

evaluated at cloud base.

2. Shallow Convection:

This type occurs in regions with weak or negligible large-scale convergence, such as trade

wind cumuli beneath a subsidence inversion or fair-weather cumulus clouds. Shallow

convection is primarily driven by surface �uxes and subcloud-layer turbulence (Tiedtke

1989). The scheme assumes that moisture supply from surface evaporation maintains

the cloud layer, with a closure based on the same mechanism as for deep convection but
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driven mostly by surface evaporation. Therefore, Equation (2.8) is also used for shallow

convection. Importantly, the scheme accounts for overshooting cumuli, allowing shallow

clouds to penetrate into the inversion layer. This improves the simulation of the inversion

layer strength and the distribution of moisture within the cloud layer (Tiedtke 1989).

3. Midlevel Convection:

This type refers to convection initiated above the boundary layer, commonly observed

in rainbands at warm fronts and within the warm sectors of extratropical cyclones

(Browning et al. 1973; Herzegh and Hobbs 1980; Houze Jr et al. 1976; Tiedtke 1989). It

typically occurs when large-scale ascent lifts moist air to its level of free convection (LFC),

where instability exists aloft (Blanchard et al. 2021; Tiedtke 1989). The upward mass �ux

at the LFC " u jB is set equal to the vertical mass transport by the large-scale �ow at that

level � jBF jB, thereby linking midlevel convection directly to synoptic-scale dynamics:

" u jB = � jBF jB• (2.9)

The closure assumptions outlined above are grounded in observational evidence regarding

the synoptic conditions that favor speci�c convection types (Tiedtke 1989). Speci�cally,

penetrative and midlevel convection are sustained by large-scale moisture convergence and

ascent, respectively. Shallow convection is maintained by the supply of moisture due to surface

evaporation. This approach ensures that convection is tied to the broader synoptic environment,

enhancing the spatial and temporal coherence of simulated rainfall.

In addition to heat and moisture, the Tiedtke scheme accounts for the transport of momentum

by convective updrafts, downdrafts, and cumulus-induced environmental subsidence. This

enables the scheme to represent the deceleration of zonal winds in the upper troposphere as

observed by diagnostic studies (Sui and Yanai 1986; Tiedtke 1989).

Despite the overall improvements over the previously used Kuo scheme at ECMWF, Tiedtke

(1989) acknowledges several limitations of the scheme. The vertical pro�les of convective heating

and drying, and thus the quality of the simulation, are very sensitive to the choice of numerical

discretization scheme. Moreover, considerable uncertainty introduced by observationally

weakly constrained parameters such as entrainment and detrainment rates. The scheme also

tends to produce excessive convective heating in the middle and upper troposphere, an overly

dry lower troposphere, excessive moistening in the upper troposphere, and underestimated

convection in the extratropics.

Implementation in the ICON Model

In the ICON model, the Tiedtke scheme has been modi�ed and updated to incorporate

improvements proposed by Nordeng (1994). A key enhancement is the introduction of a

CAPE-based closure for deep convection, which replaces the original moisture convergence

closure. In this formulation, the cloud base mass �ux is proportional to the CAPE divided by a

newly introduced relaxation timescale, � . Furthermore, organized detrainment is de�ned as the
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loss of total mass �ux due to the detrainment of clouds that have lost their buoyancy (Nordeng

1994). This process is parameterized in terms of the vertical derivative of the convective

cloud area fraction. Another modi�cation introduced by Nordeng (1994) links entrainment to

buoyancy by recognizing that vertical acceleration induces in�ow into updrafts due to mass

continuity. Further details on the implementation of the scheme in ICON can be found in

Möbis and Stevens (2012) and Giorgetta et al. (2018).

2.3. Selected Machine Learning Methods

[Machine Learning is the] �eld of study that gives computers

the ability to learn without being explicitly programmed.

Arthur Samuel, 1959

ML has emerged as a fundamental component of modern arti�cial intelligence research,

enabling systems to identify patterns, make predictions, and extract insights from complex

datasets through algorithmic models rather than rule-based programming. Broadly, ML

methods can be categorized into supervised learning , where models learn a mapping from

inputs to known outputs; unsupervised learning , which discovers hidden structures in

unlabeled data; semi-supervised learning , combining both labeled and unlabeled data; and

reinforcement learning , where agents learn optimal behaviors through interaction with an

environment via rewards and penalties (Géron 2022).

In this dissertation, I employ supervised learning methods, deploying a diverse set of classical

(non-deep) and deep learning models across two studies. These models were selected based

on their interpretability, scalability, performance, and suitability for the speci�c tasks at hand.

2.3.1. Non-deep Learning Approaches

Linear Regression

As models with the lowest algorithmic complexity, linear regression techniques were used as

baseline predictors. These models assume a linear relationship between an input vector x 2 R3

and a target vector y 2 R: , approximating it as

 y = ] x Ï b– (2.10)

with the prediction  y 2 R: , weight matrix ] 2 R: � 3 and bias vector b 2 R: . Despite their

simplicity, linear models o�er strong interpretability and serve as important benchmarks for

evaluating more complex architectures.

To address issues such as over�tting and multicollinearity (Chan et al. 2022), ordinary least

squares regression can be extended with regularization techniques:

ˆ Lasso regression(Least Absolute Shrinkage and Selection Operator Regression; Tibshirani

(2018)) adds an! 1 penalty term � k] k1 to the loss function, promoting sparsity by
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shrinking some coe�cients exactly to zero, thereby performing implicit feature selection.

The regularization coe�cient � is a hyperparameter set prior to training time to control

the strength of regularization.

ˆ Ridge regression (Hoerl and Kennard (1970)) introduces an ! 2 penalty � k] k2
2, which

shrinks coe�cients toward zero without eliminating them, improving model stability in

the presence of correlated predictors.

In general, regularization refers to any modi�cation made to a learning algorithm to reduce

generalization error without necessarily reducing training error (Goodfellow et al. 2016). A key

concept in machine learning is that the generalization error of any model can be decomposed

into (a) bias, (b) variance, and (c) irreducible error (Géron 2022). Regularization reduces

variance at the cost of increased bias, aiming for improved performance on unseen data.

Tree-Based Methods

Tree-based methods were selected for their ability to model non-linear relationships, robustness

to noise (e.g., through bagging (Breiman 1996)), relatively low computational complexity,

and interpretability. Ensemble methods based on decision trees leverage the principle that

aggregating multiple predictions often yields better performance than any individual prediction

(Géron 2022).

ˆ Decision trees (Breiman et al. 2017) recursively partition the feature space into regions

that are as homogeneous as possible based on optimal splits that minimize impurity (e.g.,

variance for regression tasks). While individual trees are prone to over�tting, they form

the foundation for powerful ensemble techniques.

ˆ Random forests (RFs) (Breiman 2001) construct an ensemble of decorrelated decision

trees by training each tree on bootstrapped samples of the data and considering a random

subset of features at each split. This bootstrap aggregating (bagging) strategy reduces

variance and enhances generalization performance.

ˆ Extremely randomized trees (ETs) (Geurts et al. 2006) extend RFs by introducing

additional randomness: instead of optimizing split points, candidate splits are drawn

at random for randomly selected features, and the best among them is selected. This

further de-correlates individual trees and can enhance generalization through even lower

variance compared to RFs, particularly in noisy datasets. Notably, bagging of training

samples for each tree is typically not used in ETs (Geurts et al. 2006).

ˆ Gradient boosting trees (GBTs) (Friedman 2001, 2002) belong to the family of boosting

algorithms, which iteratively �t weak learners (typically shallow decision trees) to the

residuals of previous models, gradually minimizing a di�erentiable loss function via

gradient descent in function space. Each new tree corrects the errors of its predecessor,

leading to strong predictive performance. Algorithms making use of GBTs include the
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Histogram-based Gradient Boosting Regression Tree (Ke et al. 2017), which signi�cantly

accelerates training on large datasets by discretizing continuous features into bins (Alsabti

et al. 1998). This algorithm is used in Chapter 4.

2.3.2. Deep Learning Approaches

Deep learning models, particularly neural networks (NNs), have revolutionized many domains

due to their ability to learn complex representations from raw data and their scalability. Their

success stems from key algorithmic and architectural innovations, as well as advances in

hardware that enable the processing of increasingly large datasets.

The backpropagation algorithm (LeCun 1985; Linnainmaa 1970; Parker 1985; Rumelhart

et al. 1986; Werbos 2005) lies at the core of training deep networks. It e�ciently computes

gradients of the loss function with respect to network parameters using the chain rule of

calculus, enabling gradient descent (Cauchy et al. 1847) to optimize millions of parameters in

high-dimensional spaces.

Modern neural network design incorporates inductive biases, i.e. assumptions about the

structure of the data tailored to speci�c problem domains (Bronstein et al. 2021). For instance,

convolutional architectures encode translational symmetry, while graph neural networks

exploit permutation symmetry.

Multilayer Perceptrons

Multilayer perceptrons (MLPs), also known as feedforward neural networks, represent the

most fundamental class of deep learning models. An MLP learns a function 5� : X ! Y by

approximating H= 5¹x; ) º, where ) denotes the learnable parameters (weights and biases).

An MLP consists of an input layer, one or more hidden layers, and an output layer, as shown

in Figure 2.3. Each layer 8applies an a�ne transformation followed by a non-linear activation

function:

l 8 = � 8¹] 8l 8� 1 Ï b8º

where ] 8 is the weight matrix, b8 is the bias vector, and � 8 is a non-linear activation such as

ReLU (Nair and Hinton 2010) or sigmoid (LeCun et al. 2002). As illustrated in Figure 2.3, this

layered composition enables MLPs to approximate highly non-linear functions, although they

lack built-in priors for grid-like, sequential, or otherwise structured data.

Convolutional Neural Networks

Convolutional neural networks (CNNs) can be understood as special cases of MLPs that

incorporate local connectivity and weight sharing, making them especially e�ective for grid-

structured data such as images. Each neuron in a convolutional layer connects only to a

local receptive �eld (a small patch) of the previous layer's feature map. The same �lter

(kernel) is slid across the spatial dimensions, computing dot products and generating activation

maps. This mechanism enforces translational equivariance: if the input is shifted, the output
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Figure 2.3.:Visualization of an MLP with two hidden layers. The network has three input and two
output neurons. Connection weights are represented by the , 8 matrices.

shifts accordingly. Formally, a function 5¹Gº is equivariant under a transformation 6 if

5¹6¹Gºº = 6¹ 5¹Gºº (Goodfellow et al. 2016). In this case, 6 would be a translational operator.

This inductive bias drastically reduces the number of trainable parameters and enhances

generalization when object location is irrelevant to classi�cation.

CNNs (LeCun et al. 1989) typically stack convolutional, pooling, and normalization layers to

hierarchically extract features at increasing levels of abstraction; for example, from edges to

basic patterns to semantic parts in image recognition tasks.

Residual Neural Networks

Residual neural networks (ResNets) (He et al. 2016) address a critical challenge in training

very deep networks: degradation and vanishing or exploding gradients. As networks grow

deeper, performance often plateaus or deteriorates due to these optimization di�culties (He

et al. 2016).

ResNets introduce skip connections (or shortcuts) that allow the signal to bypass one or

more layers. Speci�cally, each residual block (consisting of arbitrary computations) computes a

function � 8¹xº, and the output of the residual layer becomes:

l 8 = x Ï � 8¹xº (2.11)

This formulation enables the network to learn residual functions relative to the identity

mapping, thereby facilitating gradient �ow during backpropagation. The success of residual

learning has transcended image classi�cation, in�uencing architectures in natural language
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processing such as the Generative Pre-trained Transformer (Radford et al. 2018)) and in protein

structure prediction (Jumper et al. 2021).

U-Nets

Originally proposed by Ronneberger et al. (2015) for biomedical image segmentation, the

U-Net features a symmetric, U-shaped encoder-decoder architecture. The encoder path uses

convolutional and pooling layers to downsample the input, capturing contextual information

at multiple scales. The decoder path employs transpose convolutions to upsample feature

maps, gradually restoring spatial resolution. Crucially, skip connections link corresponding

encoder and decoder layers, allowing the network to merge �ne-grained spatial details with

high-level semantic features. This multiscale processing is essential for pixel-wise prediction

tasks, where both local receptive �elds and global context are required. More information on

U-Nets and a visualization of the speci�c architecture implemented in Heuer et al. (2024) will

be provided in Chapter 4.

While initially designed for segmentation, U-Nets have been adapted to diverse applications,

including denoising (Gurrola-Ramos et al. 2021), super-resolution (Lu and Chen 2022), and

general inverse problems in scienti�c computing (Ray et al. 2022). Further architectural details

and their adaptations will be discussed in Chapter 4.

Bidirectional Long Short-Term Memory

Long short-term memory (LSTM) networks, introduced by Hochreiter and Schmidhuber (1997),

are a type of gated recurrent neural network (RNN) designed to model long-range temporal

dependencies. Standard RNNs su�er from vanishing or exploding gradients, which limit their

memory span. LSTMs mitigate this issue through a memory cell and three adaptive gates that

regulate information �ow: input, forget, and output gate. This architecture enables LSTMs

to retain relevant information over extended sequences while discarding outdated states, a

property known as time warping invariance (Bronstein et al. 2021; Tallec and Ollivier 2018)

(or more generally, sequence warping invariance). This property gives LSTMs the ability to

process sequences with variable temporal dynamics, such as varying speaking rates in speech

recognition.

In my work, I employ bidirectional long short-term memory (BiLSTM) networks, which

process sequences in both forward and backward directions using two separate hidden states.

The �nal representation at each time step combines past and future context, making BiLSTMs

especially e�ective for tasks requiring full-sequence understanding. This architecture was

instrumental in modeling vertical spatial dependencies in the atmosphere, as detailed in

Chapter 4.
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2.3.3. Shapley Additive Explanations

SHapley Additive exPlanations (SHAP) (Lundberg and Lee 2017) is a model-agnostic explainable

arti�cial intelligence (XAI) framework that quanti�es the contribution of individual input

features to a speci�c prediction made by an ML model. These SHAP values are grounded in

cooperative game theory, speci�cally leveraging the concept of Shapleyvalues introduced by

Shapley (1951). Given a game with multiple players, Shapleyvalues assign each player their

marginal contribution to the total outcome, averaged over all possible combinations of player

coalitions. In the context of ML, SHAP applies this principle to explain the predictions of

an ML model: for a given prediction, the �game� corresponds to the model output, and the

�players� are the input features. The explanation model 6¹z0º used by SHAP is a linear function

of binary variables indicating the presence or absence of features (Lundberg and Lee 2017):

6¹z0º = ) 0 Ï
"Õ

8=1

) 8I 0
8– (2.12)

where ) 0 represents the baseline (i.e., the mean model output over the dataset),) 8 denotes

the SHAP value for the 8-th feature, " is the number of input features, and z0 2 f 0–1g" is

the binary coalition vector quantifying which features 8are included in the coalition ( I 0
8 = 1)

(Molnar 2025).

The computation of Shapleyvalues, and by extension, SHAP values, is the only attribution

method that ful�lls four fundamental properties of a fair attribution mechanism (Molnar 2025):

ˆ E�ciency: The sum of all SHAP values ) 8 equals the di�erence between the prediction

and the average,

ˆ Symmetry: Features contributing equally to every possible prediction receive the same

SHAP value,

ˆ Dummy: Features that do not alter the prediction in any coalition get assigned a SHAP

value of zero, and

ˆ Additivity: For a prediction based on the addition of two other predictions 5 = 50 Ï 51, the

SHAP values for the overall prediction are the sum of the SHAP values for the individual

predictions.

These properties make SHAP a theoretically well-founded approach to local interpretability,

i.e., explaining individual predictions. Due to its model-agnostic nature, SHAP can be applied to

any predictive model. However, for computational e�ciency, specialized approximations have

been developed for di�erent model classes. In Chapter 4, I employ three such implementations

from the SHAP library (Lundberg and Lee 2017): DeepExplainer for deep NNs, TreeExplainer

for tree-based methods, and KernelExplainer as a model-agnostic method based on weighted

linear regression (Lundberg and Lee 2017).

The results presented in Chapter 4 aggregate SHAP values across individual predictions

to estimate the global impact of input features on model outputs, using a method inspired
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by Beucler et al. (2024). Further details on the respective implementation are provided in

Section 4.2.2.

2.4. Machine Learning-Based Parameterizations

The hope is that machine learning doesn't replace all of the

physically based work. . . but that we �nd a way to use the

power of the two together.

Scientist P6 of Wu and Easterbrook (2025)

In recent years, ML has emerged as a transformative tool for improving the representation of

subgrid-scale processes in GCMs. While alternative approaches such as end-to-end learning

from reanalysis data (Alet et al. 2025; Bi et al. 2023; Lam et al. 2023), ML-based correction

methods (Bretherton et al. 2022; Sanford et al. 2023; Watt-Meyer et al. 2021), or online

learning frameworks (Christopoulos et al. 2024; Ouala et al. 2024; Rasp 2020) have shown

promise, this section focuses speci�cally on ML-based parameterizations of atmospheric

subgrid processes designed for integration into hybrid GCMs. These hybrid models retain a

physics-based dynamical core while replacing or augmenting traditional parameterizations

with ML emulators trained to represent unresolved physical processes, such as convection,

radiation, turbulence, cloud microphysics, and gravity wave drag, with improved �delity or

e�ciency.

The use of NNs in atmospheric modeling dates back to the late 1990s, with early applications

focused on accelerating computationally expensive radiative transfer calculations. Cheruy

et al. (1995) and Chevallier et al. (1998, 2000) demonstrated that NNs could accurately emulate

radiation schemes with signi�cant speed-ups, laying the foundation for future ML applications

in climate modeling. Since then, the �eld has evolved substantially, driven by advances in deep

learning, increased availability of high-resolution simulation data, and growing recognition of

the limitations of conventional parameterizations. Figure 2.4 shows a simpli�ed schematic of

how ML-based parameterizations work alongside conventional schemes in hybrid models. As

illustrated, parameterizations, commonly referred to as model �physics�, typically operate on

1D atmospheric columns and provide source and sink terms (tendencies) to the dynamical

core, which integrates the Navier-Stokes equations (Gettelman and Rood 2016).

To organize the rapidly expanding body of literature, here I group the studies on ML-based

parameterizations along a complexity spectrum de�ned by the source of training and the level

of physical realism it represents. The three primary categories are:

1. Emulation of conventional parameterization schemes,

2. Learning from multiscale modeling frameworks (MMFs), and

3. Learning directly from high-resolution simulations.
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Figure 2.4.:Simpli�ed visualization of one timestep with a coupled ML-based parameterization in
a GCM for a representative atmospheric column. The column state at time C8 is called B8.
The tendencies computed by the ML scheme and other conventional parameterization

are called 3B8–ml
3C and

3B8–phy

3C , respectively. The actual implementation in ICON is more
intricate, see Zängl et al. (2015) for details on, e.g., the distinction betweenfast-physicsand
slow-physicsand operator splitting. Earth background image: NASA Earth Observatory
(https://neo.gsfc.nasa.gov/view.php?datasetId=BlueMarbleNG).

These categories re�ect a progression from simpli�ed, deterministic representations toward

more complex, chaotic, and emergent behaviors derived from realistic or idealized high-�delity

simulations. Category 1 can be seen as distinct to the other two categories, as its primary the

goal is computational acceleration rather than improved physical representation of the subgrid

processes. More skillful projections may still be achieved, e.g., by enabling larger ensembles or

being able to call the emulator more frequently, through the use of a more e�cient emulator.

In contrast, approaches 2 and 3 aim to improve the physical �delity of subgrid representations.

For approach 2 and 3, parameterizations can be learned either for all subgrid physics

simultaneously or by targeting speci�c subgrid processes. One advantage of the latter

method is that the resulting parameterization can be validated more easily against the known

physical principles. Furthermore, by the same logic, physical priors, such as known functional

dependencies or conservation laws, can be implemented to constrain an otherwise fully data-

driven learning process. This approach has the potential to uncover previously unrecognized

aspects of the targeted subgrid physics through the application of XAI techniques. However,

this capability critically depends on careful preprocessing and �ltering of training data to

isolate the speci�c subgrid process of interest from other subgrid phenomena, which is

a nontrivial task in most practical scenarios. In nature, as in high-resolution numerical

simulations, subgrid-scale processes in GCMs are not inherently separable but represent

emergent phenomena from fundamental physical laws. Consequently, inadequate separation

of processes in the training data may lead to double-counting of physical e�ects, particularly

if the processes are not de�ned as strictly disjoint. Ensuring a clear separation of physical

processes during data preprocessing is therefore essential for maintaining physical consistency
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and interpretability of the resulting models. Another advantage of the process-speci�c

approach is its modularity, which enables, e.g., retraining an underperforming ML-based

scheme without having to retrain others. However, this modular approach may require

tuning of the resulting ML models when coupled together, similar to how conventional

parameterizations are tuned together. Moreover, by parameterizing individual processes in

isolation, interactions between them are neglected, potentially compromising the physical

consistency and overall stability of the coupled model. Additionally, the (computational)

complexity of the hybrid modeling framework may increase signi�cantly when integrating

multiple independent ML parameterizations, compared to employing a uni�ed ML scheme that

accounts for coupled processes simultaneously. In summary, neither approach is universally

superior. Both joint and process-speci�c parameterization strategies have their advantages

and limitations. As will be demonstrated in Sections 2.4.1�2.4.3, a range of recent studies have

successfully employed either method, underscoring the value of both paradigms in advancing

ML-based parameterization development.

A fourth possible approach involves learning directly from observational data. While

theoretically appealing, this remains largely impractical due to the sparsity, noise, and indirect

nature of most atmospheric observations, which complicate the construction of robust training

datasets (Eyring et al. 2024b; Rasp 2020). Consequently, most ML parameterizations rely on

synthetic or simulated data, where inputs and outputs can be precisely de�ned and conveniently

sampled. One approach that combines simulated and observational data is learning from

reanalysis datasets (Rasp 2020), such as the ECMWF Reanalysis v5 (ERA5) (Hersbach et al.

2020). This is particularly useful for end-to-end learning approaches, as each atmospheric state

represents the current best estimate of the true atmospheric state. However, when learning

individual subgrid processes, one directly inherits the �aws of the model used to generate the

reanalysis, as discussed in the following section. Examples of this approach applied speci�cally

for learning the parameterization of gravity wave drag include Amiramjadi et al. (2023), Gupta

et al. (2024, 2025), and Matsuoka et al. (2020). A further notable advance in this direction is

NeuralGCM (Kochkov et al. 2024), a fully di�erentiable GCM that can be trained online. It

includes a fully connected NN with residual connections to learn subgrid physics within coarse

GCM columns (resolutions of 0•7� , 1•4� , or 2•8� ). NeuralGCM thus provides a framework for

learning subgrid physics from reanalysis datasets. In a follow-up study, Yuval et al. (2024)

extend the framework to learn directly from satellite observations of precipitation.

2.4.1. Emulation of Conventional Schemes

A prominent strategy in developing ML-based parameterizations involves training ML models

to emulate the input-output mapping of existing physics-based parameterization schemes.

This approach, often referred to as surrogate modelingor emulation, aims to preserve the

form of established schemes while reducing their computational cost. Moreover, because ML

emulators are fully di�erentiable, they enable new capabilities such as gradient-based parameter

optimization and uncertainty quanti�cation (Mans�eld and Sheshadri 2024). Emulators have
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been developed for a range of atmospheric processes, including those listed below. This

non-exhaustive list speci�es the horizontal resolution used to develop each ML-based scheme

and indicates whether the emulator was coupled online or only evaluated o�ine:

ˆ Radiation (Cheruy et al. (1995) and Chevallier et al. (1998) (resolution not speci�ed as

inputs are taken from radiosonde observations, not coupled); Chevallier et al. (2000),

resolution: 1•875� , coupled; Krasnopolsky et al. (2005), resolution: 3� , coupled; Song

et al. (2021), resolution: 5km, coupled; Ukkonen (2022), resolution: 310km, not coupled;

Hafner et al. (2025a), resolution: 80km, not coupled; Hafner et al. (2025b), resolution:

80 km, coupled).

ˆ Convection (O'Gorman and Dwyer (2018), resolution: � 330km, coupled to aquaplanet;

Zhong et al. (2024), resolution: � 5km, coupled; Balogh et al. (2025), resolution: � 55km,

coupled).

ˆ Gravity wave drag (Chantry et al. (2021), resolution: � 25km, coupled; Espinosa et al.

(2022) and Mans�eld and Sheshadri (2024), resolution: � 2•8km, coupled; Hardiman et al.

(2023) resolution: 0•556� � 0•833� , coupled; Sun et al. (2024), resolution:0•95� � 1•25� , not

coupled).

ˆ Turbulence (Wang et al. (2019), resolution: 12 km, coupled).

ˆ Microphysics (Gettelman et al. (2021), resolution: 1� , coupled; Harder et al. (2022),

resolution: 150 km, coupled; Perkins et al. (2024), resolution: � 200 km, coupled).

These e�orts underscore the utility of emulation as a pragmatic pathway toward more

e�cient GCMs.

The resulting parameterizations are seamlessly integrable into operational modeling systems,

as they replicate the interface and behavior of the original schemes. Furthermore, because the

emulated conventional schemes typically have a relatively low complexity compared to, e.g.,

learning directly from high-resolution data, the resulting ML model can be expected to less

likely produce unphysical responses during online inference and tend to yield more stable

coupled simulations. Any emulation errors can be traced back by comparing to the original

scheme, simplifying debugging and validation.

However, because the goal of this approach is to merely emulate conventional parameteriza-

tions, their inherent weaknesses, such as reliance on empirical closures, tunable parameters,

and simplifying assumptions (e.g., closure assumptions in convection schemes or bulk approxi-

mations in microphysics), are inherited. As a result, ML emulators learn not only the strengths

but also the biases and structural errors of their targets schemes. They do not discover new

physics and instead learn to reproduce potentially �awed approximations more e�ciently.

2.4.2. Learning from Multiscale Modeling Frameworks

An intermediate-complexity approach between emulating conventional schemes and learning

directly from storm-resolving global simulations is the emulation of storm-resolving models
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(SRMs) embedded within MMFs. These SRMs, typically two-dimensional as explained

in Section 2.1.2, explicitly simulate key subgrid processes such as deep convection and

cloud dynamics. This setup provides a physically richer training target than conventional

parameterizations, as emergent phenomena like mesoscale organization, cold pools, and anvils

are naturally represented. The primary objective is to accelerate the computationally expensive

SRM components of MMFs. Additionally, because this approach enables learning unknown

emergent processes not represented in conventional parameterizations, the trained ML-based

schemes can be coupled to other GCMs (see Chapter 5). Several studies have successfully

applied ML methods to learn general (or convection-focused, as presented in this thesis)

subgrid physics. A non-exhaustive list of these studies is presented below, categorized by

horizontal resolution:

ˆ 2� resolution under aquaplanet conditions (Gentine et al. (2018), not coupled; Rasp et al.

(2018), coupled; Ott et al. (2020), coupled; Brenowitz et al. (2020), coupled; Beucler et al.

(2021), not coupled).

ˆ 2•8� resolution in aquaplanet setups (Behrens et al. (2022), not coupled; Behrens et al.

(2025), coupled; Iglesias-Suarez et al. (2024), coupled).

ˆ 1•9� � 2•5� resolution with real geography (Han et al. (2020), coupled to single column

model (SCM); Mooers et al. (2021a), only one-way coupled to land model; Wang et al.

(2022b), coupled; Han et al. (2023), coupled; Beucler et al. (2024), not coupled and

additionally using MMF-based aquaplanet data; Chen et al. (2025), coupled).

For all of the studies listed until this point, the training data are based on MMF simulations

using embedded 2D SRMs with a grid spacing of 4 km.

ˆ 11•5� resolution with real geography (Hu et al. (2025), coupled; Lin et al. (2025), coupled).

For these studies, the training data are based on MMF simulations using embedded 2D

SRMs with a grid spacing of 2 km.

ˆ 1•5� resolution with real geography targeting convective tendencies by subtracting

radiative tendencies (Heuer et al. (2025), coupled to di�erent GCM: ICON, presented in

this thesis).

For these studies, the training data are based on MMF simulations using embedded 2D

SRMs with a grid spacing of 2 km.

These studies illustrate the practicability of MMF-based emulation and its potential as an

intermediate-complexity approach, o�ering a balance between practical applicability and

physical realism.

A key strength of this paradigm compared to learning from high-resolution data is the

clear scale separation inherent in MMFs. The host GCM provides large-scale forcing (e.g.,

temperature and moisture advection, large-scale horizontal winds), while the SRM simulates
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subgrid-scale tendencies (e.g., convective heating and moistening). This well-de�ned input-

output structure simpli�es the design of ML models, as the predictors (large-scale state) and

targets (tendencies) are unambiguously de�ned.

Despite its promise, this approach has limitations. MMFs themselves are subject to biases

due to the idealized nature of the embedded 2D SRMs, which have limited spatial extent

(see Section 2.1.2). These simpli�cations propagate to the ML parameterization, potentially

leading to inaccuracies when the parameterization is implemented in a full GCM. Additionally,

although MMFs are signi�cantly more computationally e�cient than global storm-resolving

models (by a factor of approximately 103 - 104, as discussed in Section 2.1.2), they remain

expensive to run for long durations or at high spatial resolution, limiting the volume and

diversity of training data. Furthermore, as the 2D SRMs dynamically resolve various subgrid

processes simultaneously, isolating individual processes to develop targeted parameterizations

for speci�c atmospheric processes is challenging and requires careful data postprocessing and

method design.

2.4.3. Learning from High-Resolution Data

The arguably most ambitious and potentially transformative approach involves training ML

parameterizations directly on (coarse-grained) outputs of global or regional high-resolution

simulations. This paradigm aims to overcome the limitations of both conventional parameteri-

zations and MMFs by learning from data that most closely approximate real-world atmospheric

behavior. The central goal is to develop parameterizations that capture realistic multiscale

interactions as they occur in nature, free from the simplifying assumptions of conventional

closures or the idealizations of MMFs. By training on data from simulations with explicitly

resolved convection and realistic geography, ML models can, in principle, learn complex

emergent behaviors. These include mesoscale organization of convection, cold pools, and

convective memory, which are poorly represented in current models.

Notable examples demonstrating the feasibility of this approach include the following studies,

categorized by targeted process and degree of realism. The horizontal resolution reported for

each study is expressed as �coarse-grained-resolution & training-data-resolution �:

ˆ General subgrid physics under aquaplanet conditions (Brenowitz and Bretherton (2018),

resolution: 160km & 4km, coupled to SCM; Brenowitz and Bretherton (2019), resolution:

160km & 4km, coupled; Brenowitz et al. (2020), resolution: 160km & 4km, coupled;

Yuval and O'Gorman (2020), resolution: mainly 96km & 12km (h.p.), coupled; Yuval et al.

(2021), resolution: mainly 96km & 12km (h.p.), coupled; Wang et al. (2022a), resolution:

192km & 12km (h.p.), not coupled; Yuval and O'Gorman (2023), resolution: mainly

160 km & 12 km (h.p.), coupled).

h.p. denotes that hypohydrostatic rescaling was applied, which increases the horizontal

length scale of convection and allows using a coarser horizontal grid spacing to resolve

convective motions (Boos et al. 2016; Garner et al. 2007)
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ˆ General subgrid physics with realistic geography (Beucler et al. (2024), resolution: 96km

& 12km (h.p.), not coupled; Watt-Meyer et al. (2024), resolution: 200km & 3km, coupled).

ˆ Convection with realistic geography (Krasnopolsky et al. (2013), resolution: 256km &

1km, coupled in a regional setting of the tropical Paci�c; Heuer et al. (2024), resolution:

� 80 km & 2•5 km, coupled, presented in this thesis).

ˆ Cloud cover (Grundner et al. (2022), resolution: � 80km/ 160km & 2•5km/ 5km, not

coupled; Grundner et al. (2024), resolution: � 80km & 2•5km, not coupled; by Grundner

et al. (2025), resolution: � 80km & 2•5km, coupled; Morcrette et al. (2025), resolution:

1•25� � 1•875� & 1•5 km, coupled).

ˆ Turbulence by Wang and Tan (2023) (resolution: mainly 2km & 100 m, not coupled) and

by Shamekh and Gentine (2023) (resolution: 1•5 km & 25 m, not coupled).

ˆ Microphysics (and subgrid dynamics) (Sarauer et al. (2024), resolution: 80km & 5km,

not coupled; Sarauer et al. (2025), resolution:80 km & 5 km, not coupled).

ˆ Radiation (Hafner et al. (2025c), resolution: 80 km & 5 km, not coupled)

These e�orts illustrate the potential of ML-based parameterizations trained on storm-

resolving data, showing that such models can learn the complex relationships modeled by

SRMs and reduce errors when coupled to GCMs, as illustrated, e.g., by Grundner et al. (2025)

for cloud cover.

Storm-resolving simulations represent a broad spectrum of atmospheric processes with

minimal parameterization, enabling ML models to learn from a richer and more diverse set

of physical states. This may lead to parameterizations that are more accurate across climate

regimes and improve long-standing model biases.

However, this approach introduces signi�cant challenges. The most critical is the absence of a

clean scale and process separation. In high-resolution simulations, atmospheric processes occur

across a continuum of scales, making it di�cult to unambiguously de�ne what constitutes

�subgrid� physics at a given coarse resolution. This necessitates the use of �ltering and

coarse-graining operators to de�ne and compute subgrid tendencies. Di�erent �ltering (e.g.,

spatial averaging or spectral �ltering) and coarse-graining (e.g., box averaging, subsampling,

or spectral truncation) methods can yield di�erent subgrid tendencies, introducing ambiguity

in the training data (Brenowitz et al. 2020; Ross et al. 2023). Additionally, the resulting subgrid

tendencies may not be fully predictable from the large-scale mean state of a single column,

unlike in the other two approaches. Instead, full predictability may necessitate including

non-local variables from adjacent columns as predictors (Wang et al. 2022a) or motivate the

development of stochastic parameterization frameworks (Christensen et al. 2024). Furthermore,

computational cost and large data volume remain major barriers. Due to the ¹� Gº� 4 scaling

of computational demand with respect to grid spacing � G(see Section 2.1.2), running global

storm-resolving simulations for even a few months remains extremely expensive (Giorgetta
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et al. 2022; Hohenegger et al. 2023). Publicly available datasets often lack the necessary temporal

output frequency, spatial coverage, or completeness of variables required for the comprehensive

development of ML-based parameterizations.
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This chapter begins with a brief general introduction of the ICON model and the ClimSim

dataset, both of which are central to the subsequent analysis. The ICON model is highly

relevant for both following chapters, while the ClimSim dataset serves as the training dataset

for Chapter 5. Following this introduction, this chapter provides more detailed descriptions of

the data and methods split by the results presented in Chapters 4 and 5. Sections 3.4 and 3.5

are already published in Heuer et al. (2024) and Sections 3.5 and 3.6 are already published as a

preprint in Heuer et al. (2025).

As indicated in Section 1.2, the author of this thesis created all the content, including text,

�gures, and tables, that is presented from both publications and implemented the code 1 to

reproduce Sections 3.3 and 3.4 and the code2 to reproduce Sections 3.5 and 3.6.

3.1. The ICOsahedral Nonhydrostatic Model

This thesis presents ML-based parameterizations coupled to the ICOsahedral Nonhydrostatic

(ICON) model. In Chapter 4, training data generated by the ICON model, speci�cally the

NARVAL dataset (Klocke et al. 2017; Stevens et al. 2019a) over the tropical Atlantic, are used.

Therefore, this section presents a brief introduction to the ICON modeling framework.

The ICON framework is a collaborative development initiative led by the German Weather

Service (DWD) and the Max Planck Institute for Meteorology, with contributions from

additional partner institutions. It is designed as a uni�ed platform for both numerical weather

prediction (NWP) and global climate modeling (Zängl et al. 2015). A core innovation of the

model lies in its non-hydrostatic dynamical core, which enables the explicit resolution of vertical

accelerations associated with convective updrafts and downdrafts, as detailed in Section 2.1.2.

ICON utilizes an icosahedral grid structure (see Figure 3.1), which provides quasi-uniform

spatial resolution globally and avoids the grid distortions inherent in traditional longitude-

latitude grids. Such distortions would otherwise severely limit the maximum allowable

timestep (Heikes et al. 2013; Satoh et al. 2014). The horizontal grids used by the ICON model

are denoted asR=B: grids. Starting from an initial icosahedron ( R1B0), = represents the number

of segments into which each edge is divided, and : denotes the number of subsequent edge

bisections (Prill et al. 2022). The number of faces (cells) of the �nal grid is then: =cells = 20=24: .

1published under https://github.com/EyringMLClimateGroup/heuer23_ml_convection_parameterization (last
access: 14.10.2025) and preserved (helgehr 2024)

2published under https://github.com/EyringMLClimateGroup/heuer25james_ml_convection_climsim (last
access: 14.10.2025) and preserved (helgehr 2025)
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The default vertical coordinate in ICON is altitude-based, with terrain-following close to the

surface transitioning to smooth, eventually horizontal levels at higher altitudes (Leuenberger

et al. 2010).

Figure 3.1.:The icosahedral grid structure of the ICON model with an R2B3grid resolution,
translating to a grid spacing of approximately 320km. The chosen ortographic projection
is centered at the location of DLR in Oberpfa�enhofen. Background image: NASA
Earth Observatory (https://neo.gsfc.nasa.gov/view.php?datasetId=BlueMarbleNG).

Comparative tests published in Zängl et al. (2015) have demonstrated that ICON achieves

higher forecast skill than its operational predecessor at DWD, the hydrostatic Global Model

Europe (GME), despite the physics package still being under optimization at the time of initial

evaluation. Notably, ICON also exhibits superior computational e�ciency, requiring up to four

times fewer computational resources than GME for a seven-day forecast. This improvement

stems primarily from a more e�cient time-stepping algorithm that permits larger timesteps,

along with technical improvements targeting the communication between parallel processes

(Zängl et al. 2015).

In addition to its NWP applications, ICON has been extended into climate research through

the development of ICON-A, the atmospheric component of the ICON Earth System Model

(ICON-ESM) (Jungclaus et al. 2022). ICON-A builds upon the physical parameterizations of

the ECHAM6 model (Stevens et al. 2013) but bene�ts from ICON's advanced nonhydrostatic
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dynamical core, improved tracer conservation, and high scalability (Giorgetta et al. 2018).

Initial setups use a low-resolution con�guration to ensure comparability with ECHAM6 in

Atmospheric Model Intercomparison Project (AMIP) experiments. The tuning of physical

parameterizations in ICON-A required only minor adjustments from the ECHAM6.3 con�g-

uration, indicating a high degree of consistency in the underlying physics (Giorgetta et al.

2018). Together, these features position ICON as a next-generation modeling system capable of

bridging the gap between high-resolution weather prediction and long-term climate simulation.

The currently developed con�guration, ICON-XPP (where XPP stands for eXtended Predic-

tions and Projections) (Müller et al. 2025), is a coupled ESM comprising ICON-NWP (Zängl

et al. 2015) for the atmosphere, the ICON ocean and sea-ice model (Korn et al. 2022), and

the land component JSBACH (Reick et al. 2021). More information on these and other model

components of the model are provided by Müller et al. (2025). Two baseline ESM con�gurations

are available: one with a 160km atmosphere and 40km ocean resolution, and another with

80km atmosphere and 20km ocean resolution (Müller et al. 2025). ICON-XPP is intended to

serve as the foundation for the German contribution to the Coupled Model Intercomparison

Project phase 7 (Dunne et al. 2025).

3.2. The ClimSim dataset

The ClimSim dataset represents a comprehensive global dataset spanning ten years, o�ering

multiple resolutions and con�gurations for the development and evaluation of hybrid climate-

ML models. It is generated using the E3SM-MMF. The resolution of the MMF con�guration

enables for the explicit representation of critical subgrid-scale processes such as deep convection

and larger turbulent eddies, which are traditionally parameterized in conventional global

climate models and represent a major source of uncertainty in climate projections (Yu et al. 2025).

E3SM-MMF uses 2D SRMs with a grid spacing of 2km, based on the SAM (Khairoutdinov

and Randall 2003), to resolve the subgrid dynamics. The high-resolution version of ClimSim

used in Chapter 5 features a horizontal grid spacing of approximately 1•5� � 1•5� , covering the

decade from 2005 to 2014 with outputs every 20 minutes, resulting in a dataset of approximately

41•2TB (Yu et al. 2025). Simulations were conducted over realistic geography with prescribed

sea surface temperatures and sea-ice concentrations, while boundary conditions such as ozone

and aerosol levels were held at their 2005-2014 climatological averages, ensuring a stable and

representative baseline climate state.

However, certain idealizations are inherent in the setup. As discussed in Section 2.1.2, the

model assumes scale separation between the host grid and the embedded SRMs. Additionally,

processes such as gravity wave drag and boundary layer mixing are still parameterized by the

host model outside the SRMs; subgrid-scale topographic and land-surface heterogeneity are

neglected; and atmosphere-ocean coupling and aerosol radiative e�ects are not included (Yu

et al. 2025). Despite these limitations, ClimSim provides an unprecedented opportunity to

explore the emulation of high-�delity climate dynamics. As demonstrated in recent studies
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(Hu et al. 2025; Lin et al. 2025) and in this thesis, the dataset supports robust evaluation of

machine learning models using di�erent o�ine metrics, as well as a containerized pipeline for

assessing model performance when coupled back to the host model (Yu et al. 2025).

3.3. Relevant Data and Preprocessing for Chapter 4

As training data we use short storm-resolving simulations of the tropical Atlantic that ac-

companied the NARVAL expeditions performed with ICON (Klocke et al. 2017; Stevens et al.

2019a). Focusing on the deep convective systems of the ITCZ and the explicit representation of

convection, this data set serves as an ideal starting point to learn convective subgrid processes.

There were two related research campaigns, one from the boreal winter (Dec 2013/ Jan 2014),

and one from the boreal summer (Aug 2016). We use simulation data accompanying both

expeditions. The horizontal resolution of the used simulations is � G� 2•5km (R2B10grid),

and is available with an hourly output frequency. The simulations were performed with the

ICON model (Giorgetta et al. 2018; Zängl et al. 2015), and for each day of the 2-month data set

the simulations were initialized at 0000UTZ and run for 36 h. For this simulation the ICON

model was used in its NWP setup without parameterizations for convection and subgrid-scale

orography. Parameterizations for radiation, cloud microphysics, and turbulence were active

(Klocke et al. 2017). The ICON model solves the fully compressible Navier-Stokes equations

with the density � as a prognostic variable. ICON uses an icosahedral-triangular C grid and

has a non-hydrostatic dynamical core (Zängl et al. 2015).

Figure 3.2.:Average number of high-resolution convective cells per displayed low-resolution column
and time frame as de�ned in Equation (3.4) in the studied tropical Atlantic region over
the entire considered period of time. In the west the coastline of South America and
some Caribbean islands can be seen and in the east the coastline of Africa. The low
resolution grid has an approximate horizontal resolution of � G � 80km. Excluded
columns are marked in grey. Adapted with permission from Heuer et al. (2024).
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Figure 3.3.:Summary of preprocessing steps. Starting from the original data, �rst the subgrid
�uxes as well as 2D outputs, such as precipitation, were computed. After this, the data
was coarse-grained and �ltered for active convection. As a �nal preprocessing step, the
data was rescaled and normalized. Adapted with permission from Heuer et al. (2024).

These simulations are well suited for learning a coarse-resolution data-driven convection

scheme, as a high number of convective cases are present in the tropical Atlantic region. In

Figure 3.2 the spatial distribution of the average number of convective cells per column (as

de�ned below) in the studied region is shown. Columns excluded from the training dataset as

described later in the coarse-graining section (Section 3.3.2) are marked in grey. The �gure

shows a clear pattern of the ITCZ (compare Stevens et al. (2019a, Fig. 2)) with an increased

number of convective cells. Additionally, many convective cells can be found along the coast

and over mountainous terrain. While many columns over mountainous terrain are �ltered

out from the data set, there are still many datapoints to learn from over these areas, as seen in

Figure 3.2.

As a �rst preprocessing step we discarded the �rst hour of every day in the dataset because

of some discontinuous behavior at the start of each day related to the initialization/spin-up

phase of the simulations. Additionally, we also cropped the original NARVAL region by 2� on

all sides since we noticed some boundary e�ects in the spatial patterns as well. The region

seen in Figure 3.2 was already cropped by the mentioned 2� .

To give a short overview of the preprocessing steps described below, Figure 3.3 depicts an

overview of the various steps used, beginning with the original data set.

3.3.1. Computation of Output

The selection of input and output variables for the ML models are based on the implementation

of the cumulus scheme in the ECHAM6 model (Nordeng 1994; Stevens et al. 2013; Tiedtke

1989). They correspond to the physical quantities transported by convective processes and a

few related quantities such as precipitation. If not stated di�erently, we used the following set

of variables for the input of the convective scheme

� = f D– E– F– �– @E– @;– @A– @8– @Bg•
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This set consists of the zonal, meridional, and vertical wind components ( D– E– F), as well as

the liquid/ice water static energy ( � ) and �ve di�erent tracer species. These tracer species are

the speci�c humidity ( @E) and speci�c cloud water, cloud ice, rain, and snow content ( @;– @8– @A–

@B). The liquid/ice water static energy is de�ned here as

� = 2?) Ï I6 � ! E � ¹@2 Ï @Aº � ! B � ¹@8 Ï @B Ï @6º– (3.1)

with temperature ) , altitude I , the speci�c heat at constant pressure 2?, speci�c graupel

content @6, and the latent heat of evaporation and sublimation ! E and ! B. We chose to not give

the ML models any information about their spatial location or solar insolation in order to force

them to learn from the dynamical state. This also enables the application of the trained models

outside of their limited training domain.

Correspondingly, the output �elds are

$ = f � sg
D – �sg

E – �sg
� – �sg

@E
– �sg

@;
– �sg

@A
– �sg

@8
– �sg

@B
– I2;C>?– ?2;C>?– @;–34CA– @8–detr – %g•

The �rst eight variables with notation � � sg
E0A� are 3D �elds and correspond to the subgrid �ux

component of the input variables � (excluding F ). The remaining variables in the output set

are 2D �elds, namely cloud top height ( I 2;C>?), cloud top pressure (?2;C>?), integrated liquid/ice

detrainment ( @;–detr , @8–detr ), and precipitation ( %). For the cloud top level we chose to predict

the altitude as well as the pressure, although they contain very similar information, because

our goal was to provide the same output as the ECHAM6 cumulus scheme.

We focused on predicting subgrid �uxes instead of the direct tendencies because this allowed

abiding conservation laws by applying appropriate boundary conditions (no-�ux at the top

and a �ux which is consistent with the surface forcing at bottom). We decomposed variables

such as the density (� ) into a horizontal spatial average (on the same model level) over the

coarse resolution, denoted by an overline, and a �uctuating component, denoted by a prime, as

� = � Ï � 0. The �uctuating component therefore represents the departure from the coarse grid

average. This enabled us to calculate the subgrid (i.e., unresolved) vertical advective �ux of,

say, the variable D, � sg
D , for a given coarse resolution as follows:

� sg
D = � FD � � F D = � F 0D0 Ï F � 0D0 Ï D� 0F 0 Ï � 0F 0D0• (3.2)

This subgrid momentum �ux � sg
D was calculated as the di�erence between the coarse-grained

�ux � FD obtained by �rst calculating the �ux with the high-resolution resolved variables, then

coarse-graining it to the coarser resolution, and the �ux calculated with the low-resolution

variables � F D(see Equation (3.2)). The term on the right hand side in Equation (3.2) results

from the fact that averages over �uctuations are by de�nition zero. This method is similar to the

one of Yuval et al. (2021), but without neglecting the horizontal density �uctuations between

high-resolution cells within a coarse resolution target cell of the coarse-graining procedure.

This is especially important for models with terrain-following vertical coordinates, such as the

height based terrain following vertical coordinate of the ICON model (Giorgetta et al. 2018),

because horizontally neighbouring cells (same vertical level) in the lower troposphere over
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land with steep topography can have strongly di�erent height, thus di�erent pressure and

density. By looking into the subgrid variations of � we found that, especially in the lowest

levels over heterogeneous terrain, there are �uctuations of up to 25 %of the mean value within

a single coarse grid cell. As we are calculating the subgrid �ux from a single snapshot of the

dynamics and do not consider di�erences between timesteps, the subgrid �ux represents the

�ux di�erence between the coarsened high-resolution state and coarse state due to resolved

processes. Here, these resolved processes are cumulus convection and gravity waves since

we only learn from convective columns (method is shown later in this section). Gravity wave

drag mainly impacts higher levels (Kim et al. 2003) and the here developed parameterizations

are limited in height (see Figure 3.4). The momentum �ux due to gravity waves, excited by

convection, is a second order e�ect which we neglect here.

For the cloud top height/cloud top pressure ( I 2;C>?/ ?2;C>?) we took the height/pressure of

the highest cell with convective clouds found according to the condition formulated in the

next section (Equation (3.4)). While there are di�erent ways to estimate the detrainment of

liquid/ice (Arakawa and Schubert 1974; Zhang and McFarlane 2019) we decided to follow

Baba and Giorgetta (2020) and Nordeng (1994) and calculated the fractional detrainment as

� = �
1
�

%�
%I

– (3.3)

where I is the altitude and � the fractional cloud area. As such, it was possible to calculate

the integrated detrainment of water and ice by multiplication with the vertical mass �ux and

integrating along the column. Before integration, the column was masked according to its

temperature (above or below 0 � C) (Stevens et al. 2013) to di�erentiate between liquid and

ice detrainment. For precipitation we cannot assume that it stems entirely from convective

precipitation in convective columns as stratiform and convective precipitation often occur

simultaneously (Houze 1997; Schumacher and Funk 2023). Therefore, when coupling the ML

parameterization to the ICON model we will set the large-scale precipitation from the model

to zero in regions where the ML parameterization is active. Another approach would be to

classify the precipitation in the high-resolution data as convective or not, based on thresholds

on e.g. vertical velocity, precipitation rate or based on the spatial structure of precipitation

clusters. Here, we decided to predict both precipitation types together as the before mentioned

approaches would introduce additional degrees of freedom into the method and therefore

complexity.

3.3.2. Coarse-Graining

The coarse-graining was done �rst in the horizontal and afterwards in the vertical direction

as described in Grundner et al. (2022) for a data-driven cloud cover parameterization. The

horizontal coarse-graining from the R2B10(� G� 2•5km) to an R2B5(� G� 80km) grid was

performed with the help of the remapconfunction from the Climate Data Operators (Schulzweida

2022). At this scale individual convective clouds and smaller convective systems are coarse-

grained, allowing us to parameterize their average impact on the large-scale dynamics. In the
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vertical, we reduced the resolution from 58 to 23 levels up to the mentioned limiting height of

� 15•9km in Figure 3.4. The vertical coarse-graining operator works in a similar way as the

horizontal averaging. The high-resolution cells were averaged weighted by their fractional

proportion in the coarse cell (Grundner et al. 2022). Some low-resolution columns have a

signi�cantly lower base than the high-resolution cells because of the more detailed topography

in the high-resolution data. Therefore, it was not possible to compute reasonable averages with

the above described coarse-graining operator in the lowest model levels. Here, we also adopted

the method from Grundner et al. (2022) and excluded columns with a signi�cant di�erence

between the vertical extent of low and high-resolution columns of the dataset.

In the high-resolution data, cells on the same vertical level can be on di�erent geometric

heights due to the terrain-following coordinate system. An approximation applied here is that

the coarse-graining is �rst performed in the horizontal and afterwards in the vertical. Therefore

the result can be di�erent from coarse-graining over the low-resolution volume (Grundner

et al. 2022).

Additionally, we introduce time-averaging to reduce the noise from instantaneous snapshots

of the dynamics as it was found to reduce model over�tting in Ramadhan et al. (2020). For a

column in the data set at time C8, we average the column variables and �uxes over the time

stepsC8� 1– C8– C8Ï 1, corresponding to a moving window of a three-hour duration. Physically, the

three-hour temporal averaging should still allow to resolve the life cycle of the tropical deep

convective clouds with a diurnal cycle (Chen and Houze Jr 1997). A 3 h window is just about

short enough to resolve the life cycle of such clouds and still allow a minimal smoothing of

higher frequency variability.

3.3.3. Filtering for Convection

In order to learn mainly from columns in which convection has a dominant impact on the

overall dynamics we introduced a �ltering of the data. First, individual high-resolution cells

were classi�ed as convective if the following conditions (Kirshbaum 2022; Romps and Charn

2015) are met:

@; Ï @8 7 0•01 g kg� 1– F 7 0– � / � E � � E 7 0– (3.4)

where F is the vertical velocity, � E is the virtual potential temperature, and @;/ @8 are the

speci�c cloud liquid water/cloud ice content, respectively. Additionally, the buoyancy � has

been introduced in the conditions (3.4). In this case the overline denotes horizontal averaging

over approximately 10km. We chose this averaging scale as convection becomes partly resolved

by grid scale dynamics for resolutions higher than approximately 10km (Ahn and Kang 2018;

Arakawa et al. 2011). The averaging was performed with the remapconfunction (Schulzweida

2022) to an R2B8 resolution. Next, we classi�ed entire low resolution columns as convective

or non-convective. For this, the number of convective cells per high-resolution column was

summed up along the height dimension and coarse-grained horizontally (as explained above).

If the so-calculated 2D �eld was equal (or higher than) 1 for a given column, so that on average
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all high-resolution columns inside the coarse column had at least one convectively classi�ed

cell, this coarse column was classi�ed as convective and was added to the training data set.

These columns are henceforth referred to as �convective� columns. A time average over the

entire observed period of this so computed low resolution data is displayed in Figure 3.2.

Furthermore, we added 10 %of the non-convective columns for training so that we ended up

with slightly more than 2million coarse sample columns. Before the �ltering, there were about

5million low-resolution and approximately 455million high-resolution columns in the whole

data set.

Figure 3.4.:Probability distribution of convectively classi�ed cells over altitude (green large dots) in
the high-resolution data with ICON over the NARVAL region. The orange dashed line
shows the cumulative distribution function (CDF) and the black dashed line represents
the height up to which 99•9 % of the convective cells are found. The bottom scale
corresponds to the probability and the top to the cumulative distribution. Adapted
with permission from Heuer et al. (2024).

In order to �nd a limit in altitude to predict unresolved convective e�ects, we considered that

convection in the atmosphere under normal conditions is limited by the tropopause (Shenk

1974). Therefore, we checked up to which height we �nd convectively classi�ed cells in the data

set. The result can be seen in Figure 3.4. The limiting height in the �gure is drawn at the height

up to which 99•9 % of the convectively classi�ed cells are found (compare dashed orange line).

This height is at � 15•9km, which is reasonable considering the tropical tropopause height of

roughly 12km to 17km (Gettelman et al. 2002). Only values below this height are considered

as input and output to the machine learning algorithms.

The general form of the data observed in Figure 3.4 resembles the expected trimodal

distribution of convective clouds in the tropics (Johnson et al. 1999). The lowest peak

corresponds to (shallow) cumulus, the peak at � 5km to cumulus congestus and the highest

clouds found are deep cumulonimbus clouds.
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3.3.4. Rescaling and Normalization

For higher numerical stability of the machine learning models and to have the variables on

the same scale, we standardize the 2D �elds by subtracting the mean across samples from

all 2D variables and dividing by the standard deviation. The same procedure is done for all

3D variables, but in this case mean and standard deviation are calculated across the height

dimension as well. We also tested normalizing variables by their mean and standard deviations

level by level but observed a decrease in model skill.

Furthermore, before applying the standardization, we use the following nonlinear rescaling

for the accumulated precipitation %per hour:

%0 = ln

�
1 Ï

%
1 kg m� 2 h� 1

�
• (3.5)

The reason for this is that precipitation intensities are typically represented by a heavily

skewed (gamma) distribution (Martinez-Villalobos and Neelin 2019). This distribution is

characterized by a comparatively large number of low values and very few heavy precipitation

events. Without a proper rescaling, ML models would achieve a low prediction error by

predicting zero precipitation regardless of the input (Rasp and Thuerey 2021). Additionally,

it is well known that coarse GCMs have a bias towards low intensity precipitation events

(Moseley et al. 2016; Rasp et al. 2018). The rescaling should help mitigate some of this problem.

3.4. Relevant Methods for Chapter 4

ML-based convection parameterizations have been developed using di�erent kinds of methods.

These include RFs (Limon and Jablonowski 2023; O'Gorman and Dwyer 2018; Yuval and

O'Gorman 2020), MLPs (Gentine et al. 2018; Iglesias-Suarez et al. 2024; Rasp et al. 2018; Yuval

et al. 2021), ensembles of MLPs (Krasnopolsky et al. 2013), Residual Convolutional Neural

Networks (Han et al. 2020, 2023), ResNets (Wang et al. 2022b), generative adversarial networks

(Nadiga et al. 2022), and variational auto encoders / variational encoder decoders (Behrens

et al. 2022; Mooers et al. 2021b). One goal of this study is to evaluate various kinds of machine

learning models on the same data set. Therefore, we �rst introduce the used models. All

models use a vertical column (23 height levels and nine variables) from the sample data set as

input and the column �uxes (23 height levels and eight variables) plus �ve 2D variables as

output, see above.

We tested four di�erent deep learning architectures: MLP, CNN, RNN (He et al. 2016),

and a convolutional neural network with a U-shaped architecture (U-Net) (Ronneberger et al.

2015). The MLP family consists of several fully connected layers with additional optional batch

normalization layers and activation functions (see section A.2). Furthermore, we introduced a

linear model (LinMLP) which is based on the best found architecture of the MLP class but all

nonlinear activation functions are replaced by linear ones. For the CNN class we decided to

consider networks with a �rst convolutional layer connected to some number of fully connected
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layers thereafter. All convolutions are 1D convolutions in the vertical as the data set consists of

variables on di�erent levels due to the typical neglect of horizontal interactions and variability

for parameterized processes in climate models. The ResNet architecture is inspired by Wang

et al. (2022b), the network consists of several di�erent blocks with some number of fully

connected layers and optional batch normalization. The input of each block is added to its

output to form the �nal output set. This helps prevent vanishing gradients and degradation

(He et al. 2016). For the gradient-based optimization of the networks we chose to use the Adam

algorithm (Kingma and Ba 2014). For the implementation of all deep learning models we relied

on the Pytorch library (Paszke et al. 2019).

Furthermore, we decided to use a U-Net architecture, see Figure 3.5. This network is similar

to the ResNet in the sense that it contains residual connections and that it is constructed out of

structurally similar blocks. In contrast to the ResNet, these blocks use two convolutional layers

each instead of an arbitrary number of fully connected layers. Additionally, this architecture

utilizes max pooling and transpose convolution layers to compress and expand the input in the

height dimension. This allows the network to process the input information on multiple spatial

scales. During the compression process (left part of Figure 3.5) the channel dimension (width in

the �gure) grows. The kernel size of the convolutions stays constant but the height dimension

shrinks, this e�ectively increases the receptive �eld for each consecutive layer in the network.

The U-Net is therefore able to detect patterns on scales between the models vertical level spacing

(� 30 m at the lowest level or up to � 500 m for the highest predicted level) and the column

height ( � 16km). In the expansion process (right part) the channel dimension shrinks again.

We propose this architecture, which is particularly suited for multiscale modeling, for the given

parameterization problem because of the multiscale nature of moist convection (Majda 2007).

The U-Net has favorable properties for our problem as local features can be picked up by the

network on a variety of di�erent scales throughout the downscaling process, and the residual

connections help to communicate this information to the upscale branch of the network. This

capability is crucial for tasks that require understanding both local and global context within

the input data, such as in image segmentation (Ronneberger et al. 2015) where the target output

can depend on patterns of varying sizes and resolutions. In the context of convection, the

initial layers are capable of capturing more small-scale convective systems/�ows and the more

compressed layers are responsible for representing deep convection/large-scale systems.

Besides these deep learning architectures, we trained �ve di�erent non-deep learning models.

For the implementation of these we used Scikit-Learn (Pedregosa et al. 2011). As lowest

complexity models we used linear methods such as Lasso (Tibshirani 2018) and Ridge (Hoerl

and Kennard 1970) regression. Additionally, we used three tree-based models. These include

RF (Breiman 2001), ET (Geurts et al. 2006), and GBT (Friedman 2002). Further information

about the di�erent ML models can be found in section A.1.

To select an appropriate set of hyperparameters we chose to split the data non-consecutively

into a training/validation/test set with a fraction of 80 %/ 10 %/ 10 %of the data. This corre-

sponds to � 1•6 � 106 sample columns for training and � 2 � 105 columns for validation/testing.

Depending on the architecture we treated the di�erent input variables as separate channels (for
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Figure 3.5.:Visualization of the used U-Net architecture. The abbreviations DCB, Conv., Transp.
Conv., and BN stand for double convolution block, convolutional layer, transpose
convolutional layer, and batch normalization layer, respectively. The dotted lines
mark the possibility for more blocks depending on the result of the hyperparameter
optimization (HPO). The horizontal lines indicate skip connections. In the lower right
of the �gure, a more detailed visualization of the double convolution block is given.
Adapted with permission from Heuer et al. (2024).

CNN and U-Net) and otherwise concatenated them in one vector. The output variables were

always concatenated in one vector. For the non-deep learning algorithms we �rst did the HPO

on a subset of the data from �ve random days ( � 1•6 � 105 samples) because most of the models

have di�culties with handling vast amount of data. The models identi�ed as best in the HPO

where then trained on the whole data set. An explanation of the di�erent hyperparameters

involved in all models can be found in section A.2.

3.5. Relevant Data for Chapter 5

3.5.1. ClimSim and Cross-Validation Procedure

We used the �high-resolution version� of the ClimSim dataset (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 with20min output, and

total about 41•2TB (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 2km and are

two-way coupled to the coarse atmospheric model (Hannah et al. 2022). The SRMs replace

the coarse model's parameterizations for convection and boundary-layer turbulence (Lee et al.
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2023) and are used for the calculation of radiative �uxes. The SRMs are mostly based on

the System for Atmospheric Modeling (SAM; Khairoutdinov and Randall (2003)), use SAM's

single-moment microphysics, and close sub-SRM-grid-scale turbulent �uxes with a diagnostic

Smagorinsky-type closure. Gravity wave drag and vertical di�usion 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 Hannah et al. (2022) for the E3SM-MMF setup.

This dataset o�ers several advantages compared to training data from other high-resolution

models that enhance its utility for research. Notably, it features a well-de�ned scale separation

between subgrid-scale and grid-scale dynamics, as it is generated through a superparameterized

modeling framework. Additionally, the dataset is readily accessible to the research community

and was utilized in a Kaggle competition (Lin et al. 2024) that attracted over 690 �nalized

submissions. The collaborative e�orts 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

arti�cial scale separation. Therefore, the subgrid dynamics are highly idealized and can, e.g.,

in�uence the mean state response a�ecting moisture and associated shortwave cloud e�ects

(Pritchard et al. 2014). Additionally, as shown later in Section 5.2.1 and Section 5.2.4, 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), especially in the mid to

high latitudes as well as for the ITCZ.

To train ML models e�ciently while utilizing the temporal variability of the data we only

used the �rst two days of every month over the span of the ten years with a timestep of 20min .

This resulted in approximately 217� 106/ 37� 106/ 37� 106 training/validation/test samples.

For more e�cient training of the NNs we further subsampled the data, ending up with a

25� 106/ 5 � 106/ 5 � 106 training/validation/test split.

3.5.2. �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. We therefore constructed ClimSim Convection by subtracting

radiative temperature tendencies from ClimSim. Because the E3SM-MMF subgrid state is

unavailable, we approximated the radiative contribution by recomputing column radiation

o�ine with the RTE+RRTMGP scheme (Pincus et al. 2019, 2023), the scheme used in our

ICON setup, and subtracting the resulting radiative heating from the superparameterized

temperature tendencies (see Figure 3.6).

RTE+RRTMGP is driven by per-column inputs from ClimSim: temperature; tracers for

speci�c 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
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longwave radiation. Mid- and half-level pressures are reconstructed from the time-independent

coe�cients hyam/ hybmand hyai / hybi provided by ClimSim:

%<–: = hyam: %0 Ï hybm: %sfc– %�–: = hyai : %0 Ï hybi : %sfc– (3.6)

with %0 = 1000hPa, and : representing the height level index. Cloud e�ective radii are

computed as in ICON.

Figure 3.6.:Overall training and evaluation pipeline of our hybrid model. G and H represent
inputs and outputs of the ClimSim dataset, based on the E3SM-MMF model. )¤C>C
is the total temperature tendency, and RTE+RRTMGP the ICON radiation scheme.
The ClimSim dataset is �rst modi�ed to separate radiative and convective subgrid
tendencies, forming a new dataset, �ClimSim Convection�. Afterward, we trained a
BiLSTM model including a con�dence 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, � represents the fraction provided by the
BiLSTM and 1 � � is the fraction from the conventional �Tiedtke� scheme, respectively.
This mixed scheme predicts the tendencies due to convection in temperature )¤2>=E,
water vapor, cloud liquid water, cloud ice ( @¤
 –2>=E, 
 = E– ;– 8), zonal wind D¤2>=E, and
meridional wind E¤2>=E. Finally, we coupled the mixed scheme with the ICON model
and evaluate these runs' emergent statistics with respect to observational datasets,
including ERA5 and GPCP. Adapted with permission from Heuer et al. (2025).

This subtraction yields tendencies dominated by convective heating, which we aim to learn,

with residual contributions from microphysics and turbulence. Explicitly separating convection

from microphysics/turbulence would be ad hoc and arguably unphysical (Arakawa and Jung

2011; Arakawa 2004; Randall et al. 2003). Accordingly, in coupled runs we replaced only

deep convection in ICON and keep its native vertical di�usion scheme active; once radiation

was removed, we found no evidence of residual double-counting (e.g., anomalous di�usion

signatures; not shown). Furthermore, we set up ICON simulations without vertical di�usion

and/or without microphysics schemes. These simulations diverged almost immediately.
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Figure B.1 in Appendix B.3 shows that removing radiative tendencies preserves the distri-

butional 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 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 that

requires online validation.

3.5.3. Datasets Used for Evaluation

For the evaluation of the coupled ICON online runs, we mainly employed two datasets:

GPCP (Adler et al. 2018) and the ERA5 reanalysis (Hersbach et al. 2020). The GPCP dataset

provides a comprehensive, long-term record of global precipitation, combining various satellite

observations, rain gauge measurements, and other remote sensing data. GPCP o�ers a spatial

resolution of 2•5� Ö 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 �fth-generation ECMWF reanalysis

dataset, which provides atmospheric data at a higher resolution than GPCP (about 0•25� Ö

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 datasets 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 ESMs (Righi et al. 2020). Besides the ERA5 and GPCP

references, ESMValTool o�ers the possibility to evaluate against a multi-observational mean

for certain variables. These datasets additionally include, e.g., MERRA2 (Gelaro et al. 2017),

ESACCI-WATERVAPOUR (Schröder et al. 2023), and ISCCP-FH (Zhang and 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 dataset, while ERA5

is used for the near-surface temperature ) 2< .

3.6. Relevant Methods for Chapter 5

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 con�dence-guided mixing in ICON.

As seen in Figure 3.6, we used the ClimSim Convection data to train NNs (with a physics

informed loss) to predict the convective tendencies and convective precipitation with the
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atmospheric state variables as input. The NNs are based on a BiLSTM architecture and trained

with a CL inspired by the �rst 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 con�dence, as explained in Section 3.6.4.

3.6.1. 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 �ux formulation by Tiedtke

(1989) with modi�cations by Nordeng (1994). It di�erentiates 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-�ux 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 de�ning a vertical pro�le for the mass-�ux " ¹I º

which varies by the amount of entrainment and detrainment happening in the up-/downdrafts

(for downdrafts only turbulent entrainment/detrainment is considered (Nordeng 1994)). To

determine the magnitude of the mass-�ux and relate the subgrid convection process to the

resolved large-scale �ow, the three di�erent 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.

3.6.2. Machine Learning Scheme

The backbone architecture for the selected NN is a BiLSTM. Our implementation is a BiLSTM

based on the winner of the 5th place in the Kaggle competition, �YA HB MS 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 e�ectiveness of BiLSTMs in capturing

vertical pro�les for atmospheric parameterization tasks (Hafner et al. 2025a; Ukkonen and

Chantry 2024; Yao et al. 2023). Furthermore, in the Kaggle competition, the solution of the 5th

placed team only had a di�erence of 0.0037 in its coe�cient of determination ' 2 compared

to the 1st place (�greySnow�) on the private leaderboard, which we do not expect to make a

signi�cant di�erence for the coupled online skill. Our architecture is shown in Figure 3.7.
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Figure 3.7.:The BiLSTM architecture developed by the 5 th 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 �gure are the batch dimension 1, the column height level dimension ;, the
input dimension 8, the encoding dimension 4, hidden dimension � , iter dimension 8C,
output scalar dimension B, and the output pro�le dimension ?. In the blue-marked
layers, the horizontal dotted lines indicate operations restricted to the last dimension,
thereby preserving �vertical locality�. Adapted with permission from Heuer et al.
(2025).

The numerical values of the various dimensions shown in Figure 3.7 are given in Table B.1.

The inputs to the ML model used in this work were inspired by Hu et al. (2025) and consist of

the input variable set:

� = f )– '�– @ l – @i –" liq – D– E– )¤C� 1– @¤v–C� 1– @¤l–C� 1– @¤i–C� 1– D¤C� 1–

)¤C� 2– @¤v–C� 2– @¤l–C� 2– @¤i–C� 2– D¤C� 2g–

with temperature ) , relative humidity '� , cloud liquid water @l , cloud ice @i , liquid partition

" liq , zonal wind D, meridional wind E, and water vapor @v . All variables with a dot superscript

are convective tendencies from the last (C� 1 subscript) or second to last (C� 2 subscript)

timestep. The liquid partition " liq is a function of the temperature 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 C� 1 and C� 2 was 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,
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especially from the thermodynamic variables temperature and water vapor, the scheme gains

the capability to capture convective memory e�ects (Colin et al. 2019).

The model outputs the following set of variables:

$ = f )¤– @v¤ – @l¤– @i¤– D¤– E¤–P rain –Psnowg–

with the two 2D variables convective rain rate P rain 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 and

The PyTorch Lightning team 2019). Inspired by the Kaggle competition, we generally chose

AdamW as the optimizer (Loshchilov and Hutter 2019).

3.6.3. Loss Function

Total loss

The total per-sample loss during training � tot combines the Huber loss � Huber with the CL � conf,

the �di�erence� loss � di� , and a physics-informed loss � ! grouping the residual of the enthalpy,

mass, and momentum budgets. These terms are explained in the following subsections, and

the overall loss is computed as

� tot ¹H  – Hº = 
 B� � !
�
G– H 

�
Ï ¹ 1 � 
 º �

�
� Huber ¹H  – Hº Ï � di� ¹H  – Hº Ï � conf

�
H  loss– H  – H

� �
• (3.7)

The parameter 
 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 B. 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

B = 385 e�ectively 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 e�ective backpropagation during subsequent training iterations.

Huber loss

As the Huber loss and other combinations of the ! 1 and ! 2 loss terms were used successfully

by many teams in the Kaggle competition, we chose the Huber loss with hyperparameter � = 1

as our base loss. An! 2 loss is applied for absolute biases between predictions H  and targets H

smaller than � , and an ! 1 loss otherwise:

� Huber ¹H  – Hº =

8>><

>>
:

0•5 � ¹H� H  º2– if jH� H  j 5 �

� �
�
jH� H  j � 0•5 � �

�
– otherwise•

(3.8)
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Physics-informed loss

The physical loss � ! 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.

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:

60 = 9•806 65 m s� 1–

C0 = 10 s–

� h2o = 1000 kg m� 3–

2? = 1004•64 J K� 1 kg � 1•

The choice of these scales was physically motivated and their numerical values were taken

from the ICON model, except for the timescale, which was chosen so that the derived scales

for, e.g., length, energy, temperature, and pressure are reasonably close to statistical average

values of the dataset. Non-dimensional variables are henceforth denoted with tildes and more

details about the non-dimensionalization of the physical terms can be found in Appendix B.1.

Our physics-informed loss � ! = e� res Ï e< res Ï eDres Ï eEres sums the non-dimensional residual

�uxes of conserved variables, which were calculated as follows:

e� res =
¹ ?¡ bot

?¡ top

�
%e)

%eC
�

%e@l

%eC
� e! v �

%e@i

%eC
� e! s

�
3?¡ � e! v � eP rain � e! s � ePsnow– (3.9)

e< res =
¹ ?¡ bot

?¡ top

�
%e@v

%eC
Ï

%e@l

%eC
Ï

%e@i

%eC

�
3?¡ Ï eP rain Ï ePsnow– (3.10)

eDres =
¹ ?¡ bot

?¡ top

%eD

%eC
3?¡ – (3.11)

eEres =
¹ ?¡ bot

?¡ top

%eE

%eC
3?¡ • (3.12)

e! E and e! B are the non-dimensionalized latent heat of vaporization and sublimation. The

residual �uxes for the conserved quantities (enthalpy e� res, mass e< res, zonal momentum

eDres, and meridional momentum eEres), were calculated following Equations (3.9)�(3.12) 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 ?¡ top to the surface pressure?¡ bot. These pressure

variables were utilized solely for computing di�erences between pressure half-levels within

the model code, which were then employed in the residual �ux calculation and were not used

in the forward pass of the network itself. Equations (3.9) and (3.10) do contain terms for @v , @l ,
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and @i 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 �uxes to the loss function in Equation (3.7) e�ectively 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.

Improving the output's vertical structure via the �di�erence loss�

Inspired by the 2 nd place (�Z Lab�) solution of the Kaggle competition (Lin et al. 2024), to help

the model learn the vertical structure of each predicted pro�le, we included an additional loss

term � di� ¹H  – Hº that quanti�es the error between real and predicted di�erences of vertically

adjacent levels:

� di� ¹H  – Hº =
# lev � 1Õ

8=1

� Huber ¹H  8Ï 1 � H  8– H8Ï 1 � H8º– (3.13)

where 8indexes the vertical level and # lev is the total number of vertical levels.

Con�dence loss

Finally, inspired by the �rst 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 �nal layer, where the second half of the

output layer predicts the error of the predictions H  loss. Combining these loss predictions and

minimizing the resulting �con�dence-loss� term de�ned as:

� conf
�
H  loss– H  – H

�
= � Huber

�
H  loss– �Huber

�
H  – H

� �
(3.14)

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, e.g., latent drivers, or when predictions are made in regions of the input

feature space containing few training samples.

3.6.4. Con�dence-Guided Mixing

On the validation set, we estimate the empirical CDF � val of the predicted-loss averaged over all

outputs. In practice, we store 101 equally spaced percentiles (0 % to 100 %), which are used to

approximate � val . In coupled runs, each online predicted error H  loss is mapped to its percentile

rank

@= 100� val ¹H  lossº 2 »0–100¼• (3.15)
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Figure 3.8.:ML weight � as function of the predicted error percentile level. The tuning parameters
?0 and ?1 (here 20 %and 60 %) are marked by dashed and dotted lines, respectively. In
blue and with slanted hatching, the area with � = 1 (pure ML) is shown. � = 0 (pure
Tiedtke) is shown in orange and with horizontal hatching. Adapted with permission
from Heuer et al. (2025).

To ensure a smooth transition between the pure ML and conventional schemes, con�dence-

guided mixing uses two user-set percentile levels ?0 5 ?1 (e.g., 20 and 60), de�ned with respect

to � val (Fig. 3.8). Expressing thresholds in percent makes them scale-free and comparable

across models. Given@, the ML weight � is then de�ned as a linear ramp:

� ¹@º = max

�
0– min

�
1– 1 �

@� ?0

?1 � ?0

� �
• (3.16)

Predicted tendencies are then mixed component-wise as

H  mixed = � H  Ï ¹ 1 � � º H  Tiedtke • (3.17)

Importantly, � val (the mapping from error to percentile rank) is �xed from the validation

set, while ?0 and ?1 o�er the possibility to tune the coupled hybrid ICON model in order to

better match observations; this avoids con�ating the empirical percentiles with the mixing

thresholds.

This con�dence-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).
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3.6.5. Jointly Optimizing Performance and Inference Cost

The original BiLSTM used by the 5 th place winner �YA HB MS EK� in the Kaggle competition

has around 18million trainable parameters. To �nd a balance between model skill and

computational e�ciency, we �rst used Ray Tune(Liaw et al. 2018) on a smaller data subset of

3million training and 1•5million 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-o�� in Figure 3.9 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 B.2.

Figure 3.9.:O�ine skill-complexity plane for various combinations of nine chosen hyperparameters
of the BiLSTM on a smaller subset of the dataset with 3million training and 1•5million
validation samples. The red dashed line shows the Pareto Front between the coe�cient
of determination ' 2 and the number of multiply-accumulate operationss (MACs). The
highlighted NN is selected for the remainder of this study because it strikes a suitable
balance between skill and computational performance. Adapted with permission from
Heuer et al. (2025).
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Figure 3.9 shows all tested con�gurations and their coe�cient of determination, as well as

the number of 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 ICON model 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 de�ned as the set of NNs

for which no other NN M exists such that M shows an improvement in one metric without a

worsening in any other metric relative to the original 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 speci�c architecture chosen (not shown).

3.6.6. 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 di�erent distributions. We did this by including additive noise to

the inputs during training of the BiLSTMs:

H= NN
�
GÏ �

�
– � � N

�
0–� 2�

– (3.18)

where � is a noise vector sampled from a Gaussian distribution N with zero mean and a

tunable variance � 2. As Gand Hare standardized using a Z-score, the variance is constant

across variables in G. 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 and 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 � 0 7 0; the tolerated ' 2 drop compared to its value before any noise

addition, � ' 2 7 0; and multiplicative growth/decay factors < " 7 1 and < # 2 ¹0–1º for the noise.

In the �rst epoch, we add Gaussian input noise with standard deviation � 0. After each epoch,

we compute the change in ' 2: if the drop exceeds � ' 2, we reduce the noise by < #; otherwise,

we increase it by < " . After a manual search, we adopted ¹� 0–� ' 2– <" – <#º = ¹0•05–0•1–1•1–0•9º.

3.6.7. Online Coupling to ICON

We used the ICON 2.6.4 model version with a horizontal resolution of approximately 158km �

158km, corresponding to an R2B4ICON grid. The model incorporates a range of parameterized
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processes, including radiation, 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 con�gured

ICON with 60 vertical levels, adjusting their heights to approximately match those of the

ClimSim dataset. The ML schemes' tendencies were then coupled within the troposphere, and

only the lowest 42 levels (corresponding to an approximate upper pressure level of 95hPa)

were used as inputs/outputs for the scheme.

For the coupling of the ICON model implemented in FORTRAN and the ML models 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.
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4. Interpretable multiscale Machine

Learning-Based Parameterizations of

Convection for ICON

4.1. Introduction

This chapter was already published in Heuer et al. (2024). As indicated in Section 1.2, the

author of this thesis created all the content, including text, �gures, and tables, that is presented

from this publication and implemented the code 1 to reproduce this study. This chapter focuses

on addressing Key Science Question 1, while also providing some insights into Key Science

Question 2.

GCMs have been used since the late 1960s to answer scienti�c questions about our climate

(Manabe and Wetherald 1967; Phillips 1956) and to project its expected changes, which

are already felt across the globe (Eyring et al. 2021a). Over time, these models gradually

included more and more aspects and processes of the climate system and have evolved into

ESMs, including the carbon cycle and biogeochemical processes. However, the uncertainty

of the simulated equilibrium climate sensitivity (ECS), i.e. the response of global surface air

temperature to a doubling of carbon dioxide ( CO2) at equilibrium, has not reduced signi�cantly

in the last decades (Schlund et al. 2020). For the latest generation of ESMs, the ECS is estimated

by the Intergovernmental Panel on Climate Change Sixth Assessment Report (Forster et al.

2021) at2 � C to 5 � C. This uncertainty is about twice the uncertainty for the estimated ECS

including all other scienti�c evidence such as emergent constraints and paleoclimates of 2•5 � C

to 4 � C (Forster et al. 2021).

A large portion of this uncertainty is attributed to cloud feedbacks (Ceppi and Nowack 2021;

Schneider et al. 2017), the change in cloud types and distributions in response to warming

climate. Therefore, it is highly important to have a good representation of the e�ects of

convection, which is typically a subgrid-scale process in climate models (Sherwood et al.

2014). Parameterizations based on physical process understanding, normally relying on

mass-�ux approaches (Arakawa and Schubert 1974; Tiedtke 1989), have been used extensively

for approximating the e�ect of subgrid convection on the large scale. These parameterizations,

however, cause some common problems in climate models (Eyring et al. 2021b), such as biases

in precipitation patterns (Christopoulos and Schneider 2021; Fosser et al. 2024; Stephens et al.

1published under https://github.com/EyringMLClimateGroup/heuer23_ml_convection_parameterization (last
access: 14.10.2025) and preserved (helgehr 2024)
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2010), in the position and shape of the ITCZ (Stevens et al. 2019b), the missing representation

of convectively coupled waves, and the Madden-Julian Oscillation (Kuang et al. 2005), or

teleconnections (Mahajan et al. 2023) and the incorrect diurnal cycle of convection (Anber et al.

2015). These biases are reduced in storm-resolving models (Bock et al. 2020; Klocke et al. 2017;

Stevens et al. 2019b, 2020).

Accurately representing convection in climate models remains a challenge due to its complex

and multiscale nature. In light of recent advances in deep learning, many data-driven machine

learning-based parameterizations have been developed to reduce the above-mentioned biases

(Brenowitz and Bretherton 2018; Gentine et al. 2018; Iglesias-Suarez et al. 2024; Krasnopolsky

et al. 2013; Otness et al. 2023; Rasp et al. 2018). These studies �rst used MLP neural

networks in a simpli�ed aquaplanet setup to replace the superparameterized physics in the

SuperParameterized Community Atmosphere Model (SPCAM3) (Collins et al. 2006). RFs

have been used as well (O'Gorman and Dwyer 2018; Yuval and O'Gorman 2020) with the

advantage of guaranteeing conservation properties and physical consistency, via constraints

in the sign of quantities such as precipitation, as well as on its magnitude (reducing coupled

model instability). A disadvantage of RFs is however that they do not extrapolate outside their

training domain at all and so are inherently limited in their application for a changing climate.

They can also struggle to represent the diversity of complex data.

To combine conservation properties that are essential for a climate model, and the ability to

extrapolate to some extent, Yuval et al. (2021) used MLPs to predict vertical �uxes instead of

tendencies (the vertical convergence of the �uxes). More recently, they extended their work by

including convective momentum transport in an idealized aquaplanet setting as well (Yuval

and O'Gorman 2023). Wang et al. (2022b) used residual neural networks to emulate the physical

tendencies resulting from a superparameterization of moist physics and radiation in a realistic

setting with coupled simulations running stably over 10 years.

With this work we build on previous studies on data-driven convection parameterizations and

ML-based schemes, targeting the ICON model (Grundner et al. 2022, 2024). We extend these

approaches in several aspects. We use high-resolution data that explicitly resolve convection

and employ a coarse-graining method to calculate and isolate the convective mesoscale �ux

that is subgrid for a coarse climate model, here ICON in a real-world setting. We benchmark

a set of di�erent machine learning methods trained on a realistic data set with orography

(Dataset section). Although it can be argued to what extent explicit process separation is

sensible (Randall et al. 2003), most parameterization schemes act independently (in parallel

or sequentially) from each other for di�erent subgrid processes (Giorgetta et al. 2018). For

this reason, simplicity, and because the trained ML models should be easily interoperable

with the GCM in a coupled mode we treat convection as a separated process. Furthermore,

this enables us to use XAI methods to interpret the ML models with respect to our physical

understanding of atmospheric convection. To focus on the e�ects of subgrid convection

for coarse resolution simulations, where convection must be parameterized, we introduce a

�ltering technique to capture convective circulations as resolved in storm resolving simulations.

Apart from making it possible to selectively replace only the conventional parameterization,
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this approach allows to better interpret the physics of the learned ML model as it does not mix

di�erent processes such as convection and radiation. We propose a new way of computing the

coarse-grained target quantities by not neglecting horizontal �uctuations (not applying the

Boussinesq approximation) in the density as is typical for Reynolds-averaging. Additionally,

we use an XAI technique to interpret the model predictions and relate the revealed connections

to physical process understanding. Similarly to the spectral analysis tool by Brenowitz et al.

(2020), this method builds trust in the retrieved models and can be used to evaluate the ML

model, going beyond common metrics such as the root mean square error (RMSE) or the

coe�cient of determination.

In the end we will test the stability of the U-Net when coupled to the ICON model. Here we

test the extrapolation capabilities of the ML models as they are trained on regional data and

then applied on larger/global domains.

This chapter is structured as follows. First, results of the o�ine evaluation/benchmarking

of di�erent machine learning models are shown and their predictions interpreted using an

XAI technique in Section 4.2. We will conclude Section 4.2 with an online stability test of the

developed U-Net parameterizations. Finally, we discuss our results and give a conclusion of

our work.

4.2. Results

This section will �rst introduce a model evaluation for all ML models used and then focus on

a more detailed comparison of the highest performing (o�ine) deep and non-deep learning

method in Section 4.2.1. Afterwards, in Section 4.2.2, we will investigate what the models have

learned and �nd that, in fact, an ablated version of the U-Net (without precipitating tracers

as input) learns physically explainable relations as opposed to the non-ablated version. This

ablated model, in comparison with the non-ablated version, will also be tested in the online

stability test section in the end of this chapter in Section 4.2.3.

The architecture of the best performing model, the U-Net, is �rst introduced in Section 4.2.1

and the ablation, improving online stability, is described in Section 4.2.2.

4.2.1. Machine Learning Model Benchmarking

First, we focus on the simple aggregated evaluation of the coe�cient of determination ( ' 2)

values for all examined model classes. The' 2 value is calculated as 1 minus the mean squared

error of the predictions over the variance of the data. We compute the ' 2 value across variables

and levels, a more detailed (per variable/level) comparison is given later in Figure 4.4. All

models have been hyperparameter-tuned according to the method described below. Brie�y

this HPO consisted of running a large ensemble of models with parameters sampled from

prede�ned search spaces and their performance evaluated on a validation set (more details in

section A.2).
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Figure 4.1 displays the ' 2 values for all models over all variables and levels. On the left hand

side of the dashed green line the deep learning models are shown as opposed to the simpler

models on the right hand side.

The ' 2 value of the Random Forest is the lowest of the examined models. RFs have been used

as data-driven convection parameterizations with some success (O'Gorman and Dwyer 2018;

Yuval and O'Gorman 2020) in idealized settings before. Limitations in the application of RFs

for realistic parameterization schemes have been observed before due to their computational

ine�ciency, memory requirements, and comparably low complexity (versus deep neural

networks for instance), limiting their capacity to capture high dimensional features (Limon

and Jablonowski 2023). The GBT model class has a strikingly high ' 2 value, comparable to

the ones of the deep learning methods. This suggests that these RF-based parameterization

schemes could improve in performance if they were based on Gradient Boosted Trees (besides

deep learning networks). The Extra Trees model has a similarly low performance as the RF.

Considering that the ET model is structurally similar to RFs, including an additional element

of randomness as explained above, this is not surprising. The linear models (Ridge, LinMLP,

and Lasso) show relatively high performance compared to that of the RF/ET model with ' 2

values of 0•68–0•63–0•62. The ! 2-regularization term seems to have a higher impact on the

generalization capabilities of the linear model compared to the ! 1-regularization in Lasso

regression. The generally better performance of the linear models compared to the tree based

models, RF and ET, is surprising and might be connected to the fact that linear models are able

to extrapolate to unseen data points based on the linear relationships learned during training.

These tree based methods, however, are limited to the range of the training data and cannot

extrapolate beyond it because they predict based on averages of similar seen samples. As we

are using high-dimensional data some degree of extrapolation is very probable (Balestriero

et al. 2021). Another point is that in cases of high-dimensional data with many uninformative

or noisy features, linear models, especially when combined with regularization techniques

like Lasso, can perform better by e�ectively reducing the dimensionality and focusing on the

most relevant features. Random Forests might not be as e�ective in ignoring these irrelevant

features to that extent. Another option might be that the linear models are being too heavily

tuned to the tropical convection problem. More on this in the discussion.

The deep learning models outperform the other methods but, e.g., for the GBT model only

by a small amount. While the ' 2 value for the GBT is almost as high as the value for the U-Net,

the other nonlinear methods show a rapid decrease in performance when ordering by their

respective ' 2 value. Figure 4.1 shows that the performance di�erence between the various deep

learning models measured by ' 2 is negligible. One could suspect that the best performance of

the U-Net could originate purely by chance. Therefore, we performed an extensive HPO with

over 5000ensemble members in total. The resulting median/upper/lower quartile pro�les

can be seen in Figure 4.2. We varied hyperparameters such as the learning rate, number of

neurons/layers/blocks, or activation functions. More details on the HPO search spaces can be

found in section A.2. A visualization of the HPO and the training and validation process in

general is shown in Figure A.8. We notice that the U-Net has a consistently lower error than the
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Figure 4.1.:Coe�cient of determination ( ' 2) on a test set for di�erent types of models. All models
were hyperparameter-optimized, and the best models were then trained on the whole
data set. The deep learning methods are displayed on the left of the green dashed line
and the non-deep learning methods on the right of it. The inset in the top right shows a
zoomed-in version of the ' 2 for the deep learning models. Adapted with permission
from Heuer et al. (2024).

other models, and the upper quartile of its distribution is on the same level as the lower quartile

of the second best performing model, the ResNet. The di�erence between the other model

classes is smaller, and the spread around each median pro�le is larger than for the U-Net.

Furthermore, the model complexity of the U-Net is comparatively low. As it can be seen

in the number of parameters of our network con�gurations (Table A.1) and Figure A.6, the

most complex (judging by number of parameters) deep learning model is the ResNet with

more than four times the number of parameters of the U-Net. The MLP architecture has the

lowest number of parameters, the U-Net has the second lowest number before the CNN and

ResNet. Despite this, the U-Net shows the consistently lowest error on the validation/test

set (see Figure 4.2) over a large set of hyperparameter con�gurations, presumably because

of its multiscale architecture and the resulting ability to capture multiscale problems such as

convection well.

Based on these results, we will focus on the respectively best performing deep and non-deep

learning models from now on. These models are the U-Net and the GBT model as seen in

Figure 4.1. We �rst compare the U-Net and GBT �ux predictions with the true values for � sg
D –

� sg
E – �sg

� – �sg
@2

over all levels. The results can be seen in Figure 4.3, and a corresponding plot

showing the distribution for the remaining tracer subgrid �uxes can be seen in Figure A.1. The

correlation is always higher for the U-Net predictions, and for both models the meridional

momentum �uxes are the hardest to predict. This has been noted before e.g., for a data-driven

gravity wave scheme (Espinosa et al. 2022). The diurnal cycle and its annual variability are

typically more pronounced (Giglio et al. 2022) for the meridional wind and can be out of phase

in the northern and southern hemisphere (Ueyama and Deser 2008). We assume that, therefore,
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Figure 4.2.:Root mean squared error during HPO on the validation set of the four di�erent
deep learning methods. The straight thick lines correspond to the median of the
HPO ensemble, the shaded areas are drawn in between the �rst and third quartile.
Additionally, ten realizations for each DL method are shown in similar colors. The
legend shows the minimum of the validation loss for each of the methods. The scheduler
of the HPO �lters badly performing runs after 30 and 60 epochs, causing the steps in
the pro�les. For this task we used the AsyncHyperBandScheduler(Li et al. 2018) of the
Ray Tunelibrary (Liaw et al. 2018). Adapted with permission from Heuer et al. (2024).

it is a challenge for the ML models to predict the meridional momentum �ux receiving as

input only the large-scale state, which my not adequately represent the nuances of meridional

dynamics.

Especially for high values of the �ux, both models tend to underestimate the true �ux, which

can be seen by the points below the diagonal in plot b). To a similar extent, this trend can also be

seen for the �uxes � sg
D and � sg

@E
. The mentioned �uxes of the GBT show a slight corresponding

overestimation for low �ux values. In contrast to that, the U-Net data distribution is more

symmetric about the main diagonal. This means that there is no or a very small systematic

under- or over-prediction for these values by the U-Net. In general, the spread around the

diagonal is bigger for the GBT than for the U-Net. This con�rms the better performance of the

U-Net seen in Figure 4.1 based on' 2 values.

After having examined the model performance aggregated over all levels we now look at the

average ' 2 values of the 3D variables on individual vertical levels. This is shown in Figure 4.4,

again for the U-Net and GBT. Some vertical levels are not shown in the �gure because the

variation of the variables on these levels is close to zero. We determined the variables for which

this is true by �rst �nding the 99th percentile of their absolute values. Then, for each variable

all levels in which the computed percentile is below 1 % of the maximum percentile for the

variable were excluded from the plot.

This method �lters all levels which show signi�cantly less variation compared to all other

levels. Looking at Figure 4.4 we �ltered out the lower tropospheric values for the ice and

snow tracers as well as the higher tropospheric values for cloud water and rain tracers. This is

reasonable because we do not expect much snow/ice in the lower troposphere of the tropics,

and similarly, the temperatures are too low for cloud water/rain to exist close to the tropopause.
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Figure 4.3.:Scatter plot for the subgrid �uxes of a) zonal, b) meridional momentum, c) liquid/ice
water static energy, and d) speci�c humidity. Data for the U-Net is shown in green, for
the GBT in blue, and the diagonal is marked by a dotted line. The Pearson correlation
coe�cient Abetween the true and the predicted subgrid �ux is noted in the lower right
corner of each plot for both U-Net and GBT. Adapted with permission from Heuer et al.
(2024).

Comparing the plots in Figure 4.4, the two models show similar patterns as seen, e.g., for

the � sg
E curve, but the GBT curves are mostly shifted towards lower ' 2 values compared to

the U-Net. For most variables we �nd a clear advantage of the U-Net in the upper layers and

around the height of the planetary convective boundary layer at � 1km. Other than for tracer

species on levels in which the corresponding concentration is typically very low, the models

show di�culties to predict the subgrid momentum �uxes compared to other variables, as is

particularly visible for � sg
E . For subgrid momentum transport in general this has been noticed

before in Yuval and O'Gorman (2023). This problem could arise from the fact that the sign

of the subgrid convective momentum �ux depends on the nature of convective organization

(LeMone 1983; Yuval and O'Gorman 2023), which is not resolved in the coarse data. A few

points are marked by red circles, which correspond to higher ' 2 value for the GBT. Most of

these are close to the' 2 U-Net value (within an ' 2 relative deviation of 1•5 %) except for the

low ice and snow tracer values. Here we assume that the GBT shows an increased performance

due to the small number of training data and its lower model complexity. Using the U-Net
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Figure 4.4.:Average ' 2 pro�le for all subgrid �ux variables for a) the U-Net and b) GBT model. Data
points where the GBT model actually has a higher ' 2 than the U-Net are additionally
marked by a red circle. Adapted with permission from Heuer et al. (2024).

increases the mean' 2 value of all variables. The highest improvement by using the U-Net

instead of the GBT can be seen for� sg
E with an average ' 2 improvement of 0•19 and the second

highest for � sg
D with a gain of 0•09. In the vertical, the highest average increase in skill is

observed in the boundary layer. On these lower model levels, the dynamics are typically

more complex/turbulent and therefore the higher model complexity of the U-Net is especially

bene�cial. This complexity in the planetary boundary layer arises from di�erent mechanisms

such as direct surface forcings, e.g., heat and moisture �ux to/from the atmosphere as well as

surface drag. Also, the dynamics are inherently more turbulent because of large wind velocity

gradients and shear. Furthermore, diurnal variations and therefore general variability are

much higher close to the surface layer than in the upper troposphere/atmosphere due to the

direct surface interaction.

The 2D �elds are also predicted more skillfully by the U-Net, the ' 2 values for all �ve

predicted 2D variables are higher for the U-Net than for the GBT. As an example, the true and

predicted precipitation distribution is shown in Figure A.2. Even though the ' 2 values for

precipitation are similar ( 0•897vs. 0•860), the U-Net predicts the extremes of the distribution

much more accurately. For instance, the 95th percentile of the true distribution and the

predicted distributions of U-Net and GBT are approximately 22•28mm h� 1, 19•75mm h� 1, and

16•83mm h� 1. This shows that the U-Net captures the high precipitation cases much better

than the GBT.

Looking at the spatial distribution of the normalized RMSE across all variables (see Figure

A.3) we notice that both models have a lower error in the region of the ITCZ and an increase in
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error towards higher latitudes. This re�ects the di�erence in the abundance of training data as

seen in Figure 3.2.

4.2.2. Explainability of U-Net and GBT

Having looked into the prediction results we now want to �nd out what the models actually

have learned in order to predict the parameterization output. This will be based on the SHAP

(Lundberg and Lee 2017) library which analyzes ML model predictions using a game theoretic

approach. A SHAP value B�0?¹G= G0– Hº gives the deviation in an output variable Hdue to a

speci�c value G0 of the variable Gfrom the average prediction of Hover a given data (sub)set

X1. We used the DeepExplainer class (Lundberg and Lee 2017) as an e�cient explainer for

deep neural networks, and the TreeExplainer / KernelExplainer class for decision tree-based

models such as GBT.

Figure 4.5 a) shows the mean absolute values of the calculated SHAP values for the U-Net

model. These correspond to feature importances and in this case show that the model mainly

focuses on using the precipitating tracer species to predict the subgrid �uxes. The top plot

shows that @A dominates the importance attribution with over 50 %of all values. As second

most in�uential feature we see @B, another precipitating tracer species, even though it is only

highly in�uential in the upper layers. Additionally, one notices that the standard deviation

is relatively large for @A/ @B, indicating the ambiguity of the learned relations. This is a �rst

hint that the model learned non-causal relationships between convective precipitation and

convective subgrid �uxes. When the model �sees� coarse-grained precipitation in the data it

predicts that convective subgrid �uxes must be present. This behavior can also be observed

in a more detailed analysis of the SHAP values (Figure A.4). Learning this connection is

consistent as the link between convective precipitation and convective �uxes in the tropics

is especially pronounced. Nevertheless, this represents a weakness and non-causal link as

the ML parameterization would never/rarely encounter convective precipitation in a coupled

setting if it would not predict the e�ect of convective �uxes before.

To prevent the model from learning these non-causal connections we trained another set

of models with less input variables. We left out the precipitation input tracer species @A

and @B. For this ablated model versions we performed a new HPO. These models will be

discussed henceforth. The' 2 performance of both models (U-Net and GBT) on the test set

decreases marginally, by � 0•03, by ablating the precipitating tracers as inputs. A third HPO

was performed neglecting horizontal density �uctuations, with the result that the validation

error increased for all model classes by about 4 %, and for the MLP only negligibly. This is a

hint that the irreducible error of the models increases by neglecting density �uctuations.

The feature importances for the ablated U-Net are displayed in plot b) of Figure 4.5. A more

spread-out feature importance assignment can be seen in this plot: the di�erence between

highest and lowest valued feature is only 14 %which is much less than 50 %as before. This

model now does not rely on spurious correlations between precipitation and convective subgrid

�uxes and should generalize better outside the training domain. The general trend for most
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Figure 4.5.:Feature importances (i.e., the mean absolute values of the calculated SHAP values) of
input variables for a) the full U-Net model, and b) the ablated (without @A,@B) U-Net
model. The mean feature importance is visualized by the height of the bar, and the
standard deviation over �ve di�erent computations by the errorbars. The x-axis shows
di�erent height levels for each variable, increasing from left to right. Vertical lines
separate the variables. The integrated fraction of feature importances over all vertical
levels is written above each variable range. Adapted with permission from Heuer et al.
(2024).

variables seen in Figure 4.5 indicates that the model focuses more on the lower model levels,

and the importance is decreasing with height. For F , @;, and @8 this is not the case, the feature

importance peaks at higher model levels. The speci�c cloud ice content is only present at higher

altitudes as already discussed. For the cloud water content we have very low concentrations at

low model levels as clouds generally form in the boundary layer during daytime (Stull 1988),

and the mean vertical velocity pro�le also shows higher values at greater altitudes, indicative

of the importance of shear such as on mesoscale convective system organization (Rotunno et al.

1988).

We looked at the feature importance in Figure 4.5 but did not discuss the in�uence of an

input on the various output variables. For this, we now �rst explain the method and then

discuss the results. For ease of notation, we focus here on a single output model with output

variable Has before, but this can easily be generalized to higher dimensional output. To get the

average e�ect of an input variable G8 on the output variable Hwe �rst de�ne the �uctuation of

G8 for sample 9as G0
89= G89� h G8i , where the brackets h�i denotes the average value overG8 in

the set X . The data setX is a random subset of the whole data set as to save computational

costs. Now, we de�ne the normalized �uctuation as

G  89=
G0

89

<0G: ¹jG0
8:jº

• (4.1)

The weighted average e�ect of G8 on Hcan now be quanti�ed in a similar way as in Beucler

et al. (2024) in a vectorS, with
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( 8 = hG  89� B �0?¹G89– Hºi 9• (4.2)

A positive ( 8 expresses an increasing/decreasingHfor an increasing/decreasing G8 indepen-

dently of other values, and for a negative ( 8 we have the opposite e�ect. For a multi-output

model this vector S becomes a 2D matrix ( 89quantifying the in�uence of the 8th input on the

9th output. We will refer to the SHAP values obtained by this method as weighted SHAP

values from now on.

Applying this method to the trained U-Net model gives the matrix visualized in Figure 4.6.

We see many interpretable, vertically local in�uences (main diagonal patterns) in this �gure,

for example, controlling for @;, there is a mainly negative in�uence of speci�c humidity @E on

� sg
@E

/ � sg
@;

visible. As previously observed by Beucler et al. (2018), this vertically local drying e�ect

is plausibly related to the entrainment of water vapor into convective plumes and its subsequent

downwards advection (Beucler et al. 2018). Moreover, an increase in water vapor also increases

the moisture gradient to the environmental air and leads to the entrainment of drier air. The

local drying e�ect is seen for levels in the lower to middle troposphere, approximately at

700 mto 5km. Furthermore, we see a slightly positive impact and moistening �ux of the lower

model levels on higher levels. This is indicative of the decrease in air density for increased

water vapor content and the decreased lapse rate for buoyant air parcels (and therefore higher

convective instability). For cloud liquid water @; the opposite e�ect can be observed on the

convective subgrid �uxes of @E/ @;. This learned correlation can be understood by looking

at the condensation process of water vapour. When water condenses in an atmospheric

grid cell, latent heat is released and the air becomes more buoyant. This in turn can lead to

more condensation and therefore to moisture convergence in the area and cloud formation.

Furthermore, more liquid water can lead to precipitation. The evaporation of falling raindrops

can consequently lead to an increase in local humidity, especially if the layers below are far

from saturation. Finally, hygroscopic e�ects could play a role as cloud droplets can act as

condensation nuclei, attracting more water vapor and leading to cloud growth.

A direct comparison with the linearized response functions from Brenowitz and Bretherton

(2019) and Kuang (2018) is di�cult as we use di�erent variables and a dataset from a non-

idealized simulation (e.g., no aquaplanet con�guration, active diurnal cycle, and spherical

simulation domain). Nevertheless, for the in�uence of water vapor on the subgrid �ux of water

vapor and cloud liquid water we see similarities to the response of & 2 (apparent moistening)

to the total nonprecipitating water mixing ratio in Brenowitz and Bretherton (2019). For both

analysis methods a vertically local negative in�uence is visible. In the study Kuang (2018) this

response is similarly traced back to the impact of relative humidity on the speci�c humidity

tendency. Furthermore, we also observe a positive convective heating response to an increase in

moisture (in�uence of @E on � B6
� ) as shown in both studies, although more local in this study as

opposed to a non-local heating of higher layers in response to a moistening lower troposphere.

Apart from that, the main visible signatures are visualized in the insets of Figure 4.6. Inset

a) shows the in�uence of F on � sg
� . The main pattern is in the upper layers where we can
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Figure 4.6.:Ensemble mean of weighted SHAP values aggregated according to Equation (4.2) for the
U-Net. The variables @A– @Bwere ablated. The height level for each variable is increasing
from left to right / from bottom to top. The feature importance depicted in the lower
part of the �gure shows the mean absolute SHAP values averaged over all target �uxes.
Insets a), b), and c) show a zoom into the plot for three speci�c variable pairs, the
colors indicate which inset corresponds to which part of the large plot. Adapted with
permission from Heuer et al. (2024).

see primarily a positive super- and negative sub-diagonal ( ( 89with 9= 8� 1 and 9= 8Ï 1,

respectively). This means that cells with a high vertical velocity have a positive in�uence

on the subgrid �ux in the cell above them and a negative in�uence below them respectively.

Considering that mesoscale convergence and large scale ascent can initiate/enforce convective

cells (Kaltho� et al. 2009), this seems reasonable. Below the convective region, the atmospheric

column becomes more stably strati�ed, explaining the negative sub-diagonal of the �gure. In

Inset b), a negative diagonal pattern with some positive signatures above can be observed.

Consequently, high horizontal wind speeds imply a positive horizontal momentum �ux to

higher levels. This signi�es that the U-Net has learned a downgradient di�usive momentum

�ux parameterization. We also see a positive pattern in the sub-diagonal for higher levels

looking at subplot b). Vertical wind shear has been found to be an essential ingredient for

long-lived and well-organized convective storm cells (Doswell and Evans 2003; Roca et al. 2017;

Rotunno et al. 1988). A very similar pattern can be observed in Inset c), the main di�erence is

that for lower levels there are a few vertically non-local transport signatures. These patterns
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are consistent (with relative standard deviations of max � 10 %) over di�erent realizations of X

so that the result here seems not to be dependent on the setX .

As a comparison, the corresponding weighted SHAP values for the GBT are displayed in

Figure 4.7. First, the GBT feature importances have a much less regular pattern and look

more �randomly� distributed. These patterns show a less coherent picture and are not so

easily interpretable. Looking at the aggregated feature importance, both models weigh the

liquid/ice water static energy the least. The GBT model weighs the speci�c humidity higher

in its predictions with an aggregated importance of 29 %compared to the U-Net with 14 %.

As most important features for the U-Net, on the other hand, we have the vertical velocity

F and cloud water content @;. These two variables are also part of the condition formulated

in Equation (3.4) for convective conditions in a grid cell. Therefore, it is reasonable that the

network learns to pay attention to these inputs.

Figure 4.7.:Ensemble mean of weighted SHAP values aggregated according to Equation (4.2) for
the GBT model. The variables @A– @B were ablated. The feature importance depicted in
the lower part of the �gure shows the mean absolute SHAP values averaged over all
target �uxes. Adapted with permission from Heuer et al. (2024).

Since the weighted SHAP values displayed in Figure 4.6 consistently show vastly di�erent

patterns than in Figure 4.7, we used the same method for the RF as well and got a similar picture

to what is displayed here for the GBT. In order to rule out a dependence of the obtained results

on the Shapley value approximation method, we also used the KernelExplainer (Lundberg

and Lee 2017) as an alternative to theTreeExplainer . The resulting weighted SHAP values
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have almost the same form as for the TreeExplainer class, emphasizing that our results are

independent of the explanation method. We also looked at the standard deviations of all

weighted SHAP value plots and observed that the uncertainty is very low compared to the

mean values shown (The maximum deviation is 0•02, and 99 %of the standard deviation values

are below 0•002), further demonstrating that those interpretation statistics are stable across

samples.

For the data in Figure 4.6, these values are0•02 and 0•004, respectively. Looking at the scales

in both �gures, these uncertainties are very small.

Overall, this indicates that although the predictive performance of the GBT is comparable to

that of the U-Net, it relies on very di�erent statistical patterns in the data. These patterns are

more non-local and mostly unphysical so that the resulting model is expected to have less skill

in extrapolating outside its training domain.

4.2.3. Online Stability Tests

In this section we will test the U-Nets ability to run stable in a coupled setting and consequently

test their (global) extrapolation capabilities. We do not perform an o�ine extrapolation

test with another data set since the hypothesized non-causality of the full U-Net would not

show any negative impact in this test. For this reason we decided to couple the developed

parameterizations back to the host (ICON) model and thus have a stronger generalization test.

We �rst couple both the ablated (without precipitation tracer inputs) and the full U-Net to the

ICON model and observe that the ablated U-Net shows improved stability compared to the full

U-Net, when coupled globally. We also �nd that the ablated U-Net gives improved extreme

precipitation predictions as opposed to the full U-Net, which fails to predict the precipitation

distribution accurately.

Coupling data-driven parameterizations to GCMs is typically intricate and the stability of

the developed schemes is very sensitive to e.g., changes in the training data set (Rasp 2020)

or the inclusion of variables on speci�c levels and the choice of the loss function (Brenowitz

and Bretherton 2018, 2019). Trial and error is often used to �nd stable schemes among the

o�ine trained parameterizations (Wang et al. 2022b). Stability issues of coupled models have

been observed, even for idealized setups such as aquaplanet simulations (Brenowitz et al.

2020; Gentine et al. 2018; Rasp et al. 2018; Yuval and O'Gorman 2020). Other studies, in

which coupled ML schemes have used more realistic setups, were trained and coupled with

superparameterized GCMs (Han et al. 2023; Iglesias-Suarez et al. 2024; Wang et al. 2022b). A

technical advantage of training on these datasets is that a clear scale separation is arti�cially

introduced and therefore the training targets for the ML algorithms are well de�ned. On the

other hand, this scale separation in�uences the emergent dynamics and the embedded SRMs

are themselves idealized as they are 2D models with a limited extent (Brenowitz et al. 2020;

Pritchard et al. 2014).

Introducing a new parameterization into a GCM typically requires a retuning of the host

model to e.g., adjust for current compensating biases in the interplay of various parameterization
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schemes (Grundner et al. 2024). There are potentially many feedbacks when coupling a new

scheme to the GCM which can quickly lead to unstable con�gurations or incorrect results.

Furthermore, because there are considerable design di�erences between storm-resolving

and coarse-resolution global climate models (Satoh et al. 2019), there could be distributional

shifts between both types of model classes. Substantial distributional shifts have already

been observed within the class of storm-resolving models (Mooers et al. 2023), so that ML

parameterizations trained on data from a di�erent storm-resolving model cannot be expected

to learn the same relations. Also, by coarse-graining high-resolution �elds, disturbances which

can be represented on the coarse grid but not accurately advected by the coarse model can be

introduced as noted by Watt-Meyer et al. (2024). To tackle this problem and to keep the coarse

dynamics close to the coarsened high-resolution state, they nudged the coarse simulation to

a coarse-grained high-resolution reference state continuously and achieved stable coupled

runs (with ML-predicted tendencies for heat and moisture) for about 35 days with realistic

boundary conditions.

Because of these issues and limitations we do not expect our models to show accurate

online performance without some further modi�cations. Nevertheless, we tried to couple

the U-Net models to the ICON model to test their stability and therefore our hypothesis

about the extrapolation capabilities of the full and ablated U-Net. For this coupling we

used the FTorch library (Cambridge-ICCS 2024) to load our models within ICON and to run

them in inference mode during the time integration. Before the actual coupling we added a

preprocess/postprocess layer to both NNs which normalize all the input variables to zero mean

and unit variance and apply a corresponding inverse transformation for the output variables.

To test the stability of our developed ML parameterizations we created four di�erent ICON

con�gurations:

1. Ablated U-Net applied for all longitudes and latitudes

2. Full U-Net applied for all longitudes and latitudes

3. Ablated U-Net applied for all longitudes and only tropical latitudes

4. Full U-Net applied for all longitudes and only tropical latitudes

For con�guration 1 and 2 the convection schemes have to extrapolate substantially as e.g.,

temperature, humidity, and also wind patterns di�er considerably in the extratropics. Con-

�gurations 3 and 4 are applied closer to their training data set domain, i.e. the tropics. We

apply the U-Nets between the Tropic of Capricorn ( 23•436 16� S) and the Tropic of Cancer

(23•436 16� N) while the training domain is approximately de�ned between 10� S and20� N as

shown in Figure 3.2. Outside of the tropics the conventional mass-�ux convection scheme is

applied for these two con�gurations (3/4). For all coupled simulations (and the reference

simulations), we use ICON in its version 2.6.4, with an R2B5(� G� 80km) horizontal grid and

47 vertical layers. Parameterized processes include radiation, cloud microphysics, orographic

and non-orographic gravity wave drag, turbulence, and (ML-based) convection.
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Figure 4.8.:The precipitation distributions of the �rst two weeks over the tropics for the three
simulations starting on 01.02.1979 for the full U-Net (con�guration 4) in grey/dark green,
the conventional cumulus scheme in green, and the ablated U-Net (con�guration 3) in
orange. Also, the precipitation distribution for the high-resolution data set (NARVAL)
is displayed in blue. The 99•99th percentiles of each data set are marked by dashed lines
in the corresponding color. Adapted with permission from Heuer et al. (2024).

We initialized a simulation from interpolated IFS (Integrated Forecasting System) analysis

data for the 01.01.1979 and ran the ICON model for one month. After this initialization phase we

wrote out initial conditions for each day at 0000 UTC. With these initial conditions we started

ten new runs with a length of half a year for each model con�guration (from the 01.02.1979,

02.02.1979, . . . , 10.02.1979) to test the stability of the ML schemes. For columns with the ML

scheme activated we applied the tendencies for heat, moisture, zonal and meridional wind

which are derived by taking divergence of the ML-predicted �uxes instead of the ones derived

by the conventional mass-�ux scheme. Everywhere else, only the conventional convection

parameterization of the ICON model was applied. No switch condition for the activation of our

ML scheme was needed as we chose to add10 %of non-convective columns to the training data

set, as explained in Section 3.3, so that the U-Net learned when not to predict any convective

�uxes. An alternative option would be to use the trigger condition from the conventional

cumulus scheme, where convection is triggered for columns with moisture convergence, and

some thresholds regarding humidity and buoyancy must be met (Möbis and Stevens 2012). We

decided to not use such condition here but we could explore such methods in future work.
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A �rst result of the online simulations is shown for the probability density function of

precipitation in Figure 4.8 and for the spatial distribution of mean precipitation in Figure

A.7. In Figure 4.8, the distribution of precipitation over the �rst two weeks of simulation

over the tropics is displayed for the setup with the conventional cumulus scheme, the ablated

U-Net (con�guration 3), and the full U-Net (con�guration 4). For both, con�guration 3 and

con�guration 4, we set values of negative precipitation to zero. In future work this could be

avoided by using an activation function with a non-negative codomain, like the relu -function,

for precipitation. For the simulations shown here we set the large-scale precipitation to zero as

said in Section 3.3.

The spatial distribution (monthly means) of precipitation over the region where we have

a high-resolution reference can be seen in Figure A.7 in the supplementary information.

The spatial mean precipitation patterns show that the coupled ablated U-Net results in a

much more reasonable spatial distribution of precipitation than the full U-Net which heavily

underestimates the mean precipitation. Compared to the high-resolution reference, the ablated

U-Net produces a spatially more uniform precipitation distribution and has regions with too

high mean precipitation. The conventional scheme shows a heavy land bias for the mean

precipitation and shows too low precipitation values.

Figure 4.8 demonstrates the potential and added value of ML parameterizations as the

precipitation distribution for the coarse model coupled with the ablated U-Net is much closer

to the high-resolution (NARVAL) distribution than the reference simulation. For the full U-Net

(con�guration 4) we see an opposite e�ect: the distribution does show even less extreme values

than the simulation with the conventional cumulus convection parameterization. This shows

that the full U-Net, which heavily relies on the precipitation tracers (see Figures 4.5 and A.4),

struggles to show good online performance. The reason lies in the hypothesized non-causal

relations to the mentioned precipitation tracers. In coarse-grained (o�ine) data, precipitation is

highly informative about convective events and further precipitation due to convective memory

but as soon as the parameterization is coupled, the scheme struggles as the ML model itself

has to predict some convective �uxes and precipitation in the �rst place.

The values for the 99.99th percentile further show the increased ability of the ablated U-Net

to predict precipitation extremes more accurately and therefore the potential to reduce the

common problem of GCMs to predict these extremes accurately (Stephens et al. 2010). These

percentile values are 18•44mm h� 1 for the NARVAL data, 13•07mm h� 1 for the ablated U-Net,

6•67 mm h� 1 for the reference simulation, and only 1•34 mm h� 1 for the full U-Net.

Looking at the stability of the coupled simulations, Figure 4.9 displays the global mean

surface temperature of all simulations of con�guration 3 and 4 for 180 days. We can see that

all simulations of con�guration 3/4 are stable for the displayed period while the simulations

with the full U-Net applied globally (con�g 2) very quickly become unstable, after about 6

to 18 hours. Con�guration 1 (ablated U-Net coupled globally) is stable for the �rst day and

simulations diverge only over the course of half a year as it can be seen for the orange lines

in Figure 4.9. The simulations are stable for about 115 days on average with two simulations

from these con�gurations staying stable for all 180 days. For the fully stable simulations, the
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Figure 4.9.:The stability of the ablated vs. the full U-Net in form of a time series of the global mean
air temperature on 2 m height over 180 days. For each de�ned con�guration, the ten
realizations are drawn in orange, purple, blue and green colors, respectively. Solely for
the full U-Net coupled globally (Con�g 1), a second y-axis (also in orange) on the right
side of the plot is introduced as this simulations shows a much higher reduction in 2m
Temperature. To make this clearer, arrows are indicating the corresponding y-axis for
each ensemble. An inset provides a close-up of the �rst 24 hours of the dynamics of
con�gurations 1 and 2: the simulations with the full U-Net quickly become unstable.
The data displayed in the inset has been saved with an output frequency of six minutes
as opposed to the more stable simulations with an output frequency of six hours in the
main plot. For all of the data except the inset, a rolling mean over 24 h was applied.
Additionally, multi-model means over con�gurations 1, 3, 4, and the reference ensemble,
respectively, are drawn as light green/yellow/violet/red-brown dashed lines. These
colors are chosen as the complementary colors of the respective ensemble members
and are marked in the legend as the second lower dashed line for each ensemble. For
con�guration 1, model blow-ups are marked by red crosses as to not obscure the other
lines. Adapted with permission from Heuer et al. (2024).

surface temperature initially drops by about 1 K and then increases again to a higher value than

the initial temperature. By looking at the full 180 days of time integration, the temperature

for con�guration 3/4 seems to equilibrate at about 287•8 K/ 288•2 K (� 14•7 � C/ 15� C) as seen

in the �gure. This is not unrealistic but the main point of this �gure is to show the coupled

stability for multiple months which is already three times the length of the training data set

(two months). The global mean temperature of con�guration 4 shows a similar trend compared

to con�guration 3 but becomes stable at slightly higher temperatures. The reason could lie in

the fact that convection is much more infrequent for the full U-Net con�guration as it can be
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seen in Figure 4.8 and heat is therefore transported less e�ciently to higher levels. Comparing

these two fully stable simulations to the reference simulation mean in grey, we can see that

there is an initialization shock (the mentioned initial temperature drop) (Bretherton et al. 2022).

After this shock, the seasonal variation appears very similar in both magnitude and phase

to the reference simulations. The initial shock indicates the o�-set, that would have to be

addressed by tuning, or nudging as in Watt-Meyer et al. (2024), as described earlier.

As all ensemble members of con�guration 2 quickly diverge (as opposed to con�guration

1, which is stable for minimally 16.5 days) we conclude that our hypothesis, that the full

U-Net learned non-causal relationships, gains more support. However, the ablated U-Net

con�guration, does not guarantee stability when coupled globally.

To have a closer look at the dynamics we show the vertically integrated water vapor in

Figure 4.10. A reference simulation with the conventional cumulus convection scheme is shown

in the top row and the other rows are marked by their con�guration number as de�ned above.

For the coupled full U-Net applied at all latitudes/longitudes we can only see one snapshot

after six hours in Figure 4.10 because for the other dates the simulation has already diverged.

For the snapshots after 4 days of simulation the structures with the ML parameterizations

still look close to the reference simulation but there can already be seen some blurring e�ects

in the tropics, especially over the ocean (e.g., over the Paci�c). After a month of simulation

con�gurations 1, 3, and 4 lost most of the structure in the tropics and instead there is a

homogeneous high water vapor accumulation over these latitudes. This blurring e�ect is also

displayed in the zonal mean and standard deviation plots in the last column. Especially for the

ablated U-Net coupled globally (con�guration 1), the standard deviation in the extratropics is

very low. Furthermore, it is visible that for the ML coupled simulations, the mean water vapor

path has a �atter peak compared to the reference and for the coupled full U-Net, the water

vapor path has, additionally, a smaller magnitude in general. Note that for the ablated U-Net

coupled globally (con�guration 1), Figure 4.10 shows that the zonal mean water vapor path is

less than zero for very high latitudes. This demonstrates the ML models failure to extrapolate

to these latitudes, although, as most of the extratropical values still look reasonable and this

con�guration is stable compared to the full U-Net, this degree of extrapolation could also be

considered unanticipated.

The blurring problem is a very common one for data-driven atmospheric models and can be

related to the fact that ML models minimize a deterministic error and tend to predict some

mean state rather than, possibly a more realistic, extreme state (Rasp et al. 2023). While this

explanation cannot directly be transferred for the smoothing we see here, as we did not develop

a fully data-driven atmospheric model, the used ML models are also incentivized to predict

mean �uxes due to the used deterministic RMSE.

A similar e�ect has been observed by Kwa et al. (2023), by applying ML corrections to their

coarse GCM they observed a reduction in tropical variability of precipitation. Alternatively,

the existence of the observed blurring could be caused by the comparably low accuracy of

U-Net at lower levels (see Figure 4.4) or the U-Net's failure to represent convection over steep
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orography. Outside of the tropics, where the ML parameterization is not applied, there are still

some structures, e.g., atmospheric rivers, visible in the con�gurations 3 and 4.

As we said before, there are many challenges to coupling an o�ine trained parameterization

to a GCM and the results in Figure 4.10 show that, although many simulations run stably for a

long time, there is still much room to improve the ML algorithms. Nevertheless, we were able

to test the stability of our developed data-driven schemes. Both the ablated and the full U-Net

support stable simulations when coupled only inside tropical latitudes. However, coupling the

full U-Net, for which we hypothesized non-causal relations (see Figure A.4), leads to model

blow-ups rather quickly when coupled globally, outside the training domain.

4.3. Conclusions and Discussion

In order to develop an ML-based parameterization for convection we �rst �ltered, processed,

and coarse-grained data from high-resolution simulations with explicit convection. To separate

convection from other processes, we used a �ltering method for convective conditions. That

ensures that the ML models learn mostly convective �uxes. We then coarse-grained the

high-resolution data to the target resolution and calculated the subgrid �uxes of the needed

output quantities. The coarse-graining was performed without neglecting horizontal density

�uctuations since we used data from a model with terrain following coordinates and the

irreducible error increases if the model does not have the necessary input information. For

the vertical coarse-graining we had to neglect some columns from the data set with especially

steep orography. However, there are still many columns over heterogeneous terrain available

and most trained models are able to run stable online. Nevertheless, future work could target

including also these column and therefore pro�t from a orographically more diverse data set.

We found that the U-Net architecture is a very suitable machine learning model to parameter-

ize convective subgrid �uxes, which is naturally a multiscale process. The U-Net outperformed

other deep learning models by only a small margin judging by the ' 2 metric. However,

comparing the o�ine performance over a broad range of parameters, the error of the U-Net

was consistently lower than the error of MLP, CNN, and ResNet architectures (Figure 4.2), this

showed the structural advantage of the U-Net compared to the other models. A comparatively

lower ' 2 is achieved by most non-deep-learning models except for the Gradient Boosting Trees

model. The linear models show a higher performance compared to the random forest and extra

tree regression model. This could be related to the missing extrapolation capability of these

tree based models, the e�ective feature selection of these regularized linear models, or, possibly,

due to too heavy tuning to tropical convection. We will have to conduct more experiments

in future research to train and test these models globally. Based on our o�ine evaluation

we cannot claim that the tree-based models are not able to perform well online, therefore we

plan to explore the online performance of the tree-based models by coupling them to ICON

as well. The coupling of tree-based models to a GCM has been done successfully before by,

e.g., Yuval and O'Gorman (2020, 2023) (although, in idealized aquaplanet settings). The GBT
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model had a coe�cient of determination of ' 2 � 0•84compared to the U-Net with ' 2 � 0•90.

Nonetheless, in a direct comparison between GBT and U-Net, the best performing non-deep

learning and deep learning model, the U-Net had an advantage in almost all aspects. An

exception to this is shown in Figure 3.4 by the ' 2 value for a few levels for ice, snow, and cloud

water tracers. For snow and ice these exceptions occurred in the lower levels and for cloud

liquid water mainly in the higher ones, where the respective tracer species are rarely observed

/ have a very low concentration. This demonstrates the advantage of the lower complexity

tree-based method for sparse data or rather for regions where an interpolation based on few

relevant samples is needed. For the other levels and also for the predicted 2D �elds, such as

convective precipitation, we noticed a clear bene�t of using the U-Net architecture. We do

not claim exhaustiveness in the choice of ML models/NN architectures, the parameterization

could pro�t from the combination of speci�c architectures benchmarked here, such as ResNets

and CNNs, or other more advanced model such as recurrent NNs or Transformers (with the

height as time/sequence dimension).

While the U-Net shows a high skill in parameterizing multiscale convection, we did not

empirically test the multiscale representation of the NNs. Future research could target testing

these multiscale properties by e.g., ablating the most compressed layers and looking at the

decrease in accuracy for deep convection or testing the ability of the model to work on scaled

in/outputs. Furthermore, other modi�cations, like dilated convolutions (Yu and Koltun 2015),

could be tried to enhance the multiscale processing of the U-Net.

To get some insight into what the model exactly learned during training we applied the

SHAP framework and �rst calculated feature importances. These revealed that the U-Net

model focuses strongly on the precipitating tracer species rain and snow as input variables.

Here, the SHAP values exposed that the model learned non-causal relations between convective

subgrid �uxes and convective precipitation. This was also seen in the �gure showing the

weighted SHAP values (Figure A.4), as particularly the rain tracers showed heavy non-local

in�uences on subgrid �uxes for liquid/ice water static energy, rain, cloud liquid, and water

vapor tracers. For comparison, the weighted SHAP values for the MLP model can be seen

in Figure A.5. Similar non-causal connections to precipitating tracer species can be observed

in that �gure and, in fact, we found that for all deep learning models with a full input, the

precipitating tracer species show the highest (shap value-based) feature importance assignment.

As a result we performed the same analysis on an ablated model without water species. A

potential solution to be investigated in a future study would be to restrict the model to learn

causal relationships as in Iglesias-Suarez et al. (2024). Another approach to improve the

predictions of subgrid momentum �uxes speci�cally would be to model the degree of small

scale convective organization (Shamekh et al. 2023). For higher stability in coupled simulations

of the developed ML-based multi scale parameterization to a GCM it will be advantageous

to use a global training data set. Convectively active regions in the extratropics would be

especially important to include, e.g., regions where frontal systems and extratropical cyclones

are common, extratropical monsoon regions, or locations with marine stratocumulus clouds.
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Furthermore, it would be important that ML models learn the distributions corresponding to,

e.g., the arctic climates so that out-of-distribution predictions can be avoided in high latitudes.

By looking at the weighted SHAP values we found that the ablated version of the U-Net was

more physical and learned physically explainable connections between coarse-scale variables

and subgrid �uxes. For example, there were patterns indicating local upwards transport

of horizontal momentum and energy, moisture convergence, and the interaction between

wind shear and mesoscale convective systems. This strengthens trust in the model as it

can be expected to extrapolate better to data outside its training domain. However, many

interpretations of the weighted SHAP value matrices, besides some objective features like

locality, are rather subjective (e.g., mesocale convergence) and should be generally regarded

as one out of many tools to build up trust in the models. The weighted SHAP values for the

GBT model were not physically interpretable as they showed very scattered results and close

to no coherent patterns. We applied a di�erent explainer class to test the robustness of this

outcome and saw consistent results. To investigate this further, we did the same analysis for

the Random Forest as this model has been used in other studies before. Here, the weighted

SHAP values were similarly scattered as for the GBT model. This result shows that seemingly

well performing models (judging by e.g., ' 2) can in fact rely on non-causal correlations in

the data, achieving good results for the �wrong reasons�. Therefore, these models are most

likely not suited for the coupling to a GCM. The emergence of these non-causal relationships

and possible methods of prevention, besides ablation, should be investigated further in future

research.

In the section on online stability tests we coupled the ablated and full U-Net to the ICON

model and showed that, when coupled globally, the hypothesized non-causal connections

indeed lead to instability within a day for the full U-Net; as opposed to the ablated U-Net

which support stable simulations for minimally 16 days (and on average, 115 days). For

the ablated U-Net (and both U-Net parameterizations applied only in the tropics) we found

stable simulations for at least 180 days. By coupling the ablated U-Net to the ICON model,

we could show that the ML model is able to predict precipitation extremes more accurately

online (see Figure 4.8) in contrast to the conventional parameterization and the full U-Net.

The stable simulations are showing e.g., smoothing biases already after some weeks. Tracing

back the speci�c output variables responsible for this smoothing bias would be signi�cant to

understanding and minimizing this e�ect in future research. An approach using a stochastic

ML parameterization could mitigate the smoothing bias, possibly, related to the usage of

the RMSE mentioned in Section 4.2.3. However, we did not expect perfect results because

of distributional shifts between the training data set and the variable states of the coarse

simulation. Furthermore, as our process separation is not perfect and at least some momentum

�uxes from gravity waves will have an impact on the dynamics, we will do some further tests

in the future e.g., without a parameterization for non-orographic gravity wave drag. Another

possible approach for future research would be to build a combined parameterization for

convection and microphysics to more accurately represent their interaction and the in�uence

of convective updrafts on microphysics. For further improvement of the coupled model results
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it might be necessary to train the models on a global data set, use climate-invariant variables

(Beucler et al. 2024), or work on more physically constrained architectures (Beucler et al. 2023).

With more physically constrained and robust ML parameterizations, an extensive validation

against a range of climatic conditions to ensure that any improvements in parameterization

translate to more accurate climate representations would be necessary.

Our study leads to the conclusion that interpretability/explainability of ML algorithms is

important to investigate potentially non-physical mechanisms. Furthermore, we conclude

that the U-Net is the best choice of the examined model classes as it is very accurate, not too

complex, and its predictions can be explained physically after domain knowledge was applied

to ablate spurious correlations. This advantage over other ML-model classes likely comes from

the ability of the U-Net to capture multiscale phenomena like convection. In the future, we

will expand our work by training ML models on global high-resolution data for which we

ensure that input variables and �uxes are output after the dynamical core or respectively, after

parameterizations for processes which are neither resolved for the high-resolution simulation

nor the coarse scale, e.g., radiation. By doing this, we will avoid distributional shifts between

the coarse-grained data set and the coarse simulations.
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