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Abstract

Ocean general circulation models (OGCMs) are essential to climate science but compu-
tationally expensive, severely limiting the ensembles and scenarios that can be explored.
Neural emulators promise orders-of-magnitude speedups, yet no ocean emulator to date has
combined fine spatial resolution with multi-year autoregressive rollouts. Samudra, the first
autoregressive neural ocean emulator to produce multi-decade global rollouts, is restricted
to 1◦ resolution and exhibits two long-horizon failure modes: variance collapse (loss of
temporal variability under rollout) and imprinting artifacts (velocity patterns leaking into
deep-ocean fields). We present Samudra 2, which extends Samudra through two comple-
mentary modifications: a widened ConvNeXt U-Net backbone with a reduced block-internal
expansion factor, and a dynamic loss function that reweights per-variable MSE contribu-
tions inversely by each channel’s running prediction error, amplifying the gradient signal
from slow-evolving deep-ocean fields. At 1◦, Samudra 2 raises upper-ocean global-mean
temperature R2 from 0.56 to 0.87 and reduces deep-ocean temperature error by roughly
sevenfold compared to the original Samudra. The same architecture scales to 1/2◦ and 1/4◦

over approximately 8-year autoregressive rollouts, recovering mesoscale eddies and sharp
western boundary currents absent at coarser grids. With rollouts completing on a single
GPU, Samudra 2 offers roughly two orders of magnitude speedup over numerical simu-
lation, making O(100–1000)-member ensembles practical for uncertainty quantification of
sea-level projections, ocean heat uptake, and climate variability modes such as ENSO. Code
and data are publicly available at https://github.com/Open-Athena/Ocean_Emulator.
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1 Introduction

Ocean general circulation models (OGCMs) are essential to climate science, simulating the
global transport of heat, salt, carbon, and momentum that underpins seasonal forecasts,
decadal predictions, and centennial climate projections (Griffies et al., 2000; Eyring et al.,
2016). However, they are computationally expensive: a single century-long eddy-permitting
simulation can require millions of core-hours, severely limiting the scenarios and ensemble
members that can be explored (Hewitt et al., 2020). This expense is driven largely by the
need for high spatial resolution: mesoscale eddies and sharp frontal structures that dominate
ocean variability only emerge at 1/4◦, while coarser grids produce progressively smoother
flow fields (Figure 1, top row). Reducing this cost would enable affordable large ensembles
for uncertainty quantification, broader exploration of emission and initial-condition sce-
narios, and tractable studies of mesoscale- and deep-ocean-dependent processes central to
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Figure 1: Surface kinetic energy in the Gulf Stream region from the traditional ocean circu-
lation model GFDL OM4 (top) and our emulator (bottom) at 1◦, 1/2◦, and 1/4◦ resolution.
Emulator snapshots are taken at 2022-09-30, near the end of an 8-year autoregressive roll-
out (∼580 steps). At finer grids, the emulator progressively captures the mesoscale eddies,
meanders, and filamentary structures characteristic of the Gulf Stream western boundary
current.

climate projection, such as heat uptake, sea-level rise, and the oceanic carbon sink (Eyring
et al., 2016; Hewitt et al., 2020; Fox-Kemper et al., 2019).

The computational bottleneck of traditional numerical models has motivated a growing
body of work on data-driven emulators, primarily in the atmospheric domain (Pathak et al.,
2022; Bi et al., 2023; Lam et al., 2023; Kochkov et al., 2024), which leverage machine
learning models to reproduce the input-output behavior of physical simulators at a fraction
of the cost. In the ocean domain, Samudra (Dheeshjith et al., 2025) demonstrated that
autoregressive neural emulation can produce multi-decade rollouts of key ocean variables
on the GFDL OM4 model (Adcroft et al., 2019) at 1◦ resolution, with subsequent work
extending to transfer learning (Dheeshjith et al., 2024), atmosphere-ocean coupling (Duncan
et al., 2025), and high-resolution short-term forecasting (Cui et al., 2025). Yet no existing
ocean emulator combines fine spatial resolution with the dynamical fidelity required for
multi-year climate rollouts.

From a machine learning perspective, ocean emulation poses distinctive challenges. The
goal is to simulate ocean dynamics over the entire planet: given the current high-dimensional
ocean state, the model predicts the next state, then the one after that, and so on for years,
with each prediction fed back as input. Training uses short rollouts for computational
tractability, but the real goal is climate-scale rollouts spanning multi-year to decadal hori-
zons, evaluated by long-horizon metrics such as mean state, mean variability, spectral dis-
tribution of variance, and modes of climate variability, which are not reflected in short-term
training metrics. This mismatch is not unique to ocean emulation: related long-horizon fail-
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ure modes appear as blurring in video prediction (Mathieu et al., 2016), drift in world models
(Hafner et al., 2023), and spectral variance loss in atmospheric emulators (Lam et al., 2023;
Kochkov et al., 2024; Watt-Meyer et al., 2023), placing our work within a broader class of
long-horizon autoregressive ML problems. In the ocean setting, these challenges concretely
limit our direct predecessor, Samudra, in three ways. Two are dynamical manifestations
of the train–evaluate mismatch: (i) variance collapse, where autoregressive error accumula-
tion pulls predictions toward the climatological mean and suppresses temporal variability,
especially at depth; and (ii) imprinting artifacts, where velocity-field patterns leak into
deep-ocean temperature and salinity, producing spurious banding and high-frequency noise
that amplify over long rollouts. The third is a scope limitation: (iii) Samudra is restricted
to coarse (1◦) resolution, where mesoscale eddies and sharp frontal structures are entirely
unresolved (Hallberg, 2013; Hewitt et al., 2020).

In this work, we present Samudra 2, which extends the Samudra framework through
two complementary modifications. The first is an architectural scaling : we widen the Con-
vNeXt U-Net backbone (Liu et al., 2022; Ronneberger et al., 2015) and reduce its block-
internal expansion factor, shifting capacity toward inter-stage feature dimensions. The
second is a dynamic loss function that reweights per-variable mean squared error (MSE)
contributions inversely by each channel’s running prediction error, adaptively amplifying the
gradient signal from slow-evolving deep-ocean fields that a standard MSE objective would
neglect. The two modifications are complementary by design: the wider backbone provides
the representational capacity needed at higher resolution, addressing (iii), and the dynamic
loss is the primary driver of deep-ocean fidelity, addressing (i) and (ii). Figure 1 (bottom
row) previews the resulting multi-scale kinetic-energy structure at all three resolutions.

We evaluate Samudra 2 against GFDL OM4 (Adcroft et al., 2019), a state-of-the-art
physics-based ocean model, at three spatial resolutions: 1◦, 1/2◦, and 1/4◦. Because single-
step accuracy can mask the variance collapse and drift that only emerge over extended
rollouts (Rasp et al., 2024), we assess emulators by long-horizon, climate-relevant diagnos-
tics, including temporal variance, detrended time series, spectral distributions, and indices
of climate variability such as the Niño 3.4 index, computed over approximately 8-year au-
toregressive rollouts. We report a direct comparison with the original Samudra at 1◦ and
multi-year rollouts at 1/2◦ and 1/4◦. Ablations at 1◦ further confirm that the wider archi-
tecture and the dynamic loss are distinct, complementary, and both required for Samudra
2’s fidelity and scaling gains. In summary, our main contributions are as follows:

• Samudra 2: An improved AI ocean emulator that combines a wider ConvNeXt U-
Net with a dynamic variance-weighted loss to address variance collapse and imprinting
artifacts in long-horizon autoregressive ocean emulation.

• Scaling ocean emulation to higher resolutions: The demonstration of multi-year
ocean emulation at 1/2◦ and 1/4◦ on GFDL OM4 simulation data, showing that higher-
resolution emulators recover mesoscale structures inaccessible at coarse resolution.

2 Related Work

Data-Driven Weather and Climate Modeling. Machine learning models have emerged
as competitive alternatives to physics-based numerical weather prediction. FourCastNet
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(Pathak et al., 2022), Pangu-Weather (Bi et al., 2023), and GraphCast (Lam et al., 2023)
showed that neural networks trained on reanalysis data can match or exceed operational
forecast skill for medium-range atmospheric prediction, while NeuralGCM (Kochkov et al.,
2024) embedded a learned physics module within a differentiable dynamical core, enabling
stable multi-year climate simulations. These systems share an autoregressive paradigm in
which the model is trained on short-horizon predictions and unrolled iteratively during in-
ference, which introduces a fundamental tension between minimizing single-step error and
preserving variability over long rollouts (Rasp et al., 2024). Standard MSE training tends
to produce predictions that regress toward the climatological mean, a phenomenon termed
variance collapse (Mathieu et al., 2016); mitigation strategies such as multi-step training
(Lam et al., 2023) and adversarial objectives (Ravuri et al., 2021) have been explored in the
atmospheric setting, but these challenges are amplified in ocean emulation by the seasonal-
to-decadal timescales and extreme dynamical range across depth layers.

Ocean Emulation. Ocean emulation replaces a full OGCM with a learned surrogate that
maps the current ocean state directly to future states, bypassing expensive numerical time-
stepping. Samudra (Dheeshjith et al., 2025) was the first comprehensive demonstration
of autoregressive neural ocean emulation, producing multi-decade rollouts of temperature,
salinity, velocity, and sea surface height on GFDL OM4 at 1◦ resolution; complementary
work addressed transfer learning across CO2 forcing scenarios (Dheeshjith et al., 2024) and
coupling with an atmospheric emulator for full climate simulation (Duncan et al., 2025).
ORCA-DL (Guo et al., 2025) demonstrated global ocean prediction for seasonal to decadal
timescales, while WenHai (Cui et al., 2025) achieved high-resolution forecasting at eddy-
resolving scales but focused on short-term horizons (∼10 days) rather than the multi-year
rollouts required for climate applications. Deep learning has also been applied to specific
ocean phenomena such as ENSO, where Ham et al. (2019) and Zhou and Zhang (2023)
showed skillful multi-year El Niño forecasts. Despite this progress, most ocean emulators
have been demonstrated at only a single resolution.

Ocean Parameterization. In contrast to emulation, which replaces the ocean model
entirely, parameterization keeps the physics-based model but uses machine learning to rep-
resent unresolved subgrid-scale processes, such as mesoscale eddies, that the model’s grid is
too coarse to explicitly simulate (Fox-Kemper et al., 2019). Machine learning approaches to
ocean parameterization have developed along several lines. Guillaumin and Zanna (2021)
developed stochastic deep learning parameterizations of ocean momentum forcing, Frezat
et al. (2022) demonstrated end-to-end a posteriori learning of subgrid closures in quasi-
geostrophic turbulence, Guan et al. (2022) showed that physics-constrained neural networks
can yield stable a posteriori LES with generalization via transfer learning, and Perezhogin
et al. (2024) implemented neural eddy parameterizations online within MOM6, with recent
work demonstrating generalization across idealized and global configurations (Perezhogin
et al., 2025) These approaches are complementary to emulation: parameterizations improve
physics-based models at coarse resolution by representing subgrid effects, whereas emulators
aim to reproduce the full resolved dynamics.
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3 Method

3.1 Ocean Emulation Framework

An ocean emulator is an autoregressive deep learning model trained to predict future ocean
states from recent ones, replacing the expensive numerical time-stepping of an OGCM with
a learned state transition. Let xt ∈ RC×H×W denote the ocean state at time step t, where
C is the total number of predicted channels and H ×W the spatial grid dimensions. Four
three-dimensional variables, including potential temperature (thetao), salinity (so), zonal
velocity (uo), and meridional velocity (vo), are each discretized on D depth levels, while
sea surface height (zos) is a single surface field, giving C = 4D + 1 channels. In addition,
the emulator receives atmospheric forcing fields ft that drive the ocean from above.

The emulator is a learned function gθ that receives two consecutive ocean states and
their associated atmospheric forcing fields as input, and predicts the next two states:

(x̂t+1, x̂t+2) = gθ(xt−1, xt, ft−1, ft). (1)

This 2-in-2-out setup follows the design of Dheeshjith et al. (2025).
During training, the model is run autoregressively for a short rollout of K steps: starting

from ground-truth states (xt−1,xt), the model predicts the next two time steps, then feeds
its own predictions back as input for the next forward pass, repeating K times. The training
loss accumulates over all K steps:

Ltrain =
K−1∑
k=0

L(x̂t+2k+1, x̂t+2k+2, xt+2k+1, xt+2k+2) , (2)

where x̂ denotes predictions and x ground truth. We use K = 4 autoregressive steps
during training (Figure 2a), so each training sample covers a rollout of 8 predicted time
steps (40 days at 5-day resolution). This multi-step training objective exposes the model
to its own error accumulation during optimization, providing a stronger training signal for
long-horizon stability compared to single-step training.

During evaluation, the emulator is run autoregressively over much longer horizons (Fig-
ure 2b): starting from ground-truth initial conditions (x0,x1), the model predicts the next
two steps, then slides the input window forward by two and repeats. Defining x̃0 = x0 and
x̃1 = x1 (ground truth), subsequent states are generated as:

(x̃t+1, x̃t+2) = gθ(x̃t−1, x̃t, ft−1, ft), t = 1, 3, 5, . . . (3)

This long-horizon unrolling is the setting that matters for climate emulation, where rollouts
may span decades to centuries of simulated time.

3.2 Data

We use output from the GFDL OM4p25 ocean model (nominally 1/4◦) (Adcroft et al.,
2019), the ocean component of the GFDL CM4 coupled climate model. We regrid the
native tripolar output to regular latitude-longitude grids at three resolutions (1◦, 1/2◦,
1/4◦) and subsample the vertical coordinate to 19 depth levels. We train and evaluate at
each resolution:
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Predictions are evaluated against OM4 truth after the full rollout
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Figure 2: Training versus evaluation rollout strategy. (a) Training: the emulator is unrolled
for K=4 autoregressive steps; with predictions compared to OM4 ground truth at each
step to compute the loss. (b) Inference: starting from a single OM4 initial condition, the
emulator runs freely for ∼580 steps (∼8 years) without ground-truth feedback, and the full
rollout is evaluated against OM4.

• 1◦: the same resolution used by Samudra. Mesoscale eddies are entirely unresolved and
their effects are represented by subgrid-scale parameterizations.

• 1/2◦: an intermediate resolution at which the largest mesoscale features begin to be
resolved, though most remain parameterized.

• 1/4◦: eddy-permitting resolution, where western boundary currents and mesoscale eddies
are partially but not fully resolved.

At each resolution, we extract four three-dimensional prognostic variables: potential
temperature (thetao), salinity (so), zonal velocity (uo), and meridional velocity (vo), at all
19 depth levels, plus sea surface height (zos) as a single surface field, yielding 4×19+1 = 77
prognostic channels. The atmospheric forcing consists of four boundary fields: zonal wind
stress (tauuo), meridional wind stress (tauvo), net surface heat flux (hfds), and heat flux
anomalies (hfds anomalies). All fields are stored as 5-day averages in Zarr format for
efficient I/O. The training period spans 1975–2013 and inference rollouts start from 2014
and run until 2022.

3.3 Architecture: Wider ConvNeXt U-Net

Samudra 2 builds on the ConvNeXt U-Net architecture introduced in Samudra. The base
architecture consists of an encoder-decoder structure with skip connections, where each
encoder and decoder block uses ConvNeXt layers (Liu et al., 2022). The architectural
modifications in Samudra 2 are twofold. First, the channel widths throughout the U-Net
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are increased from [200, 250, 300, 400] to [280, 380, 480, 520], with corresponding increases
in the decoder, providing greater capacity for representing multi-scale spatial patterns.
Second, the internal expansion factor within each ConvNeXt block is reduced from 4 to 2.
This design balances the increased representational capacity of the wider backbone against
computational cost, while shifting parameters from the block-internal bottleneck to the
inter-stage feature dimensions.

3.4 Dynamic Loss Function

A standard MSE training objective treats all variables and depth levels equally:

LMSE =
1

N

V∑
v=1

D∑
d=1

∑
i,j

(x̂v,d,i,j − xv,d,i,j)
2 , (4)

where N is the total number of elements summed over. In practice, this objective is dom-
inated by channels with large spatial variability, typically surface temperatures and ve-
locities, because global normalization produces large values in energetically active regions
that contribute disproportionately to the loss. In contrast, deep-ocean variables, which
vary slowly in time and exhibit little spatial heterogeneity relative to their global statistics,
contribute negligibly to the loss. This imbalance contributes to the imprinting artifacts
observed in Samudra: the optimizer neglects deep-ocean signals because their contribution
to the loss is dwarfed by surface variability.

To address this, we introduce a dynamic loss function that reweights each output channel
so that all channels contribute meaningfully to the total loss, regardless of their absolute
error magnitude. All losses are computed in normalized space, where each channel has been
standardized to zero mean and unit variance using training-period statistics. The key idea
is to replace the uniform MSE with a weighted variant:

Ldynamic =
∑
t

∑
c

λ(n, c) (x̂t,c − xt,c)
2 , (5)

where c indexes the output channels (each variable-depth combination, plus sea surface
height), and λ(n, c) is a per-channel weight at training iteration n. The intuition is to set
these weights inversely proportional to each channel’s prediction error, so that channels
with small errors (slow-evolving deep-ocean fields) receive larger weights that amplify their
gradient signal, while channels with large errors (energetic surface fields) receive smaller
weights to prevent them from dominating the loss. However, unconstrained inverse weight-
ing risks over-amplifying channels whose errors are small simply because they carry little
learnable signal, potentially degrading performance on the high-variance fields that drive
most of the dynamics. In practice, the weights must therefore be clamped to balance these
competing objectives (see below).

Since the weights depend on the model’s evolving prediction errors during training, they
cannot be determined a priori. We therefore estimate them online: between batches, the
weights are updated using an exponential moving average (EMA) of the inverse per-channel
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MSE,

λ(n, c) =
1

W

(W − 1)λ(n− 1, c) +
1∑

h,w

(
x̂
(n)
1,c − x

(n)
1,c

)2

 , (6)

where n indexes the training iteration, W is the EMA window size, and x̂
(n)
1,c denotes the

single-step prediction at the current iteration. This update rule smoothly tracks the inverse
prediction error for each channel: channels whose current errors are small maintain larger
weights, progressively increasing the gradient signal from channels that standard MSE ne-
glects. The weights are initialized uniformly (λ(0, c) = 1 for all c) and clamped so that
λmax ≤ L · λmin at each update, where L is a configurable cap that controls the extent to
which the loss concentrates on low-error channels at the expense of high-error ones. We use
L = 20 in all experiments.

3.5 Training at Different Resolutions

We train three independent models on OM4 data coarsegrained to 1◦, 1/2◦, and 1/4◦

resolutions, using the same architecture and hyperparameters aside from minor adaptations
required by memory constraints at 1/4◦ resolution (see Appendix A for details). Each
resolution model is trained from scratch on the corresponding OM4 data. Moving from
1◦ to 1/4◦ increases the number of grid points by a factor of ∼16×, which proportionally
increases the memory and compute requirements for each training step. Improving the
speed of loading data to GPU (primarily through parallelism and careful profiling to identify
and eliminate bottlenecks) and reducing peak memory usage (primarily through gradient
checkpointing) were used to keep training tractable on the hardware available.

All three resolution models are trained for 70 epochs with the Adam optimizer (Kingma
and Ba, 2015), a learning rate of 6× 10−4, cosine annealing, and an effective batch size of
32 across 8 GPUs. An exponential moving average (EMA) of the parameters is maintained
for evaluation. No early stopping is employed; the final model is selected as the checkpoint
at the last epoch (see Appendix A for rationale). Full training details are provided in
Appendix A.

3.6 Evaluation

We distinguish between short-horizon training metrics, which measure single-step prediction
accuracy, and long-horizon evaluation metrics, which assess the emulator’s fidelity over
multi-year rollouts in terms of climate-relevant diagnostics. Short-horizon metrics include
per-step RMSE and Pearson correlation. Long-horizon metrics include temporal variance,
detrended temperature, spectral distributions, and indices of climate variability, such as the
Niño 3.4 index. Long-horizon metrics are essential for assessing ocean emulators intended
for climate applications, since single-step accuracy can mask variance collapse and drift that
only emerge over extended rollouts. Where spatial snapshots are shown, we select a time
step near the end of the rollout (2022-09-30, step ∼575 of ∼580), as this represents the stage
of maximum autoregressive error accumulation and thus provides the most stringent test of
emulator fidelity. Full mathematical definitions of all metrics are provided in Appendix A.
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Gulf StreamKuroshio

Agulhas Malvinas

Niño 3.4

Tropical Pacific

Selected Regions

Gulf Stream (300 320°E, 25 45°N)
Kuroshio (150 170°E, 25 45°N)
Agulhas (40 60°E, -50 -30°N)

Malvinas (311 331°E, -51 -31°N)
Niño 3.4 (190 240°E, -5 5°N)
Tropical Pacific (130 290°E, -30 30°N)

Figure 3: The six evaluation regions: four western boundary current regions (Gulf Stream,
Kuroshio, Agulhas, Malvinas) and two tropical regions (Niño 3.4, Tropical Pacific). Coor-
dinate bounds are shown in the legend.

In addition to global metrics, we evaluate regional performance across six ocean re-
gions (Figure 3), including four western boundary current (WBC) regions, namely the Gulf
Stream, Kuroshio, Agulhas, and Malvinas, where intense mesoscale eddy activity produces
some of the strongest temporal variability, and two tropical regions, Niño 3.4 and the Trop-
ical Pacific, which capture large-scale climate modes.

4 Results

We first evaluate Samudra 2 against the original Samudra at 1◦ resolution, showing that it
maintains and improves performance on key diagnostics (Section 4.1), and then diagnose
the imprinting failure mode that limited the original Samudra’s deep-ocean fidelity (Sec-
tion 4.2). We then scale Samudra 2 to 1/2◦ and 1/4◦, examining how spatial, temporal, and
spectral fidelity evolve with resolution (Sections 4.3–4.4). Finally, ablation studies isolate
the individual contributions of the wider architecture and dynamic loss (Section 4.5). All
models are assessed over autoregressive rollouts of ∼580 steps (∼8 years), starting from the
same initial condition in the test period. Each model is evaluated against the OM4 truth
at its corresponding resolution.

4.1 Improving upon the Original Samudra

Figure 4 provides a five-panel overview comparing Samudra and Samudra 2 at 1◦ resolution
against the OM4 truth. Panel (a) shows the Niño 3.4 index: both models track the OM4
truth well, but Samudra 2 achieves a higher R2 (0.93 vs. 0.90) and a lower RMSE (0.222
vs. 0.268 ◦C). Panel (b) shows detrended global mean temperature time series at three
depth ranges. In the upper ocean (0–700m), Samudra 2 improves the R2 from 0.56 to
0.87, closely tracking interannual variability while the original Samudra exhibits substantial
high-frequency noise. At intermediate and deep levels, both models yield negative R2
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(a) (c)

(d)

(b)

Time-Averaged Global Zonal Mean Temperature (℃)

(e)

Figure 4: Overview comparison of Samudra and Samudra 2 at 1◦ resolution against OM4.
(a) Niño 3.4 index time series, with R2, correlation, and RMSE annotated; dashed, OM4;
grey, Samudra; orange, Samudra 2. (b) Detrended global mean temperature time series for
the upper (0–700m), intermediate (700–2000m), and deep ocean (2000–7000m), with R2

values annotated. Note that y-axis scales differ across depth ranges. (c) Time-averaged
zonal mean temperature cross-sections. (d) Temperature snapshots at 2022-09-30, near the
end of the 8-year rollout, at 2.5m, 700m, and 2000m. For (c) and (d), fields show raw tem-
perature, while annotated RMSE and correlation are computed on deseasoned anomalies.
(e) Deseasoned temperature anomaly (top) and zonal velocity anomaly (bottom) at 3100m
for OM4, Samudra, and Samudra 2.

(intermediate: −16.29 → −1.60; deep: −111.36 → −16.14), meaning that predictions at
these depths remain worse than a simple temporal mean baseline. Samudra 2 substantially
reduces the magnitude of these errors (by roughly 10× at intermediate depth and ∼7×
at deep levels), primarily by suppressing spurious variance from imprinting artifacts (see
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Section 4.2), but the persistently negative R2 indicates that faithfully tracking deep-ocean
variability over multi-year rollouts remains an open challenge. The root difficulty is that
deep-ocean temperature anomalies are extremely small (order 10−3 ◦C), so even modest
spurious fluctuations dominate the signal and inflate the squared-error numerator of R2.
Panels (c) and (d) display raw temperature fields, with RMSE and correlation computed on
deseasoned anomalies. Panel (c) shows time-averaged zonal mean cross-sections: Samudra
2 improves the deseasoned correlation from 0.62 to 0.70 and reduces RMSE from 0.096 to
0.085 ◦C. Panel (d) shows a temperature snapshot at 2022-09-30 at three depths: Samudra
2 improves the deseasoned correlation at all depths (e.g., 2.5m: 0.67 vs. 0.58; 2000m: 0.36
vs. 0.26), though absolute correlations remain moderate after ∼8 years of rollout.

Together, these diagnostics confirm that Samudra 2 reproduces the key characteristics
of the original Samudra while substantially improving upper-ocean fidelity and reducing
deep-ocean errors.

4.2 Imprinting Artifacts

The deep-ocean noise visible in Figure 4(b) reflects a specific failure mode we term imprint-
ing : velocity field spatial patterns are spuriously projected onto deep-ocean temperature and
salinity predictions, producing nonphysical structure and variability in fields that should be
nearly quiescent at depth. The name reflects the mechanism, as the zonal velocity structure
is literally “imprinted” onto unrelated variables. This artifact manifests in two ways: (i)
deep-ocean variance maps exhibit nonphysical spatial structure, including horizontal band-
ing in temperature that mirrors the zonal velocity pattern and widespread elevated variance
in salinity; and (ii) the detrended global mean temperature time series in Figure 4(b) dis-
plays high-frequency fluctuations absent in the OM4 truth, indicating spurious temporal
noise that survives global averaging.

Figure 4(e) provides direct visual evidence at 3100m: OM4 shows a nearly feature-
less temperature anomaly field, whereas Samudra exhibits pronounced zonal banding that
closely mirrors the velocity structure shown in the panel below. Samudra 2 substantially
suppresses this artifact, yielding a cleaner temperature field and improving correlation with
OM4 from 0.27 to 0.37. This pattern is also evident in the variance maps. At 2000–7000m,
Samudra’s temperature variance map (Figure 5) shows clear banding, while Samudra 2
largely removes these artifacts. The contrast is even stronger for salinity (Figure 6): Samu-
dra produces widespread spurious deep-ocean variance, whereas Samudra 2 suppresses most
of it, though some residual variance persists in regions away from the WBC and Antarctic
Circumpolar Current (ACC) hotspots, where physical variability alone does not account for
it. By contrast, deep eddy kinetic energy (EKE) variance (Figure 7) shows neither banding
nor widespread spurious variance, even in the original Samudra. This supports the interpre-
tation of imprinting as a cross-variable artifact: because EKE is derived from the velocity
fields themselves, its errors appear mainly as amplitude biases rather than alien spatial
patterns projected from another variable. The suppression of imprinting by Samudra 2 also
explains the smoother global mean trajectories in Figure 4(b), where the high-frequency
fluctuations present in Samudra are largely eliminated.
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Figure 5: Temporal variance of temperature across depth layers (columns) and models
(rows). Samudra captures upper-ocean WBC variance but misses deeper hotspots and ex-
hibits imprinting at depth. Samudra 2 recovers realistic variance patterns across resolutions,
with sharper WBC hotspots at higher resolution.

4.3 Multi-Resolution Evaluation

We now scale Samudra 2 to 1/2◦ and 1/4◦ and examine whether increasing resolution yields
higher fidelity, assessed through three complementary lenses: spatial variance structure,
global-mean temporal tracking, and deseasoned snapshot fields. Across diagnostics, fidelity
improves with resolution, with sharper variance fields, better temporal agreement, and more
realistic deseasoned snapshots.

Across the three Samudra 2 resolutions (Figure 5; Figure 6), variance fields become pro-
gressively richer. At 1◦, the model already captures the large-scale WBC variance hotspots,
though the fields remain relatively smooth. At 1/2◦ and 1/4◦, the WBC regions display
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Figure 6: Temporal variance of salinity across depth layers and models. Samudra shows
widespread spurious deep-ocean variance, whereas Samudra 2 largely suppresses these arti-
facts and produces variance fields much closer to OM4 across depths.

progressively finer-grained variance structure, with the Gulf Stream, Kuroshio, and Agul-
has regions all showing more spatially localized features. The same trend holds for EKE
(Figure 7), where the resolution dependence is particularly striking: at 1◦, WBC variance
hotspots appear as broad, diffuse features, whereas at 1/4◦ they sharpen into compact,
spatially localized structures that closely mirror the OM4 truth, particularly in the inter-
mediate layer, where the Gulf Stream, Kuroshio, and Agulhas regions all show markedly
finer-grained variance. This sharpening is more visually pronounced for EKE than for
temperature or salinity, likely because kinetic energy is more spatially concentrated along
fronts and eddy-rich corridors, making resolution-dependent gains easier to discern. Re-
gional temporal-variance metrics quantitatively confirm this trend: temperature variance
correlation improves across all depth ranges (e.g., global upper Var Corr: 0.83 at 1◦ to
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Figure 7: Temporal variance of EKE across depth layers (columns) and models (rows).
Logarithmic color scale. Across Samudra 2 resolutions, WBC hotspots sharpen progressively
from 1◦ to 1/4◦, with the resolution dependence most visible in the intermediate layer.

0.87 at 1/4◦; intermediate: 0.54 to 0.78; deep: 0.68 to 0.83), with the largest relative gains
at intermediate and deep levels. We note that because each resolution model is compared
against its own OM4 truth, the higher variance signal present in finer-resolution OM4 data
may partly contribute to higher correlation scores; the cross-resolution improvements should
therefore be interpreted as reflecting both emulator capability and the richer signal avail-
able at higher resolution. KE shows a similar pattern, with the largest gains in the deep
ocean (global Var Corr: 0.81 at 1◦ to 0.88 at 1/4◦). Salinity remains the most challenging
variable: intermediate and deep correlations improve with resolution but stay low, and iso-
lated regions (e.g., Niño 3.4 intermediate) exhibit negative Var Corr at all three resolutions,
indicating that deep-ocean salinity variability is not yet reliably captured.
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Figure 8: Deseasoned temperature anomaly snapshot at 2022-09-30, near the end of the
8-year rollout, at three depths (2.5m, 700m, 2000m) for OM4 (1/4◦), Samudra (1◦), and
Samudra 2 at 1◦, 1/2◦, and 1/4◦. RMSE and correlation values (against the OM4 truth at
the corresponding resolution) are annotated for each panel.

The spatial variance improvements are complemented by improved temporal fidelity of
the global mean state. Detrended global mean temperature time series across resolutions
(Appendix Figure 18) show that all three Samudra 2 models produce smooth trajectories
free of the high-frequency imprinting artifacts present in the original Samudra, confirming
that imprinting suppression generalizes across resolutions. All three resolutions track the
upper-ocean variability well (R2 = 0.84–0.92). Below the upper ocean, performance remains
limited but improves with resolution. At intermediate depths, the 1/4◦ model achieves
R2 ≈ 0.01 (compared to −1.60 at 1◦), approaching, but not yet reaching, useful predictive
skill; an R2 near zero means the model performs comparably to the temporal mean, which
is a necessary threshold before deep-ocean predictions can be considered reliable. At deep
levels (2000–7000m), R2 remains negative at all resolutions (−16.14 at 1◦, −9.98 at 1/4◦),
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(a)

(b)

Figure 9: Isotropic power spectra for six ocean regions (Gulf Stream, Kuroshio, Agulhas,
Malvinas, Niño 3.4, Tropical Pacific). Dashed lines show OM4 and solid lines Samudra 2
at 1◦, 1/2◦, and 1/4◦. (a) Surface temperature anomalies; higher resolutions extend the
wavenumber range. (b) EKE; similar to (a), but with a systematic small-scale energy deficit.

confirming that deep-ocean temperature tracking is not yet solved despite the improvements
from higher resolution and the dynamic loss.

The variance maps and global time series above characterize time-integrated and spa-
tially averaged variability; we complement them with a deseasoned temperature anomaly
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snapshot (Figure 8) that shows the instantaneous spatial structure at the end-of-rollout
time step. These snapshot gains are especially clear at depth and in anomaly structure
rather than in RMSE alone. Across resolutions, the 1/4◦ model captures progressively finer
spatial detail in the anomaly field, with correlation at 2000m increasing from 0.36 (1◦) to
0.52 (1/4◦). The same trends hold for velocity and EKE (Appendix B.1, Figures 11–13):
u-velocity correlation at 2000m improves from 0.39 (Samudra 2, 1◦) to 0.53 (1/4◦), and
EKE correlation at 700m reaches 0.80 at 1/4◦ compared to 0.64 at 1◦.

Taken together, these results show that higher resolution yields consistent fidelity gains,
with the clearest improvements emerging below the upper ocean, where coarse-resolution
models capture variability less effectively.

4.4 Spectral Fidelity Scales with Resolution

We complement the physical-space diagnostics with spectral analysis, computing isotropic
(spatial) and temporal power spectra of temperature and kinetic energy in six ocean regions
(four WBC and two tropical regions).

Figure 9(a) shows isotropic power spectra of surface temperature anomalies. At large
scales, all Samudra 2 models track the OM4 truth closely; as resolution increases, the
resolved wavenumber range extends substantially: the 1/4◦ model captures spectral energy
out to roughly four times the wavenumber of the 1◦ model, accessing mesoscale dynamics
entirely absent at coarser grids. At each resolution, the emulator exhibits a systematic
energy deficit that grows toward higher wavenumbers, a common characteristic of MSE-
trained neural emulators. The isotropic EKE spectra (Figure 9b) show the same pattern,
confirming that the spectral behavior generalizes across variables. Temporal spectra and
autocorrelation functions (Appendix B.2, Figures 14–17) further show that the spectral
shape and decorrelation timescales of the OM4 truth are preserved at all resolutions.

4.5 Ablation Study

Having shown that Samudra 2 improves fidelity relative to the original Samudra, we now
ask which of its two key modifications drive these gains. We therefore compare four 1◦

variants using detrended global mean time series and regional temporal-variance metrics:
(1) Samudra (baseline; original architecture with standard MSE), (2) Samudra-Wide
(wider ConvNeXt U-Net with standard MSE), (3) Samudra-DLoss (original architecture
with dynamic loss), and (4) Samudra 2 (wider architecture with dynamic loss).

Figure 10 shows detrended global mean temperature time series for the four abla-
tion variants. In the upper ocean, neither modification alone improves over the baseline
(R2 = 0.56): Samudra-Wide (R2 = 0.50) and Samudra-DLoss (R2 = 0.51) both slightly
underperform, yet their combination in Samudra 2 raises R2 to 0.87, indicating a strongly
synergistic interaction. At intermediate and deep levels, the dynamic loss is the primary
driver of improvement, reducing intermediate-depth R2 from −16.29 to −4.37 and deep R2

from −111.36 to −16.79. While these represent substantial relative gains, the values remain
negative at all depths below 700m for all ablation variants, indicating that no current con-
figuration produces deep-ocean predictions that outperform the temporal mean. Salinity
shows a similar pattern: the dynamic loss reduces deep-ocean R2 magnitude from −1423
to −72, but these values underscore that deep salinity variability, whose anomalies are even
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Detrended Global Mean Temperature Time Series

Figure 10: Detrended global mean temperature time series for three depth ranges (Upper
Ocean 0–700m, Intermediate Ocean 700–2000m, Deep Ocean 2000–7000m) for the four
ablation variants. Dashed line: OM4 (truth) coarsened to 1◦; grey: Samudra (baseline);
green: Samudra-Wide; blue: Samudra-DLoss; orange: Samudra 2-1◦. R2 values are anno-
tated for each model at each depth.

smaller than those of temperature, is far from being reliably captured. The wider architec-
ture alone degrades intermediate-depth salinity (R2 = −99.46), suggesting that increased
capacity without proper loss balancing amplifies spurious deep-ocean gradients.

The regional breakdown (Table 1; Appendix Tables 3 and 4) corroborates these findings:
Samudra 2 achieves the best or near-best RMSE in most regions, though individual modifi-
cations sometimes yield higher Var Corr at intermediate and deep levels, indicating that the
full combination optimizes overall error magnitude rather than uniformly improving every
diagnostic.

In summary, the dynamic loss is the dominant driver of deep-ocean fidelity; the wider
architecture alone does not yield clear improvements, but it provides the additional model
capacity necessary for a strongly synergistic interaction with the dynamic loss. In isolation,
neither modification surpasses the baseline in the upper ocean, yet their combination in
Samudra 2 yields R2 = 0.87 (vs. 0.50–0.56 for individual variants). Samudra 2 does not
uniformly lead in every metric; individual modifications sometimes achieve higher Var Corr
or better deep-ocean salinity. Overall, however, the combination provides the most balanced
performance across variables and depths.
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Table 1: Temporal-variance evaluation for potential temperature. All metrics are computed
after removing the seasonal cycle from both predictions and the reference. Var Corr denotes
the area-weighted Pearson correlation between the temporal-variance maps of the prediction
and the reference. Var RMSE denotes the area-weighted root mean squared error between
the temporal-variance maps of the prediction and the reference. Detrend RMSE denotes the
area-weighted mean of per-gridpoint temporal RMSE after linear detrending. Direct RMSE
denotes the area-weighted mean of per-gridpoint temporal RMSE. All values are reported
with three significant digits. The best result in each row and depth range is highlighted
with a gray background.

Region Metric
Upper (0-700m) Intermediate (700-2000m) Deep (2000-7000m)

Samudra Samudra-Wide Samudra-DLoss Samudra 2 Samudra Samudra-Wide Samudra-DLoss Samudra 2 Samudra Samudra-Wide Samudra-DLoss Samudra 2

Global Var Corr 0.797 0.796 0.788 0.826 0.677 0.690 0.665 0.538 0.656 0.646 0.704 0.681
Var RMSE 0.160 0.165 0.158 0.153 0.0160 0.0158 0.0164 0.0233 0.00130 0.00131 0.00129 0.00134
Detrend RMSE 0.189 0.182 0.174 0.176 0.0471 0.0460 0.0416 0.0416 0.0169 0.0174 0.0119 0.0119
Direct RMSE 0.205 0.200 0.193 0.193 0.0503 0.0495 0.0460 0.0456 0.0176 0.0182 0.0130 0.0128

Gulf Stream Var Corr 0.891 0.862 0.915 0.844 0.573 0.497 0.239 -0.0669 0.808 0.786 0.712 0.713
Var RMSE 0.412 0.429 0.341 0.361 0.0212 0.0221 0.0665 0.121 5.18e-4 5.15e-4 6.67e-4 6.8e-4
Detrend RMSE 0.391 0.382 0.399 0.437 0.140 0.141 0.176 0.201 0.0277 0.0279 0.0230 0.0237
Direct RMSE 0.423 0.424 0.424 0.509 0.152 0.158 0.203 0.239 0.0309 0.0300 0.0272 0.0265

Kuroshio Var Corr 0.795 0.789 0.813 0.803 0.767 0.712 0.775 0.627 0.575 0.507 0.626 0.498
Var RMSE 0.262 0.292 0.266 0.230 0.00499 0.00603 0.00544 0.00598 2.59e-4 2.99e-4 6.75e-5 1.41e-4
Detrend RMSE 0.470 0.449 0.429 0.460 0.0719 0.0715 0.0673 0.0679 0.0148 0.0161 0.00880 0.0102
Direct RMSE 0.519 0.479 0.474 0.500 0.0765 0.0757 0.0725 0.0717 0.0154 0.0166 0.00976 0.0111

Agulhas Var Corr 0.965 0.975 0.977 0.973 0.961 0.960 0.952 0.941 0.729 0.691 0.793 0.773
Var RMSE 0.173 0.170 0.135 0.150 0.0161 0.0147 0.0169 0.0161 0.00122 0.00130 0.00128 0.00136
Detrend RMSE 0.333 0.303 0.298 0.306 0.112 0.107 0.0943 0.0992 0.0381 0.0401 0.0306 0.0308
Direct RMSE 0.375 0.365 0.325 0.339 0.116 0.110 0.0988 0.103 0.0394 0.0411 0.0318 0.0325

Malvinas Var Corr 0.546 0.760 0.586 0.598 0.470 0.630 0.477 0.365 0.616 0.608 0.475 0.518
Var RMSE 0.177 0.150 0.159 0.163 0.00646 0.00558 0.00642 0.00697 0.00244 0.00232 0.00261 0.00263
Detrend RMSE 0.353 0.313 0.330 0.323 0.0874 0.0909 0.0852 0.0787 0.0427 0.0425 0.0376 0.0383
Direct RMSE 0.374 0.347 0.354 0.368 0.0952 0.0984 0.0897 0.0856 0.0456 0.0461 0.0432 0.0423

Niño 3.4 Var Corr 0.958 0.920 0.945 0.964 0.225 0.0151 0.477 0.451 0.146 0.133 0.136 0.101
Var RMSE 0.0177 0.0282 0.0199 0.0305 0.00207 0.00239 5.66e-4 3.99e-4 6.51e-4 8.08e-4 2.4e-4 1.86e-4
Detrend RMSE 0.176 0.177 0.157 0.157 0.0509 0.0542 0.0348 0.0339 0.0249 0.0267 0.0148 0.0135
Direct RMSE 0.190 0.191 0.167 0.171 0.0513 0.0549 0.0353 0.0344 0.0251 0.0271 0.0151 0.0137

Tropical Pacific Var Corr 0.885 0.879 0.755 0.906 0.309 0.253 0.616 0.592 0.274 0.266 0.321 0.321
Var RMSE 0.0665 0.0692 0.0841 0.0685 0.00729 0.00834 0.00625 0.00620 6.03e-4 7.03e-4 2.33e-4 2.15e-4
Detrend RMSE 0.195 0.189 0.185 0.181 0.0430 0.0433 0.0374 0.0360 0.0167 0.0179 0.0107 0.0102
Direct RMSE 0.214 0.210 0.208 0.199 0.0446 0.0454 0.0399 0.0379 0.0171 0.0184 0.0114 0.0106

5 Discussion and Conclusion

We presented Samudra 2, which extends the Samudra ocean emulator with a wider Con-
vNeXt U-Net and a dynamic variance-weighted loss function, substantially reducing tempo-
ral variance collapse and imprinting artifacts while improving key diagnostics such as Niño
3.4 R2 and upper-ocean temperature fidelity. We further demonstrated that the same archi-
tecture supports multi-year autoregressive ocean emulation at 1◦, 1/2◦, and 1/4◦ resolutions
on GFDL OM4 simulation data, with higher-resolution models resolving progressively finer
mesoscale features.

By completing long rollouts on a single GPU, Samudra 2 offers roughly two orders of
magnitude speedup over numerical simulation, making it practical to scale ensemble sizes
from O(10) to O(100−1000) for more robust uncertainty quantification of regional sea-
level projections, ocean heat uptake, and climate variability modes such as ENSO. The
emulator is most immediately applicable to upper-ocean and surface-driven problems, such
as sea surface temperature forecasting, coastal upwelling, and mesoscale eddy statistics,
while physics-based models remain necessary for deep-ocean processes until emulator skill
at depth improves.

Several limitations point to directions for future work. Deep-ocean predictions (below
∼700m) remain the principal open challenge, with negative R2 for both temperature and

19



Yuan et al.

salinity at most resolutions, owing to the extremely weak training signal at depth. Promising
remedies include spectral or adversarial loss functions that amplify the deep-ocean gradient
signal and mitigate the systematic high-wavenumber energy deficit inherent to MSE mini-
mization (Garg et al., 2026); hybrid physics-ML architectures that embed conservation laws
or equation-of-state constraints (Kochkov et al., 2024); and separate decoder heads for dy-
namically distinct variable groups to reduce cross-variable imprinting. Beyond deep-ocean
fidelity, cross-resolution transfer learning could lower the compute cost of high-resolution
training, and extending the emulator to additional variables (e.g., biogeochemistry, sea ice),
centennial timescales, and tighter atmospheric coupling (Duncan et al., 2025) would fur-
ther broaden the applicability of neural ocean emulation. The dynamic variance-weighted
loss itself, while motivated by ocean dynamics, is a general reweighting principle that may
transfer to other heteroscedastic multi-variable autoregressive problems where co-located
target signals differ in variance by orders of magnitude; testing this hypothesis outside the
ocean setting is a direction we leave to future work.
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Appendix A. Implementation Details

This appendix summarizes the implementation details, derived quantities, and evalua-
tion metrics. Unless otherwise specified, all quantities are computed on regular latitude-
longitude grids after regridding the native OM4 tripolar output using nearest-neighbor
interpolation with xesmf.

A.1 Training Setup and Computational Considerations

All models are optimized with Adam (Kingma and Ba, 2015) using an initial learning
rate of 6 × 10−4, batch size 4, cosine annealing (Loshchilov and Hutter, 2017) over 70
epochs (no warmup), and gradient clipping at 1.0. No weight decay or dropout is applied.
The final model is selected as the checkpoint at the last epoch rather than the one with
the lowest validation loss. This choice reflects the fact that single-step validation loss is
not fully predictive of long-horizon rollout performance, which is the metric we ultimately
care about. In practice, we observed no significant overfitting over the 70-epoch training
schedule. An exponential moving average (EMA) of the parameters (β = 0.999, with ramp-
up β̃n = min(β, (1+n)/(10+n)) (Polyak and Juditsky, 1992)) is maintained; all evaluation
uses the EMA parameters. All prognostic and boundary variables are normalized to zero
mean and unit variance using per-channel training-period statistics; land points are filled
with zeros.

Moving from 1◦ (180 × 360) to 1/4◦ (720 × 1440) increases grid points by ∼16×. The
increase in data size affects data loading time (the time to transfer data from disk to
host memory and then transfer to GPU memory). With larger data sizes this became an
increasingly large fraction of total train time, so we have made significant improvements
to this component compared to Samudra, including loading multiple channels of data in
parallel (both from disk to CPU, and from CPU to GPU), reorganizing code to reduce
expensive indexing/reshaping operations, and moving normalization and masking steps to
the GPU.

Increasing grid points also affects peak GPU memory usage (which is dominated by
activations and gradients that scale with the size of the input data). Gradient checkpointing
is enabled for select layers to reduce peak memory by 60% with a modest 20% increase in
GPU time. This allowed both 1◦ and 1/2◦ resolutions to fit in the 80 GB of memory
available on each GPU. When moving to 1/4◦ resolution, we were forced to reduce batch
size from 4 per GPU to 1 per GPU to fit the 4× larger data. To accommodate this change,
we adjusted the normalization layers from batch norm (Ioffe and Szegedy, 2015) to layer
norm (Ba et al., 2016), accumulated gradients across 4 forward passes before performing
an update to the parameter estimates, and switched from float32 to bfloat16 precision to
further reduce memory usage. These changes maintain comparable training dynamics to
the 1◦ and 1/2◦ configurations.

Training uses PyTorch DistributedDataParallel across 8 A100 GPUs. Table 2 sum-
marizes the hardware and wall-clock costs.

24



Samudra 2

Table 2: Training cost per resolution (70 epochs each).

Resolution Grid size GPUs Approx. time per epoch

1◦ 180× 360 8× A100 (80GB) 8 minutes
1/2◦ 360× 720 8× A100 (80GB) 15 minutes
1/4◦ 720× 1440 8× A100 (80GB) 50 minutes

A.2 Grid and Vertical Coordinate

The regular grid has Ny ×Nx cells with centers (ϕi, λj) and boundary coordinates (ϕb, λb).
Grid spacings are ∆xi,j = RE cos(ϕi)∆λ

b
j and ∆yi,j = RE ∆ϕbi (RE = 6.371 × 106m); cell

areas Ai,j are computed via xesmf.util.cell area. The vertical coordinate uses 19 depth
levels: zℓ ∈ {2.5, 10, 22.5, 40, 65, 105, 165, 250, 375, 550, 775, 1050, 1400, 1850, 2400, 3100,
4000, 5000, 6000} m, with layer interfaces at zb ∈ {0, 5, 15, 30, 50, 80, 130, 200, 300, 450,
650, 900, 1200, 1600, 2100, 2700, 3500, 4500, 5500, 6750} m. Layer thickness is ∆zℓ = zbℓ+1−
zbℓ , and wi,j,ℓ ∈ {0, 1} is the wet mask. Basin masks (Southern Ocean = 1, Atlantic = 2,
Pacific = 3, Indian = 5) are regridded from the OM4 static grid via nearest-neighbor in-
terpolation. Three standard depth slices are used throughout: Upper Ocean (0–700m),
Intermediate Ocean (700–2000m), and Deep Ocean (2000–7000m).

A.3 Derived Quantities

Vertical averaging. The depth-averaged value of a 3D field ψ(t, i, j, ℓ) over a depth range
[zmin, zmax] is:

ψ̄(t, i, j) =

∑
ℓ∈S ψ(t, i, j, ℓ)∆zℓwi,j,ℓ∑

ℓ∈S ∆zℓwi,j,ℓ
, (7)

where S = {ℓ : zmin ≤ zℓ ≤ zmax}.

Ocean heat content (OHC). OHC(t, i, j) = ρ0cp
∑

ℓ∈S θ(t, i, j, ℓ)∆zℓwi,j,ℓ, where ρ0 =
1035 kgm−3 and cp = 3850 J kg−1K−1, yielding units of Jm−2 (scaled by 10−21 for ZJ).

Kinetic energy (KE) and eddy kinetic energy (EKE).

KE(t, i, j, ℓ) = 1
2(u

2 + v2), (8)

EKE(t, i, j, ℓ) = 1
2(u

′2 + v′2), (9)

where u′ = u − u and v′ = v − v are anomalies relative to the temporal mean. Note that
Figure 7 shows the temporal variance of depth-averaged KE (Eq. 13), not time-averaged
EKE.

A.4 Evaluation Diagnostics

A.4.1 Global Mean Time Series

The volume-weighted global mean of a 3D field over a depth slice is:

⟨ψ⟩(t) =
∑

i,j

∑
ℓ∈S ψ(t, i, j, ℓ)∆zℓAi,j wi,j,ℓ∑
i,j

∑
ℓ∈S ∆zℓAi,j wi,j,ℓ

. (10)
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A.4.2 Linear Detrending

All detrending removes a least-squares linear fit. For a 1D time series y(t), the detrended
series is ydet(t) = y(t)− [β̂(t− t̄) + ȳ], where

β̂ =

∑
t(t− t̄)(y(t)− ȳ)∑

t(t− t̄)2
. (11)

For spatially resolved fields, the same procedure is applied independently at each grid point:

ψdet(t, i, j) = ψ(t, i, j)− [β̂i,j(t− t̄) + ψi,j ]. (12)

Before computing spatial power spectra, a 2D linear plane (â xj + b̂ yi + ĉ) is removed from
each snapshot, where (xj , yi) ∈ [−1, 1].

A.4.3 Temporal Variance Maps

The temporal variance of a depth-averaged field is:

σ2ψ(i, j) =
1

T

T∑
t=1

[ψ̄(t, i, j)− ψ̄(i, j)]2. (13)

A.4.4 Zonal Mean Profiles

The zonal mean of a 3D field within basin B is:

⟨ψ⟩zonal(i, ℓ) =
∑

j ψ(i, j, ℓ)M
B
i,j wi,j,ℓ∆xi,j∑

jM
B
i,j wi,j,ℓ∆xi,j

, (14)

where MB
i,j ∈ {0, 1} is the basin mask. For OHC zonal cross-sections, the per-level con-

tribution q(i, j, ℓ) = ρ0cpθ(i, j, ℓ)∆zℓ is zonally averaged at each depth level without prior
vertical summation.

A.4.5 Niño 3.4 Index

The Niño 3.4 index is computed from the surface temperature (z = 2.5m) over the box
λ ∈ [190◦E, 240◦E], ϕ ∈ [5◦S, 5◦N]: (1) subtract a pentad-of-year climatology to obtain
anomalies θ′; (2) apply a 150-day running mean (30 five-day steps); (3) compute the area-
weighted spatial average. The first 30 time steps are discarded to avoid edge effects.

A.5 Spectral Analysis

Isotropic power spectrum. For a 2D field on a rectangular subregion (H×W , spacings
∆x, ∆y): remove the spatial mean and a linear plane, apply a 2D Hann window, compute
the 2D real FFT with forward normalization, correct for windowing, then azimuthally
average the PSD into Nb = ⌊min(H,W )/4⌋ radial wavenumber bins over [0, kNyq]. The
plotted quantity is kb · PSD(kb) (variance-preserving form). For regional spectra, the field
is extracted over the region’s box and time-averaged before the above procedure.

The six spectrum regions are: Gulf Stream ([300◦, 320◦]×[25◦, 45◦]), Kuroshio ([150◦, 170◦]×
[25◦, 45◦]), Agulhas ([40◦, 60◦]× [−50◦,−30◦]), Malvinas ([311◦, 331◦]× [−51◦,−31◦]), Niño
3.4 ([190◦, 240◦]× [−5◦, 5◦]), and Tropical Pacific ([130◦, 290◦]× [−30◦, 30◦]).
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EKE spectrum. SKE(kb) =
1
2 [Su(kb)+Sv(kb)], where Su and Sv are the isotropic spectra

of each velocity component.

Temporal power spectrum. For each grid point in a region, compute PSD(f ; i, j) =
|rfft(ψ(t, i, j))|2 · Tphys and spatially average. The temporal EKE spectrum combines both
velocity components as 1

2 [PSDu(f) + PSDv(f)].

A.6 Quantitative Evaluation Metrics

All area-weighted metrics are computed on the 2D grid after depth-averaging (Eq. 7).

Area-weighted RMSE.

RMSE =

√∑
i,j [ψ

truth(i, j)− ψpred(i, j)]2Ai,j∑
i,j Ai,j

. (15)

Area-weighted Pearson correlation.

r =

∑
i,j(ψ

truth
i,j − ⟨ψtruth⟩A)(ψpred

i,j − ⟨ψpred⟩A)Ai,j√∑
i,j(ψ

truth
i,j − ⟨ψtruth⟩A)2Ai,j

√∑
i,j(ψ

pred
i,j − ⟨ψpred⟩A)2Ai,j

, (16)

where ⟨ψ⟩A =
∑

i,j ψi,jAi,j/
∑

i,j Ai,j .

Coefficient of determination (R2). R2 = 1−
∑

t[y
truth(t)− ypred(t)]2 /

∑
t[y

truth(t)−
ytruth]2. Note that R2 can be negative when predictions are worse than the temporal mean,
which commonly occurs for deep-ocean variables.

Temporal variance metrics. The temporal-variance tables report four metrics per vari-
able, region, and depth slice: (1) Var Corr: area-weighted Pearson correlation between
the truth and prediction temporal variance maps (Eq. 13); (2) Var RMSE: area-weighted
RMSE between the two variance maps; (3) Direct RMSE: area-weighted mean of per-
gridpoint temporal RMSE; (4) Detrend RMSE: same as Direct RMSE but applied to
per-gridpoint linearly detrended fields (Eq. 12). Metrics are computed over seven regions:
Global plus the six spectrum regions above.

Niño 3.4 summary metrics. R2, Pearson correlation, MAE, and RMSE between the
truth and predicted Niño 3.4 time series.

Appendix B. Additional Results

This appendix provides supplementary diagnostics for the four models compared in the main
text: the original Samudra baseline at 1◦ resolution and Samudra 2 at 1◦, 1/2◦, and 1/4◦

resolutions. Each model is evaluated against the OM4 truth at its corresponding resolution
over the test period (∼2014–2022, ∼580 five-day steps).

B.1 Multi-Resolution Spatial Fields

The deseasoned temperature anomaly snapshot is presented in the main text (Figure 8).
Here we provide the corresponding snapshots for zonal velocity (u), meridional velocity (v),
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and EKE (Figures 11–13). Across all variables, correlation with the OM4 truth improves
consistently with resolution, with the largest gains at 700m and 2000m: u-velocity corre-
lation at 2000m increases from 0.39 (1◦) to 0.53 (1/4◦), and EKE from 0.60 to 0.71. EKE
snapshots (Figure 13) show a similar resolution dependence, with progressively finer spatial
detail emerging at higher resolution.

B.2 Spectral Analysis

The isotropic temperature and EKE spatial spectra are presented in the main text (Fig-
ure 9). Here we provide additional temporal spectra and autocorrelation diagnostics. The
temporal EKE and temperature power spectra (Figures 14–15) show close agreement at
low frequencies and a growing deficit at higher frequencies. The velocity and SSH autocor-
relation functions (Figures 16–17) confirm that all emulators reproduce the decorrelation
timescales of their respective OM4 truth, with the Gulf Stream and Kuroshio regions show-
ing resolution-dependent slower decorrelation at higher resolution.

B.3 Temporal Fidelity

Figure 18 shows the detrended global mean temperature time series for Samudra 2 at all
three resolutions, complementing the main-text discussion in Section 4.3. At deep levels
(2000–7000m), R2 remains negative at all resolutions due to the extremely small signal
amplitude, but improves with resolution: the 1/4◦ model achieves R2 = −9.98 compared
to −16.14 at 1◦.

Figure 19 shows the corresponding detrended global mean salinity time series. Salinity
remains the most challenging variable: upper-ocean tracking is reasonable across resolutions,
but intermediate and deep levels exhibit negative R2 at all three resolutions, consistent with
the variance metrics reported in the main text. As with temperature, higher resolution
yields modest improvements at depth, though deep-ocean salinity fidelity remains a key
limitation.
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Appendix C. Supplementary Figures
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Figure 11: Deseasoned zonal velocity (u) anomaly snapshot at 2022-09-30, near the end of
the 8-year rollout, at three depths (2.5m, 700m, 2000m) for OM4 (1/4◦), Samudra (1◦),
and Samudra 2 at 1◦, 1/2◦, and 1/4◦. RMSE and correlation values are annotated for each
panel.
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Figure 12: Deseasoned meridional velocity (v) anomaly snapshot at 2022-09-30, near the
end of the 8-year rollout, at three depths (2.5m, 700m, 2000m) for OM4 (1/4◦), Samudra
(1◦), and Samudra 2 at 1◦, 1/2◦, and 1/4◦. RMSE and correlation values are annotated for
each panel.
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Figure 13: Deseasoned EKE snapshot at 2022-09-30, near the end of the 8-year rollout, at
three depths (2.5m, 700m, 2000m) for OM4 (1/4◦), Samudra (1◦), and Samudra 2 at 1◦,
1/2◦, and 1/4◦. RMSE and correlation values are annotated for each panel. Logarithmic
color scale.

31



Yuan et al.

100 101

Frequency (cycles/year)

10 6

10 5

10 4

EK
E 

Po
we

r S
pe

ct
ra

l D
en

sit
y

Gulf Stream [300° 320°E, 25° 45°N]

100 101

Frequency (cycles/year)

10 6

10 5

10 4

10 3

EK
E 

Po
we

r S
pe

ct
ra

l D
en

sit
y

Kuroshio [150° 170°E, 25° 45°N]

100 101

Frequency (cycles/year)

10 6

10 5

10 4

10 3

EK
E 

Po
we

r S
pe

ct
ra

l D
en

sit
y

Agulhas [40° 60°E, -50° -30°N]

100 101

Frequency (cycles/year)

10 6

10 5

10 4

10 3

EK
E 

Po
we

r S
pe

ct
ra

l D
en

sit
y

Malvinas [311° 331°E, -51° -31°N]

100 101

Frequency (cycles/year)

10 5

10 4

10 3
EK

E 
Po

we
r S

pe
ct

ra
l D

en
sit

y
Niño 3.4 [190° 240°E, -5° 5°N]

100 101

Frequency (cycles/year)

10 6

10 5

10 4

EK
E 

Po
we

r S
pe

ct
ra

l D
en

sit
y

Tropical Pacific [130° 290°E, -30° 30°N]

Temporal EKE Power Spectrum (Surface)

OM4 (1 )
Samudra 2 (1 )

OM4 (1/2 )
Samudra 2 (1/2 )

OM4 (1/4 )
Samudra 2 (1/4 )

Figure 14: Temporal EKE power spectra for six ocean regions. Each panel shows the OM4
truth (dashed) and Samudra 2 (solid) at three resolutions.
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Figure 15: Temporal temperature power spectra for six ocean regions. Each panel shows
the OM4 truth (dashed) and Samudra 2 (solid) at three resolutions.
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Figure 16: Autocorrelation function (ACF) of surface velocity anomalies across six ocean
regions. The Gulf Stream and Kuroshio regions show resolution-dependent slower decorre-
lation at higher resolution.
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Figure 17: Autocorrelation function of SSH anomalies across six ocean regions. All emula-
tors closely match their respective OM4 truth.
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Figure 18: Detrended global mean temperature time series for three depth ranges for Samu-
dra 2 at three resolutions.
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Figure 19: Detrended global mean salinity time series for three depth ranges for Samudra
2 at three resolutions.
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Appendix D. Supplementary Tables

Table 3: Temporal-variance evaluation for Salinity (ablation). All metrics are computed
after removing the seasonal cycle from both predictions and the reference.

Region Metric
Upper (0-700m) Intermediate (700-2000m) Deep (2000-7000m)

Samudra Samudra-Wide Samudra-DLoss Samudra 2 Samudra Samudra-Wide Samudra-DLoss Samudra 2 Samudra Samudra-Wide Samudra-DLoss Samudra 2

Global Var Corr 0.256 0.801 0.938 0.844 0.429 0.420 0.473 0.467 0.171 0.242 0.298 0.269
Var RMSE 0.419 0.219 0.178 0.211 5.79e-4 5.83e-4 5.91e-4 9.09e-4 5.49e-5 3.81e-5 2.13e-5 2.16e-5
Detrend RMSE 0.0380 0.0374 0.0344 0.0345 0.00743 0.00803 0.00536 0.00549 0.00285 0.00280 0.00138 0.00143
Direct RMSE 0.0413 0.0412 0.0380 0.0379 0.00785 0.00847 0.00594 0.00606 0.00291 0.00286 0.00147 0.00150

Gulf Stream Var Corr 0.879 0.850 0.880 0.753 0.477 0.317 0.481 0.314 0.191 0.233 0.174 0.265
Var RMSE 0.00844 0.00877 0.00736 0.00814 6.65e-4 7.01e-4 0.00249 0.00499 2.59e-5 2.48e-5 7.85e-6 6.72e-6
Detrend RMSE 0.0612 0.0603 0.0648 0.0672 0.0235 0.0248 0.0296 0.0349 0.00414 0.00403 0.00260 0.00257
Direct RMSE 0.0686 0.0672 0.0691 0.0815 0.0260 0.0282 0.0351 0.0427 0.00476 0.00436 0.00343 0.00300

Kuroshio Var Corr 0.692 0.705 0.710 0.725 0.801 0.728 0.912 0.815 0.780 0.712 0.797 0.786
Var RMSE 0.00191 0.00185 0.00204 0.00180 2.11e-4 2.45e-4 1.98e-4 2.09e-4 8.6e-6 7.82e-6 1.22e-6 2.09e-6
Detrend RMSE 0.0439 0.0419 0.0393 0.0422 0.0132 0.0144 0.0114 0.0118 0.00247 0.00251 0.00113 0.00129
Direct RMSE 0.0484 0.0459 0.0442 0.0458 0.0138 0.0148 0.0121 0.0123 0.00255 0.00256 0.00122 0.00133

Agulhas Var Corr 0.963 0.957 0.965 0.964 0.759 0.664 0.889 0.882 0.458 0.447 0.601 0.554
Var RMSE 0.00247 0.00281 0.00215 0.00236 7.58e-5 1.66e-4 5.35e-5 5.31e-5 4.19e-5 3.3e-5 8.62e-6 8.95e-6
Detrend RMSE 0.0402 0.0381 0.0359 0.0364 0.0117 0.0133 0.00808 0.00840 0.00554 0.00536 0.00282 0.00300
Direct RMSE 0.0448 0.0461 0.0389 0.0402 0.0127 0.0144 0.0100 0.00969 0.00565 0.00551 0.00295 0.00310

Malvinas Var Corr 0.281 0.414 0.193 0.572 0.690 0.814 0.840 0.662 0.175 0.182 0.281 0.225
Var RMSE 0.00226 0.00210 0.00244 0.00200 2.51e-4 2e-4 2.3e-4 2.95e-4 3.03e-5 3.1e-5 2.72e-5 2.77e-5
Detrend RMSE 0.0445 0.0417 0.0430 0.0399 0.0157 0.0167 0.0131 0.0135 0.00533 0.00547 0.00391 0.00392
Direct RMSE 0.0475 0.0462 0.0473 0.0456 0.0163 0.0172 0.0137 0.0143 0.00569 0.00588 0.00452 0.00434

Niño 3.4 Var Corr 0.644 0.425 0.739 0.789 -0.478 -0.529 -0.480 -0.324 0.250 0.249 0.204 0.282
Var RMSE 2.92e-4 4.14e-4 1.7e-4 1.57e-4 1.4e-4 1.78e-4 4.33e-5 3.75e-5 2.44e-5 2.97e-5 7.03e-6 5.67e-6
Detrend RMSE 0.0249 0.0247 0.0199 0.0187 0.0115 0.0127 0.00641 0.00600 0.00463 0.00501 0.00238 0.00220
Direct RMSE 0.0259 0.0264 0.0207 0.0198 0.0116 0.0128 0.00652 0.00607 0.00465 0.00503 0.00239 0.00222

Tropical Pacific Var Corr 0.200 0.709 0.804 0.816 0.231 0.227 0.356 0.352 0.202 0.183 0.165 0.145
Var RMSE 0.788 0.0301 0.0261 0.0277 1.63e-4 1.73e-4 1.51e-4 1.5e-4 3.39e-5 3.05e-5 6.99e-6 7.2e-6
Detrend RMSE 0.0337 0.0325 0.0308 0.0297 0.00694 0.00775 0.00435 0.00423 0.00311 0.00324 0.00153 0.00156
Direct RMSE 0.0382 0.0368 0.0349 0.0331 0.00710 0.00794 0.00459 0.00442 0.00314 0.00328 0.00158 0.00160

Table 4: Temporal-variance evaluation for Kinetic Energy (ablation). All metrics are com-
puted after removing the seasonal cycle from both predictions and the reference.

Region Metric
Upper (0-700m) Intermediate (700-2000m) Deep (2000-7000m)

Samudra Samudra-Wide Samudra-DLoss Samudra 2 Samudra Samudra-Wide Samudra-DLoss Samudra 2 Samudra Samudra-Wide Samudra-DLoss Samudra 2

Global Var Corr 0.879 0.919 0.940 0.880 0.882 0.918 0.917 0.881 0.830 0.851 0.856 0.811
Var RMSE 1.65e-4 1.49e-4 1.35e-4 1.73e-4 1.3e-5 1.12e-5 1.09e-5 1.38e-5 8.07e-7 7.91e-7 7.52e-7 8.35e-7
Detrend RMSE 0.00217 0.00203 0.00196 0.00211 4.16e-4 3.89e-4 3.75e-4 4.04e-4 9.52e-5 9.14e-5 8.97e-5 9.38e-5
Direct RMSE 0.00221 0.00208 0.00200 0.00216 4.25e-4 3.96e-4 3.84e-4 4.13e-4 9.65e-5 9.26e-5 9.1e-5 9.5e-5

Gulf Stream Var Corr 0.762 0.519 0.807 0.568 0.776 0.551 0.692 0.662 0.652 0.658 0.664 0.637
Var RMSE 6.43e-5 8.27e-5 6.66e-5 7.66e-5 5.11e-7 5.44e-7 5.17e-7 5.23e-7 1.22e-7 1.26e-7 1.24e-7 1.27e-7
Detrend RMSE 0.00330 0.00319 0.00305 0.00340 3.37e-4 3.33e-4 3.3e-4 3.42e-4 9.97e-5 9.59e-5 9.66e-5 9.73e-5
Direct RMSE 0.00344 0.00336 0.00314 0.00358 3.5e-4 3.47e-4 3.43e-4 3.57e-4 1.02e-4 9.84e-5 9.91e-5 1e-4

Kuroshio Var Corr 0.814 0.431 0.872 0.748 0.778 0.374 0.864 0.809 0.674 0.601 0.621 0.618
Var RMSE 1.12e-4 1.77e-4 9.75e-5 1.32e-4 1.61e-6 2.12e-6 1.39e-6 1.75e-6 5.11e-8 5.63e-8 5.51e-8 5.37e-8
Detrend RMSE 0.00570 0.00549 0.00515 0.00546 4.7e-4 4.68e-4 4.53e-4 4.64e-4 1.03e-4 1e-4 9.94e-5 9.95e-5
Direct RMSE 0.00597 0.00564 0.00536 0.00569 4.88e-4 4.8e-4 4.71e-4 4.82e-4 1.04e-4 1.01e-4 1.02e-4 1.01e-4

Agulhas Var Corr 0.964 0.971 0.978 0.959 0.966 0.969 0.977 0.964 0.956 0.959 0.946 0.939
Var RMSE 1.54e-4 1.16e-4 1.32e-4 1.35e-4 7.99e-6 4.94e-6 6.94e-6 5.73e-6 6.6e-7 6.21e-7 7.2e-7 6.99e-7
Detrend RMSE 0.00613 0.00556 0.00505 0.00601 0.00118 0.00107 9.85e-4 0.00117 2.52e-4 2.33e-4 2.3e-4 2.45e-4
Direct RMSE 0.00620 0.00561 0.00513 0.00608 0.00119 0.00108 0.00100 0.00119 2.53e-4 2.34e-4 2.31e-4 2.47e-4

Malvinas Var Corr 0.521 0.753 0.749 0.568 0.479 0.711 0.739 0.550 0.646 0.819 0.824 0.687
Var RMSE 4.36e-4 3.87e-4 3.85e-4 4.3e-4 6.27e-5 5.58e-5 5.47e-5 6.17e-5 2.09e-6 1.92e-6 1.9e-6 2.1e-6
Detrend RMSE 0.00614 0.00555 0.00542 0.00599 0.00198 0.00181 0.00175 0.00193 5.2e-4 4.97e-4 4.76e-4 5.06e-4
Direct RMSE 0.00628 0.00567 0.00554 0.00615 0.00202 0.00184 0.00180 0.00198 5.25e-4 5.03e-4 4.83e-4 5.1e-4

Niño 3.4 Var Corr 0.993 0.988 0.993 0.992 0.914 0.968 0.940 0.935 0.898 0.861 0.864 0.816
Var RMSE 8.32e-5 9.18e-5 7.97e-5 9.43e-5 5.18e-7 1.9e-7 3.17e-7 3.77e-7 2.88e-8 3.3e-8 3.49e-8 3.86e-8
Detrend RMSE 0.00742 0.00693 0.00702 0.00744 7.09e-4 6.34e-4 6.59e-4 6.65e-4 1.96e-4 1.83e-4 1.88e-4 1.9e-4
Direct RMSE 0.00756 0.00702 0.00711 0.00756 7.16e-4 6.38e-4 6.67e-4 6.69e-4 1.97e-4 1.84e-4 1.89e-4 1.91e-4

Tropical Pacific Var Corr 0.970 0.953 0.966 0.959 0.658 0.683 0.679 0.705 0.948 0.907 0.932 0.728
Var RMSE 3.11e-5 3.72e-5 2.95e-5 3.65e-5 9.51e-7 8.4e-7 9.34e-7 8.11e-7 3.38e-8 3.49e-8 3.95e-8 4.74e-8
Detrend RMSE 0.00186 0.00179 0.00178 0.00185 2.26e-4 2.11e-4 2.24e-4 2.19e-4 6.06e-5 5.8e-5 5.84e-5 5.95e-5
Direct RMSE 0.00189 0.00182 0.00182 0.00188 2.3e-4 2.14e-4 2.29e-4 2.23e-4 6.15e-5 5.88e-5 5.92e-5 6.04e-5
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