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Abstract: Training an effective deep learning model to learn ocean processes involves careful choices
of various hyperparameters. We leverage DeepHyper’s advanced search algorithms for multiobjective
optimization, streamlining the development of neural networks tailored for ocean modeling. The
focus is on optimizing Fourier neural operators (FNOs), a data-driven model capable of simulating
complex ocean behaviors. Selecting the correct model and tuning the hyperparameters are challenging
tasks, requiring much effort to ensure model accuracy. DeepHyper allows efficient exploration of
hyperparameters associated with data preprocessing, FNO architecture-related hyperparameters,
and various model training strategies. We aim to obtain an optimal set of hyperparameters leading
to the most performant model. Moreover, on top of the commonly used mean squared error for
model training, we propose adopting the negative anomaly correlation coefficient as the additional
loss term to improve model performance and investigate the potential trade-off between the two
terms. The numerical experiments show that the optimal set of hyperparameters enhanced model
performance in single timestepping forecasting and greatly exceeded the baseline configuration
in the autoregressive rollout for long-horizon forecasting up to 30 days. Utilizing DeepHyper, we
demonstrate an approach to enhance the use of FNO in ocean dynamics forecasting, offering a
scalable solution with improved precision.

Keywords: ocean modeling; operator learning; hyperparameter optimization

MSC: 68T20

1. Introduction

Deep learning techniques significantly enhance scientific computing, serving as ef-
ficient surrogate models for complex, time-intensive first-principles-driven simulations.
Their application in climate modeling leverages large amounts of high-resolution, multidi-
mensional data. It addresses the computational challenges posed by increasingly complex
climate systems, resulting in remarkable advances in environmental research [1-5].

The oceans play a leading role in the climate system via the storage and transport
of anthropogenically generated heat and carbon dioxide, a role that is crucial for miti-
gating climate change. Simultaneously, oceanic processes that redistribute mass, heat,
and salt are instrumental in driving phenomena such as hurricanes, extreme precipita-
tion, and droughts [6]. Deep learning models have empowered ocean modeling from a
spatial-temporal forecast of select ocean features [7-9] to parameterization [10-12]. Despite
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the success of those models, however, selecting and fine-tuning appropriate model hyper-
parameters remain challenging, often requiring a significant amount of manual search via
trial and error.

Hyperparameters are the non-trainable parameters determining the data preprocess-
ing, network structure, and training procedures; and they highly impact the performance
of deep learning models [13]. Searching for a proper combination that works optimally for
the specific problem can be challenging. With the increasing complexity of performant deep
learning models, manual tuning conducted in a trial-and-error way becomes infeasible,
given that hyperparameter configurations exist within a vast search space.

Deep learning models for ocean processes must accurately capture the mean behavior
of the ocean state profile and account for the detailed variation throughout the domain.
In modeling climate processes using deep learning models, one typically formulates the
problem as an image-to-image regression problem, where the pixels of an image represent
the state values within the domain of interest and the image channels are associated with
different state variables. One often uses per-pixel mean squared error (MSE) as the loss
function because of differentiability and correspondence to maximized likelihood with
assumed Gaussian errors to train these models [3,5,14]. However, MSE penalizes large
errors more significantly and usually produces images in favor of averaged pixel values
that may be blurry and unnatural [15,16]. This situation might become problematic in
producing ocean dynamics forecasts because the values are relatively stable and have a
long time scale compared with the weather, where the values evolve closely to the mean
field. Many modifications and different loss functions have been proposed to mitigate the
issue of MSE [15,17], but they are highly problem-dependent and can be complex. Here,
specifically for ocean modeling with deep neural networks, we propose using the negative
value of a simple metric, the anomaly correlation coefficient (ACC) [18], commonly used
in climate model evaluation, as the additional loss term on top of the MSE to address this
potential issue.

We construct the model with Fourier neural operators (FNOs) [19] and utilize Deep-
Hyper [20,21] to perform hyperparameter and architecture searches to automate the model
selection of FNO for an idealized baroclinic wind-driven ocean system. The aim is to
predict four prognostic variables at a single time step in the future, given the variable
values and a physical parameter at the current time. We also anticipate an improvement in
the autoregressive rollout performance, which typically requires special treatment during
training [5,14,22]. This expected enhancement is due to the selected model’s ability to
provide more accurate forecasts for single-time steps. We investigate the potential disad-
vantages of pure MSE loss and the effect of combining MSE and negative ACC with an
associated hyperparameter, weighing the importance of the two. Furthermore, we have
expanded the hyperparameter optimization (HPO) across a high-performance computing
(HPC) environment involving more than 20 nodes, each equipped with four GPUs, while
integrating effective early stopping criteria to refine the search process, yielding more
timely and potent outcomes. The numerical experiments show that using the optimal
hyperparameter configuration from the search results in a model that outperforms the
baseline in the single time-stepping forecast of all four prognostic variables and significantly
improves the model’s autoregressive performance for a long-range rollout. We expect this
work to pave the way for a more systematic model construction process for ocean/climate
modeling using FNOs and their variants.

The contribution of this paper is threefold: (1) We propose a multiobjective hyper-
parameter optimization approach for FNOs in ocean modeling, leveraging DeepHyper’s
advanced scalable search algorithms. (2) We introduce the negative anomaly correlation
coefficient as an additional loss term to improve model performance and investigate the
potential trade-off between the two terms. (3) We demonstrate the effectiveness of the
proposed approach in enhancing the performance of FNOs in ocean dynamics forecasting
in both single-stepping prediction and longer horizon autoregressive forecasting. The
rest of this paper is organized as follows. Section 2 introduces the work involving deep
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learning studies for ocean modeling, FNO, and the general hyperparameter search pro-
cesses with multiple objectives. Section 3 formulates the problem into an operator learning
setting and describes Bayesian optimization with multipoint acquisitions for parallelization.
Sections 4 and 5 define the hyperparameter search space and discuss the search results
and the impact of hyperparameters associated with data preprocessing, neural architec-
ture, and training processes. Section 6 summarizes our conclusions and briefly mentions
future directions.

2. Related Work
2.1. Fourier Neural Opearator

The FNO and its variants [19,23-25] have shown an outstanding ability to solve partial
differential equations and predictive tasks in various scientific domains [26,27]. In par-
ticular, the FNO powered climate modeling and enabled accurate mid- and long-range
prediction at a fraction of the cost compared with first-principles-based simulations [5,28].
The general idea behind the FNO is to composite convolutional kernel integrals in the
Fourier domain to approximate the solution operator. The FNO generally has three major
components: lifting layers, Fourier operator blocks, and projection layers. During lifting,
the network transforms the input functions (e.g., initial condition or other parameters) to
higher-dimensional spaces. The transformed input goes through a series of FNO blocks
where the fast Fourier transform (FFT) transforms the data, followed by convolutional
operations in the frequency domain. A preset number of high-frequency modes in the
results are filtered out, preserving general features and smoother behaviors associated with
lower-frequency modes. An inverse FFT then transforms the data back to the physical
domain. Finally, the projection components map the data back to their original dimensions,
forming the solution. As an operator learning framework, the FNO learns the mapping
between function spaces and can predict beyond the resolution of the training data. There-
fore, they are suitable for solving problems involving partial differential equations and
various mesh representations of the domain, including weather and ocean modeling.

2.2. Hyperparameter Optimization with DeepHyper

DeepHyper [21] is a Python package that provides asynchronous parallel hyperparam-
eter and neural architecture search algorithms. It provides parallel implementations of the
SMAC (sequential model-based algorithm configuration) algorithm [29], which is a type of
Bayesian optimization algorithm [30]. For parallelization, it can leverage different backends
with minimal code changes, such as threads, processes, and MPI. We will now provide an
overview of the hyperparameter optimization algorithms that we used in this work.

2.2.1. Centralized Bayesian Optimization

Bayesian optimization (BO), also known as efficient global optimization [30], is a pop-
ular approach for hyperparameter optimization frameworks because of its fast convergence
properties. BO is a type of black-box optimization algorithm where the core idea is to itera-
tively update an internal surrogate model in order to minimize the number of direct queries
to the real “expensive” black-box function. Compared with grid search and random search,
BO is efficient in exploring the high-dimensional hyperparameter space due to its ability
to model the relationship between the hyperparameters and the objectives and provide a
better trade-off between exploration and exploitation in selecting the next hyperparameter
configuration leading to the most expected improvement in model performance [31]. The
standard BO algorithm is sequential, thus making it difficult to leverage parallel computing
resources available on HPC systems. Within DeepHyper, BO can be parallelized through
a centralized or decentralized architecture. In the centralized scheme, a single manager
decides the function evaluation locations when workers conduct the evaluations in parallel.
In contrast, the decentralized scheme equips workers with their own optimizer and allows
all operations in parallel. The latter provides maximum scalability [32] when performing
large-scale hyperparameter optimization (i.e., >1000 parallel function evaluations). In our
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case, we use the centralized approach with a gUCB (g-Upper Confidence Bound) acquisition
function [33] for the multipoint acquisition strategy. This method provides better scalability
than the usual constant-liar multipoint acquisition strategy [34], also known as Kriging
Believer [35].

In a centralized architecture, the central coordinator determines the next hyperparam-
eters at which the function should be tested and then distributes these tasks to available
remote workers. The surrogate model used is Extremely Randomized Trees [36], a type of
random forest approach [37] that provides better epistemic uncertainty estimates thanks to
a random-split strategy when building tree nodes.

2.2.2. Multiobjective Optimization

The most common objective in hyperparameter optimization for neural networks is to
minimize the validation loss. In our problem setup, the loss function contains two terms,
MSE and negative ACC, and we plan to investigate any potential trade-off between the two.
MSE accounts for the average behavior of the state variable fields, penalizing large errors,
whereas ACC focuses on anomalies between forecast and true fields, emphasizing pattern
nuances. In ocean modeling, we not only care about accurate forecasts of the mean field over
time, for example, the gyre circulation, but also are interested in the precise characterization
of the local variations, for example, intergyre exchange from eddies. We investigate the
relationship between the two objectives through the lens of multiobjective optimization.

A trade-off between MSE and ACC would mean that on the optimal frontier, the Pareto
front, one objective cannot be improved without degrading the other. On the contrary,
without a trade-off, both objectives can be improved jointly, thus providing a dominant
point on the Pareto front [38], that is, in the objective space. A simple way to find the Pareto
optimal solutions is to combine the objectives and perform optimization only over the
combined single objective, known as scalarization [39]. With a trade-off between objectives,
however, this process corresponds to optimizing for a fixed trade-off. DeepHyper can
perform multiobjective hyperparameter optimization through randomized scalarization
within Bayesian optimization [40]. Randomized scalarization resamples random objective
weights for each new suggestion, thus reducing the multiobjective optimization problem
to a single-objective optimization problem where each weight vector represents a fixed
trade-off between objectives. By resampling different weights, the Pareto-Front can be
explored. We leverage this capability to optimize for both validation MSE and ACC.

2.3. Data-Driven Ocean Modeling

Conventional first-principles-based simulations of ocean evolution, while being reli-
able and accurate, are computationally intensive and can become intractable for tasks such
as uncertainty quantification, sensitivity analysis, and optimization. With the advance of
deep learning models and the computational efficiency once trained, data-driven methods
for modeling ocean dynamics have emerged [41,42]. Some recent developments address
spatial-temporal ocean property forecasts [43], information mining for remote sensing [44],
rainfall pattern segmentation over oceans [45], and spatial-temporal ocean sensing data
prediction [7]. However, based on the specific application scenarios and datasets, building
and training these models effectively usually involves careful design of the model architec-
ture and significant trial and error to fine-tune model training to achieve a better overall
performance. This process introduces a new round of computational overhead. To address
this issue, we show a workflow that leverages FNOs and hyperparameter optimization to
streamline the modeling process of ocean dynamics, which other data-driven models can
easily adapt.

3. Method
3.1. Problem Formulation

The dynamics of the idealized baroclinic wind-driven ocean model can be formulated
as an initial value problem (IVP), which starts with the initial state, xo, and the model
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parameter(s), k. We aim to solve for the state x(t) (i.e., the state prognostic variables) at
time ¢t. The IVP dx(t,x)/dt = f(x(t)), with x(0) = xo, leads to the solution at time ¢,

Xt = X + fo x(7,x))dt. The solution at the discrete time step ¢ + 1 can be expressed as

t+1

x(t+1) = x(t) +. t f(x(t,x))dt. 1)

For simplicity, we use the subscript t to denote the current time from this point. We
use an FNO, N, parameterized by learnable weights and biases 6 to approximate the
solution operator to (1). In particular, we trained the neural network to approximate the
following mapping,

Xer1 = Np(xt, %), ()

where x is the state variable vector, t represents the current time, and « is the parameter
that impacts the trajectories of state variables. With the training dataset D containing
input-output pairs, the learning objective is to minimize the empirical loss function,

L(0,D) =a- 5M5E +(1—a)- ‘CNegACC/

Lyvse = + Z H t+l — Ni( xt /K i))”%/ 3)

N WD) = i) (4 %)
2 Ve (50 — )2, — %12

where N is the number of data points in the training set, and ¥ is the average value of
the state variables. The loss function contains two terms: the standard MSE loss and the
negative ACC. We assign a weighting factor «, treated as a hyperparameter, to adjust the
relative importance between the two terms. We expect the trained neural network to predict
the state variables one step forward accurately.

7

LNegacc =

3.2. Bayesian Optimization and Multipoint Acquisition

Bayesian optimization is an efficient global optimization method for black-box func-
tions with the presence of noise. Our HPO problem focuses on finding a set of hyperpa-
rameters that maximize the preset objectives. The black-box function, f(x), in this context,
is the function that maps hyperparameters to the objectives. Formally, we aim to solve
the following,

m;x{f (p) :p = (pp, PN, PT) € P}, 4)

where p is a set of hyperparameters and subscripts D, N, and T represent hyperparameters
in the data preprocessing, neural architecture, and training process, respectively. The hy-
perparameter search space P is predefined. The evaluation of f(p) is computationally
expensive because it requires complete training of neural networks. Therefore, a surrogate
model is needed to approximate these expensive functions, allowing for a more efficient ex-
ploration of the hyperparameter space. With the surrogate model, M, in place, BO follows
the general formulation. M models the conditional distribution of the objective values
of a given hyperparameter configuration, q(f(p)|D), where D is the current evaluation
of the objective function. BO selects the next hyperparameter configuration, p’, based on
the values of an acquisition function, accounting for the potential objective improvement.
The acquisition function balances the trade-off between exploration and exploitation of the
hyperparameter space.

We used the default surrogate model in the DeepHyper random forest [37], to perform
BO. Random forest regressors have scaling advantages over more commonly used Gaussian
processes [32].
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In BO, the acquisition function describes the quality of the input and determines the
next evaluation points. We used the upper confidence bound (UCB), defined as the follows,

UCB(p) = u(p) +c-a(p), (5)

where u(p) and o(p) are the mean and standard deviation of the surrogate predictions,
respectively. The constant, ¢, controls the trade-off between exploration and exploitation.
BO iteratively evaluates f(p) and determines the next evaluation point(s) p’ based on the
value of UCB(p).

To perform efficient searches and leverage the HPC environment, we enabled multi-
point acquisition with UCB to parallelize BO. This poses a multipoint optimization problem.
In the centralized scheme, a manager performs BO and selects hyperparameter configura-
tions, and workers evaluate the configurations and return the results back to the manager.
Since BO typically updates the surrogate model and selects points sequentially, we used the
qUCB strategy [33] to ensure effective evaluation point selection in parallel, where various
values of ¢ are drawn from the exponential distribution for the UCB acquisition function,
and different next points are chosen according to these values to achieve an optimal balance
between exploration and exploitation.

4. Numerical Experiments

This section describes the numerical experiment setup, including the data generation,
hyperparameter search space, and optimization execution.

4.1. Dataset

We adopted and simplified the data generated from [46]. The dataset used in the exper-
iment consisted of 100 simulations of salinity, temperature, zonal velocity, and meridional
velocity at the ocean surface of an idealized baroclinic wind-driven ocean model. They
were obtained by running the Simulating Ocean Mesoscale Activity (SOMA) test case [47]
within a circular basin of a 150 km wide and 100 m deep shelf. An ensemble of simulations
was developed by varying the bolus diffusivity (xgp) in the Gent-McWilliams parameteri-
zation. The diffusivity was uniformly sampled from [200,2000]. Each variable of interest
has two dimensions in space, spanning 100 grid points per direction. Therefore, along with
kcm, the data obtained from each simulation (associated with a different xgy) have the
shape of (30,100,100, 5), where 30 indicates 30 time steps (days), and 5 includes the four
state variables and xgys. To train models that take the state variables and parameters at the
current time and predict the same set of state variables at the next step, we split 30 time
steps into 29 input-output pairs per simulation, resulting in 2900 input-output instances in
total. We further split the data based on independent simulations into training, validation,
and testing sets with a ratio of 0.6, 0.2, and 0.2, respectively. The search for the optimal
set of hyperparameters was determined by the model performance on the validation set.
The final evaluations were carried out using the testing set.

4.2. Hyperparameter Search Space

The hyperparameters involved in this work mainly belong to three categories: data
preprocessing, neural architecture related, and training process related. The neural archi-
tecture related hyperparameters determine the hypothesis (model) space, bounding the
expressivity and generalizability. The training-process-related hyperparameters affect the
learning, of which the goal is to find the optimal model by varying its trainable weights to
minimize the loss function over the training and validation data. We focus on searching for
the optimal set of hyperparameters, listed in Table 1, that contribute to the best-performing
FNO for ocean modeling.
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Table 1. List of hyperparameters and their ranges. (a) shows the hyperparameters related to data
preprocessing. (b) shows the hyperparameters determining the neural architecture. (c) describes the
ones in the training process.

(@
Variable Names Type  Range/Choice Explanation
padding bool [True, Falsel If zero-pad the data.
padding_type str [‘constant’, ‘reflect’, Types of padding.
‘replicate’, ‘circular’]
coord_feat bool [True, False] If use domain coordinates as ad-
ditional features.
(b)
Variable Names Type  Range/Choice Explanation
lift_act str [‘relu’, ‘leaky_relu’, Activation function for lifting
‘prelu’, ‘relu6’, ‘elu’, layers. The choices include com-
‘selu’, ‘silu’, ‘gelu’, mon activation functions imple-
‘sigmoid’, ‘logsigmoid’, mented in PyTorch.
‘softplus’, ‘softshrink’,
‘softsign’, ‘tanh’,
‘tanhshrink’, ‘threshold’,
‘hardtanh’, ‘identity’,
‘squareplus’]
num_FNO int [2, 16] The number of FNO blocks.
num_latent_feat int [2, 64] The number of latent features in
FNO blocks. This is equivalent
to the number of channels in an
image representation.
num_modes int [2,32] The number of Fourier modes to
keep.
num_proj_layers  int [2,16] The number of projection layers.
proj_size int [2,16] Projection layer size.
proj_act str [‘relu’, ‘leaky_relu’, Activation function for projec-
‘prelu’, ‘relu6’, ‘elu’, tion layers. The choices include
‘selu’, ‘silu’, ‘gelu’, common activation functions im-
‘sigmoid’, ‘logsigmoid’, plemented in PyTorch.
‘softplus’, ‘softshrink’,
‘softsign’, ‘tanh’,
‘tanhshrink’, ‘threshold’,
‘hardtanh’, ‘identity’,
‘squareplus’]
(c)
Variable Names Type  Range/Choice Explanation
alpha float (0,1) Weight associated with MSE and
negative ACC in the loss func-
tion.
optimizer str [‘Adadelta’, ‘Adagrad’, Types of optimizers.
‘Adam’, ‘AdamW’, ‘RMSprop’,
¢SGD’]
1r float (107°,1072) Learning rate
weight_decay float (0,0.1) The weighting factor of the L,
regularization.
batch_size int (2, 64) The batch size of training data

during training.

Since the convolution operations in the Fourier domain are the critical components of
the FNO, the usage of padding and coordinate features is essential to the learning results.
The first set of hyperparameters is whether we use padding for the input data and the
padding type. Paddings affect the output of the convolutions at the domain boundaries [48]
and potentially mitigate the edge effect introduced by the subsequent FFT. Furthermore,
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we consider incorporating the coordinate features on the input data level, allowing the
model to learn the explicit solution dependency on the spatial position.

In the lifting block of FNO, which maps the input data to higher dimensions ele-
mentwise (preserving the spatial dimension), we aim to optimize the number of layers
and the activation functions. The next component in FNO is the operator learning block,
consisting of the forward FFT, convolution operation in the frequency domain, filtering out
of high-frequency modes, followed by nonlinear activations, and then an inverse FFT. Here,
we search for the optimal number of operator learning blocks, the number of Fourier (low-
frequency) modes to keep, and the choice of the activation function. The last component in
the typical FNO is the projection block, transforming the lifted and convolved data back to
the original data dimension. Similar to the lifting block, we are interested in finding the
optimal number of projection layers, the number of neurons per layer, and the choice of the
activation function.

During training, the choice of the optimizer, batch size, magnitude of the learning rate,
weights associated with the loss terms, and regularization could highly impact the quality
of the trained model. Therefore, we aim to find an optimal combination of these values
that leads to the most accurate model.

4.3. Objectives

We set up the hyperparameter optimization problem to optimize two objectives.
The first objective is to minimize the validation MSE, defined as the first term in (3).
MSE is calculated pixel-wise, aiming to reach the average minimum value. The second
objective is to maximize the validation anomaly correlation coefficient (ACC), defined as
the second term in (3), which is a commonly used metric in climate studies. Given that
adding negative ACC could potentially avoid the drawbacks of MSE, we treat them as two
separate objectives with equal importance and investigate the relationship between ACC
and MSE. In DeepHyper, all the searches are focused on maximizing objectives. Therefore,
we implemented the objectives as negative MSE and positive ACC.

4.4. Implementation

We constructed the FNO model using the Nvidia Modulus package (verison 0.4.0) and
set up the hyperparameter search space, the black-box function for BO, and the evaluator
in DeepHyper. The searches used 20 computing nodes with four Nvidia A100 GPUs per
node, on the Polaris cluster at the Argonne Leadership Computing Facility. The searches
were executed for 6 h which completed approximately 500 evaluations.

Training the FNO with high-dimensional data can be computationally expensive.
Therefore, we adopted two stoppers to accelerate the searches and the parallelization.
A stopper terminates the training of a neural network based on certain criteria, improving
search efficiency. The first stopper used a constant predictor, a constant number that
minimizes the MSE term in the loss function (3). In this case, the constant predictor
becomes the mean value of the target. The second stopper keeps track of the running
time for each training epoch. In our optimized training regimen for each hyperparameter
configuration, we implemented an early stopping mechanism for efficiency. Specifically,
we terminated the training of any models whose configurations yielded results inferior to
those of the constant predictor within the initial 10 epochs or taking over 100 s to complete a
single epoch during training. If neither stopper was triggered, the training was terminated
at epoch 30, returning the objective values. This approach strategically reduces unnecessary
computational expenditure on unpromising model configurations.

With the search results, we conducted a full training (100 epochs) using the set of
hyperparameters that resulted in the best objectives. We used the default hyperparameter
configuration preset in Modulus as a baseline to compare the testing performance with the
fully trained model.
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5. Results and Discussion

To demonstrate the positive impact of using negative ACC as the additional loss term,
we trained models using the default hyperparameters provided by Modulus for 100 epochs
using loss functions that are pure MSE and the equally weighted ones of MSE and negative
ACC; while the search objectives were validation MSE and ACC, we use Relative Squared
Error (RSE), RSE = Y (x;11 — Np(xt,%))?/ Y(xt+1 — X¢41)%, and 1 — ACC in their log scale
to highlight performance differences. We also use these metrics to evaluate search results
in the later sections.

Table 2 shows the log(RSE) and log(1 — ACC) values from the two models. Overall,
the model trained with the composite loss function achieved lower values for both metrics.
Notably, training the network with the composite loss improved MSE values over the
pure MSE loss in salinity, meridional velocity, and zonal velocity. These results validate
adding negative ACC as part of the loss function. The model training for the subsequent
hyperparameter optimization adopts this composite loss.

Table 2. Model performance on the testing set using the baseline models trained with MSE loss and
composite loss. The downward arrows indicate the lower values are better.

log(RSE) | log(1 — ACO)|
MSE Loss MSE + NegACC Loss MSE Loss MSE + NegACC Loss
Salinity —2.202 —2.498 —2.503 —2.800
Temperature —3.696 —3.061 —4.015 —3.363
Meridional V. —1.958 —2.067 —2.258 —2.842
Zonal V. —2.248 —2.303 —2.549 —2.808

5.1. First Objective: Validation Mean Square Error

Varying separate hyperparameters results in differing responses in the validation MSE.
Figure 1 shows the parallel coordinate plots of the hyperparameters in the search space,
divided into three categories. The curves are ranked based on the objective values in the log
scale, where the lighter blue represents favorable configurations. Figure 1a suggests that
among the data-related hyperparameters, in this case, the padding (its type and coordinate
features, if used) has an unclear effect on the final model performance in validation MSE.
The reason could be that the region of interest is a circular basin represented in the regular
grids, with the area outside the basin being zeros, and using padding or different types of
padding only expands the area, not affecting learning. Figure 1b shows the effect of various
training strategies. Among the hyperparameters for training, the loss term weighing factor
« near the two ends of its range results in suboptimal performance. A smaller batch size
corresponds to a lower validation MSE, while the magnitude of the learning rate seems
to have negatively affected the validation MSE. We suspect this was due to the limited
number of epochs in the search, where models update more slowly with lower learning
rates and wind up with worse performance at the end of training. The weight decay does
not show an evident correlation with the model performance. A smaller batch size is
considered useful for improving the generalization error and accelerating convergence [49],
coinciding with the search results. The configurations with lower validation MSE are
present mostly with the AdamW optimizers, while Adadelta is associated with mostly
lower-ranked configurations. The Adam optimizer [50], the default optimizer in our
cases, has led to mixed model performances. Regarding the neural architecture-related
hyperparameters, we can observe evident impacts from the choice of the number of latent
channels, number of FNO blocks, number of Fourier modes, number of projection layers,
and projection activation functions. More specifically, latent channels being greater than
two and less than ten, fewer FNO blocks, a higher number of Fourier modes, and a
mid- to low-level number of projection layers correspond to a lower validation MSE.
Among the projection activations, the commonly used rectified linear unit (ReLU) led to
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a relatively suboptimal performance. However, some ReLU variants—leaky ReLU and
PReLU—positively influenced the minimization of the validation MSE.
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Figure 1. Parallel coordinate plots of the hyperparameters in the search space with respect to the
validation MSE (in log scale). The space is divided into three categories. (a) shows the data-related
hyperparameters, (b) shows training-related hyperparameters, and (c) contains neural architecture-
related hyperparameters.

5.2. Second Objective: Validation Anomaly Coefficient Correlation

The second search objective was the validation ACC, which measures how much the
forecasted deviation from the mean field is correlated with the true deviation. A higher
ACC is preferred; thus, the search aimed to maximize the ACC. Figure 2 shows the parallel
coordinate plots of the impact of hyperparameters on the validation ACC, where the lines
are ranked with decreasing ACC values. Different hyperparameters have a different impact.
Figure 2a implies that the data preprocessing approaches do not have an obvious impact
on the validation ACC, which coincides with the case for validation MSE. In Figure 2b,
the loss weighing factor & does not present an obvious impact on the validation ACC.
Similar to the impact on the validation MSE, a greater learning rate positively affects the
ACC. The influence of the weight decay magnitude is clearer compared with it on the
validation MSE, where a lower weight decay leads to higher ACC. Conversely, the impact
of the batch size is not as evident as it is for the validation MSE, but a smaller value
continues to have a positive impact on the performance. Regarding the choice of optimizers,
the AdamW optimizer leads to the most high-ranking configurations. Regarding the
neural architecture-related hyperparameters, shown in Figure 2c, a higher number of latent
channels is associated with higher ACC, a trend that is less evident in the validation MSE.
Regarding the activation functions in the lifting layer, elu seems to be most helpful, but the
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advantage is not prominent. Similar to the impact on the validation MSE, fewer FNO
blocks lead to a better ACC. Within each FNO block, the number of Fourier modes to keep
does not suggest a straightforward pattern, where having around 20 such nodes results
in many highly ranked configurations. The rest of the hyperparameters determining the
neural architecture do not present a strong correlation with the validation ACC.
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Figure 2. Parallel coordinate plots of the hyperparameters in the search space with respect to the
validation ACC. The space is divided into three categories. (a) shows the data-related hyperpa-
rameters, (b) shows training-related hyperparameters, and (c) contains neural architecture-related
hyperparameters.

5.3. Relationship between MSE and ACC

In the search configuration, we sought to optimize for both lower validation MSE and
higher ACC. Given that the composite loss improves learning compared with MSE-only
loss, we want to determine whether the two loss terms have any trade-offs. Figure 3 shows
the scatter plot of the MSE and negative ACC values among the search results. The values
are quantile transformed for easy comparison. The plot suggests no trade-off between the
MSE and negative ACC. The optimal configuration in the search results led to the lowest
MSE and negative ACC. This aligns with our observation, where negative ACC helped
lower MSE in the baseline configuration.



Mathematics 2024, 12, 1483

12 0of 17

o PN -
| | f : : 175
! D O O(Q ! !
088) S AR RO = —| 150
.-C_)',
S F1.25 0
f) 061 1o OOy OO 1000~ o g
-2 '100 E
© —
D41 QoY T O T L0.75 €
< @
0ol OO OBFR 9B O DKy A~ L 0.50
| | | 900 | oz
0.01-- s e l
‘ ‘ ‘ ‘ ‘ a 0.00

0.0 0.2 0.4 0.6 0.8 1.0
Validation MSE

Figure 3. Scatter plot of the quantile-transformed MSE and negative ACC among the search results.
The points are color-coded based on the summation of the two objectives, where a lower value
indicates better performance.

While the MSE penalizes large errors and focuses on minimizing the average squared
error between the forecast and ground truth, ACC pays more attention to the deviation from
the mean field, encouraging the model to capture the patterns more accurately. From our
experiment, ACC improved the overall learning and helped to reduce the MSE. Therefore,
the simple addition of negative ACC might benefit ocean modeling or climate modeling in
general using FNOs. We plan to investigate the phenomenon and test this hypothesis in
future work.

5.4. Sensitivity Analysis

To understand the impact of the hyperparameters on the FNO performance on the
validation set, we conducted a sensitivity analysis using SHAP [51] values. SHAP values
quantify the impact of each hyperparameter on the model performance in terms of the
validation MSE and ACC. The calculation of SHAP values requires a surrogate model
that describes the relationship between the hyperparameters and the objectives. Since the
previous search results discussed in Section 5 are based on BO, the samples of hyperparam-
eter configurations are highly correlated. To build the surrogate model using independent
samples, we conducted a random search, where the hyperparameter configurations were
sampled randomly from the search space. We then used random forest as the surrogate to
model the relationship between the hyperparameters and the objectives and calculate the
SHAP values. The categorical hyperparameters were encoded ordinaly for modeling.

Figure 4 shows the SHAP summary plots of the hyperparameters in the search space
with respect to the validation MSE and negative ACC. A lower SHAP value corresponds
to the contribution to a lower validation MSE and ACC. For each hyperparameter, its
correlation to the objectives is consistent with the previous observations. Meanwhile,
among all the hyperparameters, the learning rate, choice of the optimizer, and weight decay
magnitude have the most significant impact on the validation MSE. For the validation
negative ACC, the number of FNOs, choice of the optimizer, projection layer activation
function, and learning rate are the most influential. Notably, the loss weight « controls the
importance of the individual term in the loss function, where large values are associated
with a lower validation MSE and higher negative ACC. Furthermore, the variation in
the number of FNO blocks has a substantial influence on the negative ACC. A higher
number of FNO blocks leads to a worse model performance regarding the negative ACC.
This could be due to the loss of high frequency modes in the process of stacking more
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FNO blocks, which might affect the model’s ability to capture the variations in the data
associated with the anomalies. The SHAP values provide a comprehensive understanding
of the hyperparameters’ impact on the model performance, which can be used to guide the
hyperparameter tuning process, where we can put more emphasis on the most influential
hyperparameters.
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Figure 4. SHAP summary plots of the hyperparameters in the search space with respect to the
validation MSE, (a), and negative ACC, (b). A lower SHAP value indicates the hyperparameters’
contribution to decrease the objective values.

5.5. Train with Optimal Configuration

With the search results, we selected the hyperparameter configuration that produced
the best performance in both validation MSE and ACC and a model for 100 epochs to report
its testing performance and autoregressive rollout scores. Table 3 shows the performance
among all the variables of interest using the model trained with the baseline configuration
and optimal configuration from the search. The optimal configuration outperforms the
baseline for all four variables in both metrics. Figure 5 shows the model predictions on the
meridional velocity profiles in the testing set. The model with the optimal configuration
produces more accurate forecasts throughout the domain. The optimal configuration has
improved the model’s performance, leading to more accurate forecasts.

Table 3. MSE and ACC scores of the baseline model with the optimal configuration from the
search results. The downward arrows indicate the lower values are better.

Baseline Optimal
log(RSE) | log(1 — ACO) | log(RSE) | log(1 — ACO) |
Salinity —2.498 —2.800 —3.143 —3.552
Temperature —3.061 —3.362 —3.984 —4.286
Meridional V. —2.067 —2.842 —2.921 —3.254
Zonal V. —2.303 —2.808 —3.013 —3.349
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Figure 5. Meridional velocity profiles of model predictions using the testing set. Both models,
with different hyperparameters, were trained with 100 epochs using the composite loss function.
(a) shows the model performance with the baseline hyperparameter configuration; (b) shows the
model with the best configuration from the search results.

The slight improvement is amplified by reapplying the trained models for a longer
horizon rollout. Figure 6 shows the model autoregressive rollout performance among
the trajectories in the testing dataset. We generated the rollouts by providing the ground
truth state variable values at the beginning and used the model to produce the forecast
for the next time step. Then, we fed the forecast to the same model as input and obtained
the prediction for the next. This process was repeated 29 times, generating forecasting
trajectories for an entire month. Both baseline and optimal models start around the same
performance. However, the baseline model quickly degrades. Regarding the model with
the baseline configurations, the MSE growth rates are similar among the four variables,
while meridional velocity shows the earlier ACC degradation and a higher decreasing
rate. In comparison, the model using the optimal configurations displays very low error
accumulation in MSE and a minimal decrease in the ACC score. Figure 6c shows the visual-
ization of the rollout meridional velocity profiles on Day 10 from the models with baseline
and optimal configurations. The optimal configuration has greatly improved the model’s
autoregressive performance, allowing more accurate longer horizon forecasts. Despite the
success, the hyperparameter search process is computationally expensive, and the results
are not guaranteed to be the global optimum. More efficient evaluation methods that only
require minimal training epochs could be explored to reduce the computational cost.
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Figure 6. The rollout performance comparison between the models with baseline hyperparameters
and searched optimal configurations. (a) shows the rollout MSE values where the error accumulation
is much slower for the model with the optimal configuration; (b) shows, compared to the optimal
configuration (solid lines), the rollout ACC scores where the model with default configuration (dashed
lines) degrades quickly as the rollout horizon increases; (c) shows the model rollout forecasts at Day
10 for meridional velocity profiles.

6. Conlusions

We explored streamlining data-driven ocean modeling using Fourier neural operators
with a hyperparameter search, focusing on forecasting four prognostic variables for an
idealized baroclinic wind-driven ocean model. We proposed incorporating the negative
anomaly correlation coefficient in the loss function to improve model training. The hyper-
parameter search adopted multiobjective optimization to minimize validation MSE and
maximize ACC simultaneously. We utilized parallel coordinate plots and computed SHAP
values to study the impact of the hyperparameters on the objectives, through which we
identified the correlation between the individual hyperparameter and the objectives as
well as the significance among others. The optimal configuration obtained from the search
results improves the model performance for all four variables, leading to outstanding
improvement in the model’s autoregressive rollout performance. The findings suggest hy-
perparameter optimization can dramatically improve the performance of FNOs by targeting
specific objectives, which consolidates high-performing ocean modeling using deep neural
networks such as FNOs. Future work includes exploring more efficient function evaluation
strategies during the search that allow a greater reduction in resource consumption, such
as one-epoch and multi-fidelity approaches, and analyzing the effect of negative ACC on
the loss landscape and optimization.
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