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Abstract
Ocean heat extremes, including marine heatwaves
and the El Niño–Southern Oscillation (ENSO), ex-
ert profound impacts on marine ecosystems and
socio-economic stability. Establishing robust early
warning systems is critical for proactive risk man-
agement; however, conventional predictive models
often fail to generalize to the intensifying, non-
stationary extremes driven by rapid global warm-
ing. This project introduces a novel AI-Ocean Dy-
namics synergy designed to provide an integrated
early warning system. By synthesizing multi-
source observations with physics-informed neural
networks, it ensures predictions remain constrained
by fundamental physical laws. The system fore-
casts event onset, intensity, duration, and spatial
extent while simultaneously attributing the under-
lying mechanisms, such as ocean advection and
air–sea heat exchange. To validate performance,
we establish a specialized ocean heat extremes
benchmark to assess predictive skill and attribution
reliability. Furthermore, the system incorporates an
incremental learning mechanism, enabling contin-
uous adaptation to long-term climatic and environ-
mental evolutions. This project advances the de-
velopment of reliable, interpretable, and adaptive
early warning systems, providing a vital tool for in-
formed policy and maritime decision-making.

1 Introduction
In recent decades, episodes of ocean heat extremes have been
associated with more intense and frequent impacts on marine
organisms, ecosystems and reliant human industries around
the world [Capotondi et al., 2024; Wernberg et al., 2025].
These extremes occur ranging from short-term marine heat-
waves (MHWs) lasting days to weeks [Wernberg et al., 2025],
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to prolonged anomalies for months, such as the El Niño-
Southern Oscillation (ENSO) [Chen et al., 2024]. Under on-
going global warming, the frequency and intensity of these
events have reached record highs [Dong et al., 2025]. There-
fore, developing reliable ocean heat warning systems is es-
sential to predict and understand these extremes in advance,
enabling us to take preventive actions to reduce ecological
and socio-economic impacts.

Despite growing importance, many countries have yet to
implement ocean heat warning systems; even such systems
running in a few countries are often poorly defined and
impact-based [Nairn and Mason, 2025]. The core functions
of such systems rely on the accurate temperature forecast-
ing for further detecting anomalies. Most systems depend
on numerical ocean models to simulate extreme events un-
der varying scenarios, such as the Hybrid Coordinate Ocean
Model (HYCOM) [Chassignet et al., 2007]. While physi-
cally consistent, they are computationally expensive and of-
ten accumulate biases that cause their simulations to diverge
from real-world ocean evolution. Recent AI advances in
data-driven forecasting models, such as the emerging ocean
foundation models [Wang et al., 2024; Cui et al., 2025;
Huang et al., 2025], have shown promise in efficiently learn-
ing large-scale ocean temperature variability from reanalysis
data [Camps-Valls et al., 2025]. However, integrating these
models into practical ocean heat warning systems remains a
significant challenge. Ocean heat extremes differ fundamen-
tally from normal ocean temperature variability. They are
rare, data-limited, and are often driven by large-scale air-sea
interactions [Sen Gupta et al., 2020; Gregory et al., 2024], re-
sulting in purely data-driven models that perform well under
typical conditions tend to overfit mean variability and under-
represent the severity of extremes [Prochaska et al., 2021;
Xu et al., 2025]. Moreover, their black-box nature limits
physical interpretability and hinders understanding of the key
drivers underlying ocean heat extremes. Their long-term de-
ployment is further challenged by the non-stationary nature
of the climatic and environmental evolution, in which ocean
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temperature baselines and extreme characteristics evolve.
Given the high computational cost of retraining, commonly
used static models struggle to adapt to rapid recent warm-
ing trends, becoming unreliable for predicting the emerg-
ing, record-breaking extremes [Ryu et al., 2025; Singh et al.,
2021]. Thus, it is imperative to develop a specialized AI-
powered ocean heat warning system that can reliably forecast
ocean heat extremes while maintaining physical interpretabil-
ity and robustness to climatic and environmental evolutions.

Recent advances in physics-informed AI offer a promising
pathway for capturing ocean thermodynamics and heat ex-
tremes by coupling data-driven efficiency with intrinsic phys-
ical mechanisms [Kashinath et al., 2021; Jiang et al., 2026;
Shu et al., 2025]. Motivated by this potential, we propose a
more reliable, interpretable, and adaptive early warning sys-
tem for ocean heat extremes through AI-Ocean Dynamics
synergy. To support this system, we first curate a compre-
hensive multi-source data repository that integrates heat state
variables ranging from the atmosphere to the deep ocean. The
core of the system is to develop physics-informed AI mod-
els that learn spatiotemporal representations with governing
ocean thermodynamic laws. Building upon these models, the
system targets two core tasks: ocean heat extremes predic-
tion and physical driver attribution, identifying how extremes
are driven by atmospheric fluxes or oceanic transport. To rig-
orously evaluate this system, we design a specialized ocean
heat extremes benchmark covering MHWs and ENSO ex-
tremes. Finally, the system incorporates an incremental learn-
ing mechanism to continuously adapt to climatic and environ-
mental evolutions without retraining from scratch.

The goals of this project have been defined through a
cross-disciplinary collaboration between AI researchers, geo-
physicists, and physical oceanography experts from East
China Sea Forecasting and Disaster Reduction Center and
the National Marine Data and Information Service (NMDIS)
in China. Through joint discussions, our multidisciplinary
team identified a persistent “trust gap” stemming from the
lack of physical consistency and interpretability in black-box
AI models. We aim to bridge the gap between advanced
deep learning and physical oceanography by synthesizing
ocean data archives and developing physics-informed AI ap-
proaches. This collaborative foundation ensures that the pro-
posed system is not only algorithmically innovative but also
practically feasible for real-world deployment.

2 Project Goal
The overall goal is to develop a reliable, interpretable and
adaptive early warning system specifically tailored to ocean
heat extremes. This project not only targets improving gen-
eral ocean temperature forecasts as common warning systems
do, but also the challenges of monitoring, predicting, and un-
derstanding those rare, high-impact ocean heat extremes. By
integrating physics-informed AI with incremental learning,
the project seeks to enable timely warnings and a deeper un-
derstanding of ocean heat extremes, supporting both scientific
insight and practical decision-making.

Data Foundation Objectives. Ocean temperature variabil-
ity is not limited to surface anomalies but is strongly influ-

enced by the thermal process in the deep ocean and air-sea
interactions [Sun et al., 2023; Wu et al., 2024b]. There-
fore, comprehensively studying ocean heat extremes across
air-surface-subsurface requires integrating multiple comple-
mentary data sources, including satellite remote sensing data,
in-situ measurements, and reanalysis products. The project
aims to assemble these heterogeneous, multi-source data to
establish a data repository. Note that the geographical distri-
bution of available in-situ observations is highly uneven. Pub-
licly available datasets are often concentrated in regions such
as Europe and North America [Zhu et al., 2026], which may
introduce regional biases if used directly as the data founda-
tion. Thus, our data strategy needs to deliberately balance
global coverage with targeted sampling in key regions of in-
terest, enabling the model to capture both large-scale and lo-
calized patterns in ocean heat extremes.

Methodological Objectives. Recent interdisciplinary re-
search has demonstrated the potential of physics-informed
AI, utilizing architectures such as Neural Ordinary Differen-
tial Equations (Neural ODEs) and Physics-Informed Neural
Networks (PINNs) to model complex fluid dynamics [Jiang
et al., 2026; Hu et al., 2025]. Building upon these advance-
ments, the methodological objective is to extend and explore
physics-informed models for ocean heat extremes, mitigat-
ing the insensitivity of traditional deep learning models to
rare extremes. We will develop targeted modeling strategies
that differentiate between the rapid onset of short-term marine
heatwaves and the slowly evolving teleconnections of ENSO.

Evaluation Objectives. The evaluation objectives focus on
comprehensively assessing the system’s early warning ca-
pability for both short-term marine heatwaves and long-
term, basin-scale ENSO extremes. Most existing ocean
benchmarks primarily evaluate deterministic prediction ac-
curacy [Aouni et al., 2025; Nathaniel et al., 2024]. While
several recent benchmarks target extreme events in the at-
mospheric domain [Zhao et al., 2025], standardized bench-
marks for ocean heat extremes remain largely absent. To ad-
dress this gap, this project proposes the construction of a ded-
icated benchmark for ocean heat extremes to rigorously eval-
uate system reliability. In addition to predictive accuracy, the
evaluation will also assess physical consistency, the validity
of driver attribution, and risk assessment.

Application and Deployment Objectives. The global
ocean currents are an essential driver of Earth’s climate sys-
tem, linking distant ocean basins and coupling local temper-
ature anomalies with large-scale teleconnections [Bian et al.,
2024]. Our project needs to build upon a global ocean mod-
eling architecture capable of capturing both basin-scale and
cross-regional interactions. As a demonstration of practical
deployment, the proposed system will be applied in several
representative regions, including the Northwest Pacific, the
South China Sea, and the East China Sea, as well as the
Equatorial Pacific ENSO zones. These regional deployments
serve as case studies to evaluate real-world practical value and
provide transferable experience for the development of ocean
heat warning systems in other regions and countries.
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Figure 1: Overview of the early warning system for ocean heat extremes through AI-Ocean Dynamics synergy. The system integrates multi-
source data, constrained representation learning, extreme event prediction and attribution, systematic evaluation, and incremental learning for
adapting to climatic and environmental evolutions.

3 Strategy
Figure 1 presents a schematic for the construction of an
early warning system for ocean heat extremes that integrates
five key components: data foundation, physics-informed
model, system tasks, systematic evaluation, and an incre-
mental learning mechanism. This system begins by collect-
ing heterogeneous, multi-source ocean data and integrating
them into a unified spatiotemporal data representation. These
data are then processed by a physics-informed deep model
constrained by governing thermodynamic laws. The result-
ing representations support two downstream tasks, including
ocean heat extremes prediction and physical driver attribu-
tion. These model outputs and analytical insights are evalu-
ated using both technical benchmarks and their broader soci-
etal impact. Finally, the system further incorporates an incre-
mental learning mechanism to enable long-term applicability
under a non-stationary climate.

3.1 Data Foundation
To construct a holistic view of the ocean thermal state, we
curate comprehensive multi-source datasets that capture not
only the temperature field but also the thermodynamic drivers
governing its evolution. Table 1 summarizes the multi-source
datasets used to characterize the ocean thermal state, span-
ning surface and subsurface temperatures and their physical
drivers. These heterogeneous data sources are subsequently
integrated into a unified spatiotemporal representation to sup-
port consistent downstream learning and analysis.

Multi-source Data Collection
Surface Temperature Field. Sea surface temperature
(SST) can be directly observed at the global scale through
satellite remote sensing. We integrate long-term satellite SST
products from the NOAA Optimum Interpolation Sea Surface
Temperature (OISST) products [Reynolds et al., 2007], in-
cluding both daily and monthly SST and SST anomaly fields
spanning from 1982 to the present. These data provide a

Category Variable Source Data Type

Surface SST & Anomalies NOAA OISST Satellite

Subsurface
Temp. Profiles Argo Floats In-situ

3D Temp. Fields GLORYS12V1 Reanalysis

Drivers
Heat Fluxes ERA5 Reanalysis

Ocean Currents GLORYS12V1 Reanalysis

Table 1: Summary of multi-source datasets used in the ocean heat
extreme warning system

high-resolution (0.25◦) horizontal view, enabling a precise
tracking of the spatial development and transport of surface
MHWs at global scales.

Subsurface Temperature Field. Ocean heat extremes are
frequently driven by subsurface heat transport and vertical re-
distribution processes [Sun et al., 2023]. However, satellite
observations are restricted to the surface layer. To reconstruct
the 3D ocean thermal structure, we integrate the subsurface
temperature field from both in-situ observations and reanal-
ysis products. Specifically, we utilize temperature profiles
from the Argo float array [Roemmich et al., 2009], which
provide high-quality vertical measurements from the surface
to approximately 2000m depth, along with additional in-situ
data from NMDIS. Since in-site data are spatially sparse
and irregularly distributed, we supplement them with the 3D
ocean reanalysis products such as GLORYS12V1 reanalysis
product [Jean-Michel et al., 2021]. These reanalysis prod-
ucts assimilate satellite and in-situ data into physical models,
yielding a dense, volumetrically complete estimate of subsur-
face temperature.

Heat Fluxes and Currents. Air–sea interactions play a
crucial role in the initiation, amplification, and decay of ocean
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heat extremes by regulating surface energy exchange [Wu
et al., 2024b]. To characterize these external forcing pro-
cesses, we incorporate surface heat flux variables from the
ERA5 reanalysis dataset [Hersbach et al., 2020], including
net heat flux and its constituent components. Recent physics-
informed learning studies indicate that explicitly modeling
heat fluxes can improve the representation of ocean thermal
evolution, motivating their inclusion as key physical drivers
in our dataset [Jiang et al., 2026; Shu et al., 2025]. In addi-
tion, ocean circulation redistributes heat horizontally through
advection [Gao et al., 2026]. We also acquire zonal and
meridional current velocity data (u, v) from GLORYS12V1
reanalysis product [Jean-Michel et al., 2021], which can be
utilized to explicitly model the thermal advection process.

Spatiotemporal Integration
The collected multi-source observations are inherently het-
erogeneous in both structure and sampling. Satellite and re-
analysis data are dense, regular 2D/3D grids, whereas in-situ
measurements are sparse, irregularly distributed point pro-
files. To make these datasets jointly usable as model inputs,
we should manipulate all datasets within a shared spatiotem-
poral coordinates system.

To bridge these differences, we establish a standardized
metadata schema and a unified 4D coordinate standard.
Following the FAIR (Findable, Accessible, Interoperable,
Reusable) data principles [Zhu et al., 2026], we align all input
data onto this shared spatiotemporal scale. For dense satellite
and reanalysis datasets, we employ bilinear interpolation to
regrid all variables onto daily and monthly grids with a spatial
resolution of 0.25◦. All gridded datasets are processed into
spatially congruent, pixel-for-pixel. For sparse in-situ obser-
vations, we place each profile at the nearest spatiotemporal
grid point and use a binary mask to indicate whether a grid
cell contains ground truth or missing data. This mask allows
the downstream model to distinguish real measurements from
unobserved regions during training. The resulting output is
a unified spatiotemporal datacube (X ∈ RT×C×D×H×W ),
where T , C, D, H , and W denote the dimensions for time,
variable channels, depth, height (latitude), and width (lon-
gitude), respectively. This datacube provides a consistent,
machine-readable representation of heterogeneous ocean ob-
servations and serves as the foundational input for subsequent
physics-informed models and analyses.

3.2 Physical-Informed Model Learning
The physical-informed model is the computational core of
ocean heat warning system, connecting raw heterogeneous
observations with the prediction and analysis of extreme
events. As illustrated in Figure 2, the architecture follows
an encoder-decoder paradigm with a physical-informed tem-
poral evolution backbone: (1) a multi-modal encoding mod-
ule that fuses heterogeneous observations into a unified la-
tent state; (2) a physics-informed temporal evolution back-
bone network that simulates the dynamics changes of ocean
heat under physical constraints of ocean dynamics; and (3)
a decoder module that maps the evolved latent states back
to temperature variables for downstream prediction and at-
tribution tasks. While the overall architecture is shared, the

temporal evolution backbone needs to be instantiated differ-
ently depending on the target extreme phenomenon. Next, we
first describe the multi-modal fusion and latent representation
learning shared in all settings, and then present two represen-
tative case studies of the temporal evolution module: one is
a Neural ODE-based formula, which applies to short-term,
rapidly evolving marine heat waves; the other is a constraint-
based formula, which applies to long-term ENSO patterns.

Multi-Modal Fusion and Latent Representation
The model takes as input the unified spatiotemporal grids in
the data integration stage. While the preceding integration
step ensures that all variables are mapped onto a common
spatiotemporal coordinate system, it does not resolve the dif-
ferences of physical meaning and sampling density. To ac-
commodate data heterogeneity, we utilize distinct encoders
where separate encoders are tailored to the unique modality
of each input source. For example, gridded surface and sub-
surface temperature fields can be handled by convolutional-
based [Qiao et al., 2025] or transformer-based architectures
encoders [Zhou and Zhang, 2023] to capture spatial pat-
terns, while sparse in-situ observations are encoded using
GNN-based networks that can naturally accommodate irreg-
ular sampling [Yang et al., 2023]. In addition, we incorporate
a meta-encoding module to embed metadata as auxiliary in-
formation such as time, geographic location, and seasonality.
We can also employ spherical coordinate encoding to better
reflect the Earth’s geometry [Lam et al., 2023]. The outputs
of all encoders are combined into a latent state vector z(t) at
time t. This training is an end-to-end process encompassing
atmospheric, surface, and subsurface variables, with in-situ
observations and reanalysis data providing supervision for fu-
ture time steps.

Case Study I: Short-Term Marine Heatwave
Short-term MHWs are characterized by the rapid onset and
intensification of thermal anomalies. The key challenge in
modeling such events lies in accurately capturing these abrupt
temporal dynamics. The commonly used approaches treat
time as a sequence of discrete snapshots [Qiao et al., 2025;
Prochaska et al., 2021], which may smooth the rapid heat
transport processes and underestimate peak intensities during
extreme heat events. To overcome this, we model the ocean
temperature evolution by leveraging the physics-informed
neural ODE–based temporal evolution module developed in
our previous work [Jiang et al., 2026]. Rather than directly
predicting discrete future states, this model learns the instan-
taneous rate of change of the latent state (∂z/∂t) and inte-
grates it continuously forward in time. The learned dynamics
are constrained by well-known physical principles in Eq. 1:
the evolution of the 3D velocity field v is governed by the
Navier-Stokes equations, while ocean temperature evolution
follows the heat budget equations.

∂T

∂t
+ (v · ∇)T︸ ︷︷ ︸

Advection

= κ∇2T︸ ︷︷ ︸
Diffusion

+Qnet︸︷︷︸
Flux

,

∂v

∂t
+ (v · ∇)v = −1

ρ
∇p+ ν∇2v + f .

(1)
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Figure 2: Architecture of the physics-Informed ocean heat prediction model. The model encodes multi-source data and metadata into a latent
representation. This state evolves via a physics-informed temporal evolution module and is decoded into downstream states tailored to ocean
heat extremes prediction and physical driver attribution.

In practice, due to the complexity of the N-S equations and
the unavailability of 3D pressure fields, the evolution of the
velocity field is modeled using a dynamic neural network,
while the heat budget equation is embedded within the neural
ODE formulation that governs temperature evolution. This
formulation offers two key advantages. First, the adaptive
ODE solver can accurately track continuous abrupt tempo-
ral gradients and the peak intensity of rapidly evolving heat-
waves. Second, by explicitly representing 3D heat transport,
diffusion and air–sea energy exchange processes, the sys-
tem naturally supports attribution of the underlying drivers.
By examining the relative contributions of these components
across different directions, we can identify the dominant
physical drivers underlying every marine heatwave event.

Case Study II: Long-Term Climate Patterns (ENSO)
In contrast to the rapid and short-lived nature of marine heat-
waves, the global climate phenomenon ENSO is governed
by long-term dependence and basin-scale air-sea interac-
tions [Chen et al., 2024]. Accurately modeling ENSO there-
fore requires preserving physical consistency over longer
timescales. To address this challenge, we explore methods
to improve ENSO prediction capabilities by explicitly incor-
porating ocean heat budget dynamics and using the neural
network operator to simulate long-term ocean processes. By
integrating these current velocity data, the system can in-
put key components of the mixed-layer heat budget equa-
tion for learning the temporal evolution of ocean heat states,
including horizontal heat transport (advection) and vertical
heat transport (entrainment) and air-sea heat flux. For the
backbone of temporal evolution, we can employ neural oper-
ators (e.g., Fourier neural operators [Li et al., 2020] or Tran-
solver [Wu et al., 2024a]) that learn the underlying ocean
dynamics equations governing fluid flow. To explicitly en-
force sensitivity to extreme ENSO phases, we introduce the
magnitude-weighted Niño Index loss function as an addi-

tional optimized objective:

LNiño =
1

N

N∑
t=1

(1 + α|yt|)(ŷt − yt)
2, (2)

where yt and ŷt denote the ground-truth and predicted Niño
3.4 index at time t, respectively. By directly incorporating the
absolute magnitude of the true index (|yt|) as a dynamic scal-
ing factor, the loss proportionally increases with the severity
of the anomaly. The hyperparameter α is determined empiri-
cally on the validation set.

3.3 Incremental Learning
A key challenge facing long-term ocean heat warning sys-
tems is the non-stationary nature of the Earth’s climate [Ryu
et al., 2025; Singh et al., 2021]. As global warming inten-
sifies, ocean temperatures once considered normal gradually
shift, and the characteristics of extreme events evolve accord-
ingly. Static models trained once on historical data gradually
lose accuracy, while retraining them from scratch is costly.

To address this issue, we introduce an incremental learning
mechanism for the core physical model (Figure 3). Instead
of fixing model parameters after initial training, the system
is regularly self-updated based on the acquisition of new ob-
servational data. We can employ a sliding window update
strategy that when new satellite and Argo observational data
are collected, the model performs lightweight and efficient
gradient parameter updates using recent data. This allows
the system to rapidly adapt to emerging warming trends and
new extreme patterns not present in earlier data. Moreover,
we should strictly control the update process to avoid catas-
trophic forgetting, where new information overwrites previ-
ously learned knowledge. We can employ an experience re-
play strategy that retains the representative historical extreme
records and replays them with new data during each update.
In addition, physical constraints such as the heat budget and
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Figure 3: Schematic of the incremental learning loop. The system
employs a sliding window approach to integrate incoming observa-
tional streams, dynamically updating model weights to adapt to re-
cent ocean heat extremes while preserving historical extreme records
via an experience replay buffer.

Navier-Stokes equations are always enforced during entire
updates, ensuring that the model can adapt to new conditions
while remaining physically consistent and stable over time.

3.4 System Tasks
The proposed system is designed to support two core tasks
for monitoring and understanding ocean heat extremes: ocean
heat extremes prediction and physical driver attribution.

Ocean Heat Extremes Prediction The primary objective
of this task is to forecast the spatiotemporal evolution of 3D
ocean temperature fields to detect impending ocean heat ex-
tremes. In addition, the system is also tasked with identifying
potential extreme events and quantifying their key character-
istics, including onset, intensity, duration and spatial extent,
across varying lead times. The significance lies in its ability
to provide reliable early warnings, enabling proactive risk as-
sessment for marine ecosystems and policy management be-
fore an event reaches its peak.

Physical Driver Attribution This task aims to identify the
physical processes that drive predicted ocean heat extremes.
It does so by decomposing temperature anomalies into contri-
butions from key mechanisms, including horizontal and ver-
tical advection, diffusion, and air–sea heat exchange. By an-
alyzing the relative importance of these processes, the sys-
tem reveals how each extreme event develops and inten-
sifies. This process explanation provides physically inter-
pretable predictions and supports scientific understanding and
decision-making.

3.5 Evaluation Benchmark and Criteria
To provide a holistic assessment of the proposed system, we
establish an ocean heat extremes benchmark to enable fair
and reproducible comparison across models. Building on this
benchmark, we evaluate the system along four perspectives:
predictive skill, physical consistency, the reliability of physi-
cal driver attribution, and risk assessment capability.

Ocean Heat Extremes Benchmark
We construct a specialized ocean heat extremes benchmark
that covers short-term MHWs and long-term ENSO climate
patterns. The benchmark is built upon the curated multi-
source ocean temperature datasets in Section 3.1. Evaluating
such extremes requires more than assessing pointwise tem-
perature prediction error. We therefore implement a stan-
dardized labeling pipeline to generate unified, event-level
ground truth annotations across all data sources. Specifically,
we derive discrete event labels by applying widely accepted
oceanographic definitions to temperature anomalies:

• Marine Heatwave: Note that the absence of a univer-
sally accepted definition for what constitutes a heat-
wave [Capotondi et al., 2024]. Following the widely
used definitions [Hobday et al., 2016], an MHW occurs
at a given location when daily SST anomalies exceed
the seasonally varying 90th percentile climatology for
five days or more. We compute these thresholds for ev-
ery grid point, creating a binary mask that serves as the
classification target.

• ENSO: We label temporal windows based on the
Oceanic Niño Index (ONI), where the 3-month running
mean of SST anomalies in the Niño 3.4 region exceeds
±0.5◦C for five consecutive months as El Niño (warm).

Based on these definitions, we label each ocean heat ex-
treme by its onset time, intensity, duration, and spatial extent.
The benchmark supports the assessment of the key prediction
tasks defined above. The data are strictly partitioned with
a temporal gap: the period 1982–2015 is used for training,
while the most recent period (2020–2025) is reserved for test-
ing. To prevent data leakage stemming from potential “long-
term ocean memory” effects, a 5-year gap is deliberately in-
troduced between the two splits [Ham et al., 2019]. The pro-
posed system is evaluated against both numerical ocean mod-
els and purely data-driven deep learning methods to quantify
the specific benefits of physics-informed learning.

Evaluation Criteria
The evaluation criteria below are used to assess prediction
skill, physical consistency, attribution Reliability, and risk as-
sessment capability for operational early warning.

• Prediction Skill. For global temperature field recon-
struction, we report the root mean square error (RMSE)
and Anomaly Correlation Coefficient (ACC). For ex-
treme event detection, where strong class imbalance
makes standard accuracy unreliable, we therefore use
the symmetric extremal dependence index (SEDI) and
the F1 score to assess detection skill.

• Physical Consistency. The central goal of the proposed
system is to ensure physically plausible predictions for
extreme heat events. To quantify the physical consis-
tency, we evaluate the degree to which model forecasts
satisfy conservation laws by computing the heat budget
residual on the test set.

• Attribution Reliability. To assess the reliability of
driver attribution, we conduct qualitative case studies on
historical high-impact events. We will verify whether
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the model’s internal attribution aligns with post-hoc sci-
entific literature. In particular, we select landmark his-
torical extreme events, e.g., the 1997-1998 and 2015-
2016 ENSO, as specific test cases for detailed analysis.
We will also quantitatively validate the attribution by
correlating the model’s learned components with physi-
cal heat budget terms.

• Risk Assessment Capability. We assess risk assess-
ment capability by measuring the model’s lead time in
predicting extreme events. Specifically, we evaluate how
early (in days or months) the probabilistic prediction
confidence exceeds an 80%–90% threshold. This empir-
ically chosen threshold will be rigorously justified using
Precision-Recall curves and F1-score trade-offs across
various lead times.

4 Expected Results and Social Impact
This project is expected to deliver an early warning sys-
tem for ocean heat extremes through AI-Ocean Dynamics
synergy, which supports forecasting and analyzing these ex-
tremes across multiple spatial and temporal scales, including
MHWs and large-scale climate modes ENSO. Compared with
purely data-driven models, the proposed system is expected to
improve the prediction of extreme event onset, intensity, dura-
tion and spatial extent. It also provides transparent attribution
of driving factors based on explicit heat budget decomposi-
tion, contributing to a deeper scientific understanding of the
underlying mechanisms. Furthermore, we aim to construct
and release a benchmark of ocean heat extremes encompass-
ing surface and subsurface observational data and standard-
ized extremes definitions. This benchmark provides a gen-
eral evaluation platform for future research on ocean heat
extremes and physics-based learning methods. Finally, the
deployment of the system incorporating incremental learn-
ing promises to achieve long-term, sustainable adaptation to
climatic and environmental evolutions, with its deployment
serving as a demonstrative application for other researchers
and monitoring managers.

5 Challenges and Limitations
Despite the significant advantages of the proposed system,
several challenges and limitations remain:

• Data Bias. While this project intentionally balanced the
spatial distribution of multi-source data, the scarcity of
observations in the southern hemisphere and coastal ar-
eas in developing regions may lead to less stable and re-
liable predictions compared to densely observed areas,
such as the North Atlantic. Therefore, these results re-
quire careful interpretation and continuous supplemen-
tation through future observations.

• Interpretability. Attribution results based on heat bud-
get decomposition provide physically consistent expla-
nations but do not constitute rigorous causal inferences.
We can identify which physical processes are related to
the development of extreme events, but we cannot fully
explain why these processes change. This limitation can

be addressed by exploring the application of causal AI
techniques in ocean heat extremes monitoring.

• Computational Complexity. The computational cost of
physics-informed data-driven models remains relatively
high when processing high-resolution 3D temperature
fields. This study does not adopt the highest available
spatial resolution, but instead selects a resolution that
balances physical fidelity and computational feasibility.

• Real-time Applications. The current system prioritizes
accuracy of ocean heat extremes and requires further op-
timization for operational early warning with high real-
time requirements, such as through model compression
or distillation to reduce inference overhead.

• Model Stability and Drift. While incremental learning
allows the system to adapt to climatic and environmen-
tal evolutions, inappropriate updates can lead to model
drift or degradation of physical consistency. For ex-
ample, learning from short-term anomalies may distort
long-term dynamics.

6 Collaboration Opportunities and Project
Roadmap

This project is naturally well-suited for interdisciplinary col-
laboration across machine learning, physical oceanography,
and climate science. We seek partnerships with marine me-
teorological agencies and high-performance computing cen-
ters to acquire reanalysis products and real-time observational
data, while contributing standardized benchmark datasets to
the industry. Collaboration with physical oceanographers will
ensure the physical consistency of the model and support the
interpretation of attribution results. Furthermore, collabora-
tion with regional marine forecasting centers and stakehold-
ers will provide actionable feedback to improve early warning
indicators and system design.

The project will be implemented in four successive phases
over an expected two-year period. Phase I focuses on data
integration and standardization, including building a bench-
mark dataset for ocean heat extremes and evaluating numer-
ical models and data-driven models. The main deliverable
is a publicly released benchmark dataset with standardized
evaluation protocols. Phase II aims to build the core physics-
informed models and validate it using historical ocean heat-
wave events. The deliverable is a physics-informed ocean
heat extremes prediction model with attribution capabilities
for driving factors. Phase III introduces incremental learn-
ing, enabling the model to adapt to climatic and environmen-
tal evolutions and recent warming trends. The deliverable is
an adaptive heat warning system that maintains performance
without catastrophic forgetting. Phase IV emphasizes pilot
deployment and demonstration in representative regions, in-
cluding the Northwest Pacific, the China Seas and the Equato-
rial Pacific ENSO zone, supplemented by case studies and vi-
sualization tools. The deliverables are an operational demon-
stration report and a roadmap for broader application.
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Deser, Thomas L Frölicher, Nicole S Lovenduski, Dil-
lon J Amaya, Natacha Le Grix, Tongtong Xu, et al. A
global overview of marine heatwaves in a changing cli-
mate. Communications Earth & Environment, 5(1):701,
2024.

[Chassignet et al., 2007] Eric P Chassignet, Harley E Hurl-
burt, Ole Martin Smedstad, George R Halliwell, Patrick J
Hogan, Alan J Wallcraft, Remy Baraille, and Rainer
Bleck. The hycom (hybrid coordinate ocean model) data
assimilative system. Journal of Marine Systems, 65(1-
4):60–83, 2007.

[Chen et al., 2024] Zhiping Chen, Li Li, Bingkun Wang, Jiao
Fan, Tieding Lu, and Kaiyun Lv. The impact of global
warming on enso from the perspective of objective signals.
Atmospheric Research, 299:107176, 2024.

[Cui et al., 2025] Yingzhe Cui, Ruohan Wu, Xiang Zhang,
Ziqi Zhu, Bo Liu, Jun Shi, Junshi Chen, Hailong Liu,
Shenghui Zhou, Liang Su, et al. Forecasting the eddying
ocean with a deep neural network. Nature Communica-
tions, 16(1):2268, 2025.

[Dong et al., 2025] Tianyun Dong, Zhenzhong Zeng, Ming
Pan, Dashan Wang, Yuntian Chen, Lili Liang, Shuai
Yang, Yubin Jin, Shuxin Luo, Shijing Liang, et al.
Record-breaking 2023 marine heatwaves. Science,
389(6758):369–374, 2025.

[Gao et al., 2026] Yuan Gao, Hao Wu, Fan Xu, Yanfei Xi-
ang, Ruijian Gou, Ruiqi Shu, Qingsong Wen, Xian Wu,
Kun Wang, and Xiaomeng Huang. Neuralom: Neural

ocean model for subseasonal-to-seasonal simulation. In
Proceedings of the 40th AAAI Conference on Artificial In-
telligence, volume 40, pages 14756–14764, Mar. 2026.

[Gregory et al., 2024] Catherine H Gregory, Camila Ar-
tana, Skylar Lama, Dalena León-FonFay, Jacopo Sala,
Fuan Xiao, Tongtong Xu, Antonietta Capotondi, Cristian
Martinez-Villalobos, and Neil J Holbrook. Global marine
heatwaves under different flavors of enso. Geophysical
Research Letters, 51(20):e2024GL110399, 2024.

[Ham et al., 2019] Yoo-Geun Ham, Jeong-Hwan Kim, and
Jing-Jia Luo. Deep learning for multi-year enso forecasts.
Nature, 573(7775):568–572, 2019.

[Hersbach et al., 2020] Hans Hersbach, Bill Bell, Paul
Berrisford, Shoji Hirahara, András Horányi, Joaquı́n
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