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ABSTRACT

The ocean is currently undergoing severe deoxygenation. Accurately reconstruct-
ing the breathless ocean is crucial for assessing and protecting marine ecosystem
in response to climate change. Existing expert-dominated numerical simulations
fail to catch up with the dynamic variation caused by global warming and human
activities. Besides, due to the high-cost data collection, the historical observa-
tions are severely sparse, leading to big challenge for precise reconstruction. In
this work, we propose OXYGENERATOR, the first spatio-temporal graph learning
model, to reconstruct the global ocean deoxygenation from 1920 to 2023. Specif-
ically, to address the heterogeneity across large temporal and spatial scales, we
propose zoning-varying graph message-passing to capture the complex oceano-
graphic correlations between missing values and sparse observations. Addition-
ally, to further calibrate the uncertainty, we incorporate inductive bias from dis-
solved oxygen (DO) variations and chemical effects. Compared with in-situ DO
observations, OXYGENERATOR significantly outperforms CMIP6 numerical sim-
ulations, reducing MAPE by 38.77%, demonstrating a promising potential to un-
derstand the ocean deoxygenation in data-driven manner.

1 INTRODUCTION

Oxygen is fundamentally essential for all life. Unfortunately, recent research Schmidtko et al. (2017)
has shown that the concentration of dissolved oxygen (DO) in the ocean has been steadily decreasing
over the past 50 years, indicating the acceleration of global ocean deoxygenation. To quantitatively
understand and predict the long-term trend of global ocean deoxygenation, oceanographers simulate
the DO concentration based on climate models without utilizing in-situ DO observations. Coupled
Model Intercomparison Project Phase 6 (CMIP6) Eyring et al. (2016), a world-wide simulation com-
pasrion project, includes different numerical simulation over a century. However, these models are
unable to adjust for DO simulation biases caused by global warming and human activities, leading
to error propagation and showing large discrepancies with in-situ observations.

In recent years, with the advancement of ocean observation technologies and international ocean
discovery programs, a lot of in-situ observation data has been accumulated. However, the long-term
historical observations of DO is severely sparse due to the high-cost and high-risk marine scientific
expeditions. For example, the World Ocean Database (WOD) Boyer et al. (2018) is world’s largest
and widely-used collection of publicly available ocean profile data1, and we are extremely surprised
to find that more than 96.265% DO observation data are missing in the past 100 years. Therefore,
this suggests the following

Question: Can deep learning methods more accurately reconstruct global ocean deoxygenation
over a century under sparse dissolved oxygen observations?

∗Correspondence to: Xiaoying Gan (ganxiaoying@sjtu.edu.cn)
1We follow the same method of data gridding in He et al. (2019) with 1◦ × 1◦ spatial resolution, 1-year

temporal resolution and 0-5500 meters (33 depth levels) of the global ocean.
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Challenges. This research question drives the design of specific deep learning methods for re-
constructing global ocean deoxygenation. Fortunately, despite the severe sparse observations, the
missing values contains implicit spatio-temporal correlations with neighboring observations. Mean-
while, multiple physical-biogeochemical factors show strong connections with dissolved oxygen.
However, as a double-edged sword, accurately characterizing the complex correlations between
missing values and sparse observations involves two main challenges: (1) Irregular 4D spatio-
temporal heterogeneity. Dynamic ocean is a four-dimensional irregular spatio-temporal area that
includes longitude, latitude, depth, and time. Constrained by both tectonic plates and seafloor to-
pography, the ocean is not a regular cube for gridding. In addition, the spatio-temporal correlations
in various regions are different due to the influence of ocean circulations and climate changes. (2)
Coupled physical-biogeochemical properties. The concentration of oceanic dissolved oxygen is in-
fluenced by a variety of factors. For one thing, the solubility of oxygen in the water is affected
by physical factors, including temperature, salinity and pressure. For another, biological processes,
such as photosynthesis and respiration, and organic matter decomposition play a significant role in
regulating dissolved oxygen concentrations.

Our Work. To address the aforementioned challenges, we propose OXYGENERATOR to perform
regression prediction on each 4D coordinate, reconstructing global ocean deoxygenation from 1920
to 2023. Besides, we collect more than 6 billion multi-variable oceanic observation records from
multiple databases. To summarize, the main contributions of our work are as follows:

• To the best of our knowledge, OXYGENERATOR is the first deep learning based work to re-
construct global ocean deoxygenation over a century from real-world observations, which sig-
nificantly outperforms the expert-dominated numerical simulation results with a mean absolute
percentage error (MAPE) reduction of 38.77%.

• We propose zoning-varying message-passing via graph hypernetwork to obtain consistent 4D
spatio-temporal reconstruction, achieving adaptive ocean zoning.

• We propose the chemistry-informed gradient variance regularization to calibrate the uncertainty of
reconstruction, which combines the inductive bias between dissolved oxygen variation and other
nutrients (nitrogen, phosphorus) in chemical equations.

2 PROBLEM DEFINITION

Reconstruction of breathless ocean aims to estimate and fill in the missing values within sparse dis-
solved oxygen observations. Here we consider the four dimensional coordinate to represent oceanic
observation, i.e., longitude, latitude, depth, and time. Let Ω = (ωi,j,d,t)i,j,d,t ∈ {0, 1}L×G×D×T be
a binary indicator representing observed entries, i.e. ωi,j,d,t = 1 iff the entry (i, j, d, t) is observed,
otherwise it is missing. We denote the incomplete data matrix X as follows:

X = X(obs) ⊙Ω+ NA⊙ (1L×G×D×T −Ω),

where X(obs) ∈ RL×G×D×T contains the observed entries, NA denotes the indicator of not available
data observation, ⊙ is the element-wise product and 1L×G×D×T is an L×G×D×T matrix filled
with ones. Given the data matrix X, our goal is to construct an estimate X̂ filling the missing entries
of X, which can be written as

X̂ = X(obs) ⊙Ω+ X̂
(imp)

⊙ (1L×G×D×T −Ω),

where X̂
(imp)

contains the imputed values. However, due to the high scarcity and unavailability
of historical dissolved oxygen records (only 3.735% of data are observed), we directly conduct
regression prediction in each time frame and compare it with the observed DO. Specifically, we use
past T timesteps DO observation Xt−T :t−1, future T timesteps DO observation Xt+1:t+T , and some
auxiliary variables D to reconstruct the dissolved oxygen observations at time t. Then, we compare
them with the actual observations at time t to achieve performance comparison. In other words, we
define the following loss function Lr of our model to minimize the reconstruction error:

Lr =
∑
t

L(M(Xt−T :t−1, Xt+1:t+T ,D)⊙ Ωt, X
(obs)
t ⊙ Ωt), (1)

whereM is our proposed OXYGENERATOR, L is the mean squared error loss.
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Figure 1: Framework of breathless ocean reconstruction via our proposed OXYGENERATOR.

3 METHODOLOGY

In this section, we introduce the methodology of ocean deoxygenation reconstruction and detailed
architecture of our proposed OXYGENERATOR in Figure 1. Specifically, we first propose graph-
based modeling to connect both local and remote observations in irregular four-dimension space.
To capture the spatio-temporal heterogeneity in different regions, inspired by the zoning strategy in
oceanography, we propose zoning-varying graph message-passing mechanisms via hypernetwork.
Moreover, to fuse the knowledge of physical-biogeochemical properties, we integrate multiple en-
vironmental factors and geographical coordinates for nonlinear feature extraction. Especially for
the chemical effects in ocean deoxygenation, we leverage the thermodynamic equilibrium among
dissolved oxygen (O), nitrogen (N) and phosphorus (P) in Equation 2 to calibrate the uncertainty of
reconstruction. For detailed information on the method, please refer to Appendix D.

(CH2O)106(NH3)16H3PO4︸ ︷︷ ︸
Organic Matter

+138O2︸ ︷︷ ︸
DO

→ 106CO2 + 122H2O + 16HNO3 + H3PO4︸ ︷︷ ︸
Inorganic Nutrients

(2)

4 EXPERIMENT

Evaluation Methods. Due to the irreproducibility of historical ocean observations, only existing
observations can be utilized for evaluation. Meanwhile, due to the data scarcity, further data par-
titioning for training/validation/testing would render the interpolation and imputation algorithms
inapplicable. Therefore, we treat the deoxygenation reconstruction as a regression task independent
of current-time observations and perform 4-fold cross testing of the collected data. For each fold,
we randomly choose 25% observation data as the test data and the rest as training and validation.
We report on the performance on each fold test data and the average performance on 4 folds.

Evaluation Metrics. We employ four metrics for performance evaluation, including Root Mean
Square Error (RMSE), Mean Absolute Percentage Error (MAPE), Mean Absolute Error (MAE),
and Coefficient of Determination (R2).

Gold-standard Benchmark. As we are the first research to use deep learning methods for global
dissolved oxygen reconstruction over a century, our method is benchmarked against three ad-
vanced expert-dominated simulation results from Coupled Model Inter-comparison Project Phase
6 (CMIP6): CESM2 omip1 Danabasoglu et al. (2020), CESM2 omip2 Danabasoglu et al. (2020)
and GFDL-ESM4 historical Dunne et al. (2020).

4.1 EXPERIMENTAL RESULT COMPARISON

In Table 1, we illustrate the comparison results of 4-fold cross testing. Our OXYGENERATOR
achieves the best performance on all four metrics, with a 38.77% reduction in MAPE compared
to suboptimal numerical simulation methods. It proves that deep learning methods can more accu-
rately reconstruct ocean deoxygenation trends. Figure 2 depicts the average MAPE of four methods
in spatial distribution. Owing to the strength of capturing heterogeneous spatio-temporal correla-
tions, OXYGENERATOR provides more accurate reconstruction in the North Pacific, Indian Ocean,
Equatorial Atlantic and other regions.
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Table 1: Comparison with simulation results from CMIP6 numerical simulation methods. The best
results are highlighted in bold, and the second best is underlined.

Benchmark k = 1 k = 2 k = 3 k = 4 Average Performance

MAPE MAPE MAPE MAPE MAPE R2 RMSE MAE

CESM2 omip1 23.63 23.15 23.67 22.87 23.32±0.38 0.7966±0.0064 37.37±0.34 25.98±0.31

CESM2 omip2 23.62 23.00 24.60 23.13 23.58±0.72 0.7947±0.0096 38.22±0.55 27.12±0.32

GFDL-ESM4 historical 26.13 24.01 26.68 24.33 25.28±1.31 0.8228±0.0051 35.45±0.65 23.69±0.38

OXYGENERATOR (Ours) 14.72 13.48 15.72 13.20 14.28±1.16 0.9026±0.0072 26.31±1.23 17.57±1.10
Improvement 37.67% 41.38% 33.59% 42.28% 38.77% 9.70% 25.78% 25.83%

(a) CESM2 omip1 (b) CESM2 omip2 (c) GFDL-ESM4 historical (d) OxyGenerator (Ours) MAPE

Figure 2: The spatial distribution of MAPE in global ocean deoxygenation reconstruction using
different methods (The darker the color, the greater the error).

4.2 OCEAN DEOXYGENATION RECONSTRUCTION ANALYSIS

In Figure 3, we show the results before and after reconstruction using OXYGENERATOR. The above
figures shows the proportion of ocean data observed in four-dimensional coordinates ρ(#.Obs).
Overall, dissolved oxygen (DO) observation are very sparse in each interval, and many areas have
no observations. In the below, the figure shows the minimum DO reconstructed by OXYGENER-
ATOR. The yellow line envelopes the oxygen minimum zone (OMZ) where DOmin ≤ 30µmol/kg.
ρ(OMZ30) indicates the proportion of OMZ30 regions to global oceans, which clearly shows a
significant increase over a century.
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Figure 3: Global ocean deoxygenation reconstruction via OXYGENERATOR from 1920 to 2023 .

4.3 EFFECT OF ADPATIVE ZONING VIA SPATIO-TEMPORAL HYPERNETWORK

(a) 0 - 5 m (b) 87.5 - 112.5 m

(c) 450 - 550 m (d) 950 - 1050 m Zone

Figure 4: Adaptive zoning of 4 repre-
sentative depth level in 2016. Different
colors represent different zones.

As shown in Figure 4, OXYGENERATOR can adaptively
carry out spatial zoning, which is quantified into 10 zones.
Moreover, compared with WOD zoning strategy Boyer
et al. (2018), we observe that: (1) The adaptive zoning is
closely related to latitude distribution and presents a clear
oceanic partitioning. Especially below 450 meters depth,
we show similar zoning results with WOD in the Indian
Ocean, Atlantic Ocean, and Pacific Ocean. (2) Compared
to depth-independent zoning in WOD, our method depicts
a finer grained zoning that varies at different depths and
intra-ocean. Surface seawater is influenced more by hu-
man activities and exhibits a more intricate zoning pat-
tern, whereas deep seawater is closely associated with ge-
ographical location.
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5 CONCLUSION

In this paper, we propose OXYGENERATOR, a deep learning model that effectively reconstructs
global ocean deoxygenation based on sparse observation data in 1920-2023. In the future, we
will continue to collaborate with oceanographers to further improve the compliance with physical-
biogeochemical mechanisms and investigate its impacts for marine ecosystem.
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A BACKGROUND OF OCEAN DEOXYGENATION

Drivers and Impacts. Ocean deoxygenation is a complex environmental issue characterized by
the significant reduction in dissolved oxygen levels in the ocean. Several interconnected factors,
especially the climate change and anthropogenic activities, contribute to ocean deoxygenation. Ris-
ing temperatures impact oxygen circulation and diminish the capacity of seawater to hold dissolved
oxygen, resulting in decreased oceanic oxygen levels. Excessive nutrient input from human ac-
tivities, particularly from agriculture and industrial processes, lead to the proliferation of algae,
creating algal blooms. When these blooms eventually decompose, they consume large amounts of
oxygen, creating localized areas with reduced oxygen levels. In recent years, with the intensifica-
tion of global warming and human influence, ocean deoxygenation has presented an accelerating
trend. The consequences of ocean deoxygenation are far-reaching. Reduced oxygen levels can
harm marine biodiversity, leading to disruptions in food webs and ecosystems. Fisheries, which
rely on oxygen-rich environments to support commercially important species, may experience de-
clines. Hence, there is an urgent need to understand the mechanisms driving deoxygenation, assess
its ecological consequences, and develop effective strategies for sustainable development.

El Niño-Southern Oscillation (ENSO). Anomalous climate events influence the distribution and
rates of ocean deoxygenation. Taking the El Niño-Southern Oscillation (ENSO) as an example,
this climatic phenomenon greatly disturbs oceanic dissolved oxygen levels. During El Niño years,
the warming of the central and eastern equatorial Pacific reduces the solubility of oxygen, leading
to a decline in dissolved oxygen concentrations in affected areas. Understanding the intricate re-
lationship between ENSO and oceanic dissolved oxygen is crucial for comprehending the broader
implications of climate-related variations on marine ecosystems.

Oxygen Minimum Zones (OMZs). Oxygen Minimum Zones (OMZs), standing for low oxygen
zones, plays a pivotal role in characterizing the issue of oceanic oxygen deficiency. OMZs are
emerging in various regions, posing challenges for marine organisms adapted to higher oxygen con-
centrations. In various studies, OMZs are bounded by different thresholds of dissolved oxygen
levels. In our work, we select a 30 µmol/kg threshold to define OMZs, referred to as OMZ30. To be
specific, areas with dissolved oxygen concentrations below 30 µmol/kg at any depth are labeled as
OMZ30. In Figure 3, OMZ30 are highlighted by yellow lines and our work indicates the significant
expansion of OMZ30 over the past century. This observation signifies a clear trend of ocean de-
oxygenation, emphasizing the urgent need for in-depth investigations into deoxygenation rates and
driving factors.

B DATA COLLECTION AND QUALITY CONTROL

We collect over 6 billion historical observation records from 1920 to 2023 of dissolved oxygen and
relevant environmental factors, including temperature, salinity, nitrates, phosphates, silicates, and
chlorophyll, from multiple public databases in Table 2.

Table 2: Detailed Information of Data sources for global ocean observations.

Database Time Institution Source Access Date Variables

World Ocean Database
(WOD 2018) 1900-2023

National Centers for
Environmental Information https://www.ncei.noaa.gov/ 2023-05

temperature, salinity, dissolved
oxygen, biogeochemical major
elements (P, N, Si) and chlorophyll.

CLIVAR and Carbon
Hydrographic Database
(CCHDO)

1922-2023
CLIVAR and Carbon
Hydrographic Data Office https://cchdo.ucsd.edu/ 2023-05

temperature, salinity, dissolved
oxygen, and biogeochemical major
elements (P, N, Si).

Argo 2001-2023
Argo Global Data
Assemby Center https://argo.ucsd.edu/ 2023-05

temperature, salinity, dissolved
oxygen, biogeochemical major
elements (N) and chlorophyll.

Global Ocean Data Analysis
Project version2.2022
(GLODAPV2 2022)

1972-2021
NOAA’s National Centers
for Environmental
Information (NCEI)

https://glodap.info/ 2023-05
temperature, salinity, dissolved
oxygen, biogeochemical major
elements (P, N, Si) and chlorophyll.

Geotraces IDP 2007-2018
GEOTRACES International
Data Assembly Centre
(GDAC)

https://www.geotraces.org 2023-10
temperature, salinity, dissolved
oxygen, biogeochemical major
elements (P, N, Si) and chlorophyll.

We follow the data preprocessing in existing works Schmidtko et al. (2017) and conduct formatting
standardization and spatio-temporal tagging correction for all data. Besides, we establish unified
quality control standards to ensure the availability and reliability of observations. Hereby, we obtain
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data matrix of dissolved oxygen X, environmental factors FEnv and geographical coordinates FGeo.
In our work, we follow the spatial and temporal resolution setting in Garcia et al. (2010); Eyring et al.
(2016), defined as the annual average temporal resolution from 1920 to 2023, spatial resolution of
1◦ × 1◦, and a total of 33 depth levels from 0 to 5500 meters. Hence, the dimension range of the
data is L = 360, G = 180, D = 33 and T = 104.

C RELATED WORK

In this section, we briefly review the related research lines to our work.

C.1 OCEAN DEOXYGENATION

Global warming and excessive nutrient inputs caused by human activities have led to significant
ocean deoxygenation in recent years. To better understand the oxygen cycling mechanism and assess
the overall impact of human activities on the marine system since the 20th century, a comprehensive
global analysis of ocean deoxygenation is particularly important. Existing research has made two
ways of positive attempts, but still leaves some limitations: (1) Numerical Simulation Models. Ex-
isting expert-dominated studies utilize numerical simulations based on climate models to probe the
drivers and predict oxygen loss Gong et al. (2021); Bopp et al. (2017). For example, Coupled Model
Intercomparison Project Phase 6 (CMIP6) Eyring et al. (2016) includes three experiments (CESM2-
omip1, CESM2-omip2 and GFDL-ESM4-historical) on dissolved oxygen simulation. Nevertheless,
most simulations entirely rely on knowledge of the climate system and fail to leverage observations
for correction, thereby showing inferior performance Frölicher et al. (2016); Bopp et al. (2013). (2)
Spatial Interpolation Methods. Due to the severe sparse DO observations, another aspect of stud-
ies attempt data reconstruction through distance based weighted average Schmidtko et al. (2017)
and geostatistical regression Zhou et al. (2022) for spatial interpolation. However, these methods
are only smoothing of the existing DO observation data and yield inaccurate results for areas that
lack observation data. They ignore the spatio-temporal heterogeneity of different regions and fail to
make full use of auxiliary variables for reconstruction. In this paper, to the best of our knowledge,
we are the first to propose a deep learning method to reconstruct global ocean deoxygenation over a
century, considering the spatio-temporal hetegeneity in different regions (Section D.2) and chemical
properties across dissovled oxygen and nutrients (Section D.3).

C.2 DATA-DRIVEN EARTH SYSTEM

Existing superior earth system methods are mostly expert-dominated numerical models, which rely
on complicated physics processes, sensitive initial conditions and suitable forcing. Moreover, many
numerical models are computationally intensive and costly for fine-grained spatio-temporal reso-
lution or long-range simulation. With the rapid growth of artificial intelligence, AI for Science, or
more specifically data-driven Earth system, has become a hot topic in both Computer Science and
Earth Geoscience Bergen et al. (2019); Reichstein et al. (2019). Given the accumulation of scientific
data, data-driven deep learning models are attempting to learn complex and nonlinear correlations
in the Earth system, while reducing computational and application costs. Especially in the field of
numerical weather prediction (NWP), deep learning techniques are particularly suitable for improv-
ing its prediction performance due to their large amount of data, e.g. recent state-of-the-art methods
Pangu-Weather Bi et al. (2023), GraphCast Lam et al. (2023). For another, Nguyen et al. propose
a foundation model for weather and climate modeling called ClimaX, which extends Transformer
architecture for more general weather and climate tasks. Overall, the data-driven Earth system is
still in its early stages, and more scenarios and technologies are worth further exploration.

D DETAILED METHODOLOGY

D.1 FOUR-DIMENSIONAL (4D) GRAPH CONSTRUCTION

Ocean observation has three-dimensional spatial coordinates (longitude, latitude and depth), while
constrained by land plates and seabed topography, making the entire data observation an irregular
cube. Meanwhile, due to the sparsity of observations, when there is a lack of observation informa-
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tion in adjacent receptive fields, localized convolution filters cannot aggregate sufficient informa-
tion. Therefore, instead of CNN-based methods, we propose graph modeling to define two types of
neighbors, i.e., proximity neighbor and information hub, for each data grid. We consider 3D spatial
proximity under irregular boundaries. At the same time, we connect a wider range of related nodes
with respect to the observation completeness, hereby improving the richness of information.

Proximity Neighbor. The First Law of Geography Tobler (1970) states that ”everything is related to
everything else, but near things are more related than distant things.” According to that, we consider
proximity neighbors as data grids within the range of [−δ◦, δ◦] in the horizontal longitude and
latitude range, as well as ±dm depth layer in the vertical direction. Regarding the irregular oceanic
boundaries, we adopt bedrock elevation data published by NOAA to ensure the rationality.

Information Hub. Due to the insufficient observations in proximity neighbors, we further expand
the spatial proximity range and utilize observation completeness Cobs as an indicator to measure the
richness of information within a time range from t− T to t+ T :

Cobs =
∥ωi,j,d,t−T :t+T ∥1

2T
=

∑
τ ∥ωi,j,d,τ∥

2T
.

When Cobs ≥ εC , we deem this data grid an information hub and the neighbor of node vi,j,d,t,
otherwise it is not. Thanks to the flexibility of graph modeling, information hub can effectively
enlarge the receptive field, which is crucial for reconstruction under sparse observations. We define
the adjacency matrix At and node set Vt at time t, and the corresponding edge feature matrix Et as
the difference of attributes, including distance, density, pressure, etc.

D.2 SPATIO-TEMPORAL GRAPH HYPERNETWORK

Feature Extractor. The concentration changes of dissolved oxygen are influenced by different
factors. Thus, we first want to construct a feature extractor f(θ) that can fully characterize the
attribute features of nodes. In order to capture the temporal variation of dissolved oxygen, we
adopt a bidirectional LSTM model fBi-LSTM to encode both historical and future T timesteps DO
observation as follows:

−−→
ZDO
τ = Bi-LSTM(Xτ ,

−−−→
ZDO
τ−1;
−→
θ Bi-LSTM),

←−−
ZDO
τ = Bi-LSTM(Xτ ,

←−−−
ZDO
τ−1;
←−
θ Bi-LSTM),

where Xτ denotes the DO observation at time τ ,
−−→
ZDO
τ and

←−−
ZDO
τ denote the hidden states from two

directions,
−→
θ Bi-LSTM and

←−
θ Bi-LSTM denote the Bi-LSTM parameters. Correspondingly, the DO tem-

poral feature at reconstruction time t is ZDO
t =

−−→
ZDO
t ∥
←−−
ZDO
t , thereby capturing the temporal evolution

of DO in two directions. In addition, dissolved oxygen concentration is also related to a series of
geographical coordinates FGeo

t (including latitude, longitude, depth, time) and environmental factors
F Env
t (including temperature, salinity, nutrients, chlorophyll). In order to comprehensively consider

the coupling correlations between these factors and dissolved oxygen, we leverage a multi-layer
perceptron (MLP) to embed into a latent space: ZF

t = MLP(FGeo
t ∥F Env

t ; θMLP ). To sum up, the
overall latent feature embedding is the composition of both DO temporal feature ZDO

t and multi-
factor feature ZF

t as Zt = ZDO
t ∥ZF

t .

Zoning-Varying Message-Passing. The global ocean over a century shows heterogeneous spatio-
temporal correlations in different historical periods and regions due to the varying impacts of human
activities and climate change. In oceanographic research, many studies partition the global ocean
into different zones Fay & McKinley (2014); Reygondeau et al. (2020); Sonnewald et al. (2020) in
order to better investigate the complex oceanic processes. Inspired by zoning strategy in oceanog-
raphy, a naive method is to train multiple models through pre-determined zones. However, there
have no theoretical basis for the partition of deoxygenation areas, and training multiple models
increase the computational costs. Therefore, we propose Spatio-Temporal Graph HyperNetwork,
which adaptively generate zoning-varying parameters via hypernetwork Ha et al. (2017) for graph
message-passing. We can obtain a dynamic partition more efficiently through a globally shared
parameter generator and the low dimensional context information of each node.

To simplify the explanation, we denote the m-th node in the node set Vt = {vi,j,d,t}i,j,d,t at time t
as vm. For each node vm, we generate zoning-varying parameter Zm = [Zα

m,Zβ
m] based on context

10
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Figure 5: Framework of zoning-varying message-passing.

information ξm which includes geographical coordinates and physical elements:

Zα
m = MLPα(ξm;ϕα),Zβ

m = MLPβ(ξm;ϕβ),

whereZα
m ∈ Rdz×dz denotes rotation matrix,Zβ

m ∈ Rdz denotes bias vector. Afterwards, compared
to vanilla graph neural networks (GNN), we perform non-shared feature scaling on the latent feature
embedding:

h̃(l)
m = h(l)

m ⊗Z ≜ Zα
m

T · h(l)
m + Zβ

m,

where h
(l)
m is the l-th layer GNN input of node vm, h̃(l)

m is the node-wise adaptive latent feature
of h(l)

m . Thus, the nonlinear correlation between different geographic information and physical ele-
ments will serve as a criterion for dynamic partitioning. Nodes with similar parameterZ will belong
to the same zone. Unlike unsupervised clustering or manually setting partition rules, for ocean de-
oxygenation problems, hypernetworks can transform discrete partitions into continuous ones. We
further use graph neural networks for message passing on adaptive latent features and consider the
edge features of different neighbors. Take node vn as an example, the l + 1-th layer GNN output is
denoted as:

h(l+1)
n =

1

|Ñn|

∑
m∈Ñn

γmnWh̃(l)
m ,

where z̃lm is the adaptive latent feature, W is the model parameter of message-passing, and Ñn is
the neighbor set of node vn with self-loop. The edge weight γmn is derived by nonlinear projection
of edge feature by a multi-layer perceptron: γmn = MLPγ(emn).

D.3 CHEMISTRY-INFORMED REGULARIZATION

The global ocean deoxygenation is a complex system that couples physical and biochemical ef-
fects. The embedding of domain knowledge can calibrate the uncertainty of neural networks and
eliminate abnormal reconstruction. However, despite some research on physics-informed neural net-
works Raissi et al. (2019); Podina et al. (2023); Zeng et al. (2023), there is still little research on how
to express chemical dynamic equilibrium as shown in Equation 2. Here, we consider the dynamic
transition equilibrium between dissolved oxygen and nitrate (phosphate), which means the gradient
between dissolved oxygen and nitrate (phosphate) concentration is a constant. For example, for the
observation of nitrate FN

m (phosphate FP
m) at node vm (node vn), we can calculate the corresponding

gradient based on the reconstructed dissolved oxygen x̂m (x̂n) which is approximately a constant,
i.e., ∂x̂m

∂FN
m

= const., ∂x̂n

∂FP
n

= const.

Therefore, we propose the chemistry-informed gradient variance regularization as one of the su-
pervised signals. Specifically, in a batch of training data, we select nodes with nitrate (phosphate)
observations and calculate their corresponding gradients. Since the dynamic equilibrium between
nitrate (phosphate) and dissolved oxygen is approximately consistent, the norm of gradient variance
should be small:

RN =

∥∥∥∥σ({
∂x̂m

∂FN
m

}
m

)∥∥∥∥2
2

, RP =

∥∥∥∥σ({
∂x̂n

∂FP
n

}
n

)∥∥∥∥2
2

, (3)

where σ(·) denotes the calculation of the gradient variance.
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Figure 6: Performance Comparison of MAPE over time.

D.4 OPTIMIZATION ALGORITHM

Due to the memory burden of large scale graphs for global ocean, we divide it into different training
groups based on World Ocean Database 2018 Boyer et al. (2018) ocean division. Since different
groups show varying complexity, each group is optimized using different iterations in one epoch
of training. We periodically evaluate the reconstruction performance of different group using the
validation dataset, and then reset the iterations number for each group. During the learning process,
we integrate the reconstruction loss Lr in Equation 1 and two chemical-informed gradient variance
regularization in Equation 3 as follows:

LOXYGENERATOR = Lr + λ(RN +RP ), (4)

where λ is the ratio coefficient of two losses. We conclude the algorithm in Algorithm 1.

Algorithm 1 Optimization algorithm of OXYGENERATOR

Require: Observed data X, geographical factor FGeo, environmental factor FEnv

Ensure: OXYGENERATORM with parameter θ∗, ϕ∗

1: θ, ϕ← random initialization
2: Split training data Btrain into different batches via Narea areas. {For each batch of data, it has a

corresponding area ID.}
3: Initialize the iteration numbers per area Tarea = [1/Narea, · · · , 1/Narea]
4: while not converged or max. epochs not reached do
5: for a batch of training data Bi from Btrain do
6: Determine the area ID n of Bi and corresponding iteration number Tn = Tarea[n].
7: for iteration number Tn do
8: Calculate loss L(train)

OXYGENERATOR via Equation 4.
9: Update the model parameter θ, ϕ.

10: end for
11: end for
12: Update the iteration numbers per area via average validation loss on different areas, i.e.

Tarea = softmax
[
L(val)

OXYGENERATOR

]
.

13: end while
14: Return the optimized model parameter θ∗, ϕ∗.

E ADDITIONAL EXPERIMENT RESULTS

E.1 TEMPORAL DISTRIBUTION OF RECONSTRUCTION ERROR.

We analyze the variation of reconstruction error over time, as shown in Figure 6. OXYGENERA-
TOR shows the consistent reconstruction performance among different years. Notably, there exist
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Figure 7: Performance Comparison of deoxygenation reconstruction of different numerical simula-
tion methods and OXYGENERATOR in the Black Sea.
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Figure 8: We divide the global ocean into five oceans and plot the changes of reconstruction results
of our OXYGENERATOR, GFDL-ESM4 historical, and actual observations at different depths.

an error peak in 1923-1928. This large estimation error in three simulation models comes from a
severe underestimation of the Black Sea deoxygenation. Figure 7 illustrates a scatter plot depicting
the relationship between observed values and reconstructed values from different methods. It can be
observed that many data points with low dissolved oxygen concentrations in the observational data
are estimated as relatively high dissolved oxygen concentrations in the modeled data. OXYGEN-
ERATOR, based on the correction and correlation learning of observations, effectively captures the
changes in extreme deoxygenation areas.

E.2 COMPARISON OF RECONSTRUCTION PERFORMANCE WITH VERTICAL DEPTH

Figure 8 depicts the variation of reconstruction performance as the ocean depth changes. We visual-
ize the observed values of dissolved oxygen, OXYGENERATOR reconstruction values, and GFDL-
ESM4 historical numerical simulation results by partitioning them across the five oceans. The dis-
solved oxygen concentration in seawater generally exhibits a pattern of initially decreasing followed
by an increase. We observe a high concordance between the reconstruction results of our method
and the observed values, demonstrating consistency with the corresponding patterns. In contrast,
the results based on the GFDL-ESM4 historical numerical simulation method exhibit significant
fluctuations across different oceans, indicating a relatively high variability. This suggests that the
modeling of simulation method in vertical depth layers lacks comprehensive consideration.

13


	Introduction
	Problem Definition
	Methodology
	Experiment
	Experimental Result Comparison
	Ocean Deoxygenation Reconstruction Analysis
	Effect of Adpative Zoning via Spatio-Temporal HyperNetwork

	Conclusion
	Background of Ocean Deoxygenation
	Data Collection and Quality Control
	Related Work
	Ocean Deoxygenation
	Data-Driven Earth System

	Detailed Methodology
	Four-Dimensional (4D) Graph Construction
	Spatio-Temporal Graph HyperNetwork
	Chemistry-informed Regularization
	Optimization Algorithm

	Additional Experiment Results
	Temporal Distribution of Reconstruction Error.
	Comparison of Reconstruction Performance with Vertical Depth


