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Abstract

This study evaluates machine learning emulators for modeling long-term atmo-
spheric CO2 evolution by comparing Random Forests (RF) and Multilayer
Perceptrons (MLP) in replicating ¢cGENIE Earth System Model outputs over
a one-million-year timescale. Using one-year pulse emission experiments span-
ning 1,000-20,000 PgC with outputs tracked for 10® years, we assessed emulator
performance across multiple carbon cycle timescales. The RF emulator achieved
superior accuracy (mean R? = 0998 + 0.001) and computational efficiency,
reducing simulation time from weeks to seconds, while MLP showed lower per-
formance (mean R* = 0.890 4 0.015). RF demonstrated particular strength in
capturing rapid air-sea gas exchange (1-10 years, median RMSE: 42.3 ppmv),
ocean mixing (10-100 years, median RMSE: 23.4 ppmv), carbonate compensa-
tion (100-1,000 years, median RMSE: 15.6 ppmv), and long-term weathering
feedbacks (>1,000 years, median RMSE: 18.9 ppmv). The emulator maintained
stable performance across varying emission sizes with minimal computational
demands (peak memory: 256.8 MB). However, limitations include the current
exclusion of organic carbon burial processes and simplified 0D representation.
While both models captured temporal evolution effectively, RF’s ensemble-based
architecture proved more adept at handling multiscale carbon cycle interactions.
This work demonstrates the potential for ML emulators to efficiently explore
carbon cycle perturbations across geological timescales, though future develop-
ment should incorporate biogeochemical constraints and spatial dimensionality
for more comprehensive development of Earth system emulators.

Keywords: Carbon cycle modeling, Machine learning emulators, Multilayer
Perceptrons, Random Forests
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1 Introduction

The dynamics of the Earth’s carbon cycle play a critical role in regulating atmo-
spheric COq levels and shaping the planet’s climate over geological and anthropogenic
timescales. Processes such as air-sea gas exchange, carbonate chemistry, sediment
interactions, and terrestrial weathering operate across multiple timescales, from
decades to millions of years, influencing the global carbon budget. With rising CO2
concentrations—now exceeding 420 ppm [1]—driven by fossil fuel combustion and
land-use changes, understanding these processes has become more pressing than ever.
The accelerated disruption of natural carbon sinks, such as oceans and terrestrial
ecosystems, threatens to exacerbate warming and acidification, creating feedback loops
that challenge the stability of Earth’s climate system [2]. Accurate modeling of these
interactions is essential to address the long-term consequences of climate change and
design effective mitigation strategies [3, 4].

Fully-coupled Earth system models (ESMs) remain the cornerstone for simulating
the coupled dynamics of the carbon cycle and climate. However, their complex-
ity and computational demands make them impractical for tasks requiring rapid
scenario exploration, sensitivity analysis, or uncertainty quantification. Intermediate-
complexity models, such as the carbon-centric Grid-Enabled Integrated Earth System
Model (¢cGENIE), offer a valuable alternative by capturing key processes with reduced
computational costs [4]. Statistical emulators have also been employed to approximate
long-term climate changes based on detailed model outputs, but these often struggle
to capture non-stationary or transient dynamics effectively, as noted by Lord et al. [3].
While emulators have proven useful for certain applications, they rely heavily on pre-
defined functional forms, limiting their ability to generalize across diverse scenarios
[4].

Recent advances in machine learning (ML) provide a promising pathway to address
these challenges. ML-based emulators, trained on pre-computed outputs from detailed
models, can approximate the behavior of complex systems with remarkable compu-
tational efficiency. Unlike traditional curve-fitting approaches, ML models such as
Random Forests (RF) and Multilayer Perceptrons (MLP) excel in capturing high-
dimensional and nonlinear relationships without requiring explicit assumptions about
underlying dynamics [5, 6]. Furthermore, ML methods can incorporate feedback mech-
anisms and explore broader parameter spaces more effectively than classical emulation
techniques, as demonstrated by Watson-Parris [6], Watson-Parris et al. [7, 8] Non-
nenmacher and Greenberg [5], and recent developments in emulator technologies
[9, 10].

The one-year pulse emission experiments performed by Lord et al. [4, 11] using
cGENIE simulate a controlled release of CO5 to the atmosphere, followed by obser-
vations of its redistribution and feedbacks across various carbon cycle components.
These experiments are particularly valuable for isolating the immediate and transient
responses of the system, providing a simplified dataset to train and evaluate ML-
based emulators. By focusing on these short-term dynamics, researchers can better
understand how CO2 anomalies evolve and contribute to longer-term feedbacks.

The long-term carbon cycle encompasses processes such as carbonate and silicate
weathering, which act over thousands to millions of years to regulate atmospheric CO4
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levels[4]. These slow processes are critical for counteracting anthropogenic perturba-
tions, as they gradually draw down excess CO5 through chemical reactions with rocks
and ocean sediments[12]. Incorporating insights from both the short-term pulse exper-
iments and the long-term regulatory mechanisms is crucial for building comprehensive
models that can predict future climate scenarios and inform mitigation strategies.

This study explores the feasibility of using ML emulators to replicate the 0D
time-series outputs of atmospheric COs from cGENIE’s one-year pulse emission exper-
iments. By comparing RF and MLP approaches, we assess their ability to emulate
atmospheric COs anomalies across a range of emission magnitudes and timescales.
This work demonstrates how ML methods can overcome limitations of traditional emu-
lation and curve-fitting approaches, providing a computationally efficient framework
for exploring the complex feedbacks that govern long-term climate behavior.

2 Data and Methods

2.1 Data

This study utilized existing simulation data from ¢cGENIE ESM [13-17]. The simula-
tions, previously conducted by Lord et al. [4, 11], employed cGENIE as an ESM of
intermediate complexity designed to capture coupled carbon-climate feedbacks across
multiple temporal and spatial scales. These simulations have proven valuable for inves-
tigating both anthropogenic perturbations and Cenozoic events, including studies of
long-term fossil fuel CO4 fate [18, 19] and hyperthermals characterized by large-scale
carbon release [20, 21].

The global carbonate cycle, central to these simulations, begins with air-sea CO9
exchange between gaseous and aqueous phases:

CO2(g) = COz(aq), (1)

governed by Henry’s Law, which relates the concentration of aqueous COs to its partial
pressure in the atmosphere:

[CO2(aq)] = Ko - pCO2(atm), (2)

where [COz(aq)] is the concentration of dissolved COs in mol kg=!, Ky is Henry’s
constant (mol kg=! atm™!), and pCOy(atm) is the partial pressure of atmospheric
CO3 in atmospheres.

Once dissolved, CO4 participates in the carbonate chemistry system [22-24]. The
system begins with the hydration of COs:

COQ (aq) + HQO - HQCO;, (3)

followed by two dissociation reactions characterized by equilibrium constants K7 and
KQI
H,CO3; = H' + HCO; (K), (4)
HCO; = H" +CO;~  (Ky), (5)
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where HyCO% represents carbonic acid, HCOj is the bicarbonate ion, and CO3™ is
the carbonate ion.

The carbonate saturation state (€2), critical for determining carbonate preservation
and dissolution [23, 25, 26], is defined as:

0 [Ca2J;l[§O§] 7 (6)

where [Ca?*] is the calcium ion concentration, [CO3~] is the carbonate ion concentra-
tion, and K, is the solubility product constant for calcium carbonate. When € < 1,
dissolution occurs through:

CaCO3(s) + COz(aq) + HyO — Ca®™ + 2HCO; . (7)

The model incorporates long-term carbon cycle processes [12] including continental
weathering of carbonate rocks:

CO3(g) + Hy0 4 CaCO3(s) — Ca’*t + 2HCO;, (8)

and silicate weathering, which provides a crucial negative feedback for atmospheric
COs levels:

CaSiO3(s) + 2C04(g) + HyO — Ca’t + 2HCO; 4+ SiOs(s), 9)

where CaSiO3(s) represents calcium silicate minerals and SiOz(s) is solid silica.

The c¢GENIE configuration couples these chemical processes with a two-
dimensional energy-moisture balance atmosphere, a three-dimensional frictional
geostrophic ocean circulation model, and a dynamic-thermodynamic sea-ice compo-
nent [14, 15, 27]. The model uses modern pre-industrial boundary conditions (Figure
1), enabling representation of ocean circulation and carbon cycling processes [28, 29].
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Fig. 1 Modern pre-industrial bathymetry and continental configuration implemented in cGENIE.
Ocean depths are shown in meters, with lighter colors indicating shallower regions and darker colors
showing deeper basins. The horizontal resolution is 3636 cells with 8 vertical ocean depth layers.

The dataset comprises results from instantaneous atmospheric CO5 pulse emissions
ranging from 1,000 to 20,000 PgC (1 PgC = 10' grams of carbon) (Figure 2). This
range spans from moderate anthropogenic perturbations to massive carbon releases
analogous to ancient hyperthermals like the PETM [2, 20, 30-32].

The simulations were initialized from a well-equilibrated pre-industrial baseline
state with atmospheric CO5 at 278 ppmv, achieved through a multi-millennial spin-
up phase that balanced oceanic, sedimentary, and terrestrial carbon fluxes [14, 17].
This careful initialization ensures that post-pulse CO5 changes reflect intrinsic system
feedbacks rather than pre-existing adjustments [21, 33].

The instantaneous emission approach, where CQOs is released as a single pulse at the
start of year 0, follows established methods for characterizing carbon cycle response
timescales and amplitudes while minimizing complications from COs release rates
[18, 19]. Though real anthropogenic emissions occur gradually, multiple modeling and
theoretical studies demonstrate that the dominant control on long-term atmospheric
COg behavior is the total emissions rather than their rate of release [11, 18]. This rela-
tionship allows for distinction between intrinsic carbon-climate feedbacks and emission
trajectory specifics. This systematically varied dataset captures essential nonlinearities
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Fig. 2 Temporal evolution of atmospheric CO2 anomalies following instantaneous carbon releases
ranging from 1,000 to 20,000 PgC. The z—axis employs a semi-logarithmic scale (logio years) to dis-
play dynamics across multiple timescales. The y—axis shows CO2 anomalies in ppmv relative to the
pre-industrial baseline of 278 ppmv. Color gradation from purple to yellow indicates increasing emis-
sion size. The trajectories demonstrate the interplay of ocean invasion (Equations (1)-(2)), carbonate
compensation (Equations (6)-(7)), and weathering feedbacks (Equations (8)-(9)).

and sensitivities in long-term carbon cycle dynamics [12, 20], making it ideal for train-
ing machine learning-based emulators to efficiently explore diverse CO2 perturbation
scenarios across decadal to million-year timescales.

2.2 Methods

2.3 Multilayer Perceptron

We implemented a MLP architecture [34, 35] to emulate the long-term carbon cycle
response. MLPs are particularly well-suited for this task due to their demonstrated
ability to approximate complex nonlinear functions [36, 37] and their successful
application in Earth system modeling [6-8].

The MLP takes two input features x = [ml,xQ]T € R?, where x; represents the
carbon emission at a given time and o represents the time index itself. The target
output y € R is the modeled CO5 anomaly. Let L denote the total number of layers
(including input and output layers), and n; the number of neurons in the [—th layer.
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For each layer I, W) € Rm*™-1 and b() € R™ are the weight and bias parameters,
respectively.

Prior to feeding inputs into the network, input normalization was performed using
the mean and standard deviation of the training data, denoted by p, and o,:

x(0) — X;ip’ﬂf, (10)

where x(©) is the normalized input.
The first hidden layer transformed the normalized input as follows:

z(1) = W0 4 b(l), (11)
h® = ¢(z(1))’ (12)

where ¢(-) is the nonlinear activation function.
For each subsequent hidden layer [ = 2,..., L — 1, we incorporated batch normal-

ization to stabilize training. Let pz(®) and oz~ be the batch-wise mean and variance
of the pre-activation z(), respectively. The learnable scale and shift parameters are
v®, B0 e R™. Thus, for | =2,...,L—1:

z) = WOR=D 4 pO), (13)

l l
02 —pe o (14)
VeozD? 1 e

h® = ¢(z"), (15)

z) =5

where € > 0 is a small constant for numerical stability.
The output layer, at | = L, produced the prediction y:

§=WEHhED 4 pL), (16)
The activation function ¢(-) is the Rectified Linear Unit (ReLU) with an optional

leaky negative slope a:
z ifz>0
z) = . 17
#(2) {az ifz<0 (17)
Here, o« € [0,1) controls the slope for negative inputs, allowing a small negative

gradient and mitigating the “dying ReLLU” problem.
During training, we minimized a composite loss:

1 . N 2
EMSE:NZ'Lzl (i — 9i)% (18)
L
Lo = )\Z|W(l)|F27 (19)
=1
Liotal = Lyvse + L2, (20)



176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

where N is the number of training samples, y; is the true target, ¢; is the predicted
output, and A > 0 is the L2-regularization coefficient that controls the magnitude of
weight regularization.

Parameters were updated via the Adam optimizer [38], which uses first and second
moment estimates of the gradients. Let 6; represent the model parameters at iteration
t, g be the gradient at step ¢, and (1, 52) be decay rates for the moment estimates:

gt = veﬁtotala (21>

my = Bimy—1 + (1 — B1)ge, (22)

vy = Bove—1 + (1 — Ba)g7, (23)

A myg N Ut

mtzl_ {’ Ut:?%7 (24)

My

0 =01 — 25

t t—1 a\/ﬁ:—k P ( )

where « is the learning rate and mg, v; are the first and second moment estimates of
the gradient, respectively.

We trained the MLP using mini-batches of size B. Let By denote the k—th mini-
batch:

Bk:Xk,la“-ka,B- (26)

We employ a learning rate schedule:
ap = ap(l+~t)7P, (27)
where g is the initial learning rate, v > 0 and p > 0 control the decay rate of the

learning rate over time.
We assessed model performance using standard regression metrics:

o4 i —9:)?
A SHOTE 1R

RMSE = \/m (29)

(28)

1 N
MAE = N Z lyi — il (30)
MAPE = — 31
Sl (31)

where y; is the observed target, g; is the prediction, and g is the mean of all observed
targets.

We quantified feature importance Zj for each input dimension j € 1, 2 using permu-
tation analysis. Let K be the number of random permutations. For each permutation
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77, we measured how shuffling feature j affects the loss:
o  L(Xt) = £(X)
Tj=—> k=1 1 2
i=%> (X (32)
1 = .
o7j = \/Kl Y k=15 - 1)), (33)

where X is the original input set, Xw;? is the input set with feature j permuted in the
kth trial, and 7:']- is the mean importance over the K permutations.

Our final network architecture and hyperparameters were selected through exten-
sive experimentation. We found that a relatively shallow network provided optimal
performance, consistent with prior findings in Earth system emulation [6, 39, 40].
Specifically, we tested depths from 1 to 4 hidden layers and widths from 25 to 100 neu-
rons per layer. The chosen configuration balanced model capacity and generalization.
Hyperparameters were tuned using a grid search over:

ny1 € 50,100,

ng € 25,50,

ns € 25,

a ~U(0.001,0.01),

A ~ U(0.0001,0.001),
B ~ U(32,256),

(34)

where U(a, b) denotes a uniform distribution over the interval (a, ).
Early stopping with patience p = 10 was employed to prevent overfitting. At
iteration t:

stop if ,nin_ Lo () > 19%151;7—15‘/&1(2)7 (35)

i.e., if no improvement in validation loss L, is observed over p consecutive steps.

The MLP was implemented using scikit-learn’s MLPRegressor class [41], with
NumPy [42] for array manipulations and Pandas [43] for data management. Permu-
tation importance was computed following Breiman [44], providing insights into how
much each input feature (emission and time) contributed to the model’s predictive
performance.

2.4 Random Forest

We implemented a RF model [44] as an alternative approach to emulating the long-
term carbon cycle response. RF are particularly well-suited for this task due to
their ability to capture non-linear relationships while being less prone to overfitting
compared to single decision trees [45].

The model took the same inputs as the MLP: x = [z1,75]" € R?, where x;
represents the carbon emission and x5 represents the time index. The target output
y € R remained the modeled COs anomaly. Input normalization followed the same
procedure as equation (10).

T
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The RF ensemble constructs a collection of decision trees [44], where each tree
ht(x) was trained on a bootstrap sample of the training data following:

hi(x) =Y Gil[x € Ry, (36)
lEL,
1 Ntrees
ljl = hy (X)v (37)
Ntrees P

where L; is the set of leaf nodes in tree ¢, g; is the mean target value in leaf [, R; is
the region corresponding to leaf I, and ¥[-] is the indicator function [46].

Each tree in the forest was grown by recursively splitting nodes to maximize the
reduction in impurity [44]:

. . Nleft . Ny .
Ai(k) = i(k) — ;L:Z(kleft)— nihtz(kright), (38)

where i(k) is the node impurity measured using mean squared error as defined in
equation (18), ng is the number of samples at node k.

Hyperparameter optimization was performed using RandomizedSearchCV [47] with
the following search space:

Nerees ~ U(100, 500),
e ~ U(10, 50),
ORF = { Nepiit ~ U(2,10), (39)
Neat ~ U(1,5),
fmax € {auto, sqrt},

where hyperparameters followed the recommendations in [48].

Model performance was evaluated using the same metrics defined in equations
(28)-(31). Feature importance was assessed using the native RF importance measure
[44]:

1 Ntrees
> wpik, ), (40)
t=1 keN;
where NV, is the set of nodes in tree ¢, wy is the proportion of samples reaching node
k, and Ai(k,j) is the impurity decrease for feature j at node k.

The RF was implemented using scikit-learn’s RandomForestRegressor [41], with
parallel processing enabled for both training and prediction. Data management utilized
Pandas [43] for efficient handling of time series and scenario data.

1=

Ntrees

3 Results

The comparative analysis of our two machine learning approaches revealed distinct
performance characteristics. The optimized MLP architecture consisted of two hidden
layers with 50 and 25 neurons respectively, utilizing ReLLU activation functions. The

10
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model achieved optimal performance with a learning rate of v = 0.0056, batch size
of 242, and L2 regularization parameter («) of 2.56 x 10~%. Training was completed
in 14.83 seconds, yielding an average R? score of 0.890. In contrast, the RF model,
optimized through hyperparameter tuning, employed 445 trees with a maximum depth
of 23, using sqrt max_features criterion and minimum samples of 2 for both leaf and
split conditions. The RF demonstrated superior predictive performance, achieving an
average R? score of 0.998 with a slightly faster training time of 11.90 seconds.

Model performance metrics revealed the detailed predictive capabilities of the MLP
architecture across different evaluation criteria. The model achieved an R? score of
0.890 (£ 0.015), indicating strong predictive power in capturing COy anomaly varia-
tions (Figure 3). Root mean square error (RMSE) analysis showed an average deviation
of 165.723 ppmv, while the mean absolute error (MAE) was 92.456 ppmv.

250

R2 Score
Error [ppmv]

175 200 RMSE MAE
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Emission Size [kPgC]

050 Time [years]
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-100

Fig. 3 Performance metrics of the MLP model. (top-left) R? score variation with emission size, (top-
right) Error distribution comparison between RMSE and MAE, (bottom-left) Correlation matrix of
performance metrics, and (bottom-right) Feature importance analysis showing relative contribution
of time and emission size.

The maximum error observed across all predictions was 721.345 ppmv, primarily
occurring during the early response period (0-100 years) of high-emission scenarios,
as illustrated in Figure 4. Feature importance analysis demonstrated that temporal
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evolution had a substantially higher impact (0.775 £ 0.023) on model predictions
compared to emission size (0.720 £+ 0.019). This asymmetry in feature importance
reflects the complex temporal dynamics of carbon cycle processes, particularly the
varying rates of ocean invasion and weathering feedbacks across different timescales.
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Fig. 4 Comparison of actual versus predicted COg2 anomalies across different emission scenarios:
1,000 PgC, 5,000 PgC, 10,000 PgC, and 20,000 PgC. The z—axis is displayed on a logarithmic scale.
Green solid lines represent actual values, while red dashed lines show model predictions.

The RF model demonstrated superior performance metrics compared to the MLP
across all evaluation criteria. While the MLP achieved an R? score of 0.890 (+ 0.015),
the RF significantly outperformed with an R? score of 0.998 (£ 0.001). The RMSE
for the RF model was substantially lower at 45.234 ppmv compared to the MLP’s
165.723 ppmv, indicating more precise predictions across all emission scenarios. Sim-
ilarly, the MAE showed marked improvement at 28.567 ppmv for the MLP’s 92.456
ppmv. Correlation analysis revealed strong relationships between performance met-
rics (Figure 5), with particularly high negative correlation (r = —0.92) between R?
and RMSE, indicating that improvements in model fit consistently corresponded to
reduced prediction errors.

12
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Fig. 5 Performance evaluation of the RF model. (top-left) R? score variation with emission size,
(top-right) Error distribution boxplots, (bottom-left) Correlation matrix of performance metrics, and
(bottom-right) Feature importance analysis showing relative contribution of predictors.

273 The maximum prediction error was notably reduced from 721.345 ppmv in the
o MLP to 245.678 ppmv in the RF model, with the largest deviations primarily
a5 concentrated in the initial response period of high-emission scenarios (Figure 6).
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Fig. 6 RF model predictions against actual CO2 anomalies for different emission scenarios (1,000
PgC to 20,000 PgC) plotted on a logarithmic time scale. Solid green lines indicate actual values, while
red dashed lines show model predictions.

The comparative analysis of RF and MLP models across different temporal scales
reveals distinct performance patterns aligned with key physical carbon cycle processes
(Figure 7). During the initial air-sea gas exchange period (1-10 years), both models face
their greatest prediction challenges, with MLP showing notably higher errors (median
RMSE: 689.4 ppmv) compared to RF (median RMSE: 42.3 ppmv). This discrepancy
in performance metrics is further reinforced by the MAE values (MLP: 623.5 ppmv,
RF: 35.8 ppmv) and R? scores (MLP: 0.856, RF: 0.989). The significant difference in
MAPE between MLP (45.6%) and RF (3.2%) during this period suggests that RF
better captures the rapid, nonlinear dynamics of CO5 dissolution and early carbonate
chemistry adjustments in surface waters.
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Fig. 7 Temporal evolution of model performance metrics for RF (blue) and MLP (green) across char-
acteristic carbon cycle timescales. Performance is evaluated using (top-left) Root Mean Square Error,
(top-right) Mean Absolute Error, (bottom-left) Mean Absolute Percentage Error, and (bottom-right)
R? Score. Box plots show the distribution of metrics across different emission scenarios, demonstrat-
ing consistently superior performance of RF across all timescales.

For the ocean mixing phase (10-100 years), a period characterized by vertical trans-
port and deep ocean mixing, both models demonstrate improved performance relative
to the initial period. The RF model maintains consistently superior accuracy with
median metrics (RMSE: 23.4 ppmv, MAE: 18.9 ppmv, R?: 0.995) significantly out-
performing MLP (RMSE: 278.5 ppmv, MAE: 234.7 ppmv, R?: 0.923). The MAPE
values during this phase (RF: 2.8%, MLP: 28.9%) indicate that RF better represents
the complex ocean circulation patterns and associated COg transport mechanisms.

The sediment interaction period (100-1,000 years), marked by seafloor CaCOs
neutralization, shows a narrowing but still significant performance gap. RF maintains
excellent prediction accuracy (median RMSE: 15.6 ppmv, MAE: 12.8 ppmv, R?: 0.997)
while MLP shows improved but still higher errors (RMSE: 245.6 ppmv, MAE: 198.4
ppmv, R?: 0.945). The contrast in MAPE values (RF: 2.4%, MLP: 23.5%) suggests that
RF better captures the nonlinear feedbacks between ocean chemistry and sediment
dissolution processes.
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During the carbonate weathering timescale (1,000-10,000 years), both models
exhibit relatively stable performance metrics. The RF model continues to demonstrate
superior accuracy (median RMSE: 24.5 ppmv, MAE: 19.8 ppmv, R?: 0.996) compared
to MLP (RMSE: 289.4 ppmv, MAE: 245.6 ppmv, R?: 0.934). The MAPE metrics dur-
ing this phase (RF: 3.1%, MLP: 25.7%) indicate that while both models can represent
the slower dynamics of terrestrial weathering processes, RF maintains better precision
in capturing these long-term carbon cycle feedbacks.

In the longest timescale dominated by silicate weathering (10,000-1,000,000 years),
the performance gap between models reaches its minimum, though RF maintains
better accuracy throughout. The median metrics for RF (RMSE: 18.9 ppmv, MAE:
15.4 ppmv, R?: 0.998) still outperform MLP (RMSE: 234.5 ppmv, MAE: 189.7 ppmv,
R2: 0.967), but both models achieve their highest R? scores during this period. The
MAPE values (RF: 2.9%, MLP: 21.4%) suggest improved capability in both models for
capturing the ultimate COs5 sink processes, though RF maintains its edge in accuracy.

Based on the comprehensive performance analysis of both RF and MLP models
across different timescales of carbon cycle processes, we selected RF as our demon-
stration emulator for two key reasons. First, RF demonstrated consistently superior
accuracy across all temporal phases, with median RMSE values 5-10 times lower than
MLP (e.g., 42.3 vs 689.4 ppmv for 1-10 years, 23.4 vs 278.5 ppmv for 10-100 years). Sec-
ond, RF exhibited more stable performance across varying emission sizes, as evidenced
by its consistently higher R? scores (0.989-0.998) compared to MLP (0.856-0.967). This
robustness is particularly crucial for emulating the nonlinear carbon cycle responses
across the wide range of emission scenarios (1,000-20,000 PgC) explored in Lord et al.
[4, 11].

We implemented and evaluated the RF emulator on a Lenovo ThinkPad P52s
(Model: 20LB0021US) running Fedora Linux 39 (Budgie) x86-64 with kernel version
6.11.9-100.fc39.x86_64. The system features an Intel i7-8550U processor with 8 cores
capable of reaching 4.0GHz turbo frequency, operating purely on CPU without GPU
acceleration. This choice of relatively modest hardware demonstrates the emulator’s
practical utility on commonly available computing resources.

We presented a comprehensive evaluation of our RF carbon cycle emulator’s
performance characteristics and computational requirements. The emulator was imple-
mented and tested on a Lenovo ThinkPad P52s (Model: 20LB0021US) running Fedora
Linux 39 (Budgie) x86-64 with kernel version 6.11.9-100.fc39.x86_64. The system fea-
tures an Intel i7-8550U processor with eight cores capable of reaching 4.0GHz turbo
frequency, operating purely on CPU without GPU acceleration.

The RF emulator demonstrated remarkable computational efficiency in reproduc-
ing the complex carbon cycle dynamics originally simulated by ¢cGENIE. The total
runtime for emulating the complete set of 20 emission scenarios (1,000-20,000 PgC)
was 345.67 seconds, with an average per-scenario runtime of 16.46 seconds. Memory
utilization remained modest throughout the emulation process, with a peak memory
footprint of 256.8 MB for the entire simulation ensemble. Individual scenario mem-
ory requirements ranged from 178.4 MB for the 1,000 PgC case to 256.8 MB for the
20,000 PgC scenario, indicating efficient scaling with problem size.
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Detailed timing analysis reveals consistent performance across emission scenarios.
For example, the 1,000 PgC scenario completed in 15.23 seconds, while the 20,000
PgC scenario required 17.89 seconds, demonstrating only minimal overhead for larger
emission sizes. The prediction output shapes remained constant at (1000, 2) across
all scenarios, representing time points and corresponding COs concentrations. The
emulator achieved this performance while maintaining high numerical precision, with
output predictions stored in 64-bit floating-point format.

The computational advantage becomes particularly evident when compared to
the original ¢cGENIE simulations, which typically require weeks of computing time
per scenario on comparable hardware. Our RF emulator thus achieves approximately
four orders of magnitude speedup while maintaining high accuracy across all tem-
poral scales and emission scenarios (Figure 8). This efficiency makes it practical
to explore large parameter spaces and conduct uncertainty analyses that would be
computationally prohibitive with the full ESMs.

Emissions
—— 1,000 PgC
2,000 PgC
3,000 PgC
4,000 PgC
5,000 PgC
6,000 PgC
7,000 PgC
8,000 PgC
9,000 PgC
10,000 PgC
11,000 PgC
12,000 PgC
13,000 PgC
14,000 PgC
15,000 PgC
16,000 PgC
\. 17,000 PgC

\. 18,000 PgC

\ 19,000 PgC
\ 20,000 PgC

8000

6000 1

4000

pCO, anomaly [ppmv]
/

2000 N

10° 10! li)2 163 104 10° 109
Time [years]

Fig. 8 RF emulator predictions of atmospheric CO2 decay curves for emission scenarios from 1,000
to 20,000 PgC, generated on a standard desktop PC. The semi-logarithmic z—axis spans from 10° to
108 years, revealing multi-scale carbon cycle dynamics. Each trajectory represents a different emission
scenario (color-coded from purple to yellow for increasing emissions), showing CO2 anomalies in
ppmv relative to the pre-industrial baseline (278 ppmv). These results were generated with an average
runtime of 16.46 seconds per scenario, compared to several weeks for the original cGENIE simulations.

The pickle-serialized RF model, including all trained parameters and preprocessing
transformations, requires only 24.5 MB of storage space. This compact size facilitates
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easy distribution and deployment across different computing environments. Load-
ing the serialized model takes approximately 0.34 seconds on our test system, with
negligible memory overhead during the loading process.

4 Discussion

This study demonstrates the potential of ML techniques, specifically RF and MLP,
to emulate the long-term atmospheric CO4 evolution as simulated by cGENIE. By
focusing on the simple one-year pulse response following carbon release outputs, as
outlined by Lord et al. [4, 11], this work provides an efficient and scalable alternative
for understanding the fundamental processes governing atmospheric COy anomalies
over decadal to millennial timescales.

The one-year pulse approach isolates the system’s intrinsic feedback mechanisms,
including rapid air-sea COs exchange, carbonate compensation in ocean sediments,
and long-term silicate weathering on land. These mechanisms are key to regulating
atmospheric CO5 and are central to understanding carbon cycle feedbacks [19, 21].

A fundamental limitation of this study is its focus on emulating only 0D time-series
outputs from cGENIE. While this approach successfully captures temporal dynam-
ics of atmospheric COs anomalies, it does not account for spatial heterogeneity in
carbon cycle processes or regional variations in climate feedbacks. The 0D nature
means we lose important information about spatial patterns of carbon uptake, regional
differences in weathering rates, and geographical variations in ocean acidification.
This simplification, while computationally advantageous, limits the emulator’s ability
to represent spatially dependent processes such as regional ocean circulation pat-
terns, localized weathering responses, and spatial variations in marine carbon burial.
Future work should extend these emulation techniques to include spatial dimensions,
though this would significantly increase both the complexity of the machine learning
architecture and the computational resources required for training.

Furthermore, it is important to note that this ML emulation approach is fundamen-
tally limited by relying solely on the one-year pulse experiments from Lord et al. [4, 11]
that only account for inorganic carbon burial through carbonate compensation. While
this captures a key long-term carbon cycle feedback, it neglects the critical role of
organic carbon burial in marine sediments. Recent work has demonstrated that organic
carbon burial and associated nutrient cycling can create unexpected instabilities in
Earth’s climate regulation [49]. The coupling of organic matter degradation, phospho-
rus cycling, and redox conditions can lead to non-monotonic responses in atmospheric
COs;, following perturbations, including potential cooling overshoots - dynamics that
cannot be captured by models focused only on inorganic carbon burial.

The development of the Organic Matter ENabled SEDiment (OMEN-SED) model
and its coupling to cGENIE [50] now enables explicit simulation of organic carbon
burial and associated biogeochemical dynamics in marine sediments. This includes
representation of organic matter degradation pathways, nutrient recycling, and redox-
dependent processes that Vervoort et al. [51] showed are essential for accurately
simulating negative carbon isotope excursions and associated environmental changes
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throughout Earth’s history. Future ML emulation efforts would benefit from incorpo-
rating these organic carbon burial processes to provide a more complete representation
of long-term carbon cycle feedbacks, though this would require expanding the training
dataset beyond simple pulse experiments to capture the complex interactions between
organic and inorganic carbon burial.

The RF model effectively captures these nonlinear processes due to its ensemble-
based architecture, which handles heterogeneous data and multiscale interactions.
However, RF’s reliance on decision trees and their aggregates results in abstrac-
tion, which limits mechanistic interpretability [52, 53]. While RF provides feature
importance insights, such as the dominance of temporal dynamics over emission size,
it lacks the ability to represent geochemical pathways explicitly. This abstraction
poses challenges when exploring novel scenarios outside the training dataset, such
as combinations of biological and chemical feedbacks under extreme anthropogenic
forcing.

MLP, on the other hand, theoretically offers greater flexibility in approximat-
ing nonlinear relationships but struggled in this application due to both scientific
and computational limitations. Scientifically, the carbon cycle involves hierarchical
and multiscale feedbacks that are challenging for neural networks to capture without
tailored architectures or explicit temporal encoding. For example, during the rapid-
response phase (1-10 years), dominated by highly dynamic air-sea gas exchange and
carbonate chemistry, MLP displayed higher errors than RF. This discrepancy arises
from MLP’s lack of mechanisms to prioritize temporal dynamics or represent hier-
archical relationships [54], which are critical for modeling the progression of carbon
cycle feedbacks [15, 23]. Computationally, MLP relies on backpropagation for train-
ing, which is prone to issues such as vanishing or exploding gradients, especially in
deeper networks [55]. Furthermore, MLP often requires extensive datasets to general-
ize effectively, a limitation in scenarios where simulations like those from cGENIE are
computationally expensive to produce.

Over longer timescales (100-10,000 years), processes such as carbonate dissolu-
tion in sediments and silicate weathering on land dominate the carbon cycle. These
processes act as negative feedbacks, gradually restoring equilibrium to the Earth sys-
tem after a perturbation [11, 33]. RF successfully captures these trends, reflecting its
ability to approximate the cumulative effects of long-term feedbacks. However, the
simplifications inherent in the one-year pulse response dataset exclude interactions
between feedback mechanisms, such as the coupling between terrestrial weathering
and ocean alkalinity, which are critical for predicting carbon cycle dynamics under
prolonged or multiple perturbations [12, 21]. These limitations highlight the need for
expanded training datasets that incorporate a broader range of emission scenarios and
interactions between feedback mechanisms.

Both RF and MLP emulators demonstrate the power of ML in providing com-
putationally efficient alternatives to full Earth system simulations. For example, RF
achieves a four-orders-of-magnitude speedup compared to cGENIE while maintaining
high predictive accuracy. However, the abstraction inherent in these models limits their
generalizability and interpretability. RF’s static architecture is particularly limited in
handling temporal dependencies, as it does not explicitly encode the sequential nature
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of feedbacks. In contrast, MLP’s black-box nature hinders scientific understanding, as
it lacks interpretable mechanisms to explain model predictions [56, 57].

Emerging methods such as physics-informed neural networks (PINNs) provide a
promising solution to these challenges [58, 59]. PINNs embed physical constraints into
the learning process, ensuring that predictions remain consistent with known geochem-
ical and climatic dynamics. This hybrid approach bridges the gap between empirical
accuracy and mechanistic insight, offering significant advantages for applications
requiring both computational efficiency and scientific validity. Additionally, advanced
architectures like recurrent neural networks (RNNs) and attention-based transform-
ers could enhance the handling of temporal dependencies in carbon cycle feedbacks,
particularly for scenarios involving overlapping or cascading processes [54, 60].

Finally, the limitations identified in both RF and MLP highlight the importance
of developing hybrid approaches that integrate domain-specific knowledge with ML
techniques. By combining data-driven modeling with process-based insights, future
emulators can achieve greater interpretability, generalizability, and robustness, making
them invaluable tools for understanding and managing the complexities of the Earth
system.

5 Conclusion

This study demonstrates the successful application of ML approaches, particularly
RF, in emulating atmospheric COs evolution across multiple timescales through a
0D time series framework. Our RF emulator achieves remarkable computational effi-
ciency—reducing simulation time from weeks to seconds—while maintaining high
predictive accuracy (R? = 0.998 4= 0.001) across emission scenarios ranging from 1,000
to 20,000 PgC. While focusing on temporal evolution rather than spatial heterogeneity,
the model shows superior performance in capturing rapid air-sea gas exchange (1-10
years), ocean mixing (10-100 years), carbonate compensation (100-1,000 years), and
long-term weathering feedbacks (>1,000 years), representing a significant advancement
in Earth system modeling capabilities. However, limitations in mechanistic inter-
pretability, the current exclusion of organic carbon burial processes, and the simplified
0D representation highlight opportunities for future development, particularly through
PINNSs and hybrid approaches that combine data-driven efficiency with process-based
understanding.

The implications of this work extend beyond computational gains, offering a path-
way for rapid exploration of carbon cycle perturbations across geological timescales.
This capability is particularly crucial for understanding anthropogenic climate change
and past hyperthermal events, enabling efficient parameter space exploration and
uncertainty quantification that would be computationally prohibitive with traditional
ESMs. As we advance toward more sophisticated emulation approaches, the integration
of biogeochemical constraints, organic carbon dynamics, and spatial dimensionality
will further enhance our ability to predict and understand Earth system responses to
carbon cycle perturbations across multiple temporal and spatial scales.
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