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ABSTRACT

The increasing intersection of Machine Learning (ML) and Earth system modeling presents
both transformative opportunities and fundamental challenges. This dissertation examines
the integration of ML techniques across three critical fronts in climate and weather model-
ing: emulating physical parameterizations, coupling ML components into traditional general
circulation models, and probing dynamical responses in fully data-driven forecasting systems.

In the first part, we evaluate the skill of Random Forests (RFs) and Neural Network
(NN) emulators trained on a hierarchy of physics configurations within the Community
Atmosphere Model (CAM). The latter is the atmospheric component of the Community
Earth System Model from the National Center of Atmospheric Research. Results show
that while RFs can accurately reproduce tendencies and precipitation fields in simplified
settings, their performance degrades as complexity increases. We further demonstrate that by
incorporating domain knowledge through targeted feature selection, we can improve emulator
skill. This work underscores the importance of offline benchmarking and highlights the
limitations of tree-based methods in these highly nonlinear regimes, while maintaining skill
relative to simple NN benchmarks.

The second part transitions from offline evaluation to online deployment, embedding
both RF and NN emulators into CAM. This stage reveals practical challenges in real-time
ML-physics coupling, including NN instability in particularly active regions, RF memory
constraints, and interface incompatibilities between ML frameworks and CAM’s highly op-
timized Fortran infrastructure. These findings show that successful ML integration must
address a variety of both scientific and software engineering constraints.

The final project peers into the evaluation of next-generation Al-based weather forecast-
ing systems, focusing primarily on Google’s GraphCast model. We extend the tendency
reversion diagnostic framework to GraphCast’s 37-level model to assess dynamical responses
to perturbations such as tropical heating anomalies. Although architectural constraints may
limit full tendency reversion applicability, this work demonstrates how idealized dynamical
tests can be adapted for various data-driven forecasting systems, offering a complementary
perspective to traditional score-based metrics. In applying this framework, we also find that

the 37-level GraphCast exhibits substantially improved representation of expected wave re-

x1



sponses to our perturbed input compared to the 13-level operational version.

Together, these studies chart a path toward responsible development, deployment, and
diagnosis of ML-based Earth system models. They point to the need for architecture-aware
diagnostics, scalable coupling tools, and hybrid modeling paradigms that combine data-
driven flexibility with physical interpretability. As ML continues to reshape the modeling
landscape, this work argues for rigorous, domain-informed testing and integration strategies
that bridge modern computational approaches with the foundational principles of atmo-

spheric science.
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CHAPTER 1

Introduction

1.1 Understanding the Earth System

The Earth system is characterized by a series of interconnected processes that regulate the
planet’s atmospheric, geologic, hydrologic, and biologic phenomena [Flato, 2011]. Grasping
the intricacies of these interrelated aspects is crucial for projecting and preparing for fu-
ture scenarios, especially in the context of a changing climate. Extensive research has been
conducted on various components of the Earth system over many decades, yielding critical
insights into phenomena related to climate change. This includes understanding the green-
house effect and its repercussions on the stratospheric ozone layer, cryospheric changes, and
sea level rise, among other issues [Meehl et al., 2007].

Recent advances in technology have enhanced our capacity to simulate the Earth system,
allowing for more precise projections of these climatological impacts at multiple scales. An
Earth System Model (ESM), also commonly known as a climate model, strives to depict each
component of the Earth system and their interactions, thus producing an integrated depiction
of the Earth system. This typically involves the integration of models that encapsulate the
distinct processes of the Earth system, such as atmospheric and oceanic dynamics, alongside
terrestrial and hydrologic models, each commonly operating on their own unique temporal
and spatial scales. Although every element of the Earth system contributes to its overall
representation, the atmosphere is particularly critical due to its extensive interactions with
all other components. Consequently, accurate atmospheric modeling is imperative for the

development of a comprehensive ESM.

1.1.1 Weather versus Climate

To more thoroughly examine atmospheric modeling, it is imperative to distinguish between
the concepts of ‘weather’ and ‘climate,” which are often conflated in discussions surrounding

atmospheric science, particularly in terms of modeling and prediction. Weather represents



an instantaneous manifestation of atmospheric conditions at local-to-regional scales, char-
acterized by state variables such as temperature, wind speed, precipitation, and humidity.
However, weather is not merely a collection of these variables at a given moment; it also
reflects the evolving interplay of atmospheric dynamics that gives rise to transient patterns
and phenomena. This includes routine fluctuations and the development of significant me-
teorological events, such as thunderstorms, hurricanes, wildfires, hail, and various storm
systems, which emerge from complex interactions between atmospheric dynamics, moisture
availability, and large-scale circulation patterns.

In contrast to weather, climate denotes the long-term trends and conditions across the
Earth system. It encompasses not only the atmosphere but also interactions with the ocean,
cryosphere, and land surface, which become increasingly significant over longer timescales.
The traditional climatological period for the assessment spans thirty years, although this
standard has recently been subject to scrutiny as it is quite an arbitrary timescale [Meehl
et al., 2007]. What remains consistent is the recognition that the climate system is conceptu-
alized on a regional-to-global scale, as opposed to the local-to-regional emphasis of weather.
Thus, rather than representing an instantaneous state, the climate is understood through
sustained observations of atmospheric conditions and trends over extended time periods.

Climatological research is instrumental in identifying and analyzing multiple intercon-
nected indicators, commonly referred to as teleconnections, within Earth system data. These
large-scale climate patterns influence atmospheric variability over extended timescales and
regions, offering predictive insights into weather and climate dynamics. For instance, phe-
nomena such as the El Nifio Southern Oscillation (ENSO) and the Quasi-Biennial Oscil-
lation (QBO) illustrate the complex interplay of global climatic factors. Ma et al. [2023]
emphasize the nonlinear characteristics of these teleconnections, highlighting how Machine
Learning (ML) techniques can improve the detection and prediction of their influences on
regional climate variability. Such indicators are valuable for forecasting seasonal weather
patterns, as they modulate temperature, precipitation, and atmospheric circulation across
multiple regions. For example, Dai and Wigley [2000] demonstrate that a robust ENSO phase
can significantly alter precipitation patterns, particularly in the western United States, where
El Nino events are often associated with increased rainfall, while La Nina conditions tend
to promote drier conditions. By integrating advanced analytical techniques with climatolog-
ical research, these studies enhance our ability to predict and understand how global-scale

oscillations drive regional weather anomalies.



1.2 Climate Modeling and Weather Prediction

Vilhelm Bjerknes was the pioneer in positing the feasibility of forecasting weather by speci-
fying a series of non-linear partial differential equations, specifically the Navier-Stokes equa-
tions and state equations applicable to atmospheric processes [Bjerknes, 1904, Washington
and Parkinson, 2005, Platzman, 1967]. Subsequent to Bjerknes’ work, Lewis Fry Richard-
son endeavored to predict changes in atmospheric pressure at a single point. Despite the
inaccurate result, his approach laid the groundwork for contemporary climate modeling and
numerical weather prediction techniques. Moreover, Richardson’s practical application of
forecast computation is often acknowledged as a seminal contribution to the parallel comput-
ing framework, known as the message-passing interface (MPI), within the high-performance
computing domain.

In the mid-20th century, the advent of enhanced computational capabilities allowed for the
development of early climate and weather models by various research groups. The inaugural
regional weather prediction model was crafted by a team at the University of Stockholm
in 1954 [Persson, 2005]. Concurrently, Princeton researchers formulated and executed the
first General Circulation Model (GCM) simulations as well [Phillips, 1956]. This era marked
a significant milestone, endowing the scientific community with computational instruments
to interrogate meteorological and climatological queries. Within the succeeding decade, the
establishment of the National Center for Atmospheric Research (NCAR), in Boulder, CO,
USA, was witnessed, and the proliferation of weather and climate models ensued globally
across leading universities and research institutions.

Given the shared origins of weather and climate models in their fluid dynamics founda-
tions, it is important to reexamine their distinctions in the context of simulation. Distin-
guishing between weather prediction models and climate models can be predicated on the
nature of the system each strives to solve. Weather prediction models are formulated as
initial value problems, requiring input of the most accurate current weather conditions and
propagated forward in time by the model. Due to the chaotic nature of weather systems,
forecast accuracy decreases over time.

Climate models, in contrast, are less concerned with initial states, focusing instead on
replicating climatological statistics and atmospheric flow over extended time periods. Nu-
merically, climate simulation is akin to addressing a boundary value problem. An effective
climate model should maintain consistent climatology and a stable atmospheric representa-
tion throughout the simulated time frame, despite potential variations in initial conditions.
Commonly, climate models necessitate an initial ‘spin-up’ period to achieve their stable

atmospheric general circulation [Ma et al., 2021]. Discerning these differences is vital for



pinpointing areas of model enhancement that may benefit weather forecasting, climate pro-
jection, or both. The principal objective of this thesis is to explore the application and
refinement of an atmospheric GCM within the purview of climate simulation, rather than

weather prediction.

1.3 The Atmosphere: A System of Scales

The atmosphere represents a highly complex and chaotic system characterized by dynamic
behavior and intricate interconnections with various Earth system components. It encom-
passes numerous physical processes operating across diverse temporal and spatial scales. As
an illustrative example, consider atmospheric radiative transfer, primarily dictated by the
equilibrium between incoming solar radiation and outgoing radiation, which includes both
surface fluxes and reflected solar radiation. Surface emissions of greenhouse gases add to the
demonstration of the interactive linkages between atmospheric phenomena and the broader
Earth system.

Focusing on atmospheric composition, nitrogen and oxygen constitute over 99 percent of
atmospheric gas volume and do not directly influence radiative transfer. Conversely, trace
greenhouse gases, encompassing carbon dioxide, methane, and other relevant species, though
constituting less than one percent of the atmosphere, exert significant effects on the energy
balance due to their interactions with radiative processes [Petty, 2006]. In addition, mi-
nor constituents such as aerosols, including sea salt and soot, serve as cloud condensation
nuclei, facilitating cloud formation. Therefore, all of these particulates significantly impact
energy balance, as clouds are central to the modulation of radiative scattering and absorp-
tion. Moreover, cloud dynamics are integrally connected to atmospheric general circulation,
exhibiting development and transport patterns that span the globe.

Appreciating the multitude of scales and interrelations involved in representing solely
the radiative budget reveals the overarching complexity inherent to atmospheric and Earth
system modeling. From molecular-level abundances of greenhouse gases and aerosol particles,
to cloud formation and dynamics, and overall general circulation patterns, a myriad of
spatially extensive physical processes influence the radiative equilibrium and, consequently,
the atmospheric state.

Furthermore, extending this analytic approach to other facets of atmospheric dynamics,
such as the interplay between meridional temperature gradients and wind shear or other
circulation drivers associated with extreme weather events, uncovers a similarly intricate
web of physical interactions occurring across the various spatial and temporal scales. Thus,

comprehensive understanding of process-level impacts and significance across the spectrum



of scales is imperative for researchers to consider when modeling the atmospheric system.

1.3.1 Standard Model Configuration

A GCM comprises two primary components: the dynamical core, which performs geophys-
ical fluid dynamic calculations, and the physical parameterization schemes, which approxi-
mate subgrid-scale processes not explicitly resolved by the dynamical core [Washington and
Parkinson, 2005, Jacobson, 2005, Randall et al., 2007]. Standard methodologies typically
utilize a three-dimensional spherical grid as the foundational structure for solving the sys-
tem of fluid equations. Various numerical techniques, each with their own advantages and
limitations, may be employed for the dynamical core to simulate the geophysical flow of the
atmosphere.

This work does not engage deeply with dynamical core development; for an in-depth analy-
sis, the reader is referred to Washington and Parkinson [2005] and Jacobson [2005]. However,
a critical consideration in climate model design is the spatial resolution of the dynamical core.
Contemporary models often operate with a horizontal resolution of approximately 100 kilo-
meters and employ between 30 and 60 vertical levels. However, state-of-the-art models have
begun to reach resolutions nearing 3 km kilometers with up to 120 vertical levels [Brenowitz
and Bretherton, 2019]. Temporal resolutions in operational scenarios vary, contingent on
the horizontal resolution, computational resources, and the length of the simulation period
[Randall et al., 2007, Hourdin and Armengaud, 1999]. Even with these high-resolution con-
figurations, many atmospheric processes remain below the representational capacity of the
model grid. Therefore, the necessity for parameterization schemes to estimate the unresolved
physical processes becomes significant.

Reflecting upon the scale-dependent nature of atmospheric processes, parameterizations
aim to incorporate as broad a spectrum of physical interactions as possible. Typical processes
represented by these schemes include, but are not limited to, radiative transfer, convection,
cloud microphysics, and turbulence. Parameterized processes are essential to simulate the
climate system.

Moreover, the efficacy of climate models relies on the synchrony of these two components
functioning collectively within the coupled system, thereby facilitating comprehensive inves-
tigations into the atmospheric system. Nonetheless, parameterization schemes serve as a
primary source of model bias and uncertainty due to their heuristic construction and the di-
verse range of approaches employed across modeling platforms [Held and Suarez, 1994, Held,
2005, Stevens and Bony, 2013, Hourdin et al., 2017]. The complexity of such schemes and

the consequent variability in tunable parameters, generally calibrated against observational



data, add significant, yet quantifiable error to GCM simulations. The cumulative effects of
parameter tuning, along with the increased intricacy of additional coupled schemes, pose

considerable challenges as models advance in complexity.

1.3.2 Model Development Workflow

The development of climate models proceeds through a well-established process. This typ-
ically begins with deterministic evaluations of the dynamical core through benchmark tests
such as shallow-water test cases, which assess the horizontal and temporal discretization
strategies applied in fluid dynamics solvers [Williamson et al., 1992]. Subsequently, the scope
of testing broadens to encompass vertical discretization, either through two-dimensional
frameworks that include a vertical axis or comprehensive three-dimensional dynamical core
assessments. Specific examples of three-dimensional dynamical core tests include examina-
tions of a dry atmosphere to scrutinize discretizations across all fundamental dimensions,
and specialized dynamic tests such as the analytical initialization of tropical cyclone vortices
[Held and Suarez, 1994, Reed and Jablonowski, 2011].

Following these initial dynamical core tests, simplified physical parameterizations are
integrated to drive the model’s atmosphere towards or away from an equilibrium state,
fostering the development of quasi-realistic flow dynamics [Thatcher and Jablonowski, 2016].
This stage constitutes a significant portion of work presented in this dissertation, as it
enables incremental and transparent modifications to the complexity of parameterization
schemes. Proceeding from the ‘minimal physics’ frameworks, which offer various standard
scenarios and combinations for modeling environmental phenomena, researchers tend to
proceed to aquaplanet simulations [Neale and Hoskins, 2000]. These involve a comprehensive
GCM configured for an entirely ocean-covered Earth analogue, typically with an assigned
sea surface temperature distribution [Blackburn et al., 2013].

The final phase of advancement encompasses contemporary models, such as those partici-
pating in Atmospheric Model Intercomparison Projects and subsequently the Climate Model
Intercomparison Project (CMIP) runs, wherein the atmospheric component is coupled to
models of the other aspects of the Earth system for contributions to the Intergovernmental
Panel on Climate Change (IPCC) reports [Meehl et al., 2007]. Models at this stage integrate
advanced parameterization schemes at competitive resolutions and incorporating explicit
topography. They are also the models that are incorporated within comprehensive ESMs;,
where the atmospheric component works alongside ocean, terrestrial, cryospheric, and bio-
geochemical models, thus simulating the Earth system. In this document, the term ‘climate

model” will pertain exclusively to atmospheric GCMs, rather than ESMs, unless explicitly



stated otherwise in the context of the text.

1.4 Potential for Artificial Intelligence

In recent years, advancements in Artificial Intelligence (AI) and ML have garnered significant
interest, not only within our day-to-day life, but also throughout the scientific community.
The proliferation of ML applications across diverse disciplines and sectors has led to its rapid
adoption by researchers in atmospheric science. The integration of ML into this field has
been unsurprising, considering the extensive datasets produced by research in atmospheric
science, meteorology, and climate modeling and the fact that the efficacy of data-driven
techniques hinges on the availability of substantial and high-quality datasets.

ML, a prominent sub-discipline of Al, has demonstrated its potential to propel advance-
ments in various scientific arenas. Fundamentally, ML involves applying algorithmic strate-
gies to detect patterns and infer functional relationships from data. Consequently, ML
methodologies are increasingly being utilized in different branches of atmospheric science,
facilitating novel insights from the discipline’s expansive and evolving datasets, along with
other strategies to leverage the power of ML to advance our knowledge. Section 1.4.2 provides

a comprehensive exploration of the diverse applications of ML within this field.

1.4.1 Machine Learning

In the broad domain of ML, applications are typically classified into two primary categories:
supervised learning and unsupervised learning, as illustrated in Figure 1.1. Unsupervised
learning focuses on uncovering underlying patterns or structures within data without the
need for labeled output. Common tasks in this category include clustering, where the goal
is to group data points based on similarity. Clustering methods exemplify this by discerning
data groupings and patterns, potentially revealing associations that may elude conventional
analytical approaches [Tkotun et al., 2023]. For instance, clustering could categorize major
league baseball players by team affiliation or performance metrics, potentially reconstructing
team compositions from statistics alone. This highlights the potential of such algorithms to
unveil latent connections within datasets, possibly beyond the reach of traditional data anal-
ysis techniques. In contrast, supervised learning involves the identification of correlations or
functional relationships between labeled input-output pairs. This category encompasses two
principal types of tasks: classification and regression, with the latter being particularly rele-
vant for emulating physical parameterizations in atmospheric climate models, or predicting

the entire atmospheric state based on the previous.
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Figure 1.1: Diagram showing different types of common ML approaches.

Regression tasks in ML involve estimating a functional relationship between a dependent
variable (the output or target) and one or more independent variables (the inputs or features).
In ML terminology, these variables are often referred to as labels (dependent variables) and
features (independent variables), respectively. Mathematically, regression aims to identify a

function

§(X) ~ f(X) (1.1)
that approximates the relationship, where f ()Z' ) represents the desired target function and
X denotes the vector of input features. The objective of regression is to minimize the
discrepancy between the prediction of the model, Q(X ), and the true output, ¥ = f ()Z ),
from the data.

Modern ML techniques, such as Neural Networks (NNs) and Random Forests (RFs),
stand out for their ability to handle complex non-linear relationships, which makes them
particularly useful for non-linear regression tasks. In the context of physical parameteriza-
tions, a nonlinear regression model can be used to represent a physical tendency or forcing
function, which describes how the dependent variable (such as a physical tendency) depends
on the current state of the system (the independent variables, or state variables). Here,
the function f(Z) represents the physical tendency and the vector X consists of the state
variables that define the state of the system at a given time step. The trained ML model
Q()Z ), which is a learned approximation of the physical relationship, is then used to predict



the tendency based on the state variables at each time step.

Much of this work exploits the power of ML to engage with such nonlinear regression
challenges. For parameterization emulation, we consider labeled datasets encompassing state
variables from climate models (e.g., temperature, pressure, specific humidity) and the cor-
responding outputs from parameterization schemes (e.g., forcing tendencies, precipitation
rates). ML techniques can be applied to replicate or augment the functional relationships
between the parameterized outputs and the state inputs, which is particularly viable given
the inherently nonlinear nature of parameterization schemes. This dissertation focuses on
two principal nonlinear regression techniques derived from the ML field: RF and NN, elab-

orated upon further in the methodology section of Chapter 2.

1.4.1.1 Random Forests

A RF is an ensemble learning method widely used for both classification and regression tasks.
It combines multiple decision trees to improve predictive performance and robustness. As a
supervised ML algorithm, RF's utilize the power of bootstrap aggregating and random feature
selection to mitigate overfitting, reduce variance, and enhance prediction accuracy [Breiman,
1996]. Overfitting is the term used when your ML model performs well when applied to the
training data, but poorly we applied to unseen data. RFs have become particularly popular
due to its effectiveness, ease of use, and ability to handle complex datasets, even with high-
dimensional feature spaces.

Each decision tree within a RF is trained on a random subset of training data, sampled
with replacement. This introduces diversity among the trees in the forest, which helps to
reduce the overall variance of the model compared to a single decision tree. Each tree in
the forest makes an independent prediction, and the final output of the RF is determined
by aggregating the predictions from all trees.

For classification, the most common class predicted by the individual trees is selected as
the final class (majority voting). However, for regression the average of the predictions from
all trees is used as the final output. In addition to random sampling of data, RFs introduce
another layer of randomness during the training phase by selecting a random subset of
features at each split when constructing each decision tree. This prevents individual trees
from relying on the same features, which encourages diversity and further reduces the risk
of overfitting. Another advantage of RFs is that they cannot extrapolate their predictions
outside of the scope of the data they were trained with. This is beneficial in physical science
applications, as it avoids artifacts that might be inconsistent with underlying physics or
spurious error growth. For instance, an RF will inherently comply with the non-negative

property of precipitation, as it will not have encountered negative precipitation values during



training. This contrasts with techniques like NNs, which can struggle with extrapolation and
adherence to underlying physical constraints [Beucler et al., 2021].

Although RFs offer many advantages, they are not without limitations. While individual
decision trees are easy to interpret, the ensemble nature of RFs makes it difficult to visualize
the decision-making process of the entire model. This can hinder the interpretability, espe-
cially within the domains of physical sciences. RFs can also be computationally intensive,
particularly for large datasets with a high number of trees and deep branch structures, which
can result in longer training times and increased memory usage. While they are not immune
to challenges such as reduced interpretability and high computational cost, ongoing develop-
ments in ensemble methods and model explainability continue to extend their applicability
and usefulness in a wide range of fields, including the atmospheric sciences [O’Gorman and
Dwyer, 2018, Connelly and Gerber, 2024].

1.4.1.2 Neural Networks

NN are a class of computational models inspired by a simplified interpretation of the struc-
ture and way the human brain processes information, learning from data to perform tasks
such as classification, regression, and pattern recognition. The foundation of NNs lies in
their architecture, which consists of interconnected nodes or ‘neurons’ organized into lay-
ers. These layers process input data in a manner that allows the network to learn complex
mappings between inputs and outputs [Baldi, 2021, Reichstein et al., 2019].

A typical feed-forwardNN typically consists of three primary layers: Input Layer: The
input layer receives the raw data, such as images, numerical values, or text, and passes it
to the next layer for further processing. Hidden Layers: Hidden layers are composed of
neurons that perform mathematical transformations on the data received from the input
layer or previous hidden layers. The complexity of the network increases with the number of
hidden layers, enabling the model to capture intricate patterns in data. Output Layer: The
output layer generates the final prediction or decision based on the information processed
by the network. The neurons within each layer are connected by an associated weight that
determines the strength of the signal transferred between neurons. An essential component
of a NN is the activation function, which introduces non-linearity to the system. Without
it, a NN would behave like a linear regression model, limiting its ability to capture complex
patterns. The process of training a NN involves adjusting the weights of the network to
minimize an error between the predicted output and the actual target value. This is typically
done using an optimization algorithm such as gradient descent. The goal is to find the optimal
set of weights that minimize the loss function, which quantifies the error of the model.

There are a number of various types of NN used today. Feed-forward NNs are the simplest
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type, where information moves in one direction from input to output without cycles, loops, or
other specialized layers. Convolutional NNs (CNNs) are specialized for processing grid-like
data, such as images. They use convolutional layers to detect patterns (e.g., edges, textures)
and pooling layers to reduce dimensionality, making them highly efficient for tasks like
image classification and object detection. Another type of common network architecture is a
Recurrent NN (RNN), which has connections that loop back on themselves, allowing them to
maintain a memory of previous inputs. This makes RNNs particularly suited for sequential
data tasks, such as time series forecasting and natural language processing. Lastly, there
are Generative Adversarial Networks (GANSs), consisting of two networks: a generator that
creates synthetic data, and a discriminator that attempts to differentiate between real and
generated data. This adversarial training process enables GANs to generate high-quality
synthetic data. The NNs employed in most of this work are in reference to feed-forward
NNs, as one of the fundamental goals and question of these projects is whether simple
parametrization schemes can be emulated effectively with simple ML techniques.

Despite their successes, NNs face several challenges, including the need for large amounts
of data, computational resources, and the risk of overfitting; wherein a model learns to mem-
orize training data rather than generalize to new, unseen data. Regularization techniques,
such as dropout and weight decay, as well as advances in deep learning architectures like
transformers, are helping to address some of these challenges. Recent developments in NNs,
such as transfer learning and semi-supervised learning, allow for more efficient learning from
smaller datasets and better generalization across different domains, however these topics are
beyond the scope of this work [Choudhary et al., 2022]. These techniques are driving signifi-
cant advances in fields like computer vision, natural language processing, and reinforcement

learning.

1.4.1.3 Trustworthy and Explainable Al

Reproducibility, explainability, and trustworthiness are fundamental concerns in scientific
research. These issues are particularly accentuated within the domains of ML and Al, where
understanding and confidence in the methodology are essential to the integrity of the results.
The capability to replicate and trust findings transcends the methodologies utilized, be they
conventional or aided by ML,

ML approaches, which are commonly perceived as ‘black box’ models, often attract
scrutiny and skepticism regarding their reliability and the validity of their outputs. Al-
though these considerations are not the primary focus of this dissertation, it is pertinent to
acknowledge their importance. We direct the reader to comprehensive reviews on this topic

in the context of our field, such as Yang et al. [2024]. The work categorizes existing methods
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into two primary paradigms: post-hoc interpretability techniques, which explain pre-trained
models using approaches like perturbation-based, game theory-based, and gradient-based
attribution methods; and inherently interpretable models designed from the ground up us-
ing architectures such as tree ensembles and explainable NNs. The survey highlights how
these techniques offer insights into model predictions, uncovering novel meteorological rela-
tionships captured by ML. Additionally, the authors highlight challenges related to attain-
ing deeper mechanistic interpretations grounded in physical principles, such as establishing
standardized evaluation benchmarks, embedding interpretability within iterative model de-
velopment processes, and enabling explainability for large foundational models like Google’s
Neural GCM and GraphCast.

The ethical implications, as well as the credibility and explainability of AT and ML ap-
plications, are the subject of ongoing discourse among professionals and researchers. For
example, the works by Bostrom et al. [2024], McGovern et al. [2022], and Flora et al. [2024]
offer comprehensive narratives on the topic. Dialogue is advanced in Ebert-Uphoff and
Hilburn [2023] and Mamalakis et al. [2022].

To us, addressing the so-called ‘appropriateness’ of employing Al and ML in scientific
inquiry necessitates a reflection on the root of hesitation associated with their use. The
misinterpretation of scientific terminology can cause mistrust of established knowledge, a
challenge familiar in climate science discourse. Terms such as ‘bias’ and ‘uncertainty’ possess
precise, quantifiable meanings within their scientific and modeling contexts, yet they can be
misconstrued or misappropriated in broader, often politically influenced debates. Similarly,
unfamiliarity with Al and ML can lead to reluctance to trust the findings derived from these
technologies, even among scientists.

Ultimately, ML represents a tool at the disposal of the scientific community, with a
multitude of potential benefits across various research areas. Crucially, it is incumbent
upon researchers to discern the appropriate contexts for deploying ML and to commit to

transparency regarding the results being ethical, interpretable, reproducible, and credible.

1.4.2 Machine Learning and Atmospheric Science

As mentioned, ML has already proliferated throughout the field of atmospheric science.
McGovern et al. [2022] provides a comprehensive analysis of the motivations and limitations
associated with the deployment of ML in atmospheric sciences, emphasizing the critical need
to understand the circumstances under which ML can benefit specific scientific inquiries. The
integration of domain expertise into MLL development and the interpretation of its outputs is

also underlined as crucial. These concepts form the basis of the discussions here and shape
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the research presented in this dissertation.

Additionally, Barnes et al. [2019] advocate for increased collaboration between physical
scientists and data scientists to foster the most effective and tailored ML applications within
the field. Karpatne et al. [2019] further explore these challenges, highlighting the diversity of
geoscience datasets, their unique characteristics, and how their varying properties influence
the appropriate choice of ML approaches and architectures for specific research problems.

Throughout the past decade, ML has seen a proliferation of applications in geoscience.
This section outlines several key examples, with further instances and relevant studies dis-
cussed in subsequent chapters. Highlighting an application from the broader field of geo-
science, researchers at NCAR have employed probabilistic ML methods to approximate the
mixed layer depth of the oceans using satellite observations [Foster et al., 2021]. By also in-
corporating sea surface data derived from model simulations, the researchers have enhanced
their ML model’s performance, which has demonstrated competitive results in comparison
with other ML and conventional strategies. Such work exemplifies the potential of ML to ad-
vance geoscience research when scientific questions are approached with consideration of the
pertinent data’s availability, choice of ML techniques, and their applicability to the research

objectives.

1.4.2.1 Recent Applications of ML in Post-processing of Weather Forecasts and

Climate Projections

Weather forecasting is a prominent domain within the atmospheric sciences that has notably
integrated ML methodologies in recent decades. Early initiatives pioneering the use of ML
for real-time prediction of severe weather phenomena include the work of Lagerquist et al.
[2017] on forecasting convective wind events and Gagne et al. [2017] on predicting extreme
hail occurrences. Subsequent advancements were introduced by Lagerquist et al. [2019], who
employed deep learning techniques to detect synoptic-scale fronts that significantly influence
both daily weather and extreme weather patterns. More recent efforts have been directed
toward enhancing the operational, real-time delineation of these frontal boundaries [Justin
et al., 2023].

In addition to deep learning, other ML techniques have been applied to weather forecast-
ing. For instance, Loken et al. [2022] investigated the utility of RFs for predicting severe
weather hazards one day in advance. Their study is notable for comparing two distinct
methodologies and examining the relative benefits of using ensemble mean outcomes from
trained models versus individual model members for optimizing forecast accuracy.

A comprehensive review by McGovern et al. [2023] discusses the extensive range of ML ap-

plications in convective weather system forecasting. This review elaborates on the extensive
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body of research at the intersection of ML and meteorological forecasting.

Keller and Potthast [2024] introduced an innovative Al-based variational data assimila-
tion approach that integrates the data assimilation process directly into a NN. The method
leverages deep learning techniques to minimize the variational cost function, enabling data
assimilation without relying on pre-existing analysis datasets. Their proof-of-concept demon-
strated that their model can efficiently assimilate observations and produce accurate initial
conditions for numerical weather prediction, highlighting another example of the potential
for Al to enhance computational efficiency in weather forecasting systems.

Numerous studies have demonstrated the application of ML techniques to the post-
processing of climate and weather model outputs. Yorgun and Rood [2016], for instance,
utilized RFs to address biases resulting from the coupling of physical and dynamical pro-
cesses in climate models. In earlier work related to Loken et al. [2022], RFs were employed
to refine next-day precipitation ensemble forecasts [Loken et al., 2019].

Chapman et al. [2019] applied deep learning methods to identify and correct biases in
weather forecasting, particularly looking at atmospheric rivers. Watt-Meyer et al. [2021]
developed an RF-based approach to adjust parameterized tendencies in hindcast simulations
to align more closely with observational data. In another innovative use of ML, Bretherton
et al. [2022] trained algorithms to determine nudging tendencies that can improve physical
parameterization schemes in coarse-resolution model runs.

Another recent example of Al-based post processing is the work of Stachura et al. [2024]
with their tool aimed at improving the calibration of Numerical Weather Prediction (NWP)
outputs, specifically for near-surface air temperature forecasts. Their approach leverages
statistical and deep learning techniques to correct biases inherent in raw model outputs by
learning from historical forecast errors and observed weather data. Unlike traditional bias
correction methods, which often rely on linear regression or simple statistical adjustments,
their Al-driven approach dynamically adjusts forecast outputs based on complex, nonlinear
relationships between atmospheric variables. Their findings demonstrated that ML-based
post-processing significantly enhances forecast accuracy, particularly in extreme tempera-
ture scenarios where traditional models struggle. This work highlights the potential of Al in
refining operational weather forecasting by reducing systematic biases and improving prob-

abilistic forecast reliability.

1.4.2.2 Recent Applications of ML: Model Development and Augmentation

Addressing the concerns over model bias and uncertainty associated with parameterization
schemes is an extensive area of research at the intersection of ML and climate model devel-

opment. This is also the area aligned with the core subject of the research presented in this
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dissertation. While many foundational studies are detailed in the introduction to Chapter
2, we mention additional research here for a comprehensive look at the field.

Significant contributions in this field of emulation include the work by Rasp [2020], who
explored online learning methods with the aim of reducing biases and uncertainties in param-
eterization schemes using the Lorenz 96 framework [Lorenz, 1995]. Although their model
yielded encouraging results, they acknowledged limitations and expressed reservations re-
garding the generalizability of their approach, particularly in the context of a changing
climate. In contrast, Brenowitz and Bretherton [2019] successfully emulated moistening and
heating processes within a cloud-resolving model, utilizing a synergistic approach of coarse
graining and NN techniques. Subsequent studies by the same group focused on interpret-
ing and stabilizing an ML emulator for convection in the super-parameterized Community
Atmosphere Model (SP-CAM) [Brenowitz et al., 2020]. Yuval and O’Gorman [2023] further
advanced the field by using NNs to predict momentum fluxes tied to convective parame-
terization in climate models. These initiatives underscore the potential of ML emulation
in parameterization schemes, an area of active research that necessitates in-depth under-
standing of the interplay between the ML algorithms and climate model numerics, thereby
providing inspiration for the present thesis.

More recently, Heuer et al. [2024] developed ML models to improve the representation
of convective processes in the icosahedral non-hydrostatic (ICON) climate model. They
trained various ML algorithms, including U-Net architectures and Gradient Boosted Trees,
on data from high-resolution ICON simulations over the tropical Atlantic [Friedman, 2002,
Ronneberger et al., 2015]. A key finding was that while the U-Net demonstrated strong per-
formance in offline tests, it inadvertently learned non-causal relationships with precipitation,
leading to instability when integrated into the ICON model. By modifying the U-Net to ex-
clude these non-causal connections, the researchers achieved stable, long-term simulations
and improved predictions of precipitation extremes. This work underscores the importance
of interpretability in ML-based parameterizations and highlights the potential of tailored
ML models to enhance climate simulations. Additionally, Otness et al. [2023] explored a
data-driven multiscale modeling approach for subgrid parameterizations, utilizing NNs to
predict unresolved forcings across different scales. This highlighted the benefits of incorpo-
rating additional multiscale information to enhance prediction accuracy and generalization
in climate models.

Similarly, in the related domain of ocean modeling, there are a number of examples of
ML emulators being utilized. Ross et al. [2023] systematically evaluated ML models de-
signed to emulate subgrid-scale processes in an ocean model. Their findings highlighted that

while NN-based parameterizations improved upon low-resolution models, they often strug-
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gled to generalize to unseen oceanic conditions. To address this, the authors proposed a
novel equation-discovery approach combining linear regression and genetic programming, re-
sulting in a symbolic parameterization that demonstrated robust performance across diverse
scenarios. Zhang et al. [2023] implemented a machine-learned mesoscale eddy parameteriza-
tion into an ocean circulation model, demonstrating its ability to improve the representation
of subgrid processes. Their study assessed the generalization capabilities of the learned

parameterization and its impact on large-scale ocean dynamics.

1.4.2.3 Recent Applications of ML: Emulators for General Circulation Models
and Benchmark Data Sets

Recently, many groundbreaking developments at the intersection of ML and atmospheric
modeling have expanded well beyond enhancing and augmenting parameterization schemes.
Researchers affiliated with industry giants such as Google, Microsoft, and NVIDIA have
introduced advanced digital twin weather forecasting models such as FourCastNet [Kurth
et al., 2023], GraphCast [Lam et al., 2023], and Pangu-Weather [Bi et al., 2023]. These
models share common attributes, including the utilization of generative and transformer ar-
chitectures and training on reanalysis data, which is a product that blends numerical model
outputs with observational data to create a standardized, high-resolution global dataset of
atmospheric conditions spanning the past 80 years [Hersbach et al., 2020]. While reanal-
ysis datasets offer a valuable resource forAl-driven models, they are subject to inherent
uncertainties, particularly in extreme weather events and regional-scale predictions, where
observational coverage is sparse or inconsistent.

Rasp et al. [2020] introduced a foundational framework for benchmarking these kinds
of Al-driven weather forecasting models, providing a standardized dataset and evaluation
metrics to compare ML approaches with traditional numerical weather prediction (NWP)
models. WeatherBench utilizes reanalysis data from the European Centre for Medium-Range
Weather Forecasts (ECMWEF). In particular, the ECMWF Reanalysis version 5 (ERA5)
dataset offers global atmospheric variables at various pressure levels and surface conditions
[Hersbach et al., 2020]. ERA5 is the fifth-generation ECMWEF atmospheric reanalysis prod-
uct, combining model output with a wide range of observations to produce a globally com-
plete, physically consistent estimate of past weather and climate. It provides fields at hourly
temporal resolution and a native spatial grid at 0.25° resolution (roughly 31 km spacing)
for most variables, with vertical coverage up to 37 pressure levels. The framework sim-
plifies model evaluation by providing predefined metrics such as root mean square error
(RMSE) and anomaly correlation coefficient, ensuring consistency across studies. More re-

cently, WeatherBench 2 has expanded on this foundation by incorporating higher-resolution
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data, additional variables, and more comprehensive assessment tools tailored to extreme
weather events and data-driven downscaling tasks [Rasp et al., 2024]. By establishing a
common benchmark, WeatherBench has accelerated the development of ML-based forecast-
ing techniques, offering a clear path for comparing innovations and guiding the community
toward models that balance predictive accuracy with physical interpretability.

In addition to WeatherBench, other benchmarking frameworks have emerged to support
the development and evaluation of Al-driven weather and climate models, notably Artificial
Intelligence for Environmental Sciences (AI2ES) and ClimateBench. TheAI2ES initiative
focuses on applying ML techniques to improve environmental hazard prediction, such as se-
vere weather events and subseasonal-to-seasonal forecasting [McGovern et al., 2023]. AI2ES
emphasizes interdisciplinary collaboration, providing datasets and tools to help researchers
develop Al models that enhance the prediction of high-impact phenomena like tornadoes,
hurricanes, and extreme precipitation. By offering standardized datasets and evaluation pro-
tocols tailored to these extreme events, AI2ES bridges the gap between ML innovation and
operational forecasting, ensuring that new models meet the practical needs of meteorological
agencies and disaster response teams.

Meanwhile, ClimateBench addresses the distinct challenge of modeling long-term climate
dynamics. Developed as part of the Al for Climate Change Initiative, ClimateBench uses
data from the Coupled Model Intercomparison Project Phase 6 (CMIP6) to benchmark
ML models tasked with emulating complex climate processes [Watson-Parris et al., 2022].
The framework facilitates comparison between ML-based climate emulators and traditional
climate models, with a focus on simulating responses to anthropogenic forcing scenarios.
Importantly, ClimateBench highlights the role of Al in accelerating climate projections, en-
abling rapid exploration of future climate states under various emission pathways. Together,
AI2ES and ClimateBench complement WeatherBench and WeatherBench 2 by extending
the focus beyond short-term weather forecasting to encompass extreme weather events and
long-term climate modeling, providing a comprehensive landscape for benchmarking Al in
atmospheric sciences.

The work of Li et al. [2024] introduces the concept of using a generative ensemble fore-
casting approach that integrates Al with traditional NWP models. This method employs
generative models to create ensemble forecasts, enhancing the representation of uncertainty
in weather predictions. Unlike purely Al-driven models that rely on ML algorithms trained
on observational data, this approach synergizes Al techniques with established NWP frame-
works, leveraging the strengths of both to improve forecast accuracy and reliability.

Another interesting approach to global Al-driven modeling approaches is NeuralGCM that

represents a significant advancement in climate modeling by integrating ML techniques with
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traditional physics-based approaches [Kochkov et al., 2024]. This hybrid model combines a
differentiable atmospheric dynamical core with NN components to emulate small-scale pro-
cesses, aiming to enhance both accuracy and computational efficiency in weather and climate
simulations. In contrast to purely data-driven models like FourCastNet and Pangu-Weather,
which rely heavily on extensive reanalysis datasets, Neural GCM incorporates fundamental
physical principles directly into its architecture. This integration allows NeuralGCM to
maintain stability over extended simulations, accurately tracking climate metrics such as
global mean temperature over multiple decades [Kochkov et al., 2024].

While these kinds of models mark a paradigm shift in numerical weather prediction,
their practical applications still face open questions, particularly regarding their ability to
replicate key dynamical properties of the atmosphere. Efforts are ongoing to develop test
cases designed to assess the reliability and robustness of these Al-driven weather models.
We deployed these test cases within the framework of an Al-focused working group at the
2025 Dynamical Core Model Intercomparison Project (DCMIP), where various Al-driven
weather models were compared against each other. This work situates itself within a rapidly
evolving field that extends beyond industry, as government and academic institutions, such
as ECMWEF and NCAR, are also actively developing Al-driven weather models.

1.5 Overview of the Thesis

This dissertation explores machine learning approaches for Earth system modeling, grounded
in foundational scientific principles. It is structured around three core projects that explore
the integration and evaluation of ML within climate and weather modeling frameworks. The
first chapter, taken directly from our published manuscript Limon and Jablonowski [2023],
investigates the use of simple ML algorithms to emulate simplified physical processes in an
offline setup, providing insight into the relationship between complexity of parameterization
and the offline skill of ML emulators, focused primarily on RFs. The second chapter ad-
dresses the challenges of coupling such emulators, RFs and NNs, into CAM, the atmospheric
component of the Community Earth System Model (CESM). Here, we highlight key issues
related to stability, generalization, and physical consistency in online settings. The third
chapter shifts focus to the development and extension of dynamical tests for modern Al-
driven weather forecasting systems like GraphCast. In particular, it includes a preliminary
analysis of differences in dynamic responses in GraphCast’s 37-level model versus its 13-level
operational counterpart to an imposed tropical heating anomaly. Together, these studies aim
to advance the understanding of how ML tools can be robustly integrated into the physical

modeling of the climate system.
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CHAPTER 2

Probing the Skill of Random Forest
Emulators for Physical Parameterizations via

a Hierarchy of Simple CAM6 Configurations

Note for the reader: This chapter features a published manuscript with minor reformatting
to be featured in the thesis. The original published work comes from Limon and Jablonowski
[2023].

2.1 Introduction

In recent decades machine learning (ML) has become an intriguing tool for atmospheric
scientists. It provides the unique ability to bridge data science with the physical sciences
in order to improve our understanding of the Earth system [Reichstein et al., 2019, Bouk-
abara et al., 2021]. While ML is still a relatively novel approach to applications in climate
science, there is already an abundance of research utilizing these techniques. Some examples
include identifying mixed layer depths in the ocean via observations [Foster et al., 2021],
attributing model biases from physics-dynamics coupling in climate models [Yorgun and
Rood, 2016], improving severe hail predictions over the US high plains [Gagne et al., 2017],
post-processing bias corrections of weather forecasts [Chapman et al., 2019], and implement-
ing corrective schemes like ‘nudging’ physics tendencies via coarse-graining or hindcasting
[Bretherton et al., 2022, Watt-Meyer et al., 2021].

General Circulation Models (GCMs) are made up of a dynamical core, responsible for
the geophysical fluid flow calculations, and physical parameterization schemes. The lat-
ter estimate subgrid-scale processes that are generally not resolved by the dynamical core’s
computational grid. These processes include aspects of the Earth system such as radiation,
convection, turbulence, and microphysical processes, among others. They are a source of sig-

nificant bias and model uncertainty due to the heuristic nature of their development [Held,
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2005, Stevens and Bony, 2013, Hourdin et al., 2017]. Parameterization schemes can range
significantly in complexity, from simple forcing mechanisms that produce quasi-realistic and
stable atmospheric flow conditions, to state-of-the-art packages wherein the various unre-
solved processes work in conjunction with each other [Bogenschutz et al., 2013, Gettelman
and Morrison, 2015]. In this paper, we focus primarily on the former, wherein simplified
forcing mechanisms for wind, temperature, moisture, and precipitation are used to produce
quasi-realistic atmospheric flow.

Beginning with the work of Krasnopolsky and Fox-Rabinovitz [2006] applying neural net-
works (NN)s to climate and weather prediction model development, ML became an attractive
candidate for augmenting the subgrid-scale physics schemes within weather and climate mod-
els. In recent years, ML techniques have already been shown to be capable of replicating
parameterizations schemes to various degrees of effectiveness [Beucler et al., 2021, Yuval and
O’Gorman, 2020]. Specifically, Ukkonen [2022] was able to develop ML emulators for radia-
tive transfer processes, O’Gorman and Dwyer [2018] and Gentine et al. [2018] used random
forests (RF) and NNs to emulate moist convection processes, respectively, Gettelman et al.
[2021] utilized NNs to emulate a component in the micro-physics scheme within a GCM,
Chantry et al. [2021] developed a nonorographic gravity wave drag emulator, and Rasp et al.
[2018] and Brenowitz and Bretherton [2018] tackled a full physics emulator of cloud-resolving
and near-global aquaplanet simulations, respectively, via NNs. These are just a few examples
showing both the promise of ML emulation and some limitations, particularly in regards to
model stability and physical realism [Beucler et al., 2021, Yuval et al., 2021].

Our work is inspired by many of these recent studies into ML emulation for parameteriza-
tion schemes, with a focus on multiple simplified physics configurations within version 6 of the
Community Atmosphere Model (CAM6). CAMG6 is the atmospheric GCM within the Com-
munity Earth System Model (CESM) [Danabasoglu et al., 2020] framework, developed by
the National Center for Atmospheric Research (NCAR). In particular, we utilize a hierarchy
of three physical forcing setups of varying complexities. Each setup contains a well-defined
increase in non-linearity associated with its mathematical expressions. The parameterization
schemes begin with a dry model setup, described in Held and Suarez [1994] and referred to
as HS hereon. This is followed by a moist version of the HS scheme developed by Thatcher
and Jablonowski [2016], referred to as TJ. Lastly, a modified version of the T\J scheme is used
in which we couple a simple Betts-Miller (BM) convection scheme to the physics processes
[Betts and Miller, 1986, Frierson, 2007]. These three parameterization packages may also be
referred to throughout the papers as dry, moist, and convection, respectively. None of these
physics schemes include topography or seasonal and diurnal cycles.

The primary focus of this work utilizes RFs that are uniquely trained and tuned for
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each case, allowing for an investigation into the relationship between the degree of non-
linearity within the parameterization scheme and the corresponding effectiveness of the RF
to emulate the forcing. Probing the limits of an RF emulator in an offline mode with respect
to simplified parameterization schemes allows for a better understanding of an ideal baseline
for these methods in the pursuit of identifying areas in which they may be applicable. Of
course, NNs are an alternative ML technique that has effectively become the standard in this
field in recent years. It is useful to keep in mind that this work does not aim to find the ‘best
possible’ emulator for our simplified schemes, rather we ask more fundamental questions
about the dependence of the ML skill on the physical complexity of a parameterization.
This is why we chose RFs to be our main focus, as they are an adequate tool to address
this question and possess properties that are of interest to us as physical scientists. That
being said, we do provide results from baseline NN emulators for each case in the interest of
completeness.

In this work, we show that various physical forcing tendencies and precipitation rates
can be emulated by both the RF and NN models in an offline mode. We do not include
an online evaluation of our emulators. This is intentional as we strive to understand the
limits of the RF emulators and raise questions about the feasibility of RF's for use in more
complex parameterization schemes. In many cases, our ML models are shown to be highly
skilled, both from a statistical perspective and from direct comparisons. We begin with
an explanation of the three model configurations, our model run setup and data processing
steps, and a background discussion on ML techniques in section 2. This is followed by our

results and discussion in section 3 before culminating with concluding thoughts in section 4.

2.2 Methods

2.2.1 CAMSG6 Configurations
2.2.1.1 Dry Scheme

The dry CAM6 model configuration utilizes two physical forcing mechanisms as described in
HS. The dissipation of the horizontal wind is represented by Rayleigh friction at the lower
levels of the model (below 700 hPa) and thereby mimics the surface friction and the planetary
boundary layer (PBL) mixing of momentum. The Rayleigh friction is expressed as

Ovy,
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In addition, radiation is mimicked by a Newtonian temperature relaxation described by

(8T

E)Hs = —kr(¢,p) [T — Teq(#, p)]- (2:2)

Here, 0/0t represents a sub-grid physics tendency (forcing) of a variable over a physics time
step, p symbolizes the pressure, ¢ denotes the latitude, v}, is the horizontal velocity vector, T
stands for the temperature, T¢q is a pre-defined equilibrium temperature profile, and k, and
k7 are the dissipation and relaxation coefficients, respectively, with the inverse time unit s~
The details are provided in HS. These forcings are coupled to the dry dynamical core and
produce stable atmospheric fluid flow, triggering quasi-realistic processes such as Rossby
waves in the midlatitudes. This model configuration comes implemented within CAMG6’s

‘Simpler Models’ framework and is set with the ‘FHS94" compset choice.

2.2.1.2 Moist Scheme

The moist TJ physics scheme is similarly forced by Rayleigh friction and the Newtonian
temperature relaxation. However, the equilibrium temperature is now slightly different than
its HS variant and additional forcing mechanisms are used. These include large-scale con-
densation with its associated heating or cooling effects, surface fluxes of latent and sensible
heat, and a PBL mixing scheme for temperature and moisture via a second-order diffusion
mechanism. The PBL mixing and surface friction of momentum is kept identical to the
HS Rayleigh friction approach. All details of the TJ moist physics package are provided in
Thatcher and Jablonowski [2016]. To illustrate the enhanced complexity in comparison to

HS, the TJ temperature forcing now takes the form

<8T> - _kT(¢7p) [T - Teq(gbvp)} + £C’ + OH|27a|<Ts - Ta)

— = PBL Diffusi 2.3
5 ) s - - + iffusion  (2.3)

where j’eq is a modified equilibrium profile defined in TJ, L is the latent heat of vaporization,
C' is the large-scale condensation rate, ¢, is the specific heat at constant pressure, C is the
transfer coefficient for sensible heat, |v,| is the horizontal wind speed at the lowest model
level, Ty is the surface temperature, T, is the temperature of the lowest model level, and z,
is the height of the lowest model level. The latter five are needed for the computation of the
sensible heat flux at the surface. The details of the PBL temperature diffusion algorithm
are provided in TJ and Reed and Jablonowski [2012]. This model setup is also implemented
within the ‘Simpler Models’ framework in CAMG6 via the ‘FTJ16’ compset, which assumes an
ocean-covered lower boundary with a prescribed sea surface temperature and no topography.

The inclusion of moisture brings an additional forcing tendency for specific humidity,
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which is similarly impacted by the large-scale condensation rate, the latent heat flux at the

surface, and PBL diffusion

<@> =-—C+ Clta] (4set.s ~ ) + PBL diffusion (2.4)
ot/ T3 24

Here, ¢ refers to the specific humidity, C'g is the bulk transfer coefficient for water vapor,
sat,s 1s the saturation specific humidity at the surface, and g, is the specific humidity at the
lowest model level. Again, mathematical details of the PBL diffusion of ¢ are provided in
TJ and and Reed and Jablonowski [2012]. Additionally we chose to emulate the large-scale

precipitation rate which is modeled via the equation

1 Ps
P = / Cdp (2.5)
Pwaterd Dtop

where pyater 1S the density of water, g is gravity, ps, is the pressure at the model top, and

ps is the surface pressure.

2.2.1.3 Convection Scheme

The final step in our CAM6 model hierarchy couples the BM convection scheme to the
TJ setup [Betts and Miller, 1986, Betts, 1986, Frierson, 2007]. This configuration is not
built into the CAMG6 ‘Simpler Models’ framework and required some minor modifications
to the TJ setup. The simplified BM technique follows the description by Frierson [2007]
and we recommend this paper for a more complete description. To summarize, the resulting

tendencies with the addition of the BM convection scheme can be written as

(%)BM - _@ + (%)TJ (26)

<%>BM B _q _Tqref + (%)TJ (27)

where 7 is the convective relaxation time and 7T, and .t are reference temperature and

specific humidity profiles for the convection. Within our implementation, the BM scheme is
calculated first, before the rest of the TJ scheme.

The convection scheme utilizes regimes of precipitation due to warming, Pr, and precip-
itation due to drying, P,. In the regime of Pr > 0 and F, > 0, ‘convection’ is triggered.
Frierson [2007] described in detail how extra steps are taken with regards to the reference
profiles in order to ensure the conservation of enthalpy in the deep convection regime. The

author also describes three approaches to handling shallow convection. In our work we use
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the so-called “shallower” scheme, in which the reference temperature is further modified in
order to lower the depth at which shallow convection occurs. This is considered the simplest
technique within the BM scheme that allows for both deep and shallow convection to occur.

The BM convection scheme has a dependency on two coefficients: the relative humidity
threshold for the reference temperature profile (RHgy) and 7, the convective relaxation
time. In order to choose these values, we examined various profiles of a variety of fields
and compared them to fields from a CAM6 aquaplanet configuration [Williamson et al.,
2012, Medeiros et al., 2016]. Details on the aquaplanet model setup and how it was used to
identify our choices of RHgy and 7 can be found in the Supporting Information Text S1.
The aquaplanet configuration acts as a loose reference for these choices as it is a widely used
model configuration in which the planet’s surface is covered by an ocean. This allows for
surface-ocean interactions to become an integral component of the underlying physics. It
is useful for exploring many aspects of geophysical fluid flow in a controlled model setting.

The chosen values were 7 = 4 hr and RHgy = 0.7.

2.2.2 Machine Learning

Broadly speaking, there are two categories of ML applications: supervised and unsuper-
vised learning. Unsupervised learning encompasses tasks that attempt to identify general
patterns in data, for example, clustering algorithms. Supervised learning strives to identify
correlations or functional relationships between a labeled input and output. There are two
primary tasks that can be done with supervised learning: classification and regression; the
latter is applicable to emulating physical parameterizations. Regression is the process of
estimating a functional relationship between a dependent variable (the predictant), referred
to as the label or output, and one or more independent variables, referred to as features or
input variables when using ML terminology. With this framework in mind, we can think of

—

regression as the process of identifying the function §(X) such that
9(X) ~ f(X) (2.8)

where f(X) is the function we seck to identify and X is the vector of input variables (fea-
tures).

What separates modern machine learning techniques like NNs, support vector machines,
and RFs are their applications to nonlinear systems, providing methods for nonlinear re-
gression tasks. In its simplest form, a physical parameterization is a nonlinear function that
describes a tendency or precipitation rate (dependent variable) given the (independent) state

variables. In the analogy to Equation 8, the tendency would be f while the state variables
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make up the vector X and our trained ML model will be §(X).

We primarily focus on RFs to emulate the parameterization schemes, but we also include a
brief investigation into simple NNs as well for comparison. An RF is an ensemble of decision
trees, which can themselves be considered an ML technique. Decision trees identify thresh-
olds among a branch network, forming a structure of conditional operations that produce a
prediction [Breiman, 1996]. Random forests are commonly used in classification applications
of ML, but have been shown to be effective for nonlinear regression tasks in atmospheric
science as well [O’Gorman and Dwyer, 2018]. Various trees in the forest are initialized at
random and are then trained along side each other. The final result is an ensemble average
of the results from all trees in the forest. Neural networks are another approach we use to
show the effectiveness of ML techniques to emulate these processes. Neural networks are the
baseline approach to the field of deep learning, in which densely connected layers of ‘neurons’
are linked via an activation function that is able to map nonlinear functions between the
labeled input and output. The field of deep learning is vast and has been undergoing rapid
advancements within Earth system science, but for the purposes of this work, we just focus
on the case of standard feed forward NNs [Baldi, 2021, Reichstein et al., 2019].

When applicable, RF approaches are of interest due to both its relative simplicity as an ap-
plication of non-linear regression, its interpretability, along with inherently preserving some
underlying physical properties of our predicted fields. Since each individual tree produces an
output that is within the scope of the training data, their average is also inherently within
the scope of the data. This means that RFs cannot extrapolate to a prediction outside of the
range established by their training data. In the context of using ML techniques for physical
science applications, this is a welcome property because it can avoid potential artifacts that
could be inconsistent with the physics at play. For example, an RF will inherently adhere to
the non-negative property of precipitation, as it will have never encountered negative precip-
itation in its training data. This is in contrast to techniques such as NNs, which historically
have difficulty with extrapolation and adhering to underlying physical constraints [Beucler
et al., 2021].

We developed a streamlined workflow from data generation to training, testing, and anal-
ysis by utilizing CAMG6’s built-in ‘Simpler Models’ physics framework along with the Python
libraries Xarray, scikit-learn, and Keras [Hoyer and Hamman, 2017, Pedregosa et al., 2011,
Chollet, 2017]. Xarray allows for straightforward data manipulations of NetCDF data, scikit-
learn is a well-maintained ML library that includes user-friendly RF implementations for
Python, and Keras is a Python library that provides and approachable interface for the

Tensorflow deep learning framework.
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2.2.3 Model Setup and Data Preparation

The simple model configurations allow us to generate large quantities of model output to
train our machine learning models. Working with CAMG6, we utilize its Finite Volume (FV)
dynamical core [Lin, 2004] with 30 pressure-based vertical levels and a model top at roughly
2.2 hPa. The exact placement of the model levels is specified in Reed and Jablonowski
[2012] (see their Appendix B). The model is run for 60 years with a latitude-longitude
grid of resolution 1.9° x 2.5° - simply referred to as 2-degree resolution and corresponds to
roughly 200 km grid spacing. We output data for state variables, including temperature,
surface pressure, specific humidity, and the diagnostic quantity relative humidity, once every
week of the simulation just before the prognostic states are updated by the physics package.
Additionally, we output the tendencies due to the physical parameterization package after
they are updated with the same output frequency. This is an important modification since
by default both the state variables and physical tendencies are output after the physics
update. We chose to output once per week in order to avoid close correlations between the
time snapshots. Strong correlations are present in data snapshots that are only separated
by short time intervals, such as a day. This allows for our data to include a larger range of
the functional space, while avoiding redundancies within the scope of the training data. It
should be reiterated that our configurations do not include a diurnal or seasonal cycle, which
allows us to be able to take weekly output without risking an incomplete representation of
the functional space. For more complicated systems, care would need to be taken in choosing
output intervals that effectively sample the functional space.

Here, we define the input fields for our ML models to be the state variables used by
the underlying schemes, such as temperature and pressure. Similarly, the output fields
are the resulting tendency or precipitation rate being predicted. For preprocessing, we
focus primarily on the shape of the data, input choices, and the distribution of the data
between training and testing. The state variables and tendencies, using temperature (7) as

an example, are generally output from the model in the shape
T(Ntimea Nlew Nlat; Nlon)

where Nime, Niev Niat, and Ny, correspond to the number of temporal snapshots, vertical
levels, latitudes, and longitudes, respectively. Some variables are surface fields, such as
the precipitation rates, and correspond to N, = 1. Due to the nature of the physical

parameterizations being column-wise implementations in the atmospheric model, we carry
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this over as our feature/label dimension. This means our number of samples becomes
Nsamples = Ntime X Nlat X Nlon
The number of features becomes

Nfeatures = Nlev X Ninput fields

where ‘input fields’ include temperature, specific humidity, relative humidity, and pressure,

among others. The number of labels becomes

Nlabels = Nlev X Noutput fields — Nlev

where Noutput sielas = 1 for all cases in this work since we train a unique RF for each predicted
tendency or precipitation rate. This was a conscious decision that allows for a robust inves-
tigation into the effectiveness of RFs for these emulation tasks as the functional form slowly
increases in complexity within our hierarchy. This is in contrast to other similar efforts, such
as Rasp et al. [2018] and Yuval and O’Gorman [2020], wherein a single ML model is trained
to predict all fields of interest.

Finally, we partition the data into training and testing subsets. The training data comes
from the first 50 years of the 60-year model run. We choose a selection of roughly 15-20
million samples (grid columns), which represents the majority of the available data from the
50 years for training. This number depends primarily on the complexity of the chosen RF
parameters, the size and shape of the variable, and our computational wallclock limit for
training of roughly 24 hours. This wallclock limit is determined by NCAR’s data analysis
platform ‘Casper’ used for this work. Furthermore, the physical characteristics of the CAMG6
data impact the ML input data. For example, the moisture tendency is zero above roughly
250 hPa. This means that the six model levels between 250 hPa and the model top can be
omitted from the process, resulting in significantly fewer data to be processed. Likewise, the
precipitation rate is a surface field, which leads to significantly reduced computational cost
for training since Nipels = Niev = 1. This allows us to use closer to Ngamples ~ 20 million
for RF emulators, which is just below the upper limit of our generated data. In contrast,
the moist and convective temperature tendencies use 15 million samples. The discrepancy
between these two cases is a result of the size and complexity of each individually-optimized
RF. The number of samples used in training for each case is included in Tables S1 to S8 in
the Supporting Information.

The testing data are used to quantify the ability of our RF configurations to emulate
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Figure 2.1: Snapshots of the predicted temperature tendencies near 850 hPa for the (top)
dry, (middle) moist, and (bottom) convective cases: (left) CAM6 output, (middle column)
RF predictions, (right) NN predictions. The magnitude of the extremes in (c), (d), and (e)
is around 50 — 60 K /day and close to 20 K/day in (f), (g) and (h), but were left out in order
to avoid over-saturating the contours.

the parameterization. The testing data were not available during the hyperparameter opti-
mization process or training and come from the final six years of the 60-year CAM6 model
run. The time gap between the training and testing data is built into our framework in
order to avoid potentially correlated signals between time samples. The chosen 4-year gap
is generous, and shorter multi-months gap periods could also be sufficient. It is important
to evaluate model performance on data that the ML models have not seen while training in
order to ensure that the emulators do not show signs of overfitting. Overfitting in ML occurs
when the ML model has been trained well on the subset of data that it has seen, but is unable
to generalize to a new set of data from the same source. Lastly, the ML algorithms need to
have their hyperparameters tuned in order to obtain an optimized RF architecture for the
problem. This is an important part of the ML workflow, albeit less important for RFs rela-
tive to other ML approaches, and we utilized the SHERPA hyperparameterization library to
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accomplish it in the case of our RFs [Hertel et al., 2020]. Our NN hyperparameters were cho-
sen based on tuning choices made in Beucler et al. [2021], which led to very skillful emulators
for our work. We note here that all NNs use the same architecture/hyperparamter choices,
meaning that while each case is uniquely trained, they are not uniquely tuned, whereas each
RF is both uniquely trained and tuned and can be interpreted as our ‘best case’ RF for
each emulated field. We also incorporated a unitary invariance transform for our NN input,
combined with a simple min/max scaler for our output fields. Further details about the
process of hyperparameter tuning and the final choices of the selected hyperparameters can
be found in Tables A1l to A9 in the Appendix.

2.3 Results & Discussion

2.3.1 Snapshots & Mean Fields
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Figure 2.2: Snapshots of the predicted specific humidity tendencies near 850 hPa for the (top)
moist and (bottom) convective cases: (left) CAM6 output, (middle column) RF predictions,
and (right) NN predictions. The minima in (a), (b), and (c¢) are around —20 g/kg/day, but
were left out in order to avoid over-saturating the contours.

Figures 2.1 and 2.2 show horizontal snapshots of the instantaneous CAM6 output, the RF
predictions, and the NN predictions for the temperature and moisture tendencies, respec-
tively. From top to bottom, the figures show each of the three physics schemes: dry (Figure
2.1 only), moist, and convection. We chose a snapshot from a randomly chosen time step at

the model level closest to 850 hPa. The snapshots in Figures 2.1 and 2.2 show how effective
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ML methods can be at emulating simple parameterization schemes in climate models for any
given time step. These temporal snapshots allow us to appreciate the agreement between the
CAM output and the ML predictions, while still being able to identify areas and magnitudes
of discrepancy. They also show how at a given time step, the ML prediction can reproduce
the flow properties associated with baroclinic waves in the midlatitudes. This is apparent in
the heating tendencies along the frontal zones, as well as decreasing moisture levels in these

areas, corresponding to precipitation bands. As an aside, we aim at displaying the results
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Figure 2.3: Zonal-mean time-mean temperature tendency output from CAM6 and the ML
anomalies over the full testing data set. Ordered by dry (top), moist (middle), and convection
(bottom) cases; left column is CAM6 output, middle column is RF difference, and right
column is NN differences. The maxima in (d), (e), and (g) are around 0.12, 0.32, and 0.07
K/day, respectively, while the minimum in (h) is around —0.19 K/day. These were left out
in order to avoid over-saturating the contours.

with consistent color schemes and, whenever possible, similar scales on the color bars. In
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some instances this makes it infeasible to capture the true min/max range or to utilize the
same scales for various plots within a given panel. For these cases, we note the maxima

and/or minima in the captions for completeness.
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Figure 2.4: Zonal-mean time-mean moisture tendencies over the full testing data set for the
(top) moist and (bottom) convective cases: (left) CAM6 output, (middle column) RF ML
predictions, (right) their differences. The minimum in (a) is around —3.6 g/kg/day and the
maximum in (c) is around 0.46 g/kg/day, but were left out in order to avoid over-saturating
the contours.

Figures 2.3 and 2.4 show zonally and temporally averaged temperature and specific hu-
midity tendencies over the testing period of the final six years from the CAM6 physics, along
with the RF and NN anomalies in the mean fields. The differences calculated in all plots are
truth (CAM) subtracted from the ML predictions, meaning that positive and negative values
correspond to over- and underestimations by the ML scheme, respectively. The magnitude
of the RF differences (middle column) is insignificant relative to the tendencies for all three
cases, which is especially true for the dry configuration as seen in Figure 2.3b. It is also worth
noting that the NN predictions show an order-of-magnitude increase in relevant range on
the mean anomalies over the RF predictions in Figures 2.3 and 2.4. The NN predictions in
both moist tendencies (Figures 2.3e & 2.4c) show large regions of relatively large magnitude
differences in the tropical regions, something that is not apparent for the corresponding RF
results. Furthermore, there are symmetric error patterns in the RF case in Figures 2.3d and

2.3g, showing peaks near the equator and the poles, as well as large overshooting regions
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in the midlatitude upper atmosphere, tapering off towards the poles and lower atmosphere.
This pattern also seems to be amplified in the convection case with regard to the spatial ex-
tent and magnitude of the error pattern. Aside from the largest differences occurring closer
to the equatorial region near the surface, the RF specific humidity difference plots in Figures
2.4b,d do not show the same discernible pattern.
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Figure 2.5: Zonal-mean time-mean precipitation rates of CAM6 (blue), RF prediction (red),
and NN prediction (green) over the full testing data set for the (top) large-scale precipitation
(Equation 2.5) and (bottom) convective precipitation; (left) moist case, (right) convective
case.

Figure 2.5 displays the same averaged field for the precipitation rates. The CAM6 output
(blue) and both of the ML predictions (green and red) overlay each other almost perfectly.
The top row shows the large-scale precipitation rate and the bottom row the convective
precipitation rate, while the left column corresponds to the moist case and the right to the
convection case. The precipitation rate patterns mirror the same physical characteristics
that are displayed in the time snapshots in Figures 2.1 and 2.2 and, even more pronounced,
in the climatologies in Figures 2.3 and 2.4. For example, the temperature frontal zones
and their moisture tendencies in the midlatitudes lead to heating bands around 40°N and

40°S in Figures 2.3c and 2.3f. These regions correspond to the large-scale midlatitudinal
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precipitation peaks in Figures 2.5a 2.5b. In addition, the intense precipitation regions near
the equator (moist case) and the tropics-subtropics (convection case) are emulated well by
the RF's as displayed in Figures 2.5a and 2.5c. These precipitation patterns are correlated
with the intense tropical and subtropical heating peaks in Figures 2.3c,f and the negative
moisture tendencies in Figures 2.4a,d.

The minor differences between the ML predictions and the CAMG6 output in the snapshot
figures (Figures 2.1,2.2) somewhat mirror minor artifacts that could arise through other
common numerical changes to a GCM, such as dynamical core grid choices or diffusion
settings. Further, when we incorporate the zonal-mean time-means in Figures 2.3, 2.4, and
2.5 these subtle discrepancies disappear, as we would expect. We also begin to see a hint
that as we increase the complexity of the schemes, the RF’s skill begins to decrease. As
noted before, the similar temperature tendency error pattern in Figure 2.3d for the moist
case is significantly more pronounced for the convection case in Figure 2.3g. This effect is
not as apparent in the RF specific humidity error patterns in Figures 2.4b and 2.4e.

In Figure 2.5, the emulated precipitation rates are even less distinguishable in the mean
fields. The various peaks in the zonal-mean time-mean plots in Figure 2.5 align closely with
the areas of ‘drying’ in Figure 2.4. This is in particular true for the equatorial region in
both cases, dominant in the moist case, as well as in the midlatitudes in the convection case.
We also notice that there is not a noticeable difference in performance between the moist
and convection cases’ large-scale precipitation emulator in this metric. This is due to the
fact that by adding the BM convection scheme to the moist physics, we do not impact the
calculation of the large-scale precipitation. Instead, the resulting large-scale precipitation
rate in the convection case is impacted only by the fact that the convection scheme, which
is called first, has already removed a significant amount of moisture from the atmosphere.
Therefore the overall amount of precipitation that accumulates from the large-scale scheme
is less and more concentrated in the regions that did not meet the criteria for convection as
described in the BM scheme. Mathematically, the large-scale precipitation scheme has not

changed and we can see that the RF maintains its skill across the two schemes.

2.3.2 Point-wise Comparison

Next, we show one-to-one scatter plots of the results from CAM and the RF emulator in
Figures 2.6 and 2.7. They depict the temperature and specific humidity tendencies at the
model level closest to 850 hPa, and the precipitation rates, respectively. This is a metric that
allows for an effective visualization of the spread of the predictions. If the emulator were

to produce the exact results as the CAM model, the points on these plots would follow the
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Figure 2.6: Scatter plots for RF predicted values (y-axis) against CAM6 output (x-axis) for
all horizontal grid points near 850 hPa over the testing data for (a) moist-case temperature
tendency, (b) convection-case temperature tendency, (c¢) moist-case moisture tendency, and
(d) convection-case moisture tendency.

one-to-one line y = x, shown in black. One-to-one scatter plots have been shown in related
papers, such as O’Gorman and Dwyer [2018], Rasp et al. [2018], and Han et al. [2020] for
various metrics and fields. Figure 2.6 contains the temperature tendencies in the top row and
the moisture in the bottom row for both the moist case (left column) and convection case
(right column). Figure 2.7 shows the scatter plots for each precipitation rate, oriented in
the same configuration as Figure 2.5. Each scatter plot also contains the y = x (one-to-one)
line (solid black) along with least squares linear fits for RF (blue dashed) and NN (orange
dashed). The least squares fit is calculated via the Python library NumPy and is used here
to illustrate how closely the predictions align with, or deviate from, the y = z line. An
additional scatter plot is shown for the moist specific humidity case in Figure 2.8, which is

identical to Figure 2.6¢ but with the NN results (y-axis) shown on the scatter plot rather
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Figure 2.7: Scatter plots for RF predicted values (y-axis) against CAM6 output (x-axis) for
all horizontal grid points near 850 hPa over the testing data for the (a) moist-case large-scale
precipitation rate, (b) convection-case large-scale precipitation rate, and (c¢) convection-case
convective precipitation rate.

than the RF results. We show this for completeness and as an example of how the spread
in the distribution is improved when using NNs rather than RFs, something that is also
depicted in each plot’s least squares fits for the level near 850 hPa. Across all cases the NN
least squares fit at 850 hPa is closer aligned to the y = x line. It is worth noting that had
this analysis been for a level closer to 500 hPa, the spread in Figure 2.8 is more significant,
as we see more frequent anomalies in these model levels near the equator as shown in Figure
2.4.

We also include a panel of histograms in Figures 2.9 and 2.10 corresponding to the same
case orientation as Figures 2.6 and 2.7, respectively. In the histograms N denotes the total
number of test data points at the model level closest to 850 hPa or the surface (precipitation

rates). These are plotted on a log-scale in order to better visualize the histograms, since the
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Figure 2.8: Scatter plot for NN predicted values (y-axis) against CAM6 output (x-axis) for
all horizontal grid points near 850 hPa over the testing data for moist-case moisture tendency

data are saturated around the central bin (minimal error), corresponding to the y = x lines
in the scatter plots. The histograms were inspired by the findings in Han et al. [2020] and
help to illustrate how our scatter plots are dominated by points that fall along the y = x line.
Taking into account the difference between the displayed metrics and model configurations,
our results with the one-to-one scatter plots show highly skillful ML emulators, in line with,
if not superior to, what is reported in the literature for similar work.

For both of the large-scale precipitation rate emulators in Figures 2.7a,b, the y = x
and least-squares fit lines overlap almost completely with the one-to-one line. The plot of
the convective precipitation rate 2.7c shows the most visual spread among the precipitation
rate scatter plots. Along these same lines, both tendencies in Figures 2.6 and 2.9 display
significantly more spread in the convection case over the moist case. This again shows
that the enhanced complexity and nonlinearity of the convection process challenges the RF
emulation and allows enhanced spread and biases as displayed by the scatter plots in Figures
2.6b,d and 2.7c. In addition, the specific humidity histogram in Figure 2.9d clearly indicates
that the magnitude of the outliers increases in the convection case in comparison to the
moist case (2.9¢). The distribution gets wider in the convection case. However, all of the
histograms in Figures 2.9 and 2.10 also highlight that the overwhelming majority of the
point-wise differences fall within the first few bins close to the zero center point. The black
dashed lines convey the percentage of instances contained within them. Each case indicates
at least 95% of the data within the black dashed lines, and in some cases over 97%, as
indicated in the legends. This shows that while outliers occur, they are extremely rare. We
cannot judge from this study whether these rare occurrences will have a significant impact

on emulator performance if coupled to a climate model in an online mode. However, this is
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Figure 2.9: Histograms of the point-wise difference (RF - CAM6) for the temperature (top)
and specific humidity (bottom) tendencies, corresponding to the scatter plots in Figure 2.6
on a log scale using 100 bins. Percentage of data contained within the black dashed lines are
indicated in individual legends.

an aspect will need to be assessed in the future. The plots that show a deviation in the fit
from the y = x line appear to have a slight bias to underestimate the extreme precipitation.
This is due to the inability for an RF to predict a value that is not within the range of its
training data set, as discussed in Section 2.2.2 and is a significantly rare, albeit expected,

occurrence.
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Figure 2.10: Histograms of the point-wise difference (RF - CAMG6) for the precipitation rates
corresponding to the scatter plots in Figure 2.7 on a log scale using 100 bins. Percentage of
data contained within the black dashed lines are indicated in individual legends.

2.3.3 R? Investigation

Another performance metric is the coefficient of determination, or, R?. We calculate R?

contours over the time and zonal dimensions, given by the formula

B SO CAM(E, 5y, A) — ML(E, 5, )2

R(:) =1 S S [CAM(E, 5,5, A) — CAM(;, )2

(2.9)

where A is the longitudinal dimension, the numerator is referred to as the residual sum
of squares and the denominator is the variance of the CAM6 output. The average in the
calculation, indicated by CAM, is a zonal-mean time-mean over the testing data set. R?
can simply be understood as a measurement of how well a regression model has learned

the functional relationship between the input and the predicted output based on the true
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output. The closer to one, the better the R* It should be noted here that the R? can
take negative values whenever the errors in the predictions are larger than the variance
in the original data. In general, this may be interpreted as a model that cannot identify,
or has not ‘learned’, the functional relationships at play. This approach was inspired by
Figure 1 and 7 in O’Gorman and Dwyer [2018], wherein the author shows a panel of R?
contours for temperature tendencies for various training scenarios also using RF's to emulate

the tendencies.

Pressure (hPa)

Pressure (hPa)
Pressure (hPa)

Pressure (hPa)
Pressure (hPa)

90S 60S 308 0 30N 60N 90N

Figure 2.11: R? calculations over the zonal and temporal dimensions for RF emulators of
(a) dry temperature tendency, (b) moist temperature tendency, (c¢) convection temperature
tendency, (d) moist moisture tendency, and (e) convection moisture tendency via Equation
2.9.

We display a panel of R? plots for all of our tendencies in Figures 2.11 and 2.12 and
precipitation rates in Figure 2.13. All of the predicted fields and tendencies show large
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Figure 2.12: R? calculations over the zonal and temporal dimensions for NN emulators of
(a) moist temperature tendency, (b) convection temperature tendency, (¢) moist moisture
tendency, and (d) convection moisture tendency via Equation 2.9.

regions of highly skilled emulators with at least B2 > 0.7. Our trained emulators show skill
in line with various other examples of similar published work. Examples are O’Gorman and
Dwyer [2018] and Yuval and O’Gorman [2020] who investigated RF emulators for physical
parameterizations via idealized aquaplanet model configurations. While the work in this
paper is not meant to be a direct comparison to their findings due to the differences in
the atmospheric model designs and RF emulation strategies, it is worth highlighting the
similarities of the R? patterns.

The R? panels in Figures 2.11, 2.12 and 2.13 reveal a wide variety of aspects. For exam-
ple, as we increase the complexity of our system, the RF’s global effectiveness decreases with
regards to the R? skill. Excluding Figure 2.11a, from left-to-right we increase in complexity
from the moist case to the convection case, and in doing so we notice the impact on the R?
skill globally. In Figure 2.11c there are broader regions of R? < 0.5 in the upper atmosphere
than in Figure 2.11b. Similarly, two pockets of R? ~ 0.3 form around the tropics in Figure
2.11e, which were not nearly as pronounced in Figure 2.11d with R? > 0.7 in these regions.
This region is associated with tropical convection as shown in Figure 2.5¢ and also is present

in the dips in R? for convective precipitation (blue lines) in Figure 2.13. For all precipitation
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Figure 2.13: R? calculations over the zonal and temporal dimensions via Equation 2.9 for
ML predictions of moist large-scale precipitation (red), convection large-scale precipitation
(green), and convection convective precipitation (blue); NN results are dashed lines, RF
results are solid.

cases, we see slight dips in R? in the regions where the majority of the convection occurs,
primarily within the tropics or near-tropics. This dipping is most pronounced for the convec-
tive precipitation scheme, that accounts for the majority of this region’s precipitation and
is inherently more complex than the large-scale precipitation scheme. For the moist large
scale precipitation (red lines in Figure 2.13), we see almost-overlapping performance around
an R? = 0.99. In the convection case, there is shown to be more variability between the RF
and NN approaches. For the large scale precipitation (green), the RF appears to be more
skillful, consistently around R? = 0.99, than the NN, which shows a relatively significant dip
in the tropics. The opposite is shown for the convective precipitation, where in there is the
most significant dip in performance across all cases for the RF. The NN, however, remains
more skilful across the entire domain, even with its own tropical dip in performance. That
being said, across both cases and ML emulators, the precipitation results in Figure 2.13 are
impressive when compared with R? values from the physics tendency results (Figures 2.11 &
2.12). This is likely due both to the fact that these are surface fields, as well as their having
less complex mathematical representations.

Figure 2.12 shows the R? panel with regards to our NN emulators, which show a noticeable
increase in skill over the RF in almost every case. This is not particularly surprising, since

NNs are known to be a more robust ML technique versus RFs. We note here that there

41



is some evidence of the NNs also noticeably decreasing in skillfulness as we increase in
complexity from the moist case to the convection case, however we recall the earlier discussion
on the fact that our NNs were not uniquely tuned for each case. It is possible that further
turning of hyperparameters/NN architecture might bring the convection results in line with
the moist results.

We also note that the R? calculation can be an unreliable metric in regimes where there is
minimal activity. This occurs in the white regime of Figures 2.11a,c,d,e. In these regions the
variance in the denominator and the sum of squares in the numerator (see Equation 2.9) are
both functionally zero. However, they are still seen as floating point numbers of extremely

small order and Equation 2.9 can lead to various misleading results such as

2 107° 7
or
10~
RQ(:,:)zl—ﬁz —1=0 (2.11)

For the dry case in Figure 2.11a, this occurs in the tropics in the mid-atmosphere. Similarly,
this occurs in the upper atmosphere for the moisture tendencies in Figures 2.11d and 2.11e.
In the dry case there is, on average, very little heating or cooling in the mid-to-upper tropics.
Similarly, the moist and convection cases experience very little temperature and moisture
forcing at the upper levels as also displayed by the climatologies in Figures 2.3 and 2.4.
However, due to the nature of floating point numbers the R? calculation identifies these
regimes as areas of poor skill. This is an example of a weakness in R? as a metric of
regression skill, rather than a reflection of a weakness in the ML model for these particular

cases.

2.3.4 Skill Variation

Various aspects of the ML training process impact the skill of our emulators. A common
example of this is the idea of feature importance. Feature importance is the investigation
into the relative importance of various input parameters for the skillfulness of an ML model.
In order to maximize the training and inference performance of emulators, it is important
to only include useful predictors into our feature set. We know what input fields are used to
calculate the parametrizations that we emulate, as discussed in section 2.2.1. These tend to
include, for example, the temperature, pressure, latitude, and surface heat fluxes. One input
field that we investigate more closely is relative humidity (RH). Since RH is not an explicit

variable used in calculating the physics tendencies and precipitation rates, would including
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it improve performance? Figure 2.14 shows the R* comparison of explicitly including the
RH (left) and not including it (right). This assessment uses identical RF setups, trained
independently, for the moist specific humidity tendency. The RF shows skill without the
inclusion of the RH field. However, it is significantly improved upon with the inclusion of

the RH.

R2 (w/ RH) da/dt

200
400 400

600 600

Pressure (hPa)
Pressure (hPa)

800 800

Figure 2.14: Comparison of R? plot - as defined in Figure 2.11 - (a) with and (b) without
relative humidity as a feature for RF prediction of the moisture tendency for the moist case.
Figure 2.14a reproduces Figure 2.11d.

From a pure data science perspective, it may not be apparent that the RH field will
improve the performance since it is not an explicit variable used in the functional form of
the parameterization. From the atmospheric science perspective, this is to be expected since
relative humidity is an important indicator of changing moisture levels in the atmosphere. It
is also an indicator of supersaturation (RH>100%) in the large-scale precipitation algorithm.
The large-scale condensation rate C' is only computed in supersaturated regions and then
enters the computation of both the temperature and specific humidity tendencies. It thereby
acts as a guide for the RF algorithm whether additional forcing mechanisms are present.
This illustrates the importance of physical knowledge and intuition when designing ML
algorithms.

We also assessed the dependence of the RF emulator on the number of training data. This
is displayed in Figure 2.15 which shows the RF skill (as measured by the global-mean R?
value) versus the number of samples (in millions). As we discussed before, our models use
around 15 to 20 million training samples which is outlined in more detail in the Supporting
Information Tables S1 to S8. When decreasing the number of samples we see a decrease

in skill in Figure 2.15, as expected. It is also worth noting that the rate at which the skill
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Figure 2.15: Globally-averaged R? value (y-axis) for RF prediction of the tendencies in the
moist and convection cases as the number of data available for training is increased (lines),
as well as when RH is removed as an input (crosses) using the maximum amount of training
data. Note: to avoid saturation by large negative numbers (discussed in Section 2.3.3), these
global R? values are calculated from the surface up to roughly 175 hPa.

decreases with respect to the number of samples appears fairly consistent across the various
tendencies. In addition, there is an upward jump in the emulation skill when the sample size
changes from 10° to 10%. Figure 2.15 also includes the globally averaged R? values for selected
RF emulators that do not include RH as a predictor. These are marked by the colored crosses.
Similar to Figure 2.14, this shows that the emulators lose a significant amount of skill when
RH is omitted. Furthermore, the skill of the convection case is always lower than the skill
of the moist case without convection. This is true for both the temperature and moisture

tendencies and does not depend on the number of samples or the inclusion/omission of RH.

2.4 Concluding Thoughts & Applications to Future
Work

Individual RF's are configured and trained, along with baseline NNs, to emulate temperature

tendencies, specific humidity tendencies, as well as large-scale precipitation and convective
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precipitation rates. These tendencies are generated by physical parameterization packages
that are based on three ‘simple physics’ model configurations within NCAR’s CAMG6 frame-
work. The simple physics configurations are built upon one another and form a model
hierarchy with increasing complexity. The hierarchy includes a dry case, a moist case, and
the moist case with an added simplified convection scheme. Each CAM6 configuration gener-
ated training and test data for the ML emulators and were collected over a 60-year simulation
period. In addition, the SHERPA hyperparameter optimization tool was used to optimize
each RF configuration. This allowed us to create robust RF emulators in order to probe the
characteristics of their skills in an offline configuration. The central question was whether,
and how much, ML skill is lost when the complexity of the emulated physical processes is
increased.

All of our emulators showed significant skill when tested on the test data over the final
six years of the model output. Our RF emulators showed results at least as skillful as other
similar examples within the literature, while in many cases outperforming similar work.
However, in a majority of cases our climate model configurations were less complex than
the examples from the literature. Therefore, direct comparisons are not possible. There are
disadvantages to using RFs over other nonlinear regression techniques, like deep learning
methods, such as their computational inefficiency, particularly when being ran on graphical
processing units (GPU), as well as large memory requirements. This work demonstrated
that RFs can be skillful for the prediction of averages but tend to struggle when faced with
extremes. Additionally, deep learning methods are known to be more robust and extendable
for complex systems. This was apparent in our exploration of a baseline NN emulator for
comparison (Figure 2.12) and is an intriguing property since climate modeling includes highly
complex physical processes. This demands scalable and computationally efficient approaches
to ML emulators.

Our study suggests that there are likely limitations when using RF emulators for physical
parameterizations, even within our highly simplified hierarchy of configurations. Clear de-
creases in the RF skill were exposed as the complexity of the physics scheme was increased,
particularly in the case of whole-atmosphere tendency fields (d7'/dt & dq/dt) when compared
to the baseline NN results. In the case of precipitation, however, the skill was in line with
the NN approach. This raises interesting insights into when we can take advantage of the
useful properties of RFs in the pursuit of data-driven improvements to modeling the Earth
system. Balancing the trade-offs between physical realism, computational efficiency, and
model complexity must inform the choice of ML technique, especially when looking forward
towards state-of-the-art weather or climate model. Random forests are unlikely to remain as

skillful as shown here for more complex physics packages. Our next step will be to couple the
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emulators to the CAM6 implementation and analyze how they perform in an online mode.
A particular interest will be whether the rare, yet present, outliers impact the stability of the
coupled model, as well as the degree to which the computational demand of the ML models
impact the CAM6 performance. This will continue to shed light on the question of where

RFs may fit into the future of data science-augmented climate and weather models.
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CHAPTER 3

Evaluating the Online Coupling of Machine
Learning Emulators for Simple Physical

Parameterizations in CAMG6

3.1 Introduction

The integration of Machine Learning (ML) techniques into climate modeling has gained
significant attention in recent years, particularly in the context of improving the efficiency
and accuracy of climate simulations (Boukabara et al., 2021; Reichstein et al., 2019). One
promising application is the use of ML-based emulators to replace traditional physical param-
eterization schemes within climate models. These parameterizations represent subgrid-scale
processes, such as cloud formation, turbulence, and convection, that are crucial for simulat-
ing climate but are computationally expensive and often uncertain due to limited resolution.
Using ML models to emulate these processes has the potential to be computationally more
efficient, while maintaining the accuracy of the simulations.

However, the online coupling of ML emulators to complex climate models presents a series
of significant challenges. First, the accuracy and reliability of ML models are inherently
tied to the quality and quantity of training data. Climate models often operate in highly
non-linear and chaotic environments, making it difficult to generate sufficient training data
that are representative of the wide range of conditions encountered in long-term climate
simulations. Moreover, ML emulators must be able to generalize well to unseen conditions,
a task complicated by the complex and uncertain nature of many physical processes.

Second, integrating ML emulators with existing climate models introduces computational
and operational challenges. Climate models, especially flagship models, are highly integrated
computational systems, making them challenging to modify or interface with. Introducing
an ML-based emulator as a replacement for traditional parameterizations can introduce

additional complexity in terms of model architecture, library linking, memory management,
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and maintenance. Ensuring that these emulators perform efficiently within the context of the
larger model, without causing excessive computational overhead or introducing instability,
is a critical concern. Since ML models, despite often showing high skill in offline emulation
[Limon and Jablonowski, 2023], frequently experience instabilities and reduced performance
when coupled to the dynamical core [Beucler et al., 2021, Yuval and O’Gorman, 2020].

Furthermore, the interpretability and transparency of ML models remain a significant
challenge when applied to scientific domains such as climate modeling. Although ML models
may provide more accurate results in some cases, their “black-box” nature makes it difficult
to understand the underlying mechanisms and to verify their physical plausibility. This lack
of transparency complicates their validation, particularly when it comes to ensuring that the
models respect the fundamental principles of physics and climate dynamics.

Lastly, the transferability of ML emulators across different climate models, regions, and
timescales adds another layer of complexity. An ML model trained on a particular climate
model or a specific geographic region may not perform well when applied to a different climate
model configuration or new atmospheric conditions. The generalization of ML emulators
across these variations is desired for a widespread implementation in global climate modeling.
The two most common findings are that it is a nontrivial process to couple ML models to
atmospheric models and that once coupled performance can degrade and stability becomes a
concern. For example, Beucler et al. [2021] notes the lack of NNs, in particular, to maintain
physical constraints such as mass, energy, and radiation, as well as their inability to generalize
beyond the configurations in which they were trained on.

On the contrary, Yuval et al. [2021] showed that for momentum flux transport emula-
tions, the ML results were promising. The authors showed that momentum fluxes were
conserved with the NN emulated parameterizations, and that the coupled system gives sta-
ble simulations. However, it is noted that while the emulator is skillful, it is not as effective
at predicting the momentum flux as it is for the tendencies, such as temperature and mois-
ture. Their results remain promising as they note improvements when implemented in coarse
simulations, reducing biases and maintaining a stable simulation of the atmosphere.

Recent work by Connelly and Gerber [2024] explored random and boosted forests to em-
ulate parameterizations of atmospheric gravity wave momentum transport. They evaluated
the performance of these models both offline and online in an atmospheric model, compar-
ing them to a neural network (NN) benchmark. The results indicated that boosted forests
performed comparably to NNs, while random forests (RFs) showed lower accuracy, which
was a similar finding featured in Chapter 2 and Limon and Jablonowski [2023]. Notably, the
boosted forest model demonstrated stable coupling with the atmospheric model and exhib-

ited reduced biases in control climate simulations compared to the NN. Furthermore, both
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the boosted forest and NN successfully captured key stratospheric variability modes, such as
the Quasi-Biennial Oscillation and Sudden Stratospheric Warmings, across various carbon
dioxide emissions scenarios.

Despite these challenges, the potential benefits of incorporating ML-based parameteriza-
tions in climate models are considerable. The ability to significantly reduce computational
costs, improve the resolution of simulations, and improve the understanding of complex
climate processes provides a compelling incentive to continue exploring these approaches.

In this chapter, we extend our offline studies from the preceding chapter. Focusing on
addressing fundamental questions regarding the feasibility of using simple ML for simplified
parameterization emulation within a flagship climate model. Hence, the feasibility of this
endeavor is determined by factors such as the ease of building and training the ML model,
its offline performance, how easily the ML model can be integrated with the climate model,

and the online skill degradation when the hybrid coupled model is used.

3.2 Methods

3.2.1 CESM and CAM Setup

Analogous to chapter 2, our research is conducted within the framework of the Community
Atmosphere Model’s (CAM) simple physics packages. CAM constitutes the atmospheric
component of the Community Earth System Model (CESM), which is the preeminent Earth
system model established at NCAR.

CAM offers an extensive array of physics schemes, each tailored for specific scientific
inquiries. Among these is the category known as ‘simple physics’ packages, predominantly
utilized as numerical test cases during the model development phase. These packages are
particularly suited for foundational investigations into the application of ML to emulate
aspects of CAM, providing an opportunity to utilize a hierarchy of parameterization schemes.

Our aim is to emulate the physical tendencies from the Thatcher-Jablonowski (TJ) pa-
rameterization scheme and to couple these into CAM [Thatcher and Jablonowski, 2016].
The TJ scheme is designed as a moisture-inclusive variant of the arid dynamical core test
case developed by Held and Suarez [1994] (referred to here as [HS]). In the TJ scheme, the
model’s wind patterns are subject to Rayleigh friction in the lower troposphere, serving as an
analogue for terrestrial friction and the mixing of momentum attributable to the Planetary

Boundary Layer (PBL). The Rayleigh friction is formalized as follows:

vy,
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where v, symbolizes the horizontal wind vector and k, is the Rayleigh friction coeffi-
cient that depends on the pressure, p. In addition, radiation is mimicked by a Newtonian
temperature relaxation, along with terms associated with heating and cooling via large-scale
condensation, latent and sensible heat fluxes, and a PBL mixing scheme for temperature and
moisture via a second-order diffusion mechanism. Further details of the TJ moist physics
package are provided in Thatcher and Jablonowski [2016]. This culminates in the TJ tem-

perature forcing taking the form

(2. = ko) T~ e + 2 ClBlTe =T

e . - + PBL Diffusion  (3.2)

Here, 0/0t represents a sub-grid physics tendency (forcing) of a variable over a physics
time step, ¢ denotes the latitude, ¥, is the same horizontal velocity vector as equation 3.1,
T stands for the temperature, Ty, is a pre-defined equilibrium temperature profile, kr is the
dissipation coefficient, with the inverse time unit s=!, L is the latent heat of vaporization,
C' is the large-scale condensation rate, ¢, is the specific heat at constant pressure, C is the
transfer coefficient for sensible heat, |v;,| is the horizontal wind speed at the lowest model
level, Ty is the surface temperature, T, is the temperature of the lowest model level, and z,
is the height of the lowest model level. The latter five are needed for the computation of the
sensible heat flux at the surface. The details of the PBL temperature diffusion algorithm
are provided in Thatcher and Jablonowski [2016] and Reed and Jablonowski [2012].

We also account for specific humidity forcing, which is similarly impacted by these physical

processes. The forcing takes the form

aq o CElﬁaquat,s - Qa)
(5¢)w=—C+ .

where ¢ refers to the specific humidity, C'g is the bulk transfer coefficient for water vapor,

+ PBL diffusion (3.3)

sat s 1s the saturation specific humidity at the surface, and g, is the specific humidity at the
lowest model level, as outlined in Thatcher and Jablonowski [2016].

For this project, we utilize a similar model setup as Chapter 2, in that we run the finite-
volume dynamical core in CAMG6 at the same 2-degree resolution for the TJ setup for 60
years with tendency and state variables output every five days. We use the first 50 years of
the simulation to train our ML models, this also includes validation data (subsampled from
the training data), then a brief gap of four years, with the testing data being the final six
years of simulation. When coupling our ML models, we run the model starting from the end
of the 60-year initial simulation, aiming for a six month simulation with the ML forcings. In

the case of coupled models, this simulation period varies across testing domains, as issues
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with memory management and model stability arose. various results will be explained and

discussed in further detail across Section 3.3.

3.2.2 Machine Learning and Coupling Techniques

As discussed in Chapter 2, our approach to emulating simplified atmospheric parameteri-
zation schemes involves the use of both RFs and NNs. NNs offer the advantage of greater
computational efficiency, enabling faster simulations, whereas RFs more robustly maintain
the physical realism within their training data. In this chapter, we shift focus to the various
coupling techniques we tested within CAM, which are critical for integrating ML models into
the existing framework.

Additionally, we made one significant change to how we configure our ML emulators. In
Section 2.2.3, we discuss how we configured our emulators for uniquely each tendency for
each case. We still utilize the same input features for our emulators, temperature, pressure,
moisture, relative humidity, and latent and sensible heat fluxes. In this work, however, we
chose to train a single ML emulator (one RF and one NN) to predict both the temperature
and moisture tendencies together. We did this by stacking both our input features (state
variables) and output labels (tendency fields) in the model’s "level” dimension. Essentially, as
described in section 2.2.3, our Noytputficias = 2 here, for using both tendencies. This allowed
for a more seamless implementation of our emulators into the CAM model. The only major
change we made to hyperparameters was to reduce the parameter ‘max_depth’ to 24 for our
RF's. This parameter significantly impacts the disk size of our trained RF's. The choice of 24
was our best attempt at balancing the trade-off between RF skill and RF size, since reading
in these large files into memory within CAM is a significant concern in this work. While
offline skill is not discussed here in depth, it is inherently showcased in section 3.3.1 when
the ML results are ran in CAM’s Fortran code, while not actively forcing the model’s physics
(see section 3.3). The chosen hyperparameters for our RFs and NNs used in this chapter are

show in Tables 3.1 and 3.2, respectively.

Table 3.1: Random Forest Hyperparameters

RF Option Choice

Input Variables T, p, q, RELHUM, LHFLX, SHFLX
Number of Samples 2 Million

Number of Trees 36

Max Depth 24

Min Samples Split 12

Min Samples Leaf 12
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Table 3.2: Neural Netork Setup/Hyperparameters

NN Option Choice

Input Variables T, p, ¢, RELHUM, LHFLX, SHFLX
Number of Samples 12.8 Million

Number of Layers 10

Nodes per Layer 512

Hidden Layer Activation ReLU

Output Layer Activation tanh (sigmoid for precip)
Loss Function MSE

Batch Size 256

Epochs 10

Optimizer Adam (learningRate= 0.0001)

Initial efforts to couple ML models into CESM revealed significant limitations with both
our attempts at direct integration of RFs and with the use of a deep learning-specific Fortran
library, Neural-Fortran [Curcic, 2019]. Directly embedding RFs via NetCDF export led
to persistent issues with memory management, grid incompatibility, and array indexing
mismatches between Python and Fortran. Alternatively, the Neural-Fortran library, while
promising for NNs, lacked support for our RF models and posed substantial challenges
during integration with CESM due to complex linking and compilation requirements. These
technical and logistical barriers ultimately led us to seek more flexible and maintainable

coupling strategies.

3.2.2.1 Possible Alternative Approaches

Several other tools have emerged to facilitate this integration, including the call-py-fort
library, the Fortran-Keras-Bridge (FKB), and the Open Neural Network Exchange (ONNX).
These libraries attempt to enable seamless interoperability between Fortran and Python,
allowing researchers to leverage ML techniques into legacy models. The call-py-fort library
provides an interface for calling Python functions directly from Fortran [Brenowitz]. This
approach is particularly useful for integrating ML-based parameterization schemes, as it
allows Fortran-based climate models to interact with Python-trained models in real-time.
By leveraging interprocess communication (IPC) techniques and shared memory, call-py-
fort appears to minimize data transfer overhead. This suggests efficient execution even when
invoking complex deep learning models.

Similarly, the FKB enables Fortran programs to interface with NNs trained using Keras
and TensorFlow [Ott et al., 2020]. FKB allows Fortran simulations to call pre-trained NNs

during runtime, facilitating hybrid modeling approaches where ML corrects biases or en-
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hances subgrid-scale processes without fully replacing physics-based parameterizations. FKB
is limited in its scope as it is specifically implemented to work within the Keras framework
and is also no longer maintained as a supported product.

ONNX is an open-source format designed to facilitate interoperability between ML frame-
works, allowing models trained in PyTorch, TensorFlow, Keras, and other ML libraries to
be efficiently deployed across various environments, including those integrated with Fortran-
based numerical models [Bai et al., 2019]. ONNX enables ML models to be converted into
a standardized, optimized format that can be executed with high-performance runtimes
such as ONNX Runtime (ORT'), which provides accelerated inference on CPUs, GPUs, and
specialized hardware. This capability is particularly useful for integrating ML-driven pa-
rameterizations or post-processing corrections into climate and weather models, as it allows
pre-trained models to be embedded within computationally intensive Fortran-based simula-
tions without requiring direct execution in Python. By leveraging ONNX, researchers can
achieve low-latency inference and cross-platform compatibility, making it a valuable tool
for hybrid Al-physics modeling in Earth system sciences and an intriguing resource moving
forward in this field.

These tools all represent a growing trend in the scientific computing community toward
hybrid modeling, where ML-based corrections are integrated into traditional numerical mod-
els. As the use of Al in weather and climate modeling expands, libraries like call-py-fort,
FKB, and ONNX provide critical foundations of much needed infrastructure for bridging
the gap between modern ML frameworks and well-established Fortran-based climate mod-
els. Other similar products that we are aware of include the SmartSim and Inferno libraries
[Zhang et al., 2025, Partee et al., 2022].

3.2.2.2 Forpy and CESM

Our chosen method to streamline the integration of our models into the CAM framework
led us to the ForPy library. ForPy is a Fortran-based library designed to facilitate seamless
interaction between Python and Fortran, providing an efficient and straightforward interface
for calling Python routines from within Fortran programs [Rabel, 2025]. This approach offers
a ‘best of both worlds’ solution for scientific computing and modeling, allowing us to leverage
Python’s flexibility and ease of use alongside Fortran’s computational efficiency. This library
and approach can also accommodate both of our ML techniques using their standard Python
functionalities.

ForPy simplifies the process of wrapping Python functionality and integrating Python
libraries within Fortran subroutines, thus enabling a smoother integration between the two

languages. One of its key features is the automatic conversion of data types, such as arrays,
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integers, and floating-point numbers, ensuring smooth data exchange between Python and
Fortran without the need for manual conversions. This automatic handling of data types
significantly reduces the potential for errors and enhances the robustness of the integration
process.

By using ForPy, we can maintain Python’s user-friendly environment for high-level logic,
data manipulation, and model orchestration, while still taking advantage of Fortran’s per-
formance benefits for numerically intensive tasks, such as matrix operations and large-scale
scientific simulations. Additionally, unlike our previous challenges with the Neural-Fortran
library, ForPy’s integration was facilitated by ongoing work at NCAR. Specifically, the ForPy
library had already been successfully linked and tested within a unique development branch
of CESM (Will Chapman, personal communication). This pre-existing integration allowed

us to proceed with the coupling tasks in this project more effectively.

3.3 Results & Discussion

A note on terminology: This study employs two distinct approaches for coupling machine-
learned parameterization schemes with the CAM6 dynamical core. The first approach, re-
ferred to as ‘online,” involves the standard CAM6 simulation, which operates with its inter-
nally calculated parameterized forcing while simultaneously invoking the machine-learned
schemes via the ForPy library. This configuration ensures the concurrent execution of both
models, allowing for the export of ML-predicted and CAM-calculated results at each time
step while maintaining consistency in the input features for statistical analysis and com-
parison between the original subroutine and the machine learned routine. This online cou-
pling technique is still forced by the CAM physical parameterization. The second approach,
termed ‘coupled,’ integrates the ML-based physics tendencies directly into the CAM6 dy-
namical core, such that the dynamics are now forced by the output from the ML model. By
employing these distinct methodologies, we enable a comprehensive analysis of the coupling

process from multiple perspectives.

3.3.1 Online Results
3.3.1.1 Zonal-Mean Time-Mean Analysis

In the set of panels in figure 3.1, mean temperature tendencies are visualized across a
pressure-latitude cross section. The CAM output (a, d) shows a distinct vertical structure
with a concentrated core of warming around the equator extending through the troposphere,

representing the model’s intended active convective heating tendency. The machine-learned
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Figure 3.1: Zonal-mean time-mean of temperature tendencies in K /day in the online runs.
The CAMG6 ‘truth’ on the left and the Fortran-calculated ML predictions in the middle;
along with their difference on the right. The top row corresponds to the NN algorithm and
the bottom is the RF.
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emulators (b, e) capture this central heating structure well, though subtle differences are
present in the surrounding regions. Panels ¢ and f show mean anomalies between the NN
and RF emulated tendencies and the CAM output, respectively. The NN differences show-
case vertically alternating cooling and heating biases in patches, primarily observed in the
equatorial region. Between the 500-600 hPa level, we see a broad region of overestimated
heating, which turns into a cooling region around 800 hPa and 250 hPa. The strongest
signals in these areas are at the equator, but error also accumulates into the subtropics and
mid-latitudes, as is the case of the overestimated heating around that 600 hPa region. Re-
gardless, these patterns imply that while the NN captures the primary convective heating,
it may slightly misrepresent the vertical extent and strength of the warming.

In comparison, the RF emulator shows a similar overall pattern in its mean field, but with
a more localized region of disagreement in the lower troposphere around the subtropics. The
RF generally overestimates cooling in this region, while maintaining minimal discrepancies in
the atmosphere above 600 hPa. This may indicate that the RF has a smoother representation
of the tendency as is less prone to overestimation and underestimation.

We note that the errors in our RFs are substantially larger than in the offline experiments

of Chapter 2 (Figures 2.3 and 2.4). This arises from two main differences, the first being
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that we emulated two tendencies with a single RF rather than training separate models.
While the second is due to reducing the ‘max_depth’ parameter during training. The latter
strongly influences both predictive skill and memory footprint of RFs for these tasks, and
tuning it was critical to balancing accuracy with computational feasibility.

These emulators effectively replicate the main heating structure but exhibit subtle biases,
particularly in capturing finer details of the temperature tendency. The difference plots
highlight that while these ML models grasp the dominant physical mechanisms, further
refinement could improve the representation of smaller-scale processes and vertical structures.
These discrepancies underline the complexity of accurately emulating the dynamic forcings
within climate models and suggest that additional training or architectural adjustments may

be needed to enhance performance.
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Figure 3.2: Zonal-mean time-mean of moisture tendencies in the online runs. The CAM6
‘truth’ on the left and the Fortran-calculated ML predictions in the middle; along with their
difference on the right. The top row corresponds to our NN and the bottom is the RF.

Similarly, Figure 3.2 shows the online moisture tendency results in the same representation
as Figure 3.1. Both models capture the active region of drying centered around the equator,
corresponding to convective activity in the tropics, as well as the positive moisture tendencies
in the subtropics below about 800 hPa. Panel (c) highlights the NN anomaly, revealing subtle
discrepancies. Notably, the NN slightly overestimates moisture removal in the upper mid-
latitudes (blue), along with a similar alternating over-and underestimation at the equator
(red and blue).
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The RF emulator also reproduces the overall structure observed in CAM, including the
equatorial peak and the drying in the subtropics. However, Panel (f) again shows minimal
overall deviations, most of which that do appear are centralized around the tropics and close
to the surface.

Overall, both ML-based emulators capture the large-scale structure of moisture tendencies

well, with the RFs showcasing less spatial deviations from the CAM forcing.

3.3.1.2 R? Analysis
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Figure 3.3: Spatial representation of R? score in a pressure-latitude cross section for the
online temperature (top) and moisture (bottom) tendencies. The NN results are on the left
while the RF's are on the right.

Figure 3.3 presents R? scores for temperature and moisture tendencies across latitude
and vertical levels, comparing the performance of NN and RF emulators against the CAM

run in our online mode. Refering back to Chapter 2 (Section 2.3.3), the R? score indicates
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how well each emulator reproduces the CAM outputs, with values close to 1 (red) reflecting
higher correlation (i.e. skill) to the original model and values closer to 0 or negative (blue)
showing what we would consider to be poor emulator skill.

In the top row, the R? scores for temperature tendencies are shown. The NN (top-left)
exhibits consistently high R? values throughout most of the vertical profile and latitudes,
suggesting it captures temperature tendencies well, with only minor degradation near the
upper atmosphere and polar regions. In contrast, the RF (top-right) shows more pronounced
areas of low R? in the upper atmosphere and even some small areas in the lower troposphere,
indicating it struggles more in these regions.

The bottom row presents R? scores for moisture tendencies and showcases similar findings.
The NN (bottom-left) again shows strong performance, maintaining high values across much
of the profile, though some degradation appears near the upper troposphere and at high lat-
itudes. The RF (bottom-right), however, displays more substantial discrepancies, especially
in the upper atmosphere and near the poles, along with larger areas of lower R* scores in
the subtropics of the lower model levels, indicating challenges in accurately capturing the
moisture-related processes.

With respect to R? analysis, the NN consistently outperforms the RF across both temper-
ature and moisture tendencies with respect to online R? scores, demonstrating greater skill
in replicating CAM outputs. Although, it is important to keep in mind that the anomaly
fields for the RF's were consistently less pronounced throughout the atmosphere in Figures
3.1 and 3.2.

3.3.2 Coupled RFs

For the ‘coupled’ results, the ML emulator is now forcing the model, rather than the param-
eterization scheme. We run this simulation for six months, in order to evaluate our model
performance. The temperature tendency in Figure 3.4 panel (a) exhibits the characteristic
structure of our expected heating tendencies, with a strong localized maximum near the
equator extending vertically through the troposphere. The peak heating occurs around 700
hPa in the mid-troposphere, consistent with deep convection in the tropics. The symmetric
structure about the equator, along with weaker heating at higher latitudes, aligns well with
the expected distribution of tropical convection and its influence on large-scale circulation
patterns. Notably, the maximum equatorial heating in the RF-coupled system is significantly
lower, around 5 K/day, compared to the CAM fields shown in Figure 3.1. This suggests that
the RF's produce less intense heating in the coupled simulation, even in the most dynamically

active regions.
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Figure 3.4: Zonal-mean time-mean of temperature (left) and moisture (right) tendencies for
the coupled RFs.

The moisture tendency in Figure 3.4 panel (b) similarly reflects the expected moistening
and drying processes associated with convection. While the overall structure aligns with the
patterns observed in Figure 3.2, the coupled system shows a much less pronounced equatorial
minimum in the mid-troposphere, indicating a reduction in the strength of drying at those
levels.

Overall, this coupled run demonstrates the emulator’s ability to maintain realistic con-
vective patterns when integrated into CAM, with the RF-emulated tendencies successfully
driving the model’s parameterized physics. Additionally, the RF’s tendency to produce more
moderate temperature and moisture forcings contributes to a stable coupled system, enabling

the model to run indefinitely without numerical instability.

3.3.3 Coupled NNs
3.3.3.1 Min-Max Limiter

Initial tests with the forpy-coupled NN runs showed promising performance during the first
few days of simulation. Since NNs have been shown to have trouble with out-of-sample
prediction, these tests enforced a simple min-max limiter on the predictions. This was done
by filtering any predicted value above the maximum at a given pressure level within the
training data to be assigned to that maximum. Similarly, we did this for any predicted
tendency below the minimum values seen in the training data as well. However, the coupled
NN system developed non-physical tendencies that propagated with the general circulation

of the model. These instabilities were consistently seeded in the tropics, where precipitation
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Figure 3.5: Development of an equatorial instability of the min-max limited NN-forced
temperature (left) and moisture (right) tendencies by day 8 of simulation run, shown near
the 850 hPa horizontal cross-section.

and latent heat processes are most intense. As these values grew outside of the scope of the
training data, they fed back into the model, influencing subsequent time steps and amplifying
the instability. Figure 3.5 illustrates this escalation, where clusters of extreme values emerged
in dynamically active regions.

Ultimately, these instabilities compromised the model’s vertical remapping process, a core
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component for advancing time steps in CAM, and led to simulation failure after approxi-
mately 10 model days. These results underscore a well-documented challenge in ML-for-
physics applications: the sensitivity of NNs to extrapolation [Qi and Majda, 2020]. In this
context, even simple parameterization schemes can trigger instability when ML components

interact with complex atmospheric feedbacks.

3.3.3.2 Scaling the Min-Max Limiter

To address the crashing issues observed with the initial coupled NN runs, we implemented
a scaling factor to our limiting scheme designed to constrain the model’s predictions by a
percentage of the max-min range. The intention was to aggressively prevent extreme values
from forcing the model into a non-physical regime, triggering the numerical instability and
led to model crashes. The color scales in Figure 3.6 highlight the growth and persistence of
the instability, with the most extreme values (in white) corresponding to regions outside the
min-max range of the training data.

The scaled limiting scheme extended the model runtime to approximately 18 days, nearly
doubling the stability duration of the initial NN runs. This improvement suggests partial
success in suppressing runaway instabilities, particularly in the early stages of simulation.
However, as illustrated in Figure 3.6, localized non-physical structures, especially in regions
of strong dynamical gradients and convective activity, still emerged. These anomalies, while
reduced in intensity and frequency compared to the unscaled case, highlight the persistent

challenge of numerical error amplification within coupled NN systems.

3.3.3.3 Latitudinally-Dependent Limiter

To create a more adaptive stabilization strategy, we implemented a latitudinally dependent
limiting scheme, designed to better match the latitudinal variability of atmospheric processes
across regions. This works by checking if the NN generates values outside the scaled (0.7x)
training range at a given latitude-pressure point, they were constrained to the correspond-
ing scaled minimum or maximum observed in the training data. While this approach was
conceptually appealing, it resulted, qualitatively, in slightly more pronounced nonphysical
structures when compared to the non-latitudinally dependent method of Section 3.3.3.2.
Figure 3.7 shows that highly localized hot spots (red and white regions) appear along the
equatorial region and near the mid-latitude storm tracks in the temperature tendency field,
suggesting regions of rapid destabilization. Similarly, the humidity tendency field exhibits
strong anomalous drying and moistening bands, particularly in the tropics, where moisture

transport and convection processes are dominant.
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Figure 3.6: Development of an equatorial instability of the scaled (0.7 X min-max range)
NN-forced temperature (left) and moisture (right) tendencies by day 8 of simulation run,
shown near the 850 hPa horizontal cross-section.

These outcomes suggest that spatially varying constraints must be implemented care-
fully to avoid introducing artificial gradients that interact nonlinearly with model dynamics.
Still, this experiment provides valuable insight into the design of regionally adaptive stabi-
lizers. Future improvements might include smoothing strategies for spatial thresholds, or

incorporating physically informed priors that respect large-scale balance constraints.
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Figure 3.7: Development of an equatorial instability of the latitudinally-dependent scaled
(0.7 x min-max range) NN-forced temperature (left) and moisture (right) tendencies by day
8 of simulation run, shown near the 850 hPa horizontal cross-section.

3.4 Concluding Thoughts & Applications to Future
Work

Our findings extend prior investigations into the role of ML in physical parameterizations,

reinforcing both its potential and the practical challenges associated with online deployment
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within a flagship climate modeling framework. While ML methods, particularly simple
architectures like feed-forward NNs and RF's, can emulate key features of subgrid tendencies
offline, their integration into full dynamical systems introduces new complexities that warrant
deeper exploration.

A key challenge lies in the engineering interface between Python-based ML models and
Fortran-based climate model infrastructure. Our work highlights the non-trivial effort re-
quired to build robust, low-latency coupling mechanisms and the sensitivity of model stability
to seemingly minor communication inefficiencies. These findings emphasize the importance
of not only model architecture but also implementation design when deploying ML in climate
models.

In terms of stability, RFs offered a more robust solution when coupling, though their
memory footprint, especially for deeper, highly skilled, trees, proved problematic for oper-
ational use. Conversely, NNs demonstrated better scalability but suffered from numerical
instability due to their sensitivity to out-of-distribution inputs. This is of particular concern
when said inputs are being calculated based on the prior time step’s NN prediction. De-
spite efforts to apply limiting schemes, the NNs in this study exhibited runaway tendencies,
spawning in convective regions, and leading to model breakdowns within a few simulation
weeks.

One potential avenue for improving our emulators is to modify the spatial sampling strat-
egy during training to better capture and represent tropical extremes. The tropics are the
clear source of instability when our NNs are coupled to CAM, and they remain underrepre-
sented in our training dataset relative to other latitudinal bands. At present, we do not apply
any subsampling or weighting to increase tropical representation; however, similar studies
have adopted such strategies with some success [O’Gorman and Dwyer, 2018]. Incorporating
targeted sampling in this region may enhance emulator stability and performance in coupled
settings.

Despite these limitations, our results provide valuable insight into the challenges of cou-
pling ML emulators to climate models and point toward concrete paths for improvement.
A guiding principle throughout this work was to explore whether simple ML methods could
effectively emulate what are considered ‘simple’ physical parameterizations. By maintain-
ing this approach, we were able to investigate foundational questions about coupling and
emulator behavior, an approach that aligns with common practices in the model develop-
ment community when introducing new numerical tools. That said, we acknowledge that
more advanced techniques, including physics-informed NNs, hybrid ML-physics frameworks,
and dynamically constrained emulators, are likely to offer a more robust foundation for sta-

ble and physically consistent coupling [Kashinath et al., 2021]. In parallel, methods from
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numerical weather prediction, including adaptive regularization, error correction loops, or
ensemble-based stabilization, could be adapted to help mitigate numerical drift in online
learning systems [Zhao et al., 2019].

Our results also underscore the value of cross-disciplinary tools and frameworks. For
instance, interfacing tools such as FTORCH may offer more efficient communication strate-
gies, especially if the ML model is natively developed within PyTorch [Atkinson et al., 2025].
Transitioning to a unified software stack could help alleviate some of the memory manage-
ment bottlenecks observed with RF's, while facilitating the use of GPU-accelerated inference.
Work along these lines has already begun at NCAR and with regards to bridging ML into
the CESM and CAM frameworks via the CREDIT initiative [Chapman et al., 2025, Schreck
et al., 2025].

Overall, this work affirms that coupling ML-based parameterizations with comprehensive
Earth system models is a deeply interdisciplinary challenge; one that blends algorithm design,
physical modeling, and software engineering. Even in simplified setups, success will likely
require a combination of physically grounded architectures, scalable interfacing strategies,
and a deep understanding of the model’s dynamical sensitivity. As interest in ML-accelerated
simulation continues to grow, we expect that advances in architecture, training methodology;,

and physical interpretability will increasingly enable stable and efficient online emulation.
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CHAPTER 4

Challenges and Opportunities of Evolving
Dynamical Tests for AI-Driven Weather
Models

4.1 Introduction

4.1.1 The Importance of Dynamical Tests for Weather and Cli-
mate Models

As discussed in Section 1.4.2.3, our research has shifted focus from the emulation of pa-
rameterization schemes to the exploration of the dynamic properties of Al-driven weather
forecasting models. This shift began with the idea of incorporating a machine learning (ML)
working group into the 2025 Dynamical Core Intercomparison Project (DCMIP), held in
June, 2025, in Boulder, CO, USA. A critical aspect of weather and climate model develop-
ment is the dynamical core, which serves as the foundation for the model’s ability to simulate
atmospheric motion. The dynamical core is responsible for solving the fundamental equa-
tions of motion that govern the behavior of the atmosphere. As such, the choice of dynamical
core plays a pivotal role in determining the accuracy and efficiency of the entire model and
understanding the dynamical properties of any climate or weather model is essential for the
field to progress.

Given the multitude of choices that dictate the variety of dynamical cores that are used
in climate and weather models, intercomparison is crucial to understand their differences
across standardized physical test cases. This provides insight into developmental choice,
advantages and disadvantages, as well as maintaining physical consistency across modeling
frameworks. This focus on the performance and behavior of various dynamical cores in a
controlled setting forms the basis of DCMIP.
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4.1.2 AI-Driven Weather Models

Currently, Al-driven models are rapidly transforming the field of weather forecasting. Lever-
aging advanced ML techniques, particularly generative and transformer-based deep learning
architectures, these models are pushing the boundaries of what is possible in weather pre-
diction, achieving impressive speed and accuracy. These Al-driven approaches have the
potential to bypass traditional, complex physics-based dynamical models, offering a novel
and more efficient means of forecasting.

A few key models have led the way in this transition towards fully data-driven global
weather forecasting, including NVIDIA’s FourCastNet, Google’s GraphCast, and Huawei
Cloud’s PanguWeather [Kurth et al., 2023, Lam et al., 2023, Bi et al., 2023]. These models
share a common foundation in their reliance on large-scale reanalysis datasets, particularly
the ERAS dataset, which has become a key resource for training and validating these Al
models. ERAD is a global, high-resolution reanalysis dataset that combines observations from
various sources with model outputs to provide an interpolated, comprehensive representation
of the atmosphere and climate over the past 80 years [Hersbach et al., 2020].

Reanalysis data, such as ERA5, are generated through a process that merges numerical
weather prediction models with historical observational data, creating a consistent record
of past atmospheric conditions. This approach enables the generation of large-scale, high-
resolution weather data that can be used to train ML models, thus empowering Al systems
to learn from both historical patterns and real-time data. The reliance on ERA5, with its
broad temporal coverage and global scope, ensures that AI models can be trained on a rich
and diverse dataset, capable of capturing complex climate and weather phenomena across
time and space.

It is important to recognize that ERA5 and other reanalysis datasets are not intended
to represent an exact record of true atmospheric conditions globally. Despite their impres-
sive spatial and temporal resolution, these datasets remain approximations of the climate
system, constrained by model assumptions, data assimilation techniques, and observational
limitations. Consequently, any data-driven forecasting model trained to emulate reanalysis
output can, at best, achieve predictive skill only up to the extent that the reanalysis it-
self accurately represents the underlying atmospheric state. Recognizing this limitation is
essential to accurately evaluate such models.

In recent years, the landscape of Al-driven weather and climate forecasting models has
rapidly expanded, with contributions from a wide range of research groups beyond the three
pioneering efforts mentioned earlier. For instance, in 2024, Microsoft introduced its Aurora
model, while the European Centre for Medium-Range Weather Forecasts (ECMWF') unveiled
their AI Forecasting System (AIFS) model [Bodnar et al., 2025, Lang et al., 2024]. Both
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of these additions represent significant advancements in the growing body of data-driven
forecasting models, further cementing AI’s role in modern meteorology.

In the same year, GenCast was launched by Google’s DeepMind, building on the success of
their earlier model, GraphCast [Price et al., 2025]. Unlike GraphCast, which employed graph
neural networks, GenCast utilizes generative Al techniques as its core framework, seemingly
offering a more powerful approach to modeling weather systems. Similarly, NVIDIA released
the Spherical Neural Operator (SFNO) model, an extension of their FourCastNet model
[Bonev et al., 2023]. SFNO incorporates spherical Fourier neural operators to enhance the
model’s performance, further improving its capability to predict atmospheric phenomena
with high accuracy.

For this project, we focus primarily on the GraphCast model. At the core of Graph-
Cast is its use of graph neural networks. This type of deep learning architecture appears
particularly well-suited for handling spatially and temporally correlated data, such as at-
mospheric variables [Lam et al., 2023]. In GraphCast, the “graph” represents a network
of interconnected nodes, each corresponding to a different part of the Earth’s atmosphere,
like temperature, pressure, and wind. This network structure allows the model to capture
the intricate relationships between different atmospheric regions and variables, appearing to
learn various dependencies that underlie atmospheric dynamics. The model is capable of
quickly generating high-resolution weather forecasts at global scales, extending into multiple
days into the future.

These models, along with many others being developed worldwide, represent the forefront
of Al-driven advancements in weather forecasting. Each model brings its own unique inno-
vations in terms of architecture and approach, reflecting the growing diversity and sophis-
tication of ML methods in atmospheric science. For readers interested in detailed technical
analyses of the underlying architectures and methodologies of these models, we direct them
to the relevant literature cited above. Given the complexity of deep learning architectures
and their nuanced differences, we acknowledge that these technical aspects are beyond the

primary scope of this project and are not the focus of our current research.

4.1.3 Using AI-Driven Models as a Proxy for Sophisticated Dy-

namical Cores
This work builds upon a growing interest in using Al-driven weather forecasting models as
proxies for traditional numerical weather prediction (NWP) systems. Our goal is to extend a

framework for developing dynamical test cases that assess the learned underlying dynamics

of such models.
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The work by Hakim and Masanam [2024] highlights the importance of evaluating whether
Al-based models exhibit essential dynamical characteristics such as wave response, energy
conservation, stability, and error growth. Their study demonstrated that the PanguWeather
model was capable of reproducing key large-scale dynamical processes, including baroclinic
instability and Rossby wave propagation. These findings motivate the development of sys-
tematic test cases to evaluate such behavior across a broader set of Al-driven models.

Inspired by this direction, we designed a suite of well-defined dynamical test cases and
applied them to three state-of-the-art models: PanguWeather, SFNO, and GraphCast-
Operational.  These experiments were conducted in preparation for and during the
DCMIP2025 intercomparison project. The results from our DCMIP studies are currently
being prepared for publication in collaboration with other researchers; however, the method-
ological frameworks developed there have been extended in this project to an additional

model not included in the original intercomparison.

4.1.4 Overview of Models and Their Variants

During DCMIP2025, we enlisted PanguWeather, GraphCast’s operational variant, and
SFNO. As previously mentioned, SFNO is NVIDIA’s successor to FourCastNet and uses
spherical Fourier neural operators to improve model stability and performance at longer
lead times [Bonev et al., 2023]. GraphCast-Operational, referred to from here on out as
GraphCast-OP, is one of several available versions of Google DeepMind’s GraphCast model,
optimized for real-time forecasting using a reduced vertical resolution and disregarding the
TPO06 variable for six-hourly accumulated precipitation as an input variable. In contrast to
the default 37-level GraphCast model, referred to moving forward as GraphCast-37. All of
the models discussed in this chapter run at a horizontal resolution of 0.25° and outside of
GraphCast-37, each model utilizes 13 vertical levels.

It is important to note for our framework, we standardize the models to use a con-
stant 6-hour inference time step for all models. This was done both in this work and for
the DCMIP2025 experiments. This distinction is important when interpreting model inter-
comparisons of dynamical responses, since the work done by Hakim and Masanam [2024]
incorporates a dynamic timestepping method utilizing the various inference versions of Pan-
guWeather available (see the first paragraph of Section 2 in their work for details on their
inference framework).

In this project, we primarily investigate the performance of GraphCast-37 in relation to
GraphCast-OP in order to probe the impact of the additional vertical resolution on the

dynamical response we see. GraphCast-37 is important for our investigation in this thesis,
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as there are currently no existing studies within the literature that examine the dynamical
response of an Al-driven weather forecasting model with this vertical resolution. We also
incorporate the PanguWeather-6hr model for direct comparison to the original methods
shown in Hakim and Masanam [2024]. No investigations into SFNO were performed for this
work, as that model is more central to our overview paper that is being worked on with the
whole DCMIP-AI team.

4.2 Methods

4.2.1 Earth2MIP Framework and Tendency Reversion

To deploy our test cases, we utilized the Earth2MIP framework developed by NVIDIA
[INVIDIA, 2025a]. Earth2MIP constitutes a substantial advancement in the unification of
ML techniques with physical modeling, aiming to streamline the evaluation and deployment
of ML-based weather models by providing a common framework that hosts a variety of
state-of-the-art weather emulators, including PanguWeather, GraphCast, SFNO, and many
others. The framework offers a standardized interface for interacting with the heterogeneous
datasets commonly used in climate and weather modeling, thereby reducing the complex-
ity associated with data preprocessing, model validation, and most importantly, inference.
By promoting accessibility and reproducibility, Earth2MIP provides consistent evaluation
metrics and preprocessing routines, enabling more rigorous comparisons across different ML
approaches. In doing so, the framework attempted to bridge the gap between the ML and
geosciences communities, lowering the barrier to operational adoption of ML techniques in
both forecasting and climate simulation contexts.

The key to the test cases we incorporate and extend upon in this work is the technique
known here as tendency reversion (TR). We refer readers to the source code repository, pri-
marily developed by Joshua Elms [Elms, 2025], for implementation details, and to Hakim and
Masanam [2024] for additional mathematical details of the TR method and initial condition

formulations. A simple description of how TR works is given as
x(t+1) =N[x(t)] —dx +f (4.1)

where x is the model state vector, N is our Al-driven weather forecast operator which acts
on the previous state vector, t is the time stepping index of our models, and dX is what
we refer to as the ‘tendency’ produced from one-step of an atmospheric mean state and is
formulated by

dx = N[X] — % (4.2)
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Here, an overbar denotes the December—January-February (DJF) winter mean of a variable.

In this way, the procedure relies on the generation of seasonal mean-state initial conditions
(e.g., boreal winter, DJF), which are used to obtain the model’s tendency dX. We note that
the DJF mean must be taken from the same time of day for each day within the averaged
period, 20 to 40 years of ERA5 data in our case, in order to preserve the signal of the diurnal
cycle that these models expect within their input fields. This means that we take the 0000
UTC time of each day during the DJF winter from ERA5 data. The tendency is defined as
the difference between the predicted state after one timestep and the original seasonal mean
state. This estimated tendency is then recursively subtracted from the evolving model state
at each inference step, as shown in equation 4.2. In the absence of external perturbations to
the initial conditions or input fields, this approach is expected to yield a quasi-steady-state
atmospheric evolution. Conversely, the introduction of perturbations allows for isolation and
analysis of the model’s dynamic response, thereby enabling controlled experimentation within
a physically constrained framework. To enable model runs to utilize our TR framework, we

implemented minor modifications to Earth2MIP’s internal handling of model inference.

4.2.2 GraphCast: Challenges and Benefits

The core of our analysis focuses on the application of TR to the GraphCast-37 model,
which presents both scientific opportunities and technical challenges. Unlike GraphCast-
OP, PanguWeather, or SFNO, the GraphCast-37 architecture operates on a 37-level vertical
grid. Pressure levels of these models are constant and defined at irregular intervals from 1000
hPa at the surface up to 50 hPa for the 13-level models and 3 hPa for GraphCast-OP. This
added vertical resolution enables a more detailed representation of the atmosphere and allows
us to investigate features that may be muted or absent in lower-resolution counterparts.

A central question is whether the TR methodology can be robustly applied to the Graph-
Cast models. Should TR perform well, we are also interested in whether the increased vertical
fidelity allows detection of additional dynamical features not resolvable in GraphCast-OP.

A key challenge in implementing TR to the GraphCast models, compared to SFNO and
PanguWeather, lies in the differences in inference framework. Whereas SFNO and Pan-
guWeather accept a single input state (at a given time step) and produce a prediction for
the subsequent state, GraphCast requires two consecutive prior states to generate its forecast.
Although this modification may appear relatively straightforward, it necessitates additional
changes within the Earth2MIP inference source code in order to incorporate the TR method-
ology appropriately. Along with the source code modifications, it also introduces choices we

make that impact the effectiveness of TR, such as how to apply the initial perturbations.
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Another important distinction of GraphCast-37, not shared by the other models, including
GraphCast-OP, is the inclusion of the TP06 variable. This is the total accumulated precipi-
tation over a 6-hour period. This variable is not a required input for SFNO, PanguWeather
or GraphCast-OP, but it is required for the GraphCast-37 input. In our implementation, we
set this variable to zero, especially when using seasonal mean states as initial inputs. How-
ever, the appropriateness of this choice remains an open question and may warrant further

investigation.

4.2.3 Adopting the Test Cases

Both of the test cases that we explore with GraphCast-37 use a simple formulation of per-
turbation of a given atmospheric state. This perturbation is functionally described by a

perturbation amplitude multiplied by the spatially varying gret

—(1/4) + (1/2)r + (5/8)r® — (5/3)r2 + 1 0<d<L/2
G(r,L) = § (1/12)r° — (1/2)r* + (5/8)r® + (5/3)r? —5r +4 — (2/3)r~' L/2<d< L
0 L<d
(4.3)

Here, » = 2d/L and d is the distance on the sphere from a central reference point [Gaspari
and Cohn, 1999].

The first is an extratropical cyclone (ETC) initial condition, in which we adopt the same
framework as experiment ‘b’ from Hakim and Masanam [2024], using the same linear re-
gressed perturbation field scaled by Equation 4.3 with L = 2000 km, centered at 40°N, 150°E
(see supplemental information of Hakim and Masanam [2024] for details on the regression
field). This test is employed to assess the ability of our GraphCast-37 implementation to sup-
port the TR technique, and to facilitate a direct comparison with both PanguWeather and
GraphCast-OP regarding the evolution and propagation of the ETC within each simulation.

The second test case involves the application of a constant tropical heating anomaly
centered at the equator near 120°E. The anomaly is applied using the same functional form
as in Equation 4.3, with control runs using a constant heating rate amplitude of 0.1 K per

six hours (the natural time step of our models).
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(D):96hrs 180° 1200w 10mis (D):96hrs 180° 1200w 10mis

(a) Pangu-Weather (6hr) ETC Simulation (b) GraphCast-Operational ETC Simulation

Figure 4.1: Positive (red) and negative (blue) 500 hPa Geopotential height anomaly from
ETC test case at 0, 48, 72, and 96 hours (A-D, respectively) of simulation time. Anomalous
contours shown at 20 m spacing, with the 0 m contour being suppressed. Background 40-year
DJF-mean geopotential height (grey) along with anomalous wind vectors (green arrows) are
also shown.
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4.3 Results

4.3.1 Intercomparison of Simple Extratropical Cyclone Perturba-
tion

Our first test case examines the ETC-like response to a perturbed 500 hPa geopotential
height (m) field in the northern tropics, applied across each model. Figure 4.1 illustrates the
resulting daily geopotential height anomalies, overlaid as red and blue contours on the DJF
mean state for the six-hour PanguWeather model (panel a) and the GraphCast-OP model
(panel b) over the first four days of simulation. Anomalous wind vectors are included to
highlight the cyclonic structure of the disturbance.

Both models exhibit an eastward-propagating trough across the Pacific, but notable dif-
ferences emerge in the structure and amplitude of the response. The 6-hour PanguWeather
response is considerably more muted than that reported in Hakim and Masanam [2024],
likely due to differences in inference design, specifically, their use of dynamic time-stepping
sequences as opposed to our fixed 6-hour inference steps. To ensure comparability with their
results, we adopt the same 20 m anomaly contour interval used in their figures for this initial
test case.

Despite this, GraphCast-OP results (panel b) display a more pronounced trough in re-
sponse to the initial disturbance, more closely resembling the one documented in Hakim
and Masanam [2024]. However, the surrounding ridges (positive anomalies) are weaker in
amplitude and not displayed with the chosen +20 m contour. Also, additional noise emerges
by day 4 of the simulation. Specifically, we observe a localized —20 m anomaly over Japan,
a strong 420 m signal over the North Pacific, and another +20 m anomaly over the United
States. These features do not correspond to the initial perturbation and are likely artifacts
arising from error accumulation during the inference process under the TR framework.

These noisy responses suggest that GraphCast models, as implemented, may be more
sensitive to TR than the other models tested. This was observed during simulation, as our
codebase includes diagnostic checks to ensure the TR method is functioning correctly. These
checks consistently revealed that errors associated with the TR technique were noticeably
larger in magnitude for the GraphCast models compared to PanguWeather and the other
models used during DCMIP2025. We will return to this point in more detail in Section
4.4.1. Nonetheless, it is important to note that such spurious signals persist throughout
our experiments using both the GraphCast-OP and GraphCast-37 models, and must be
considered when interpreting the results.

Figure 4.2 presents the 500 hPa geopotential height anomalies resulting from the ETC ini-
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tial condition applied to GraphCast-37. In this configuration, the model produces a response
that more closely resembles the PanguWeather results reported in Hakim and Masanam
[2024], sustained consistently throughout the four-day simulation period. We observe a well-

defined trough progressing across the North Pacific, flanked by ridges and exhibiting clear
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Figure 4.2: Positive (red) and negative (blue) 500 hPa Geopotential height anomaly from the
ETC test case at 0, 48, 72, and 96 (A-D, respectively) hours for GraphCast-37. Anomalous
contours shown at 20 m spacing, with the 0 m contour being suppressed. Background 20-year
DJF-mean geopotential height (grey) along with anomalous wind vectors (green arrows) are
also shown.
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cyclonic motion. Compared to GraphCast-OP variant, the 37-level model does not reproduce
the secondary trough, evident also in the Hakim and Masanam [2024] experiment. However,
it exhibits a stronger primary cyclonic response and more pronounced ridge structures.
Additionally, we still detect signs of noisy error accumulation outside the immediate region
of interest. A notable example is the early appearance of a —20 m anomaly over the western
Pacific, which stands out as the only strong artifact to arise prior to day four in any of our
experiments. By day four, a +20 m anomaly emerges just north of the cyclonic disturbance,
similar in character to the spurious signal observed over the eastern edge of Russia in Figure
4.1, panel b. However, in the 37-level case, this artifact appears much closer to the region

of interest and may interfere more directly with interpretation of the dynamical response.

4.3.2 Extratropical Cyclone: A Closer Look

Graphcast-OP MSLP Anomaly (day 2) GraphCast-37 MSLP Anomaly (day 2)
180° 180°

A) 120w

A) now 120

120°E

45

S
Specific Humidity Anomaly (g/kg)

-15

Figure 4.3: Mean sea level pressure (MSLP, red/blue contours, hPa) and 850 hPa specific
humidity anomalies for GraphCast-OP (left) and GraphCast-37 (right) at forecast days 2, 3,
and 4 from the ETC seed. Red (blue) contours denote positive (negative) MSLP anomalies
at 2 hPa intervals, with the zero contour suppressed. Shading shows moisture anomalies.

We further examine the differences between GraphCast-OP and the higher-resolution
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GraphCast-37 using the ETC perturbation, focusing on mean sea level pressure (MSLP)
and 850 hPa specific humidity anomalies, shown in Figure 4.3. This analysis was motivated
by the diagnostics presented in Figure 4 of Hakim and Masanam [2024], with the goal of
assessing the realism, structural consistency, and localized impacts of ETC development in
both configurations.

By forecast day two, both models develop a coherent low-pressure anomaly from the
DJF mean MSLP over the northwestern Pacific, accompanied by expected moist anomalies
along the fronts of the low-pressure system, features characteristic of baroclinic wave devel-
opment. By day three, differences between the two configurations begin to emerge, shown
in GraphCast-37 retaining a compact cyclonic core with tightly wrapped MSLP anomalies
along the fronts, while GraphCast-OP shows earlier radial expansion of the low-pressure field
and more diffuse specific humidity anomalies. One notable feature in GraphCast-OP is the
broad positive specific humidity anomaly to the southeast of the MSLP low on day three,
extending to 20°N between 160°W and 140°W. This drying is clearly linked to the pressure
perturbation and the spatially extended frontal low, indicating more rapid dissipation of the
ETC in GraphCast-OP compared to GraphCast-37.

By day four, these contrasts are more pronounced. The 37-level simulation continues to
maintain a sharply defined cyclone center and a clear moisture—dryness dipole aligned with
the frontal zones, reflecting stronger preservation of baroclinic structure. In contrast, the
operational configuration produces a broader low with spatially smeared humidity anomalies
elongated towards the south.

GraphCast-OP also advances the low-pressure system eastward more rapidly than
GraphCast-37. This is evident from the position of the central negative MSLP contours,
with the GraphCast-OP frontal trough located roughly 5°-15° ahead of the GraphCast-37
trough, with the gap widening slightly each simulation day. These differences suggest vari-
ations in the learned representation of baroclinic wave phase speed. Overall, these results
indicate that the increased vertical resolution in GraphCast-37 supports stronger baroclinic
structure, slower dissipation of gradients, and more coherent downstream anomaly patterns,
whereas the lower-resolution operational configuration exhibits greater diffusivity and a ten-

dency toward faster eastward propagation.

4.3.3 Tropical Heating Response

Figure 4.4 displays the day-five response to the constant tropical heating experiment for
both GraphCast-OP and GraphCast-37. The 500 hPa geopotential height DJF mean state

is shown as the background via green contours. One of the most apparent features in both
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simulations is the presence of widespread noisy accumulations in the geopotential height
anomaly fields. These artifacts are more abundant here than in previous test cases, likely
due to our choice to emphasize smaller-scale variability by contouring anomalies at 10 m

intervals, beginning at +5 m. This choice increases the visibility of weaker signals but also

Day 5 GraphCast-Op Z500 Anomaly (m)
0° 60°E 120°E 180° 120°wW A)

o0° 60°E 120°E 180° 120°wW B)

Figure 4.4: 500 hPa geopotential height anomaly field overlaid over DJF mean geopotential
height (green contours) after 5 simulation days for GraphCast-OP (A) and GraphCast-37
(B). Positive and negative (red and blue, respectively) anomalies are shown at 10 m intervals
with the 0 m contour being suppressed. Heating region is represented by the dashed red line.
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highlights numerical noise and model artifacts more prominently.

GraphCast-Op 850hPa Wind Anomaly (day 9)
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Figure 4.5: 850 hPa wind anomaly vector field near the region of heating (shown as red
dashed line) for GraphCast-OP (top) and GraphCast-37 (bottom).

Qualitatively, GraphCast-OP simulation exhibits more pronounced noise accumulation
than GraphCast-37, with artifacts appearing earlier and with greater spatial extent. These
errors are especially evident over land regions, including substantial anomalies near Southeast
Asia, where the tropical heating is applied. Importantly, while GraphCast-OP model does

not exhibit any clear signs of an organized dynamical response by day five, GraphCast-37
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shows a distinct planetary wave response at upper latitudes between 30°N and 60°N over
the pacific ocean. This pattern bears qualitative similarity to the Northern Hemisphere
wave train reported in Hakim and Masanam [2024] for their tropical heating experiments.
Additionally, a prominent ridge appears in the Southern Hemisphere along the eastern edge
of Australia, which may be part of a similar wave train observed in the day-20 results of
Hakim and Masanam [2024], due to the applied warming anomaly.

Motivated by the analysis in Hakim and Masanam [2024], we also examine the near-
surface wind vector anomalies in response to the constant tropical heating perturbation,
as shown in Figure 4.5. This figure compares the day-nine wind anomaly fields for both
GraphCast-Operational (top panel) and GraphCast-37 (bottom panel), with a particular
focus on evaluating the presence of hemispheric gyres and equatorial wind convergence in
the vicinity of the heating source.

By day nine, only the GraphCast-37 simulation exhibits the expected cyclonic gyres
forming at the western edge of the heating source. These gyres are the result of the model
developing convergent equatorial flow between approximately 80°E and 120°E. In this region,
the wind anomaly vectors in the 37-level model demonstrate a clear convergence pattern:
westerly anomalies (east-to-west) to the east of the heating and easterly anomalies (west-to-
east) to the west, creating a convergent zone centered near 80°E and 120°E.

In contrast, the GraphCast-OP simulation shows consistently zonal flow along the equator
in this region, with anomaly vectors largely oriented from east to west across the entire
region, lacking evidence of convergence. This absence likely contributes to the failure of
either of the cyclonic gyres to form in the operational model. While there are weak signals
of possible rotation developing in the region around 100°E in the Southern hemisphere, the
cyclonic motion we expect to see in response to this heating source fails to develop fully
in operational GraphCast. The presence of both equatorial convergence and coherent gyres
in the 37-level simulation indicates a more physically consistent dynamical response to the
imposed tropical heating, similar to the findings by Hakim and Masanam [2024] and their

dynamically time-stepped experiments with PanguWeather.

4.4 Thoughts, Discussion, and Future Steps

4.4.1 Difficulties with TR in the GraphCast Models

The application of TR to Al-driven weather forecasting models opens an intriguing set
of questions about model sensitivity, initialization strategies, and dynamical fidelity. In

particular, GraphCast presents a unique challenge due to its architectural design, raising the
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question of whether TR is best suited for probing dynamical response in this model compared
to others like SFNO or PanguWeather. While the TR framework offers a well-defined way
to evaluate how a model reacts to an imposed perturbation, mimicking controlled numerical
experiments from the dynamical core community, its effectiveness may be constrained by
the inherent structural assumptions within GraphCast. These include its reliance on the
TPO06 variable (non-operational GraphCast versions) and its use of two discrete input states
to generate a prediction, since TR was developed with a model that utilizes a single input
state to predict the next. As a result, the traditional TR implementation, which assumes
a single consistent initial condition, may not be ideal when applied to GraphCast without
modification.

GraphCast requires two time-adjacent inputs, x(ty) and z(t_1), to make a single predic-
tion. In this work, we handle this by only applying our perturbed state to the ¢, state, leaving
the t_; state as an unperturbed duplicate of our initial DJF mean state. Consequently, repli-
cating the same initial state across both time inputs may unintentionally impact the initial
prediction of the model, which is used consistently through the TR framework. This raises
the question: should perturbations be applied to both z(ty) and z(¢_;) to more accurately
mimic physical imbalances? Alternatively, should perturbations be changed when applied
to each initial state?

Questions also remain regarding how the initial two states are implemented within the
TR framework for GraphCast and other dual-input models. In this study, we duplicate
the same DJF mean state for both initial timesteps prior to applying perturbations, but a
sensitivity analysis is needed to determine whether this is the most effective approach. An
optimal configuration may involve a different combination of initial states and a strategic
choice of which timestep(s) receive a perturbation, potentially yielding a clearer and more
physically interpretable dynamical response. Additional refinements could include supply-
ing approximated precipitation fields for perturbed states. These are currently set to zero,
but modifications may improve first-step predictions. Additional work should also strive to
modify the TR mathematical formulation itself to better account for the dual-input archi-
tecture. Such adjustments reflect not only technical fine-tuning, but also broader questions
about how Al models can be probed for dynamical signals and how those signals align with
traditional physics-based systems.

Ultimately, the potential for TR to reveal meaningful insight in GraphCast is far from
exhausted. As one of the most widely adopted and foundational models in the Al weather
forecasting landscape, GraphCast presents a critical testbed for methodological innovation
[INOAA]. The success of TR as a diagnostic or interpretive tool may depend not on its original

formulation, but on our ability to apply it to various modeling frameworks. Further explo-
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ration of perturbation design, input conditioning, and temporal sensitivity will be essential
for ensuring that TR remains a robust method for evaluating model realism, particularly as

the field moves toward more complex and effective Al-driven forecasting models.

4.4.2 Ripe with Research Opportunity

The rapid evolution of Al-driven weather prediction models in recent years has created
an unprecedented landscape of research opportunity. Since the release of PanguWeather, a
landmark moment that demonstrated how transformer-based architectures could rival and in
some cases outperform traditional NWP systems, the pace of innovation has only accelerated
[Bi et al., 2023]. Numerous models have since followed, each attempting to refine and expand
upon the capabilities first demonstrated by early entrants like FourCastNet and GraphCast.
These more recent models add to a diverse suite of emulators with varying architectures,
enabling experimental and analytical studies of such systems.

Supporting this ecosystem is the emergence of platforms like Earth2Studio, NVIDIA’s
successor to the Earth2MIP framework [NVIDIA, 2025b]. Earth2Studio is designed as a com-
prehensive benchmarking and intercomparison environment for data-driven weather models,
currently hosting around 20 publicly accessible models. While this framework represents
another major step forward in standardizing evaluation practices across the community, it
is still incomplete, several foundational models, including the original FourCastNet and the
GraphCast-37 model we used in this study, are notably absent from the current Earth2Studio
catalog. This gap underscores the fact that while tools for standardized usage are advancing,
researchers still need to carefully select and configure models for meaningful intercomparison
studies.

The diversity and availability of models, combined with the flexibility of platforms like
Earth2MIP and Earth2Studio, open the door to a wide range of scientific inquiries. The
DCMIP2025 effort began to scratch the surface of this space, extending the findings of
Hakim and Masanam [2024] applying idealized dynamical test cases, to additional models
like GraphCast-OP and SFNO. However, the potential for intercomparison runs far deeper.
Novel frameworks, like TR, can be adapted to these models to study how they express dy-
namical responses, particularly in controlled settings. These analyses could be extended
beyond wave propagation to interrogate more complex behavior: model sensitivity to mois-
ture perturbations, mass and energy conservation, or general model stability under extreme

conditions and forcings.
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CHAPTER 5

Conclusion and Outlook

This dissertation explored the integration, deployment, and evaluation of Machine Learning
(ML) techniques within weather and climate modeling frameworks. Through a sequence
of three projects, we investigated both the potential and the limitations of ML-driven ap-
proaches across a spectrum of modeling contexts; from investigating the limits of various
approaches to offline emulation of subgrid physics, to online coupling within a flagship at-
mospheric general circulation model, to expanding upon the novel approaches for dynamical
testing of fully Al-based forecasting systems. These efforts collectively aimed to understand
not only whether ML models can serve in critical roles within geophysical modeling frame-
works, but under what conditions they do so effectively. On top of this, we interrogated
whether these models behave in physically meaningful ways. In what follows, we synthesize
the key findings from these investigations, discuss their broader implications, and outline

opportunities for future research.

5.1 Emulation and Complexity: Offline Lessons

In the first chapter of this work, we focused on the emulation of simplified parameterization
schemes using random forests (RFs) and neural networks (NNs) within the Community At-
mosphere Model (CAMG6). By building emulators across a hierarchy of CAM configurations,
from dry dynamics to moist physics to schemes with simple convection, we demonstrated
that RFs can effectively replicate model tendencies and precipitation rates with skill. How-
ever, as physical complexity increased, RF performance declined despite extensive tuning.
This reveals a fundamental limitation of tree-based emulators in representing the complex
and strongly interacting processes within atmospheric physics.

Within this chapter, we also found that incorporating domain knowledge into our feature
selection can substantially improve emulator performance. A notable example was the in-

clusion of relative humidity (RH) as a predictor. Although RH is not an explicit input in
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the functional form of the target parameterizations, adding it markedly improved the skill
of both the RF and NN emulators. From a purely statistical perspective, this result is not
obvious, but from an atmospheric science standpoint, it is intuitive, as RH serves as a proxy
for supersaturation and indirectly encodes the presence of large-scale condensation processes
that influence both temperature and moisture tendencies. This highlights the value of com-
bining physical intuition with ML experimentation, both to guide feature studies and to
better interpret model behavior.

More broadly, the structured, hierarchical benchmarking approach employed here proved
to be an effective, low-cost strategy for diagnosing potential limitations of ML techniques.
Limitations that can be considered before future investment and deployment of these tech-
niques. The same methodology, gradually increasing process complexity, quantifying offline
skill, and identifying scaling bottlenecks, can serve as a transferable framework for evaluat-
ing other ML parameterizations and approaches within the physical sciences. Finally, the
lessons from this chapter directly shaped the subsequent chapters of this thesis. In partic-
ular, the exploration of the complexities of coupling strategies even within these simplified

frameworks.

5.2 Deployment in CAM: Online Realities

Building on the offline emulator studies, the second project addressed the challenges of cou-
pling ML-based parameterizations to the dynamical core of CAM in an online environment,
a setting where even small numerical or physical imbalances can amplify into large-scale
instabilities. In this chapter, we moved beyond purely statistical metrics to evaluate how
emulators interact dynamically with the host model, comparing feed-forward NNs and RF's
in terms of scalability, numerical stability, and implementation burden.

Our experiments revealed sharp contrasts between the two architectures. NNs, though
compact in memory footprint and more amenable to GPU acceleration, proved highly sen-
sitive to out-of-distribution inputs, especially in convectively active tropical regions where
extreme heating and moisture tendencies may arise. Such sensitivity often manifested as
runaway instabilities, highlighting the need for more robust and complex deep learning
approaches, such as input sub-sampling, complex architectures, or physics-informed NNs
[O’Gorman and Dwyer, 2018, Zhao et al., 2019, Kashinath et al., 2021]. In contrast, RFs ex-
hibited a natural resilience to instability thanks to their bounded predictions, enabling them
to survive longer integrations without unstable feedbacks. However, this stability came at
a cost: skillful RFs required substantially more memory, produced higher inference latency,

and scaled poorly when the number of features or output variables increased, making them
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less attractive for online simulation.

A key outcome of this work was the recognition that the technical interface between
Python-based ML models and CAM’s Fortran-based infrastructure can be as critical as the
choice of model architecture itself. Coupling overhead, from library linking difficulties to
I/O concerns, can limit the feasibility of deploying ML emulators into online simulations,
particularly when working within the framework of a highly optimized software environment
like CAM6. We identified several engineering pathways to mitigate this bottleneck, including
the adoption of emerging hybrid toolchains such as FTORCH and CREDIT, which bring ML
inference closer to the Fortran execution layer [Atkinson et al., 2025, Chapman et al., 2025,
Schreck et al., 2025]. These findings emphasize that successful ML-GCM integration is not
merely a matter of achieving high offline skill: it is an inherently interdisciplinary challenge
spanning software systems design, high-performance computing, numerical analysis, and

atmospheric science.

5.3 Probing AI-Driven Weather Prediction Models

The final chapter of this dissertation shifted focus from the use of ML as a replacement for
traditional parameterizations toward ML as the core engine of a new class of data-driven
global forecasting systems. In this context, we leveraged the TR methodology, originally pro-
posed by Hakim and Masanam [2024], and our implementation of TR within the Earth2MIP
inference framework for DCMIP2025. The primary model that we utilized in this chapter
was GraphCast, a state-of-the-art Al-based global weather forecasting model, selected both
for its demonstrated skill and its publicly available research implementation. We adapted the
TR method to GraphCast’s 37-level vertical configuration to evaluate its variance in wave
response relative to the 13-level operational version, as well as to probe vertical wave prop-
agation and characteristics in the 37-level configuration under an imposed tropical heating
anomaly. These experiments represented, to our knowledge, the first application of TR to an
AT forecasting system at such high vertical resolutions, providing a unique window into how
these models represent dynamical adjustments and energy propagation in pseudo-idealized
settings.

The TR framework proved to be a valuable diagnostic tool. Architectural aspects of
GraphCast, most notably its requirement for two time-adjacent inputs to produce a fore-
cast, complicated the method of initializing our perturbations, introducing ambiguity when
applying our testcases and TR framework. These challenges underscore an important dis-
tinction from traditional numerical models: Al forecasting systems often embed temporal

context directly into their inference architectures. While this choice can enhance predictive
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skill, it may limit the effectiveness of controlled experiments. This observation suggests that
dynamical diagnostics like TR may not be fully agnostic to model design, while still yielding
insightful responses in our tests. Future improvements of TR, as well as developments of
alternative testing frameworks, may benefit from being tailored to the temporal encoding,
spatial discretization, and state-variable representation of individual models.

Despite these hurdles, the TR-based experiments demonstrated the feasibility and value
of porting idealized dynamical test cases, long a staple of physics-based model evaluation,
into the AI modeling domain. The results offer an early template for community-driven
frameworks that can assess dynamical properties across Al models. In particular, embedding
TR and similar diagnostics within cross-platform toolchains such as Earth2MIP, and its
emerging successor Earth2Studio, opens the door to comparative studies spanning the various
models being developed worldwide. Such a capability would not only deepen our physical
understanding of Al forecasting systems but would also help identify architectural or training-

driven biases that might otherwise go unnoticed in conventional skill metrics.

5.4 Broader Implications and Future Directions

The work presented in this dissertation underscores that the most impactful applications
of ML for emulation in modeling the atmosphere will require targeted emulation of tasks
that align with the inherent strengths of ML. Rather than attempting to replicate full model
tendencies, future efforts may yield greater benefits by focusing on individual schemes or pro-
cesses where ML can offer substantial speed-up, improved numerical stability, or enhanced
representation of localized phenomena. This targeted approach is particularly promising
for computationally intensive physical parameterizations, such as cloud microphysics, radi-
ation, or chemistry, where ML surrogates can deliver efficiency gains without compromising
interpretability, stability, or physical realism.

Equally important is the need to design Al and ML solutions with their eventual deploy-
ment environment in mind. For models intended to operate within existing operational or
research forecast systems, often written in legacy Fortran, the architecture, training, and
deployment pipelines should be constructed from the outset to interface cleanly with these
environments. For example, using frameworks such as PyTorch, combined with interoper-
ability libraries like F'Torch, can significantly streamline the integration of ML components
into Fortran-based workflows [Atkinson et al., 2025]. This co-design mindset ensures that
promising prototypes can transition into real-world applications without major computa-
tional overhead.

At the same time, Al-driven weather and climate models are being developed at a pace
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that far exceeds the current ability to systematically assess their dynamical and physical
fidelity. Without standardized benchmarks, comparisons between models risk becoming
inconsistent or incomplete, limiting scientific understanding and operational trust. The
extension of dynamical testing frameworks, such as those utilized and developed in this thesis,
offers a path toward reproducible, architecture-aware evaluation tools that can probe the
types of dynamics and physics learned by these systems. Such frameworks, when integrated
into shared infrastructures like Earth2Studio, have the potential to serve as community-wide
standards, fostering comparability, transparency, and physical interpretability.

Looking ahead, this line of work highlights two intertwined frontiers. First, there is a
pressing need to co-design Al architectures and diagnostic tools so that evaluation is not
an afterthought but an integrated aspect of model development. Second, fostering shared,
reproducible benchmarks for AI models will require active collaboration between the Al,
NWP, and climate modeling communities. Bridging these worlds offers the potential for a
new generation of forecasting systems, ones whose skill is matched by their physical inter-
pretability and whose evaluation frameworks are as rigorous as those used for their numerical

predecessors.

5.5 Final Thoughts

This dissertation has spanned a continuum, from emulating components of climate models,
to embedding them in real-time systems, to testing entirely new architectures that forecast
weather without explicit physics. At each stage, we have uncovered not only the promise of
ML in advancing climate science, but the pitfalls and puzzles that still lie ahead.

We find ourselves at a pivotal moment. The accelerating pace of ML development offers
remarkable new tools for climate modeling, but with these tools comes a responsibility to
question, to test, and to interpret. As researchers and practitioners in this space, we must
remain critical, collaborative, and grounded in physical understanding. The work presented
here is one step toward a future where ML and climate science work in tandem: where the
strengths of each can offset the limitations of the other, and where our models are not only

fast and accurate, but interpretable, reliable, and physically sound.
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APPENDIX A
Chapter 2 Supplemental Information

Text S1. Aquaplanet Details

The aquaplanet configuration was used to inform parameter choices for the BM convection
scheme discussed in section 2.1. An aquaplanet is an ocean-covered model with prescribed
sea surface temperatures (SST) in which the exchange of heat and moisture between the
ocean and the atmosphere provides additional quasi-realistic atmospheric fluid flow. It is a
widely used configuration for simplified physics studies of GCMs. We used the aquaplanet
configuration with the older CAM4 physics package with the CONTROL SST profile con-
figuration described in Neale and Hoskins [2000] to guide our choice of RHgy and 7 in the
BM scheme Neale et al. [2010]. Zonal-mean, time-mean fields for various model output fields
comparing the aquaplanet and the convection scheme are shown in Figures A.1 and A.2 and
were used to inform our decision for the chosen parameters.

While we acknowledge that these two cases are not identical, there are many fields with
similar flow characteristics. In particular, the temperature, specific humidity, relative hu-
midity, zonal wind, and precipitation rates share many similarities in their averaged profiles.
The physical tendencies in Figures A.1d,e and A.2d,e display greater differences. However,
this is expected as the complexity of the physical parameterizations differs. All cases are
run at the same 1.9 x 2.5 degree spatial resolution with 30 model levels. Since the CON-
TROL case for the aquaplanet setup in CAM4 is not the default setup, we note here that
the compset ‘long name’ format is
“2000_.CAM40_SLND_SICE_DOCN%AQP1_SROF_SGLC_SWAV”.

This is needed to reproduce Figure A.1.
Text S2. Machine Learning Hyperparameter Tuning

Parameters like the number of trees in an RF, the number of training samples, as well
as the choice of activation functions in a neural network are examples of hyperparameters.
These impact the effectiveness of the emulators. The majority of the RF parameters for this

study were chosen via the SHERPA hyperparameter optimization library. Tables A.1 to A.8
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show the hyperparameter choices for the various RF emulators. For further details on the
RF parameters and how they work to impact the overall model, we direct the reader to the
SciKit-Learn documentation Pedregosa et al. [2011]. We also show choices for the neural
network setups in able A.9, all of which were informed by Beucler et al. [2021]. Each field uses
an identical setup, however precipitation rates use a sigmoid activation (rather than tanh)
on the final layer in order to enforce positive-definite solutions. Our NNs also use Keras’
Normalization layer for our features in order to transform the input to be unitarily invariant,
see Keras documentation for further information on this normalization process Chollet [2017].
The symbols RELHUM, LHFLX, and SHFLX stand for the relative humidity, surface latent
heat flux, and surface sensible heat flux, respectively. We note that upon review we found
that reducing the number of trees in our RFs from the SHERPA suggestion down to 50
trees across each configuration did not noticeably impact our results. Therefore, we kept the
number of trees consistent across all RF models at 50 trees.

Figures

Tables

Table A.1: Dry dT/dt Hyperparameters

RF Option Choice
Input Variables T, p, ¢
Number of Samples 20 Million
Number of Trees 50
Max Depth 39
Min Samples Split 17
Min Samples Leaf 6

Table A.2: Moist dT/dt Hyperparameters

RF Option Choice

Input Variables T, p, ¢, RELHUM, LHFLX, SHFLX
Number of Samples 15 Million

Number of Trees 50

Max Depth 30

Min Samples Split 20

Min Samples Leaf 15
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Figure A.1: Zonal-mean time-mean panel of (a) temperature, (b) specific humidity, (c)
relative humidity, (d) temperature tendency, (e) moisture tendency, (f) zonal wind, (g) large-
scale precipitation, (h) convective precipitation, (i) total precipitation rate for the CAM4
aquaplanet setup with the CONTROL SST profile.
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Figure A.2: Zonal-mean time-mean panel of (a) temperature, (b) specific humidity, (c)
relative humidity, (d) temperature tendency, (e) moisture tendency, (f) zonal wind, (g)
large-scale precipitation, (h) convective precipitation, (i) total precipitation rate for the
TJ16 configuration in CAMG6 coupled with the BM convection scheme with 7 = 4 hr and
RHpym = 0.7.
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Table A.3: Convection dT/dt Hyperparameters

RF Option Choice

Input Variables T, p, ¢, RELHUM, LHFLX, SHFLX
Number of Samples 15 Million

Number of Trees 50

Max Depth 22

Min Samples Split 23

Min Samples Leaf 18

Table A.4: Moist dq/dt Hyperparameters

RF Option Choice

Input Variables T, p, q, RELHUM, LHFLX, SHFLX
Number of Samples 20 Million

Number of Trees 50

Max Depth 30

Min Samples Split 45

Min Samples Leaf 15

Table A.5: Convection dq/dt Hyperparameters

RF Option Choice

Input Variables T, p, ¢, RELHUM, LHFLX, SHFLX
Number of Samples 20 Million

Number of Trees 50

Max Depth 32

Min Samples Split 19

Min Samples Leaf 17

Table A.6: Moist Large-Scale Precipitation Hyperparameters

RF Option Choice

Input Variables T, p, q, RELHUM, LHFLX, SHFLX
Number of Samples 20 Million

Number of Trees 50

Max Depth 30

Min Samples Split 30

Min Samples Leaf 5t
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Table A.7: Convection Large-Scale Precipitation Hyperparameters

RF Option

Choice

Input Variables
Number of Samples
Number of Trees
Max Depth

Min Samples Split
Min Samples Leaf

T, p, ¢, RELHUM, LHFLX, SHFLX

20 Million
50
30
30
5

Table A.8: Convection Convective Precipitation Hyperparameters

RF Option

Choice

Input Variables
Number of Samples
Number of Trees
Max Depth

Min Samples Split
Min Samples Leaf

T, p, ¢, RELHUM, LHFLX, SHFLX

20 Million
50
37
2
11

Table A.9: Neural Netork Setup/Hyperparameters

NN Option

Choice

Input Variables

Number of Samples
Number of Layers
Nodes per Layer

Hidden Layer Activation
Output Layer Activation
Dropout Rate

Loss Function

Batch Size

Epochs

Optimizer

T. p. ¢, RELHUM, LHFLX, SHFLX
12.8 Million

8

512

LeakyReLU (o = 0.25)
tanh (sigmoid for precip)

0.001

MSE

128
15

Adam (learningRate= 0.00001)
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