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Abstract The meridional overturning circulation (MOC) plays a crucial role in the global distribution of
heat, carbon, and other climate-relevant tracers. Monitoring the evolution of MOC is essential for understanding
climate variability, yet direct MOC observations are sparse and geographically limited. Although satellite
measurements have shown potential for short-term monitoring of the MOC, it remains unclear whether MOC
variability on decadal and longer timescales can be detected remotely. In this study, we leverage machine
learning to reconstruct long-term MOC variability from satellite-measurable quantities, using climate
simulations under pre-industrial conditions. We demonstrate that our proposed non-local dual-branch neural
network (DBNN) effectively reconstructs both the strength and vertical structure of the Atlantic MOC (AMOC)
and the Southern Ocean MOCs across sub-annual to multi-decadal timescales. Using a neural network
interpretation technique, we identify ocean bottom pressure near the western boundary and along dense-water
export pathways as the dominant input features for MOC reconstruction. This indicates that DBNN's predictions
can be interpreted as an approximation of geostrophic balance. The DBNN also effectively reconstructs the
AMOC in the equatorial region, where geostrophy breaks down. This success is attributed to the capability of
DBNN in utilizing latitudinally non-local ocean bottom pressure information and the meridional coherence of
AMOC variability. Additionally, the DBNN accurately reconstructs Southern Ocean MOCs using only sea
surface height and zonal wind stress as inputs, thereby avoiding reliance on ocean bottom pressure, which is
subject to considerable measurement uncertainty in practice. This work demonstrates the possibility of
continuous, long-term MOC monitoring using satellite measurements.

Plain Language Summary The meridional overturning circulation (MOC) is a key ocean circulation
system that moves heat, carbon, and other important tracers throughout the globe. Changes in the MOC,
especially over decades or longer, greatly influence global climate. It is important to track these changes to
better understand climate variability, but direct MOC measurements are logistically challenging and resource-
intensive. A possible solution is using satellite data, like sea surface height, to monitor the MOC remotely.
Previous research has managed to track monthly-to-yearly changes of MOC using this indirect method, but it
remains unclear if this can be done over multi-year or multi-decadal periods. In this study, we demonstrate the
capability of “neural networks” to achieve long-term MOC monitoring from quantities that satellites can
measure, using simulations of hundreds to thousands of years of climate evolution as a test bed. Our approach
also performs well near the equator, where traditional methods often fail. We additionally applied a neural
network interpretation technique, which reveals that its prediction of the MOC primarily uses local and non-
local information about east-to-west pressure changes, consistent with physical expectations. Our results thus
provide a pathway toward accurate monitoring of the MOC using satellite data over climate-relevant timescales.

1. Introduction

The meridional overturning circulation (MOC) in the ocean is a key component of the Earth's climate system,
transporting mass, heat, carbon, and other climatically crucial tracers across the oceans (e.g., Buckley &
Marshall, 2016; Cessi, 2019; Lozier et al., 2019; Marshall & Speer, 2012). The critical role of the MOC in
regulating the climate has been recognized for decades, with a growing body of observational and modeling
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studies emphasizing the importance of multi-decadal MOC variability in driving long-term climate changes (e.g.,
Zhang et al., 2019).

The significance of MOC has led to the establishment of direct MOC observations via in situ monitoring arrays in
the Atlantic (Frajka-Williams et al., 2019), including the RAPID array at 26.5°N (Cunningham et al., 2007), the
OSNAP array near 56°N (Lozier et al., 2017), the SAMBA array at 34.5°S (Ansorge et al., 2014), and the MOVE
array at 16°N (Send et al., 2011). However, these direct observations in the Atlantic remain sparse and
geographically confined. Moreover, there is no MOC monitoring array in the Southern Ocean due to logistical
challenges (Meredith et al., 2013), despite its pivotal influence on global circulation, climate, carbon uptake,
biogeochemical cycles, and the stability of the Antarctic ice sheet (Bennetts et al., 2024; Frolicher et al., 2015;
Rintoul, 2018). Therefore, a critical gap persists in comprehensively monitoring MOC across different latitudes
and ocean basins.

A potential approach to addressing this observational gap is through indirect methods that estimate MOC
transport using satellite-based measurements, which provide comprehensive spatial coverage of the global ocean.
The satellite-measurable quantities include ocean bottom pressure (p,) from the GRACE mission (Tapley
et al., 2004), sea surface height (7) from altimetry missions (e.g., Fu et al., 1994, 2024; Lambin et al., 2010),
surface wind stress from Scatterometer missions (e.g., Figa-Saldafia et al., 2002; Hoffman & Leidner, 2005), sea
surface temperature (6,) from the MODIS mission (Salomonson et al., 1989), and sea surface salinity (S;) from the
SMOS mission (Kerr et al., 2001).

It is theoretically justified to use these satellite-measurable quantities to deduce parts of the MOC variability. For
instance, zonal differences in p,, can indicate the meridional geostrophic transport at abyssal depths, although this
is complicated by the presence of bathymetric variations smaller than the resolution of satellite measurements
(e.g., zonally sloping seafloors; Mazloff & Boening, 2016). Sea surface height allows for direct derivation of
geostrophic currents at the surface (Little et al., 2019), and it has also been shown to negatively correlate with
dense water formation, and thus deep overturning strength (Auger et al., 2024; Morrison et al., 2020; Stewart &
Hogg, 2017; Yeager, 2020; Yeager et al., 2021). Zonally-averaged zonal wind stress (r;““’g) directly reflects the
Ekman transport component of the MOC (McCarthy et al., 2020). Changes in the wind stress can also indirectly
influence 6, and S, which subsequently affect water mass transformation and MOC strength (Bishop et al., 2016).
Additionally, 6, anomalies over the subpolar North Atlantic have been used as a proxy of Atlantic MOC (AMOC)
intensity, as the AMOC is responsible for the northward heat transport from the equatorial region to the North
Atlantic (Caesar et al., 2018), although the efficacy of 6,-based proxies has been debated (Little et al., 2020;
Mackay et al., 2024).

Motivated by the physical relationship between the MOC and satellite-measurable quantities, considerable efforts
have been dedicated to developing dynamically-based methods to reconstruct MOC variability. A prominent
approach relies on the geostrophic argument that zonally integrated meridional geostrophic transport at a given
latitude and depth can be determined from the p, difference between the eastern and western boundaries of the
basin. For instance, Bingham and Hughes (2008) successfully reconstructed over 90% of the inter-annual AMOC
variability, defined in depth space, at 42°N in a numerical simulation. Their work also demonstrates that this
reconstruction can be achieved using p, from the western boundary alone, as variations at the eastern boundary
contribute negligibly. Numerical model-based reconstructions have also been presented in subsequent studies
(Bentel et al., 2015; Bingham & Hughes, 2009; Elipot et al., 2014; Hughes et al., 2018; Roussenov et al., 2008).
Moreover, based on the same geostrophic argument, Landerer et al. (2015) reconstructed the observed AMOC at
26.5°N, averaged over the 3,000-5,000 m depth interval, using p, inferred from GRACE satellite observations.
Their reconstruction covered the period from 2003 to 2014, and yielded a correlation of 0.7. However, since
northward and southward overturning transport at different density layers can occur at the same depth
(Zhang, 2010), the MOC defined in depth space may overlook a significant portion of MOC tracer transport.
Further investigations are needed to determine whether the p, difference between the eastern and western
boundaries can be used to reconstruct the MOC in density space (c.f. Section 2.2). This is particularly important at
high latitudes, where the differences between these two definitions are more pronounced.

In the Southern Ocean, Mazloff and Boening (2016) demonstrated that p, observed by the GRACE mission could
account for 86% of the transport variance of Antarctic Bottom Water (AABW), which forms the lower limb of the
global MOC. This relationship was identified across a section of the Pacific Ocean in the Southern Ocean State
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Estimate reanalysis (Mazloff et al., 2010). More recently, Jeffree et al. (2024) systematically investigated the
reconstruction of AABW transport using the ACCESS-OM2-01 coupled sea-ice/ocean model (Kiss et al., 2020).
They showed that optimized linear combinations of p, explain over 60% of the AABW transport variance at
selected latitudes, even when the simulated p, was coarse-grained to the GRACE satellite resolution of
approximately 300 km. Nonetheless, they noted that significant uncertainty arises when considering realistic
satellite measurement errors of p,.

In addition to p,, other aforementioned satellite-measurable quantities have also been employed as proxies to
reconstruct MOC variability (Duchez et al., 2016; Frajka-Williams, 2015; Sanchez-Franks et al., 2021; Stewart
etal., 2021; Willis, 2010). For instance, Stewart et al. (2021) demonstrated that 73*# is dynamically connected to
the AABW export over time scales shorter than approximately 2 years in the ECCOV4r3 state estimate (Forget
et al., 2015). Sanchez-Franks et al. (2021) reconstructed the geostrophic component of the AMOC in the interior
Atlantic by applying the geostrophic balance to satellite-derived #, and assuming a vertical structure of the
geostrophic transport based on the climatological baroclinic modes. Their AMOC reconstructions (also using
Florida Strait cable observations and satellite-derived wind stress data) explained ~70% of the observed AMOC
variability at 26.5°N on inter-annual timescales.

It is important to note that while these dynamically-based methods provide valuable insights into the processes
driving MOC variability, their validation has been limited to specific latitudes and ocean basins. However,
AMOC variability, for example, can be latitude-dependent and gyre-specific (Lozier et al., 2010), with distinct
characteristics found north and south of approximately 40°N (Bingham et al., 2007). This latitude dependence
raises questions about whether the same dynamically-based methods can be effectively extended to reconstruct
MOC variability in other non-validated latitudes and basins.

Recent advances in data-driven approaches have shown potential for reconstructing and monitoring the MOC
across various latitudes and basins using satellite-measurable quantities. For example, Solodoch et al. (2023)
demonstrated that even a simple fully-connected feed-forward neural network with a minimal number of neurons
could capture 80% of the MOC strength variance across various latitudes in the Southern Ocean, Indo-Pacific
Ocean, and Atlantic Ocean, though the equatorial region remained an exception. Despite these promising re-
sults, the limited temporal scope (24 years) of the ECCOV4r3 state estimate data set, used by Solodoch
etal. (2023), raises concerns about the ability of this approach to capture MOC variability over decadal and longer
timescales. Additionally, the ECCO state estimate cannot resolve mesoscale eddies, which feature a spatial scale
of tens to hundreds of kilometers, because of the coarse model grid spacing (e.g., 100 km) adopted to reduce the
computational cost. More recently, Meng et al. (2024) highlighted the advantages of using convolutional neural
networks (CNN) to better account for the impacts of mesoscale eddies on MOC variability. However, their usage
of idealized simulations limits the direct application of their findings to more realistic ocean basins, which feature
much greater complexity in seafloor geometry, water mass structure, and atmospheric forcing (Meng et al., 2024).
The superior performance of CNNS is consistent with the findings of Michel et al. (2023), who showed that a deep
CNN could reconstruct the simulated historical AMOC strength at 26.5°N from North Atlantic 6, fields with a
correlation of up to 0.77, and the reconstruction is in good agreement with observations from the RAPID arrays.

In summary, several gaps remain in utilizing satellite-measurable quantities as proxies for reconstructing MOC:s.
First, most previous studies have focused on inter-annual MOC variability, with less attention given to recon-
structing MOC variability on decadal and longer timescales. Over these longer timescales, changes in ocean
stratification may alter the relationship between satellite-measurable quantities and MOC variability, making the
reconstruction more challenging. Second, to the authors' knowledge, there has yet to be a successful recon-
struction of the AMOC in the equatorial region, primarily due to the breakdown of geostrophic balance near the
equator. Moreover, while many studies reduce the complexity of MOCs by focusing on the “MOC strength” or
“maximum overturning,” this simplification may overlook the temporal variations in its vertical structure (e.g.,
Chang & Jansen, 2022) and the complex interactions of MOC anomalies across different density levels (e.g.,
Yeager et al., 2021). Therefore, beyond reconstructing the MOC strength, it is also crucial to accurately recon-
struct the density-dependent MOC variability.

In this study, we address these gaps by adopting a data-driven approach similar to that of Solodoch et al. (2023),
but we use two pre-industrial (PI) control simulations from the Coupled Model Intercomparison Project Phase 6
(CMIP6). These simulations, which span hundreds to thousands of model years, allow us to investigate the
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reconstruction of intrinsic MOC variability on decadal and longer timescales. We propose a non-local dual-
branch neural network (DBNN) architecture, which demonstrates promising capabilities in capturing the vari-
ability of the AMOC, the Southern Ocean mid-depth MOC, and the Southern Ocean abyssal MOC across sub-
annual to multi-decadal timescales. Notably, the proposed neural network framework successfully reconstructs
both the time-varying strength and vertical structure of the MOC, providing a more complete solution for
monitoring MOC variability.

The remainder of this article is organized as follows: Section 2 introduces the two CMIP6 simulations used in this
study and presents the proposed neural network architecture. In Section 3, we demonstrate the skill of the pro-
posed neural network in reconstructing MOC strengths and examine the utility of various satellite-measurable
quantities, using one of the CMIP6 simulations. Section 4 investigates the underlying physics learned by the
neural network using Layer-wise Relevance Propagation, a technique that interprets neural networks by tracing
predictions back through the layers to the input variables. In Section 5, we extend the neural network's application
from MOC strength reconstruction to reconstructing MOC variability at various density levels. Section 6 eval-
uates the robustness of the proposed neural network using data from a different CMIP6 simulation with an eddy-
permitting resolution. Concluding remarks and discussion follow in Section 7.

2. Methods

To develop a practical approach for reconstructing MOC variability, the ideal method would use direct MOC
observations and satellite-measurable quantities from the real ocean. However, the scarcity of in situ MOC
observations, especially over longer timescales, limits this pathway. At the current stage, our goal is to
demonstrate that the long-term MOC variability is inherently reflected in satellite-measurable quantities and can
be captured using a data-driven approach, instead of aiming to propose a practical MOC monitoring solution. We
therefore develop and test our data-driven method using outputs from CMIP6 climate simulations. In the
following subsections, we describe the climate simulations used, our definition of MOC variability, the proposed
neural network architecture, and the training process for the neural network.

2.1. PI Control Simulations

We start by using the PI control simulation from ACCESS-ESM1.5 (Ziehn et al., 2020) to develop and validate
our machine learning approach. The ocean component of ACCESS-ESM1.5 employs Modular Ocean Model
(MOM) version 5 (Griffies, 2012), coupled with the CICE4.1 sea-ice model (Hunke et al., 2010). The ocean
model has a nominal horizontal resolution of 1°, with finer resolution near the equator (0.33°) and over the
Southern Ocean (~0.4° at 70°S). A flow-dependent eddy buoyancy diffusivity (Ferrari et al., 2010; Griffies
et al., 2005) is adopted to parameterize the eddy-induced overturning circulation (Gent & McWilliams, 1990;
Gent et al., 1995). The PI control run spans 1,000 years, and monthly outputs are used in this study. Both the
satellite-measurable oceanic quantities (i.e., p;, 1, 0,, and S;) and MOC streamfunction (c.f. Section 2.2) on the
model's native ocean grid are used, comprising 300 latitudes and 360 longitudes. Zonal wind stress 7, is linearly
interpolated from the native atmospheric grid to the native ocean grid.

To further assess the robustness of our machine learning approach across models, we also use the PI control run
from GFDL-CM4 (Held et al., 2019). The ocean component of GFDL-CM4 is based on MOM®6, with a nominal
horizontal grid spacing of 0.25° (Adcroft et al., 2019). This finer resolution allows for partially resolved
mesoscale eddies, and better resolves basin boundaries and bathymetry, both of which help to improve the
simulated western boundary current and MOCs. Unlike ACCESS-ESM1.5, no advective or diffusive mesoscale
eddy closure is adopted. The GFDL-CM4 PI control run spans 500 years, and monthly outputs are used in this
study. While the MOC streamfunction on the native latitude grid is adopted, the oceanic satellite-measurable
quantities interpolated to a 1° resolution grid are used in constructing the neural network, as the publicly
available outputs of p, and 7 are only available on this grid. Zonal wind stress is linearly interpolated from the
atmospheric grid to the interpolated ocean grid.

2.2. MOC Strength Definition

In this study, we account for three components of the MOC: the Southern Ocean (SO) abyssal MOC, the SO mid-
depth MOC, and the mid-depth Atlantic MOC (AMOC; excluding the Mediterranean Sea). The latitude ranges of
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(a) Southern Ocean (b) Atlantic Ocean
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Figure 1. Density-space meridional overturning circulation (MOC) averaged in the ACCESS-ESM1.5 pre-industrial (PI)
control run over the (a) Southern Ocean (SO) and (b) the Atlantic Ocean, expressed in units of Sverdrups (1 Sv = 10% m®/s).
The circulation follows streamlines in the directions indicated by the black arrows. Black dots indicate the potential density
level where the time-mean overturning magnitude is maximized at each latitude for the SO mid-depth MOC, the SO abyssal
MOC, or the mid-depth Atlantic MOC (AMOC). The potential density 36.93 kg/m3 separating the mid-depth and abyssal
MOC:s is indicated by the black dashed line. The green line represents the density level at which the MOC strength is defined
in Section 2.2.

these MOC cells considered in this study are [75°S, 35°S], [55°S, 35°S], and [34°S, 65°N], respectively. Each
MOC is quantified using the streamfunction calculated in density space, defined as

X Ny (X5751)

Y(y, 05, 1) = —/ dx v, dz, (D

1,(x,y)

where o, is the potential density anomaly referenced to 2 km depth (minus 1,000 kg m™>), x is longitude, y is
latitude, and v, indicates the residual meridional velocity that contains both the Eulerian velocity and the
parameterized eddy-induced velocities, if applicable (Griffies et al., 2016). The zonal integral is performed across
the corresponding ocean basin from the western endpoint x,, to the eastern endpoint x, ( f;: becomes ¢ for SO
MOCs), and the vertical integral is performed from the seafloor 7, to the isopycnal depth 77,,,. We derive ¥(y, 65, 1)
directly from the monthly CMIP6 variables “msftmrho” or “msftyrho,” normalized by the Boussinesq reference
density. The time averages of “msftmrho” and “msftyrho” are accumulated at each model time step according to
the diagnostic protocol (see Sections 6 of Griffies et al., 2016). Figure 1 shows the time mean streamfunction for
each of these components of the MOC, averaged over the entire ACCESS-ESM1.5 PI control run, with clockwise
(anti-clockwise) flow around positive (negative) values. The time mean structure of the MOC in the PI control
simulation of GFDL-CM4 is shown in Supporting Information S1 (Figure S1).

The majority of our analyses focus on reconstructing the strength of these three MOCs at each latitude following
Solodoch et al. (2023). The reconstruction of density-dependent MOC (i.e., both its latitudinal and vertical
structures) is deferred to Section 5. To define the strength of the MOCs, we first identify the potential density level
where the time-mean overturning magnitude reaches its maximum at a given latitude for each MOC (indicated by
black dots in Figure 1), which can be specified as

05(y) = arg max{| ¥ ()|} @

Here, ® denotes the time-mean operator across the entire PI control simulation, and the arg max is taken over a
subset of the full density range that corresponds to the specific overturning cell of interest (either the mid-depth or
abyssal cell; the separation density level 6, = 36.93 kg/m® is shown by the black dashed line in Figure 1). Notably,
o5 exhibits non-monotonic variations with latitude in the Atlantic (e.g., around 10°S and 40°N). We thus opt to
define the MOC strength as

w(r.0 =93 ol 1), 3)
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Figure 2. Schematic showing the architecture of the proposed baseline non-local dual-branch neural network (DBNN). On the left, subplots illustrate examples of
satellite-measurable quantities from the entire MOC basin, including ocean bottom pressure p,, (top), sea surface height # (middle), and zonally-averaged zonal wind
stress 7)**¢ (bottom). These quantities are detrended, normalized, and flattened before being concatenated into the input layer of the DBNN. The network includes a
dual-branch hidden layer: a nonlinear branch using Leaky ReLU activation (top) and a linear branch without activation (bottom). The output layer, formed by the
summation of these branches, is designed to reconstruct the temporal variations in the detrended MOC strength anomalies across various latitudes, as shown in the
rightmost subplot. While the subplots in this schematic use data from the SO abyssal MOC, the same architecture applies to the SO mid-depth MOC and the AMOC.

where W is the time-varying overturning streamfunction, and the density level ag(y) is obtained by selecting the
most common value of ¢;(y) south of 5°N for the AMOC, followed by smoothing o5 across all three MOCs using
local regression (Cleveland, 1979). This specific definition of o, removes the non-monotonic variations in o}
south of 5°N in the AMOC for the ACCESS-ESM1.5 simulation, partly motivated by the absence of such var-
iations in the GFDL-CM4 simulation (Figure S1 in Supporting Information S1). The resulting 0;( y), shown by the
green line in Figure 1, follows a path through the core of the MOC. Defining the MOC strength via ¢ instead of a;
yields a slightly less accurate, but qualitatively similar, reconstruction using the proposed machine learning
method. To ensure that a positive y anomaly always corresponds to an enhanced MOC, a negative sign is added in
defining the strength of the SO abyssal MOC (whose time-mean streamfunction is negative), that

is, w(y,1) = —¥(y, o}, ).

In Section 5, we discuss the reconstruction of density-dependent MOC, ¥(y, o,, 1), which circumvents the
limitations of defining a single MOC strength measure at each latitude.

2.3. Machine Learning Methodology
2.3.1. Neural Network Architecture

We propose a non-local dual-branch neural network (DBNN) to learn the relationship between MOC strength
anomalies at various latitudes and satellite-measurable quantities across the entire corresponding MOC basin. We
use input variables and MOC strength that are in-phase to construct the neural network (i.e., without any temporal
memory), framing our methodology as a regression problem rather than a time series forecasting problem (e.g.,
Zhai et al., 2024) within the machine learning context. Figure 2 illustrates our baseline DBNN architecture, which
uses ocean bottom pressure p,, sea surface height #, and zonally-averaged zonal wind stress 7}*'¢ as input var-
iables to reconstruct the variability of the SO abyssal MOC. This specific input combination was chosen due to its
skill in MOC reconstruction across different basins and timescales. Other input combinations of satellite-
measurable quantities are discussed in Section 3.2. We use zonally-averaged instead of zonally-varying zonal
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wind stress, following Solodoch et al. (2023), because it is more directly related to the total meridional Ekman
flux (e.g., Vallis, 2017), and to high-frequency abyssal export in the Southern Ocean (Stewart et al., 2021). The
satellite-measurable quantities from the entire MOC basin are flattened and concatenated into the input layer.
Throughout this article, we will refer to the satellite-measurable quantities used by the DBNN as input variables,
and the elements of the input array (i.e., the input variables at specific geographic locations) as input features.

The input layer is fully connected to the first hidden layer, which consists of 64 neurons, followed by two
branches. The first branch, referred to as the non-linear branch, applies the Leaky Rectified Linear Unit (ReLU)
activation function (e.g., Manucharyan et al., 2021; Xie et al., 2023a),

x, if x>0,
o(x) = i 4)
0.2x, if x<0.

The second branch, referred to as the linear branch, has no activation function applied. The non-linear branch
consists of two hidden layers with 64 and n neurons, where n represents the number of latitudes in the MOC of
interest, while the linear branch includes only one hidden layer with n neurons. The output layer, formed by
summing the outputs from both branches, is designed to reconstruct the temporal variations of the MOC strength
anomalies across latitudes (rightmost subplot in Figure 2). The mathematical formulation of the proposed DBNN
is given in Appendix A.

Both the input features and MOC strength at each latitude are detrended and normalized. The normalization is
achieved by removing the mean and dividing by the standard deviation calculated in the training data set. The
normalization addresses the magnitude differences among input variables, while the detrending is to remove the
linear drift in # and thus p,, found in the ACCESS-ESM1.5 PI control run (Figure S2 in Supporting Informa-
tion S1). The dual-branch structure is inspired by the ResNet architecture (He et al., 2016), and is motivated by the
fact that linear geostrophic balance and Ekman dynamics play a zero-order role in constraining large-scale ocean
flows, whereas ocean dynamics is inherently non-linear and chaotic (e.g., Vallis, 2017). The dual-branch structure
thus enables the neural network to simultaneously infer linear and non-linear relationships for reconstructing
MOC:s. In Supporting Information S1 (Figure S5), we demonstrate that a linear neural network achieves com-
parable skill in reconstructing MOC strength, though its performance varies more strongly across different
latitudes.

Notice that the DBNN is capable of learning latitudinally non-local relationships between MOC variability and
satellite-measurable quantities, as both the inputs and outputs of the DBNN span multiple latitudes across the
domain. The rationale for incorporating spatially non-local information is twofold: First, non-local connections
between the input variables and MOC variability are theoretically motivated, for example, high-latitude surface
buoyancy has been shown to be connected to low-latitude MOC variability (Cessi, 2019; Sun et al., 2020).
Second, MOC variability has been shown to exhibit coherence over certain latitude ranges, especially on decadal
and longer timescales (Bingham et al., 2007; Elipot et al., 2017; Gu et al., 2020; Wunsch & Heimbach, 2013). This
suggests that reconstructing the MOC at one latitude may aid in reconstructing MOC at nearby latitudes. In
Section 3.3, we will demonstrate that the capability of accounting for non-local information in the neural network,
combined with the coherence of the AMOC, is critical for reconstructing AMOC variability near the equatorial
region, particularly for the long-term variability.

2.3.2. Neural Network Training

The DBNN is trained using the Adam optimization algorithm (Kingma & Ba, 2014). The training process
minimizes the mean squared error loss function, which quantifies the squared mismatch between the recon-
structed and diagnosed MOC strength. To mitigate overfitting, we apply L2 regularization (George et al., 2021;
Hoerl & Kennard, 1970) to the loss function, using a weight decay coefficient of 0.01. The L2 regularization
introduces a penalty term that limits the squared norm of the weight parameters (i.e., favoring smaller weights)
(Krogh & Hertz, 1991; McDonald, 2009). Additionally, a dropout layer with a dropout rate of 0.2 is applied after
each hidden layer to further prevent overfitting during training (Srivastava et al., 2014). The learning rate and
batch size are set to 0.001 and 600, respectively. Early stopping is employed by monitoring the testing loss
(Srinivasan et al., 2024), and the training process is terminated if no improvement has been observed for 50
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epochs (Xie et al., 2023b). We select the trained neural network with the weakest testing loss over the entire
duration of training.

To improve the robustness of the training, we employ 5-fold cross-validation (Michel et al., 2023; Stone, 1974),
which divides the data set into five subsets, or folds. Each fold serves as the testing data set once, while the
remaining folds are used to train the neural network. For example, the 1000-year monthly data from the ACCESS-
ESM1.5 PI control run is partitioned into five folds, each containing 200 years of data (as shown in the rightmost
panel of Figure 2). During the cross-validation, DBNN is trained five times, with each fold used as the testing data
set once. The reconstructed MOC is obtained by combining the predictions from the testing data sets of all five
trained DBNNs each covering 200 years. To further enhance robustness, we employ ensemble training, since the
neural network's performance depends on the initial weights (e.g., Solodoch et al., 2023). The 5-fold cross-
validation training process is repeated five times with different random initial weights, resulting in a total of
25 neural networks trained for a single MOC reconstruction. The final MOC strength reconstruction is obtained
by averaging the predictions from these five ensembles. The epistemic uncertainty is evaluated by examining the
spread of reconstruction skill across the five ensembles. This spread is generally negligible (c.f. Figure 4), likely
due to the multiple regularization strategies applied during training. Note that the reconstruction skill of the
ensemble-averaged prediction is not necessarily confined within the range of reconstruction skill achieved by
individual ensemble members.

2.3.3. Low-Pass Filter

A key focus of this study is the reconstruction of long-term MOC variability. To facilitate this, we apply a
temporal low-pass filter (LPF) to the time series of both the input variables at each geographic location and MOC
strength at each latitude prior to neural network training. The LPF is implemented as a fifth-order Butterworth
filter, and it only uses data from the past to ensure that the filter is causal. To minimize filter boundary effects, the
time series is padded at the beginning using reflective padding, which mirrors the data. Two cutoff timescales, 2
and 10 years, are used in this study to emphasize the inter-annual and multi-decadal variability of the MOC,
respectively. The Hovmoller diagrams showing the full MOC variability and the long-term MOC variability (i.e.,
with the 10-year LPF) in ACCESS-ESM1.5 are presented in Figures 3a and 3d, respectively.

As detailed later in Section 3.1 (c.f. Figure 4), we note that the optimal approach for reconstructing decadal and
longer MOC variability is to train the DBNN using input features and MOC strengths that were filtered with the 2-
year LPF, and subsequently applying the 10-year LPF to the predicted MOC strengths. Thus, all long-term MOC
reconstructions presented in this manuscript follow this approach unless explicitly stated otherwise.

2.3.4. Skill Metric

We quantify the reconstruction skill of the DBNN by calculating the Nash and Sutcliffe (1970) coefficient of
efficiency, which is also commonly referred to as the coefficient of determination in the machine learning
community, that is,

Z?i;mp (l// - l//rec)2

RP=1- &= T Tree)
Ty )

®)

Here N, stands for the total number of the monthly data, @Vum indicates the arithmetic mean operator across all
samples, ¥ and v, represent the diagnosed and reconstructed MOC strength, respectively. One should note that
R? thus defined is not equivalent to the squared Pearson correlation coefficient. The R* value ranges from —co to
1, where R* = 1 implies a perfect fit (i.e., w = w,..), and a negative R? indicates that the reconstructed MOC
strength performs worse than the arithmetic mean of the diagnosed y (i.e., 7). Additionally, R? is equivalent to

the explained variance metric when there is no systematic bias in the prediction; otherwise, R> is lower.

3. MOC Strength Reconstruction in the ACCESS-ESM1.5 PI Control Run

In this section, we first demonstrate the skill of our baseline DBNN in reconstructing MOC variability across
different timescales. Next, we assess the importance of each input variable of the baseline DBNN (ocean bottom
pressure p,, sea surface height 57, and zonally-averaged zonal wind stress 7}*'#) by analyzing the performance of
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Figure 3. Hovmoller diagram of the SO abyssal MOC strength anomalies diagnosed from the ACCESS-ESM1.5 PI control
run (left column), reconstructed via the DBNN described in Section 2.3 and Figure 2 (middle column), and the reconstruction
error (right column; reconstructed minus diagnosed). Panels (a)—(c) show the full variability of MOC strength anomalies,
while panels (d)—(f) present the variability on decadal and longer timescales.

the DBNN using subsets of these variables. Additionally, we investigate whether incorporating additional in-
formation of sea surface temperature (6,) and sea surface salinity (S,) enhances the reconstruction skill of the
DBNN.

3.1. MOC Strength Reconstruction Skill of the Baseline DBNN

In Figure 3, we compare the diagnosed SO abyssal MOC strength anomalies from the ACCESS-ESM1.5 PI
control run against the reconstructed MOC strength anomalies by the baseline DBNN. Unless specified otherwise,
the MOC anomaly indicates the deviation from the temporal mean MOC strength and has been detrended.
Without applying the LPF (upper panels in Figure 3), strong seasonal variability dominates the total variability,
particularly between ~65°S and ~50°S, where the westerly winds have strong seasonality. The pronounced
seasonality of the SO abyssal MOC aligns with the finding from Stewart et al. (2021), which shows that Southern
Ocean winds drive short-term variability in the SO abyssal MOC. The 10-year LPF extracts decadal and longer
variability (lower panels in Figure 3), with the largest anomalies exceeding 6 Sverdrup at 68°S during years 350—
400. Northward propagation of these longer-term variabilities is evident in Figure 3b, consistent with the primary
role of dense water formation at high latitudes in driving SO abyssal MOC variability and the northward export of
dense water (e.g., Kusahara et al., 2017; Solodoch et al., 2022; Stewart & Hogg, 2017).
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Table 1
Summary of Time-Mean Absolute Error (MAE), Time Standard Deviation (MSD), and Normalized Error MAE/MSD,
Averaged Across Latitudes for Different MOCs and Variability Timescales in the ACCESS-ESM1.5 PI Control Run
MOC Variability timescales MAE (Sv) MSD (Sv) MAE/MSD (%)
SO abyssal MOC Full variability 1.03 5.08 23.2
Inter-annual and longer 0.57 2.09 27.6
Decadal and longer 0.41 1.49 26.4
SO middepth MOC Full variability 1.18 8.30 14.8
Inter-annual and longer 0.55 245 22.6
Decadal and longer 0.32 1.09 294
AMOC Full variability 0.81 2.85 28.1
Inter-annual and longer 0.38 1.20 31.0
Decadal and longer 0.20 0.78 26.4
The reconstruction error is generally much smaller in magnitude than the diagnosed MOC strength anomalies
across most time samples and latitudes. Notably, the DBNN successfully captures the northward propagation
signal, even though the DBNN only uses in-phase information (i.e., without any information back in time),
indicating that these propagating MOC anomalies can be well represented by variations in the input variables
(e.g., dense water anomalies alter p,,). In addition, we note that extreme events are underestimated by the DBNN,
such as the significant negative anomaly around 68°S during years 350—400.
In Supporting Information S1 (Figures S3 and S4), we present Hovmoller diagrams of the diagnosed and
reconstructed MOC strength anomalies, as well as the corresponding reconstruction errors, for the SO mid-depth
MOC and the AMOC. They all demonstrate the promising reconstruction skill of the proposed baseline DBNN.
We also summarize in Table 1 the time-mean absolute reconstruction error averaged across all latitudes for each
MOC, showing that the absolute error typically remains below 30% of the standard deviation of the diagnosed
MOC variability, across all MOCs and timescales considered.
) ) SO Abyssal MOC (b) SO Mid-Depth MOC
08 M \/‘\_—-\ [ /\/\—\/\/\/L/_
06} ] - ]
N ] L _
04l ] - ]
0.2} ] - ]
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Figure 4. Reconstruction skill [R? defined via Equation 5] of the baseline DBNN in the ACCESS-ESM1.5 PI control run for
the (a) SO abyssal MOC, (b) SO mid-depth MOC, and (c) AMOC. The shadings illustrate the spread of reconstruction skill
across the five ensembles.
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To quantitatively evaluate the MOC reconstruction by the baseline DBNN at each latitude, we present in Figure 4
the coefficient of efficiency R* defined via Equation 5 for the three MOCs of interest. In general, R* exceeds 0.6
across almost all latitudes of the three MOCs regardless of whether LPF is applied or not, and reaches values as
high as 0.9 in certain regions (e.g., the northern part of the SO abyssal MOC, the SO mid-depth MOC without LPF
or with the 2-year LPF, and the subtropical AMOC in the Northern Hemisphere). Importantly, AMOC variability
in the equatorial region, where the local geostrophic balance does not hold, is well reconstructed on inter-annual
and longer timescales (R* ~ 0.9), though the skill drops to R* ~ 0.7 when including the sub-annual variability (i.e.,
black line). We will discuss in Section 3.3 the reasons for the success of DBNN in reconstructing equatorial
AMOC variability and the skill drop when considering the high-frequency variability.

The DBNN shows slightly reduced skill in reconstructing long-term variability of the SO MOCs compared with
the reconstruction of high-frequency variability. For instance, in the SO mid-depth MOC, the mean and standard
deviation of the R? values are 0.96 + 0.02, 0.92 £ 0.02, and 0.81 % 0.04 for cases without LPF, with the 2-year
LPF and with the 10-year LPF applied before training, respectively. The drop in reconstruction skill for longer
timescales is likely due to the higher temporal autocorrelation in the data filtered by longer-term LPF, which
equivalently reduces the amount of independent data available for training the neural network.

To further assess the fidelity of the reconstructed MOC on decadal and longer timescales, we also applied the LPF
to DBNN predictions after the network had been trained. The green line in Figure 4 illustrates the reconstruction
skill obtained by training the DBNN using input features and MOC strengths that were filtered with a 2-year LPF,
and subsequently applying a 10-year LPF to both the predicted and the corresponding diagnosed MOC strengths
(i.e., 2-year and 10-year LPFs are applied before and after training, respectively). This approach yields a notably
higher R? compared to training the DBNN directly using data with the 10-year LPF applied. Similarly, Solodoch
et al. (2023) and Meng et al. (2024) reported improved MOC reconstruction by neural networks when the LPF
was applied after training, whereas applying the LPF before training resulted in degraded performance. The
improved DBNN performance when the LPF is applied after training is consistent with our argument that the
reduced skill for decadal and longer variability when the LPF is applied before training is due to the reduced
number of effective data with a longer timescale LPF applied. We also evaluated the reconstruction skill by
applying the 10-year LPF to the predictions from the DBNN trained on unfiltered data, which resulted in worse
performance compared to applying the LPF before training (Figure S6 in Supporting Information S1). This is
likely because, without LPF, high-frequency variability dominates the full variability of the MOC strength,
causing the DBNN to focus on high-frequency patterns during training, thereby reducing its ability to capture
long-term variability. This issue cannot be fully resolved by deseasoning the data (i.e., subtracting the monthly
climatological mean), as deseasoning does not remove all high-frequency variability that may still distract the
neural network from learning the underlying long-term changes (Figure S6 in Supporting Information S1). Unless
stated otherwise, the long-term MOC reconstruction presented in this study is achieved by applying the 10-year
LPF to the reconstruction from the DBNN trained on data filtered with the 2-year LPF.

The AMOC reconstruction skill on inter-annual and longer timescales drops in the Southern Hemisphere. This
skill reduction may be attributed to the fact that the DBNN has access to more input features from the Northern
Hemisphere (0° to 65°N) than the Southern Hemisphere (34°S to 0°), due to the definition of the AMOC domain
in this study (i.e., 34°S to 65°N). This imbalance suggests that there is less effective non-local information
available for reconstructing the AMOC in the Southern Hemisphere compared to the Northern Hemisphere, and
likely leads to the reduced skill of the DBNN in reconstructing the AMOC in the Southern Hemisphere.
Reconstruction skill also declines at high latitudes in the SO abyssal MOC between 75°S and 65°S. One possible
explanation for this decline is the lack of sea ice information in the input variables used by the baseline DBNN.
Dense water formation predominantly occurs in open ocean polynyas in ACCESS-ESM1.5, an effect that might
not be adequately represented without including sea ice information in the DBNN. However, attempts to include
sea ice quantity (e.g., sea ice concentration, sea ice thickness, or sea ice mass) as an additional input variable did
not improve the reconstruction skill compared to the baseline DBNN (not shown). The exact reason for the skill
decline at high latitudes remains elusive to the authors, and further investigations are warranted.

We also examine how the reconstruction skill depends on the amount of training data available to the neural
network, by conducting additional experiments using subsets of the full ACCESS-ESM1.5 data set to train the
DBNN (Figure S7 in Supporting Information S1). The results indicate that approximately 30 years of data are
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sufficient to capture the full AMOC variability, whereas substantially more data (e.g., 100-200 years) are needed
to skillfully reconstruct the long-term AMOC variability.

3.2. SKkill of the DBNN With Different Input Variables

In the previous section, we demonstrated the MOC strength reconstruction skill of the DBNN using p,, #, and
7% as input variables. In this section, we proceed to investigate whether adding additional input variables,
namely 6, and S;, would improve the reconstruction skill of DBNN. This is motivated by previous studies of
AMOC fingerprints (e.g., Zhang, 2008) and the dynamical link between MOC strength and high-latitude surface
density (e.g., Galbraith & de Lavergne, 2019; Sun et al., 2020). Moreover, we examine various combinations of
these input variables, from which we gain insights into their relative importance in constraining the MOC
variability.

Since the reconstruction skill varies with latitude (e.g., Figure 4), we adopt box-whisker plots to present the
performance of the DBNN with different combinations of input variables. Figure 5 illustrates the DBNN's skill in
reconstructing decadal and longer timescale MOC strength variability, while the skill for reconstructing the full
and inter-annual variability is provided in Supporting Information S1 (Figures S8 and S9).

In the reconstruction of long-term AMOC variability (Figure 5c), significant skill drops occur when p,, is excluded
as an input variable for the DBNN (e.g., the low-limit R* < 0.4 for all tested cases without p,,). This irreplaceable
importance of p, underscores the need to improve the accuracy of p, observations. The much lower reconstruction
skill using # compared to p,, aligns with the findings of Roussenov et al. (2008) and Bingham and Hughes (2009),
which suggested that p,, and  variations on inter-annual and longer timescales can be quite distinct in the Atlantic,

especially in deep regions away from the shelf. While adding n and 7%*'¢ alongside p, yields nearly the same

reconstruction skill as using p,, alone, the skill drops slightly when all five satellite-measured quantities—p,,, 7,
78, 6, and S,—are included (e.g., the median R? drops from 0.91 to 0.88 after including 6, and S,). Similar skill
reductions are also observed in the reconstruction of SO MOCs (Figures 5a and 5b). In theory, adding more input
variables should not degrade the performance of a neural network, as a perfectly-trained network can assign near-
zero weights and biases to irrelevant inputs. However, in practice, the inclusion of €, and S, increases the number
of trainable parameters in the DBNN from 1,360,728 to 2,683,864 for AMOC reconstruction, requiring signif-
icantly more data for proper training. Additionally, redundant features can dilute key signals (e.g., geostrophic
balance), making it more challenging for the network to identify effective patterns. Therefore, we argue that in-
phase 6, and S, are only loosely related to MOC strength, and their inclusion does not provide useful improvement
beyond the information that has already been captured by p,, 7, and 7}*'#. Additionally, we explored augmenting
the baseline DBNN by incorporating €, and S at various lagged times ranging from 6 months to 10 years as
additional input variables, but this did not lead to improved reconstruction skill.

Although p,, remains the most effective sole predictor for reconstructing the SO mid-depth and abyssal MOCs
(Figures 5a and 5b), there exist alternative input combinations with similar performance. In particular, the
combination of # and 7}*# (indicated by the gray arrow) achieves nearly the same reconstruction skill (median
R* > 0.8) as input combinations that include p,. We conjecture that DBNN with 5 and 73'¢ as inputs may offer a
promising practical alternative for reconstructing SO MOCs, given the relatively large observational uncertainties
associated with p,, (e.g., Jeffree et al., 2024). The importance of 7}**¢ in reconstructing the SO mid-depth MOC
indicates that wind-driven Ekman overturning is only partially compensated by the parameterized eddy-induced
overturning in ACCESS-ESM1.5, which is also consistent with high-resolution eddy-resolving simulations
(Abernathey et al., 2011; Bishop et al., 2016; Kong & Jansen, 2021; Mak et al., 2018; Morrison & Hogg, 2013).
The moderate reconstruction skill (median R? > 0.5) achieved by S, or 6, suggests that variations in SO mid-depth
MOC strength may leave a detectable fingerprint in the sea surface salinity, temperature, or density field, though
the direct dynamical links among them are less clear.

In reconstructing the SO abyssal MOC (Figure 5a), 7}*'¢ alone yields very low skill (median R? <0.1), while all
other tested input combinations demonstrate good skill (median R* > 0.7). As indicated by the gray diamond (see
also Figure S8 in Supporting Information S1), 7}**¢ alone achieves a median R? of 0.61 when reconstructing the
full-variability (i.e., without applying LPF) of the SO abyssal MOC strength. The inability of 7}*¢ to reconstruct
long-term SO abyssal MOC variability, while successfully capturing shorter-term variability, is consistent with
the findings of Stewart et al. (2021), which links Southern Ocean winds to SO abyssal MOC variability on
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Figure 5. Box-whisker plot of the reconstruction skill [R* defined via Equation 5] with various combinations of input
variables for the (a) SO abyssal MOC, (b) SO mid-depth MOC, and (c) AMOC variability on decadal and longer timescales.
The bottom and top edges of the box indicate the first (25%) and third (75%) quartiles of the latitudinally varying R? values,
respectively. The red line denotes the median R* across all latitudes. The whiskers extend to the smallest and largest R>
values. Green and blue shadings highlight input variable combinations that have superior median and low-limit performance,
respectively. The gray line separates input variable combinations with or without p,. The input variable combination of our
baseline DBNN is highlighted by the black arrow. An alternative input variable combination that works well in
reconstructing SO MOCs are indicated by the gray arrow. The gray diamond in panel (a) shows the median R? for
reconstructing the full variability of SO abyssal MOC using 7}**¢ alone.

timescales shorter than approximately 2 years. When 7 serves as the sole predictor, DBNN accurately reconstructs
the SO abyssal MOC with a median R* of 0.83. This result is consistent with the findings of Auger et al. (2024),
which shows that bottom water production in the Ross Sea leaves fingerprints on 7. The capability of 5 to
reconstruct SO abyssal MOC variability is also in agreement with the zonal momentum balance mechanism
discussed by Stewart and Hogg (2017) (see their Figure 1), which suggests the presence of a barotropic pressure
signal along the AABW export pathways.

In summary, among all tested satellite-measurable quantities, p, exhibits the greatest capability in reconstructing
the variability of both the AMOC and SO MOCs. The combination of 7 and 7}*'¢ demonstrates comparable MOC
reconstruction skill in the SO to that of p,, suggesting that DBNN using # and 7}**¢ may serve as a practical
alternative given the uncertainty in p, observation. Additionally, including 6, and/or S, yields no improvement in
reconstruction skill, although in isolation they provide moderate predictive skill.

3.3. Significance of the Non-Locality of the DBNN

In this section, we explore whether and how the proposed non-local DBNN benefits from its ability to account for
non-local information. To this end, we trained an additional set of DBNNS to reconstruct MOC variability at each
latitude individually, using input features only from the same latitude. That is, instead of training a single DBNN
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Figure 6. Comparison of the skill of the proposed non-local DBNN (red line) with a local version of the DBNN (cyan line)
that reconstructs MOC viability at each latitude individually using input variables from the same latitude for the (a) AMOC
and (b) SO abyssal MOC. The input variables used for AMOC reconstruction are p,, 1, and 7}**¢, while the input variables
used for reconstructing SO abyssal MOC are 7 and 7}*'¢. The 10-year LPF is applied to both the non-local and local DBNNs
before the neural network training.

using input features from the entire basin to reconstruct MOC strength across # latitudes, we trained n separate
DBNNS, each tasked with reconstructing MOC at a specific latitude using only input features from the same
latitude. In Figure 6a, we compare the skill of this local version of the DBNN (cyan line) with the proposed non-
local DBNN (red line) in reconstructing AMOC variability on decadal and longer timescales. Without the
knowledge of non-local p,, 1, and 7}**¢, the reconstruction skill drops significantly near the equator for the long-
term AMOC variability (R> ~ 0.5), presumably due to the breakdown of geostrophy, which is consistent with the
findings in Hughes et al. (2018) and Solodoch et al. (2023). This indicates the importance of the non-locality in the
proposed non-local DBNN, which is essential for its success in reconstructing equatorial AMOC variability with
R*~09.

We argue that the success of the non-local DBNN in the equatorial region relies on the coherence of long-term
AMOC variability (Bingham et al., 2007; Gu et al., 2020; Wunsch & Heimbach, 2013). Or restated, AMOC
variability at the equator can be predicted by the geostrophic balance at other latitudes where the variability is
correlated with equatorial variability. Indeed, the squared cross-correlation of AMOC strength variability across
latitudes (Figure 7¢) shows that decadal and longer timescale AMOC variability at the equator is highly correlated
with variability in the subtropical regions (e.g., the squared Pearson correlation coefficient r* ~ 0.7 between the
equator and 26°N). The cross-correlation decreases at high latitudes in the Northern Hemisphere (e.g., y > 55°N),
where the local DBNN outperforms the proposed non-local DBNN (Figure 6a). In this region, the inclusion of
non-local information detracts from the training of the neural network, because much of the non-local information
is irrelevant but significantly increases the size of the network. Furthermore, the coherence of AMOC variability
diminishes on shorter timescales (Figures 7a and 7b). The lower cross-correlation of the full AMOC variability
near the equator (e.g., #* ~ 0.3 between the equator and 26°N) explains the skill reduction of the DBNN when
reconstructing full AMOC variability in the equatorial region (see the drop in the black line near the equator in
Figure 4).

Another advantage of the non-locality is that it enables the DBNN to reconstruct the SO Abyssal MOC using
and 73*¢ without relying on p,, satellite observations of which are subject to relatively large uncertainties (e.g.,
see the discussions in Jeffree et al., 2024). As shown in Figure 6b, the local DBNN with 5 and 7}*'# as input
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variables (cyan line) shows reduced capability in reconstructing SO Abyssal MOC north of 50°S, while the non-
local DBNN (red line) maintains strong performance with R* ~ 0.8. The signal of AABW export in # is expected
to be strongest where stratification is weakest and the flow is most barotropic (Stewart & Hogg, 2017).
Consequently, the local # signals become less relevant for MOC variability toward lower latitudes, where
stratification increases. This leads to the reduced skill of the local DBNN in reconstructing the SO Abyssal MOC
to the north of ~50°S.

4. Interpreting the DBNN Using Layer-Wise Relevance Propagation

While we have demonstrated the promising capability of the proposed non-local DBNN in reconstructing MOC
variability, like most data-driven approaches, the DBNN operates as a “black box,” leaving the specific roles of
each input feature (i.e., input variable from a specific location) unclear. In order to uncover which input features
are most influential in driving the network's decisions and to gain a deeper understanding of underlying physical
mechanisms learned by the DBNN, we apply a neural network interpretation technique, the Layer-wise Relevance
Propagation (Bach et al., 2015), to the trained DBNN. The Layer-wise Relevance Propagation traces the con-
tributions of each input feature by attributing the reconstructed MOC strength back to the input layer, generating a
“relevance,” R, which quantifies how relevant each input feature is to the final MOC reconstruction. The rele-
vance R shares the same units as the MOC strength, and its sum over all input features equals the predicted MOC
strength, due to the conservation of relevance during attribution. A comprehensive review of the Layer-wise
Relevance Propagation in the context of geophysical applications can be found in Section 3.2 of Toms
et al. (2020). Since the DBNN has multiple output features (i.e., MOC strength time series at different latitudes),
we apply the Layer-wise Relevance Propagation separately to each output, and we thus obtain the relevance maps
for reconstructing MOC at each latitude. The Layer-wise Relevance Propagation is conducted on a sample-by-
sample basis, meaning that R is a function of input features, output features, and time. We consider the time-

Tt . . .
mean absolute relevance |R|, which captures how input features influence the reconstructed MOC strength
variability, irrespective of whether the MOC strength anomaly itself is positive or negative. The relevance shown
in this section is computed from the baseline DBNN (i.e., with p,, #, and 7}*'¢ as inputs).

4.1. The Relevance of Input Features in AMOC Reconstructions

Figure 8 presents the relevance maps of p,, in reconstructing AMOC variability. To generate a non-dimensional

relevance maps, we first normalize the relevance by R, = Wt/ > Wt, where Y, indicates summation across all
input features (i.e., p,(x, y), 7(x, ), and 7}*#(y)). We then compute the latitudinal mean of the normalized
relevance, R,°, averaged within the latitude range indicated by the dashed lines. Larger values of R,” indicate
that the corresponding input feature plays a more significant role in MOC reconstruction within the dashed lines.
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Figure 8. Normalized relevance of p,, for reconstructing the AMOC full variability averaged across various latitude ranges: (a) 34°S to 20°S, (b) 5°S to 5°N, (c) 20°N to
40°N, and (d) 40°N to 45°N, as indicated by the dashed lines. (e)—(h) As in (a)—(d), but with the 10-year LPF applied before DBNN training. The zonal summation of the
relevance is shown in panels (i)—(1).

Note that the background noise in the relevance map may result from the imperfect MOC reconstruction by the
DBNN; the primary focus is on the hotspots of the relevance.

In reconstructing the full AMOC variability in the subtropical region (Figures 8a and 8c), p, near the western
boundary shows strong relevance, while the eastern boundary and the mid-Atlantic ridge also exhibit higher
relevance compared to flat, open ocean regions. This pattern aligns with the geostrophy argument for MOC
reconstruction that the zonally integrated meridional transport at a given latitude and depth can be determined
from the east-west bottom pressure difference across the basin, although the mid-Atlantic ridge complicates this
argument since it can block specific depths at certain latitudes (Bingham & Hughes, 2009). For reconstructing
AMOC strength variability on decadal and longer timescales (Figures 8e and 8g), the relevance at the mid-
Atlantic ridge and eastern boundary diminishes, consistent with previous findings that p, anomalies near the
western boundary play a dominant role in controlling low-frequency AMOC variability (Bingham &
Hughes, 2008, 2009), and that p, anomalies on the eastern and western flanks of the mid-Atlantic ridge can be
nearly equal, effectively canceling out in zonal pressure differential calculations (Bingham & Hughes, 2008;
Landerer et al., 2015). The prominence of the western boundary is also supported by the understanding that it
serves as the primary route for propagating disturbances triggered by deep water formation anomalies at high
latitudes (Elipot et al., 2014), which propagate via coastal trapped waves and advection, as evidenced in both
models and observations (Elipot et al., 2013; Johnson & Marshall, 2002; Kostov et al., 2023; Roussenov
et al., 2008; van Sebille et al., 2011; Zhang, 2010). A significant area of high p, relevance is observed in the
northern Caribbean Sea (around 80°W, 18°N). However, this high relevance should be viewed with caution due to
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previously documented inaccuracies in the Caribbean circulation within the low-resolution ACCESS Ocean
Model 2 (Kiss et al., 2020). In the subpolar region (Figures 8d and 8h), the relevance of p,, is less concentrated
near the western boundary, possibly reflecting the more complex interactions and coupling between the water
mass transformation processes occurring in both the western and eastern subpolar gyres, which all contribute to
the low-frequency AMOC variability (Kostov et al., 2023; Yeager et al., 2021).

When reconstructing the AMOC away from the equator (Figure 8, except for the second column), local infor-
mation (i.e., relevance inside the dashed lines) is significantly more important than non-local information (i.e.,
relevance outside the dashed lines). However, when reconstructing equatorial AMOC variability (Figures 8b, 8f,
and 8&j), on the other hand, non-local p, relevance overweights local relevance, which is consistent with the
breakdown of local geostrophy and the failure of the local DBNN discussed in Section 3.3. This again suggests
that the DBNN reconstructs equatorial AMOC variability via geostrophic balance at remote latitudes, which is
possible given the coherence of AMOC variability (c.f. Figure 7). The zonal summation of p, relevance
(Figure 8j) indicates that non-local information becomes more relevant when constructing equatorial AMOC
variability on decadal and longer timescale, in line with the fact that the AMOC is more latitudinally coherent on
these time scales (c.f. Figure 7). Therefore, the Layer-wise Relevance Propagation further confirms the impor-
tance of non-locality in the proposed DBNN.

In Supporting Information S1 (Figures S10 and S11), we present relevance maps for 7 and 73**¢. The magnitude of
n relevance is notably lower than that of p,, suggesting a relatively minor role of 7 in AMOC reconstruction. This
is consistent with the importance of baroclinic processes in controlling the long-term variability of p, and the
AMOC reported in Bingham and Hughes (2009). Nevertheless, we acknowledge that # may become more
relevant in high-resolution simulations (or the real oceans), where shelf processes and coastal sea level variability
are better resolved (Higginson et al., 2015; Little et al., 2019). Additionally, the relevance of 7}**¢ (Figure S10 in
Supporting Information S1) shows a latitudinal pattern similar to the zonal summation of p, relevance
(Figures 8i-81), though it diminishes significantly over longer timescales. In fact, the relevance of 7;*'¢ on decadal
and longer timescales is more than an order of magnitude smaller than the zonal summation of p,, relevance. This
weak relevance aligns with the limited capability of 7}*'¢ in capturing the low frequency variability of the AMOC,
the minor improvement when it serves as an additional input variable alongside p,, (c.f. Figure 5c), and the RAPID
array observations that wind forcing primarily drives the short term AMOC variability at 26.5°N (Frajka-Wil-
liams et al., 2019; Pillar et al., 2016). Note that the comparison between the magnitudes of 7;*'# and the zonal
summation of p,, relevance should be viewed with caution, as the input size for p, and 7}*# differs (i.e., p,, has
zonal dependence), and the regularization applied during neural network training prevents the DBNN from being
dominated by any single input variable (i.e., if duplicated 7}**¢ were added to the inputs, the total relevance of 7}**¢
would be expected to increase).

In summary, via Layer-wise Relevance Propagation, we find that AMOC reconstruction by the DBNN is largely
dominated by p, signals from the western boundary, particularly for long-term variability. While the DBNN
primarily relies on local p,, signals to reconstruct the AMOC outside the equatorial region, non-local information
becomes more significant than local information for reconstructing AMOC variability near the equator.

4.2. The Relevance of Input Features in SO MOC Reconstructions

In contrast to the relatively minor role of 7 in AMOC reconstruction, 7 shows high relevance in reconstructing the
full SO abyssal MOC variability at high latitudes from 75°S to 65°S, even outweighing the relevance of p,
(Figures 9a and 9e¢). Elevated 7 relevance is observed in the Weddell Sea (around 50°W) and the Ross Sea (around
180°), which aligns with the primary sites of dense water formation and export (Purkey et al., 2018). However, as
the 1° grid spacing of the ACCESS-ESM1.5 ocean model cannot fully resolve the surface water mass trans-
formation occurring on the Antarctic continental shelf (Kiss et al., 2020), the elevated 7 relevance in the Weddell
and the Ross Seas may instead be related to an accumulation of baroclinic coastal trapped waves that propagate
around Antarctica. The relevance of # reduces in the northern portion of the SO abyssal MOC while p,, relevance
increases, consistent with the failure of local DBNNs using # and 7" to reconstruct the SO abyssal MOC from
45°S to 35°S (see the cyan line in Figure 6b).

The relevance of p,, in reconstructing the northern portion of the SO abyssal MOC exhibits clear zonal dependence
(Figures 9c and 9d). Regions with high p, relevance align with the primary AABW export routes identified by
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Relevance maps of p,

Figure 9. Normalized relevance of p,, for reconstructing SO abyssal MOC full variability averaged across various latitude ranges: (a) 75°S to 65°S, (b) 65°S to 55°S,
(c) 55°S to 45°S, and (d) 45°S to 35°S, as indicated by the dashed lines. (e)—(h) As in (a)—(d), but show the relevance of 5. Note that the background noise in the relevance
map may result from the imperfect MOC reconstruction by the DBNN; the primary focus is on the hotspots of the relevance. Gray contours indicate the 3-km isobath.

Solodoch et al. (2022), such as the broad belts west of the Mid-Atlantic Ridge in the Atlantic Ocean (approxi-
mately 50°W to 10°W) and east of the Campbell Plateau in the Pacific Ocean (approximately 180°W to 150°W).
This may suggest that the SO abyssal MOC can be effectively reconstructed via geostrophic balance along these
primary export routes, which are guided by prominent topographic features.

In reconstructing the SO mid-depth MOC, p,, dominates the relevance, and shows hotspots near the coast, such as
around Cape Horn and New Zealand (Figure S12 in Supporting Information S1). This indicates that the SO mid-
depth MOC can be reconstructed via the p, difference between the “eastern” and “western” boundaries of the
basin, similar to the findings in the AMOC reconstruction.

5. Reconstructing Density-Dependent MOC Variability

In previous sections, we explored the reconstruction of MOC strength across various latitudes and basins,
demonstrating the promising capabilities of the proposed non-local DBNN. Our results revealed that geostrophic
balance is the dominant physical mechanism driving the DBNN's predictions. We also showed that non-locality of
the DBNN, combined with the coherence of MOC:s, is essential for accurately reconstructing equatorial AMOC
strength, where the local geostrophic balance breaks down.

However, the vertical structure of the MOC may change due to both intrinsic and forced variability, particularly
under climate change scenarios. Consequently, simplifying MOC variability to changes in its “strength” does not
fully capture its structural changes and the associated impacts on tracer transport. We now explore whether the
data-driven approach can be applied to reconstruct the density-dependent MOC variability (rather than just MOC
strength variability) within the density range of interest. A straightforward extension of the DBNN introduced in
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Section 2.3 to reconstruct the density-dependent MOC can be achieved by simply adjusting the output via
replacing MOC strength y(y, ) with the depth-dependent streamfunction ¥(y, o,, t) as defined in Section 2.2. In
this case, the output size of the DBNN would scale from the number of latitudes to the product of the numbers of
latitudes and density levels (i.e., each output neuron represents the MOC variability at a specific latitude and
density level). The MOC reconstruction skill of this straightforward extension of the baseline DBNN is shown in
Figure S13 in Supporting Information S1.

Nevertheless, we find that a slight modification to the DBNN pipeline helps to improve its skill in reconstructing
density-dependent MOC compared to this straightforward extension (R? increases by ~0.1). Specifically, instead
of directly reconstructing MOC variability at each latitude and density level, we propose to reconstruct the time-
varying strength of the empirical orthogonal functions (EOFs) of MOC variability ¥(y, o5, t) (Weare & Nas-
strom, 1982). We first derive EOFs from the training data set that capture 95% of the MOC variability (around 30—
60 EOFs depending on the MOC domain and timescale). Increasing the number of EOFs to capture 99% of the
MOC variability (around 100-200 EOFs) yields nearly identical reconstruction skill (see Figure S14 in Sup-
porting Information S1). The DBNN is then trained to predict the temporal evolution of the magnitudes of these
EOFs. For MOC reconstruction on the testing data set, the trained DBNN predicts the time-varying EOF mag-
nitudes, which are combined with the EOFs derived from the training data set to reconstruct the density-
dependent W(y, o,, 1). The use of EOFs can be thought of as a linear dimensionality reduction technique. As
the EOFs form a complete basis for the MOC latitude/density structure, they can, in principle, be used to
reconstruct the MOC in any model or in nature. However, this reconstruction may require more EOFs to achieve
the same accuracy when the EOFs from one model are used to reconstruct the MOC in another. Additionally,
based on hyperparameter tuning, we removed the hidden layer with 64 neurons in the non-linear branch. The input
variables remain the same as the baseline DBNN introduced in Section 2.3, that is, p,, 5, and 7}*'% from the
corresponding MOC domain (non-local information included). The density ranges considered are from 35 to
36.9 kg/m’ for the AMOC, and from 35 to 37.2 kg/m® for the SO MOCs. We refer to this slightly modified neural
network as EOF-DBNN.

In Figure 10, we show the skill of EOF-DBNN in reconstructing the density-dependent variability of both the SO
MOCs and the AMOC. Animations comparing diagnosed and reconstructed MOC on decadal and longer
timescales during the last 200 model years can be found in Supporting Information S1 (Movies S1 and S2).
Overall, the EOF-DBNN captures a large portion of the MOC variability across different timescales, except in
regions with very weak mean streamfunction (e.g., |¢t| <2 Sv; hatched region). The density-dependent recon-
struction skill of the EOF-DBNN shows an analogous pattern to the performance of the baseline DBNN in
reconstructing the MOC strength (Figure 4). For example, the reconstruction skill by the EOF-DBNN tends to
decrease toward longer timescales in the Southern Ocean, and a notable skill drop is observed in reconstructing
the SO abyssal MOC South of 65° (c.f. Section 3.1). A skill reduction is also found near the equator across all
density levels when reconstructing the full AMOC variability, and this skill drop disappears when focusing on
variability over inter-annual or longer timescales. This can again be attributed to the weaker coherence of AMOC
variability in shorter timescales, which reduces the efficacy of non-local p, information (c.f. Section 3.3). For
decadal and longer-term variability, the AMOC at denser density levels (e.g., 6, > 36 kg/m>) is better constrained
by the EOF-DBNN compared to lighter density levels, which is likely due to p, providing more geostrophic flow
information at denser layers. Additionally, the relationship between p, and MOC variability in the deep ocean
may be less complex due to the reduced density variations compared to the upper ocean, making it easier for the
EOF-DBNN to capture the relationship. Additionally, we note that the reconstruction by the EOF-DBNN tends to
slightly underestimate the variance of the diagnosed MOC (Figure S16 in Supporting Information S1), similar to
the underestimated high-amplitude events in the MOC strength reconstruction (Figure 3). Additional tests (not
shown) suggest that this underestimation may be partly attributed to the regularization techniques applied during
DBNN training (c.f. Section 2.3.2), though the exact causes remain unclear.

An additional test using only p,, as the input variable for the EOF-DBNN shows nearly identical reconstruction
skill (Figure S15 in Supporting Information S1), once again underscoring the critical role of p, in MOC
reconstruction. This capability aligns with the notion that p, signals from different depths over the continental
slope can be combined to estimate ocean transport at various depths (Hughes et al., 2018), though the definition of
MOC in density coordinates makes this interpretation less straightforward.
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Figure 10. Reconstruction skill (Rz) of the EOF-DBNN detailed in Section 5 for reconstructing the density-dependent full variability of the (a) SO MOCs and (b) AMOC
in the ACCESS-ESM1.5 PI control simulation. (c)—(d) As in (a)—(b), but for variability on inter-annual and longer timescales. (e)—(f) As in (a)—(b), but for variability on
decadal and longer timescales. Regions with time-mean streamfunction less than 2 Sv are hatched. The black line represents the density level at which the MOC strength
is defined (i.e., the same as the green line in Figure 1).

6. Reconstructing Density-Dependent MOC Variability in GFDL-CM4

The preceding sections have shown that data-driven approaches can effectively reconstruct both MOC strength
and density-dependent MOC variability, based on the PI control simulation from ACCESS-ESM1.5. However,
since model biases are inevitable, it is important to validate the proposed approach using additional climate
models. In this section, we explore whether the proposed data-driven approach remains effective using the PI
control simulation from GFDL-CM4 (see Section 2.1 for model details). The time-mean MOCs in the Atlantic
and the Southern Ocean from GFDL-CM4 are presented in Supporting Information S1 (Figure S1). The density
levels corresponding to the maxima of the mid-depth cells are denser in GFDL-CM4 compared to ACCESS-
ESM1.5, and the SO mid-depth MOC is notably weaker in GFDL-CM4. The weaker SO mid-depth MOC
may stem from the better-resolved mesoscale eddies in GFDL-CM4. However, a comprehensive analysis of the
underlying reasons would require further investigation into model configurations, parameterizations, and physical
processes, which is outside the immediate focus of this study.

Figure 11 shows the skill of the EOF-DBNN in reconstructing the density-dependent MOC variability in both the
Southern Ocean and the Atlantic Ocean, with the EOF-DBNN re-trained using data from the GFDL-CM4 PI
control run. The density range in the SO is refined to [35, 37.1] kg/m>, as the time-mean streamfunction at
densities higher than 37.1 kg/m® can reach zero north of 56°S in the GFDL-CM4 PI control run. The AMOC
reconstruction skill is very similar to that in the ACCESS-ESM1.5 (Figure 10), though there is a slight decline in
skill at high latitudes (e.g., to the north of 55°N) and an improvement in the Southern Hemisphere, particularly on
longer timescales. For SO mid-depth MOC reconstruction, the skill is comparable to that in ACCESS-ESM1.5,
but generally lower. For instance, the R” is approximately 0.7 for reconstructing inter-annual and longer-term
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Figure 11. As in Figure 10, but for the GFDL-CM4 PI control simulation.

variability of the SO mid-depth MOC in GFDL-CM4, whereas it reaches 0.9 in ACCESS-ESM1.5. This
potentially suggests that the proposed DBNN may be less efficient when mesoscale eddies are partially resolved,
and convolutional neural networks might be more suitable (Meng et al., 2024).

A substantially lower skill is observed when reconstructing the SO abyssal MOC at high latitudes (e.g., around
65°S). While a similar skill drop at high latitudes was also observed in ACCESS-ESM1.5 (Figure 10), it is much
more pronounced in GFDL-CM4 (Figure 11). The issue of variance underestimation is also more evident in
GFDL-CM4 for the SO abyssal MOC reconstruction (Figure S17 in Supporting Information S1). We note that the
diagnosed SO abyssal MOC anomalies in GFDL-CM4 exhibit distinct variability characteristics across each 100-
year subset (Figure S18a in Supporting Information S1). This suggests that the assumption of identical distri-
butions across subsets inherent to cross-validation (c.f. Section 2.3.2) does not hold. Consequently, the neural
network training during cross-validation suffers from an out-of-distribution issue, where the test data set includes
previously unseen conditions outside the range of the training data. To confirm that the low reconstruction skill is
indeed caused by the out-of-distribution issue, we performed an additional test by randomly shuffling the 500-
year data set and allocating two-thirds for training and one-third for testing. This approach leads to much bet-
ter reconstruction of the MOC variability (Figures S18c and S18e in Supporting Information S1). However, we
emphasize that this artificial manipulation ensures identical training and testing distributions but introduces data
leakage, making it impractical for real-world MOC reconstruction.

7. Summary and Discussion

The meridional overturning circulation (MOC) plays a crucial role in regulating the Earth's climate, but direct
observations of the MOC remain sparse and geographically confined. In this study, we developed a data-driven
approach to indirectly monitor MOC variability using satellite-measurable quantities, based on two preindustrial
control simulations from CMIP6. We demonstrated that a spatially non-local dual-branch neural network
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(DBNN; Figure 2) can accurately reconstruct MOC strength variability across various latitudes, timescales, and
ocean basins (Figure 4) using ocean bottom pressure, sea surface height, and zonally-averaged zonal wind stress
as input variables. We further show that the DBNN can be extended to reconstruct MOC variability across
different density levels, leading to a density-dependent MOC reconstruction (Figures 10 and 11).

Our results highlight the critical role of ocean bottom pressure, particularly near the western boundary (see also
Bingham & Hughes, 2008) and dense water export pathways, in reconstructing MOC variability (Figures 5, 8,
and 9). The geostrophic balance was identified as the dominant physical mechanism driving the DBNN's pre-
dictions (Figures 8 and 9). The non-locality of the DBNN and the coherence of AMOC variability (Figure 7) are
essential for accurately reconstructing MOC strength near the equator, where local geostrophic balance breaks
down (Figure 6). Given the relatively large uncertainties in ocean bottom pressure observations from satellites
(Jeffree et al., 2024), combinations of input variables excluding ocean bottom pressure may offer alternative
solutions. While the DBNN using only sea surface height and zonal wind stress accurately reconstructs MOCs in
the Southern Ocean (Figures 5a and 5b), ocean bottom pressure remains indispensable in AMOC variability
reconstruction (Figure 5c). This highlights the significant value of GRACE satellite data and emphasizes the need
to improve the accuracy of these measurements.

Despite these achievements, significant challenges remain in realizing a comprehensive, satellite-based system
for monitoring global MOC variability. This study relies on numerical simulations to demonstrate the strong
relationship between satellite-measurable quantities and MOC strength anomalies on decadal and longer time-
scales. However, how to practically apply the proposed data-driven approach to real-world MOC monitoring
remains an open question. A feasible pathway would likely still depend on numerical models, with real-world
MOC observations (c.f. Section 1), serving as a valuable, independent, validation and testing data set (rather
than training data). While numerical models may not capture the exact MOC variability observed in the real
ocean, they are expected to correctly represent the leading-order physical processes governing MOC changes. Our
results indicate that the neural network might effectively learn these physical relationships, suggesting the po-
tential for applying a model-trained network to reconstruct real-world MOC by leveraging both learned re-
lationships and satellite observations. Nonetheless, future validation using observations is essential, as the neural
networks trained in models may also learn non-physical relationships arising from intrinsic model biases (Jackson
et al., 2023), such as the spurious numerical mixing in overflows in z-coordinate models (Wang et al., 2015).

A key step toward real-world application is the development of neural networks that are not model-specific. To
primarily explore the possibility, we interpolated data from GFDL-CM4 and ACCESS-ESM1.5 onto the same 1°
grid and trained the DBNN separately for each model to reconstruct AMOC strength variability. We then tested
the capability of a network trained on one model to reconstruct AMOC variability in the other model, without
prior exposure to its data. Although cross-model reconstruction skill was lower than same-model reconstruction
(Figures S19 in Supporting Information S1), the DBNN trained on ACCESS-ESM1.5 still achieved R* ~ 0.6
across most latitudes when applied to GFDL-CM4. Reconstruction skill was lower in the reverse case, partic-
ularly for long-term variability, but remained non-negligible. These preliminary results suggest the possibility of
developing model-independent neural networks for MOC reconstruction, but further efforts are needed to
incorporate a broader range of climate models, refine input feature engineering, and potentially leverage transfer
learning. Furthermore, adapting the approach to accommodate satellite-measurable quantities at realistic spatial
and temporal resolutions is essential for real-world applications.

Moreover, while the EOF-DBNN demonstrates strong performance in reconstructing the full-depth MOC vari-
ability within individual models, its generalization capability warrants further evaluation. As EOFs derived from
one model typically capture less variance when applied to other models or observational data, this limitation may
hinder the DBNN's generalization capability. Future research could address this by training the network on EOFs
derived from multiple models or by exploring alternative dimensionality reduction techniques, such as
autoencoders.

Another major challenge is assessing whether the strong relationship between satellite-measurable quantities and
MOC variability persists in a changing climate. The MOC is projected to undergo significant changes in structure
and magnitude under a warming climate. For example, Antarctic Bottom Water has already shown signs of
warming, freshening, and thinning in recent decades (Purkey et al., 2018). Although our density-dependent MOC
reconstructions offer a promising approach to capture these changes, shifts in ocean density stratification could
alter the relationship between satellite-measurable quantities (e.g., ocean bottom pressure) and MOC variability,
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reducing the effectiveness of the proposed data-driven approach. One possible way to mitigate this issue is to
leverage ongoing hydrographic sampling activities, such as the deep hydrographic sampling performed repeat-
edly along WOCE lines. Future research should explore how incorporating spatio-temporally sparse hydro-
graphic data as additional inputs to the neural network might enhance its predictive skill, particularly under
climate change scenarios like those described by the Shared Socioeconomic Pathways (Riahi et al., 2017). The
challenge related to the out-of-distribution problem, as discussed in Section 6, could also potentially be alleviated
by the inclusion of deep-ocean stratification observations. Additionally, while detrending was used in this study to
remove model drift in preindustrial control simulations, alternative approaches, such as subtracting basin-wide or
global means, may be more appropriate in climate change scenarios, where the trends are dynamically
meaningful.

Moreover, our study focused primarily on the Atlantic and the Southern Ocean, leaving the Indo-Pacific MOC
reconstruction yet to be investigated. The Indo-Pacific MOC has been shown to respond to AMOC changes on
decadal to centennial timescales, effectively redistributing heat between the Atlantic and the Indo-Pacific basins
(Sun & Thompson, 2020; Sun et al., 2022), and affecting the marine carbon cycle (Sun et al., 2024). The
importance of this interbasin MOC response highlights the need to achieve a full global MOC monitoring system.

Additionally, we observed degraded skill in reconstructing Southern Ocean MOCs in a mesoscale-permitting
climate model, relative to the baseline, non-eddying model studied here. Future work could explore whether
adopting the convolutional neural network approach would mitigate this deficiency, as Meng et al. (2024) shows
that convolutional neural networks better reconstruct the Southern Ocean MOCs compared with a fully-connected
feed-forward neural network in their idealized eddy-resolving simulations. Additionally, the results from Meng
et al. (2024) indicate that both ocean bottom pressure and sea surface height are essential for reconstructing
Southern Ocean MOCs, while our results show that the DBNN, using ocean bottom pressure alone as the pre-
dictor, captures approximately 80% of the MOC variability, with the inclusion of sea surface height only
marginally improving the reconstruction (Figure 5). These seemingly divergent results can be attributed to several
potential reasons. First, the realistic bathymetry of the climate simulation used in this study allows ocean bottom
pressure to encompass a broader range of density and depth levels, potentially providing more information about
the geostrophic flow. Second, the 6-km resolution employed in Meng et al. (2024) resolves mesoscale eddies,
unlike the non-eddying and eddy-permitting climate simulations used in our study (c.f. Section 2.1). Further
investigation is needed to understand whether, and to what extent, a rich eddy field impacts MOC reconstruction
in realistic simulations. Lastly, differences in neural network architectures might also contribute to these con-
trasting results.

Finally, the current input variables in the DBNN are in-phase with MOC predictions, yet a number of studies
indicate that MOC responses can be preceded by changes in ocean properties, such as buoyancy anomalies at high
latitudes (e.g., Kostov et al., 2023; Yeager et al., 2021). We attempted to augment the baseline DBNN by
including sea surface temperature and salinity at one or several lagged times ranging from 6 months to 10 years as
additional input variables, but this did not lead to enhanced reconstruction skill. We also attempted to include
lagged sea surface temperature and salinity in the DBNN that originally used in-phase temperature and salinity as
inputs, which did improve reconstruction skill, particularly at low latitudes, though the skill remained much lower
than that of the proposed baseline DBNN. Future work should explore whether recurrent neural networks (e.g.,
Long Short-Term Memory neural networks; Hochreiter & Schmidhuber, 1997) could achieve further improve-
ments compared to the baseline DBNN in this study, especially under climate change scenarios.

Appendix A: Formulation of the DBNN

Precisely, the DBNN introduced in Section 2.3 can be mathematically expressed as

First Hidden Layer:
L=STWOX 4B, i=1,..,64 (Ala)
Z; —Z i s 1=1,...,04,

J
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Linear Branch:
Z%inear — Z W}ji'nearz} + b}inear’ i=1,... n, (Alb)
J
Non-linear Branch, Activation:
(Alc)
At = o(z,-l), i=1,...,64,
Non-linear Branch, Layer 1:
M= S WAL N6, (Ald)
J
Non-linear Branch, Activation:
(Ale)
a2 = G(Z?ILI), i=1,...,64,
Non-linear Branch, Layer 2:
Z?ILZ _ Z Wg;ma]NLz + b?ILz’ i=1....n (A1f)
J
Final Output:
Y. = ZNLZ + Z]linear i=1 n (Alg)
=7 e yeees
Here X; represents the one-dimensional input array, W; is the weight parameter, b, is the bias parameter, su-
perscripts indicate different neural network layers, n denotes the output dimension, and Y; is the final output of the
neural network.
Data Availability Statement
The ACCESS-ESM1.5 and GFDL-CM4 preindustrial control runs used in this study are publicly available from
the CMIP6 website https://aims2.1lnl.gov/search/cmip6/. The neural network and training pipeline are imple-
mented using the Keras API. The empirical orthogonal functions used in Section 5 are computed using the scikit-
learn package (Pedregosa et al., 2011), and the Layer-wise Relevance Propagation is implemented via the
innvestigate package (Alber et al., 2019) within Python. The Python scripts that were used to train the neural
networks in this study have been published at Wei (2024). The data and MATLAB scripts used to generate the
figures in the manuscript have been published at Wei (2025).
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Erratum

The originally published version of this article contained a typographical error. Figures 10 and 11 were swapped.
The error has been corrected, and this may be considered the authoritative version of record.
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