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Figure 1. (a) Comparison of deterministic and stochastic ocean forecasting paradigms. Probabilistic predictions represent natural complexity
beyond finite-grid initial states. (b) The results at 30 day lead time highlight PhyOceanCast’s superior forecasting capability. (c) Compared
to existing methods, PhyOceanCast is a physics-informed diffusion framework strengthened by the coupling of SGAN-MOC for spherical-
aware cross-variable interactions and PWTC for multi-scale temporal dynamics decomposition.

Abstract

Ocean dynamics drive global climate patterns and extreme
weather events, making accurate spatiotemporal forecast-
ing essential for climate monitoring and marine operations.
Traditional Global Ocean Forecasting Systems (GOFSs) of-
fer high accuracy predictions, yet remain computationally
expensive and fail to fully leverage growing historical data.
Recent deep learning models have achieved notable success,
but still face three fundamental challenges: (1) they homog-
enize ocean variables despite strong physical coupling via
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equation-of-state relationships; (2) they neglect spherical ge-
ometry, resulting in severe distortions at high latitudes; and
(3) they struggle to model multi-scale temporal dynamics.
We introduce PhyOceanCast, a physics-informed diffusion
model that overcomes these limitations through two key in-
novations. First, the Spherical Graph Attention Network for
Multi-scale Ocean Coupling (SGAN-MOC) preserves spher-
ical topology while enabling cross-variable interactions via
heterogeneous encoding and k-hop-constrained attention.
Second, the Physics-Informed Wavelet Temporal Coherence
(PWTC) module that decomposes ocean dynamics across
multiple scales with advection-diffusion constraints. Phy-
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OceanCast forecasts 145 ocean variables, including tem-
perature, salinity, and velocity fields, across 36 depth levels
plus sea surface height. Extensive experiments demonstrate
superior performance over diffusion, transformer, and hy-
brid baselines, promising a new paradigm for global ocean
canonical variable forecasting.

1. Introduction
Oceans regulate Earth’s climate by storing over 90% of
excess heat [35, 54] and driving weather patterns through
complex circulation systems. Accurate ocean forecasting un-
derpins maritime safety [33], disaster warning systems [31],
and the blue economy [40], requiring predictions of multiple
interconnected variables across spatiotemporal scales, from
mesoscale eddies to global circulation.

Ocean variable forecasting constitutes a challenging spa-
tiotemporal prediction task: given historical observations
of temperature, salinity, velocity fields, and other variables,
predict their future evolution. Deep learning has revolu-
tionized weather prediction, with GraphCast [25] achiev-
ing a thousand-fold computational speedup while outper-
forming traditional numerical methods on 90% of verifi-
cation targets. Ocean-specific models demonstrate similar
promise—WenHai [7] produces eddy-resolving forecasts
with 6–10% improved accuracy over GOFSs. Ocean sys-
tems exhibit fundamental stochasticity across multiple orders
of magnitude [17], with chaotic evolution and irreducible un-
certainty that deterministic models cannot capture [24, 43].
Ensemble methods extend predictive skill by quantifying
uncertainty, demonstrating the necessity of probabilistic ap-
proaches for operational forecasting (Fig. 1 (a)). Yet ocean
dynamics present unique challenges [1, 50].

Current spatiotemporal prediction methods fail to meet
the core requirements of ocean modeling. Standard architec-
tures assume isotropic dynamics; equirectangular projections
introduce area distortion near the poles, and planar convolu-
tions fail to handle longitude wraparound [11, 36, 46]. Many
methods ignore the coupling and co-evolution among multi-
ple variables governed by the equation of state, undermin-
ing physical consistency across variables [26]. Single-scale
temporal modeling is inadequate for dynamics spanning
daily internal waves to seasonal–interannual variability [44].
Consequently, existing approaches either oversmooth high-
frequency signals, obscuring critical energy transfers, or
lack mechanisms for cross-scale information propagation,
leading to violations of conservation laws.

Recent advances address individual limitations without
achieving comprehensive solutions. GraphCast’s [25] icosa-
hedral mesh handles spherical topology, but it applies an
isotropic treatment that cannot model the scale separa-
tion between horizontal and vertical motions or the vor-
tical motions and stratification induced by latitudinal dy-

namics [45]. Pangu-Weather [3] customizes a multivariate
processing logic yet provides no explicit coupling mecha-
nisms tailored to ocean-specific constraints. Diffusion mod-
els generate probabilistic forecasts with realistic variability
[6, 28, 37, 48, 51]; however, standard formulations cannot
enforce physical consistency. No existing framework simul-
taneously preserves spherical geometry under anisotropic
dynamics, enables physically consistent cross-depth vari-
able coupling, and represents multi-scale temporal evolution
while maintaining conservation laws (Fig. 1 (c)).
To address these limitations, our contributions are:

• We propose PhyOceanCast, a physics-informed diffu-
sion model that unifies probabilistic global ocean fore-
casting with domain-specific constraints.

• We introduce a Spherical Graph Attention Network for
Multi-scale Ocean Coupling (SGAN-MOC) that en-
ables cross-variable interactions through heterogeneous
node encoding, performs adaptive spherical mapping,
and maintains information fusion through k-hop con-
strained attention mechanisms.

• We develop a Physics-informed Wavelet Temporal Co-
herence module (PWTC) that performs depth-variable
coupling, decomposes dynamics across frequency
scales, and applies learnable advection-diffusion opera-
tors to enforce conservation constraints. We generate
physically plausible ensemble forecasts via iterative
refinement guided by these representations.

• Extensive evaluation demonstrates PhyOceanCast’s
state-of-the-art performance, achieving a 13.7% RMSE
improvement for global forecasting of 145 variables at a
30-day lead time (Fig. 1 (b)). Ablation studies validate
each module’s effectiveness, while case studies confirm
that our model delivers highly accurate predictions with
strong physical consistency.

2. Related Work
Spatiotemporal prediction & Ocean Variable Coupling.
Spatiotemporal prediction has evolved from convolutional-
recurrent hybrids to transformer-based architectures, yet fails
to adequately model coupled oceanic variables. ConvL-
STM [38] and ConvGRU [39] pioneered spatial-temporal
integration, enabling direct processing of gridded ocean
fields. However, their local receptive fields cannot cap-
ture large-scale teleconnections in ocean circulation sys-
tems. SimVP [15] enhanced inference speed through pure
convolutional architectures, maintaining high accuracy via
Inception-based modules, while transformer-based models
[2, 6, 10, 14, 20] capture long-range dependencies. SwinL-
STM [41] advanced global dependency modeling by inte-
grating shifted window attention with recurrent structures.
3D-Geoformer [53] employs spatiotemporal-separated at-
tention mechanisms to establish multivariate relationships
unrestricted by spatial and temporal distance. Beyond deter-
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ministic approaches, recent diffusion models [9, 19, 23, 32]
have been applied to natural system modeling and predic-
tion, including DiffCast [48] and SEEDS [27]. Despite these
architectural advances, existing methods treat temperature,
salinity, and velocity as independent variables, fundamen-
tally violating the equation of state governing ocean dynam-
ics. While WenHai [7] partially addresses coupling through
bulk formula integration and tendency-based prediction, it
lacks explicit cross-variable attention mechanisms necessary
for modeling density-driven circulation and thermohaline
processes that couple ocean layers across depth [26].
Spherical Geometry Preservation. Planar projections in-
troduce catastrophic distortions for global ocean modeling,
with equirectangular grids causing 5-fold area variations be-
tween equator and poles [13, 47]. Spherical CNNs [22, 36]
maintain SO(3) equivariance through spectral convolutions
in spherical harmonic space, eliminating projection artifacts
entirely. GraphCast [25] demonstrates practical scalabil-
ity using multi-resolution icosahedral meshes: learned edge
features capture geodesic relationships, and hierarchical mes-
sage passing connects local eddies to large-scale circulation.
However, most spherical methods assume isotropic dynam-
ics, failing to accommodate the ocean’s inherent anisotropy,
critically limiting accurate representation of baroclinic insta-
bilities and vertical mixing processes [44, 52].
Multi-scale Dynamics Representation. Existing spatiotem-
poral prediction models incorporate dynamics decomposi-
tion. PhyDNet [16] embeds partial differential equation
(PDE) constraints into the recurrent hidden state. Video
Swin Transformer [29] hierarchically decomposes tempo-
ral patterns through a pyramid architecture, while SVQ [5]
introduces vectorization techniques to spatiotemporal pre-
diction. U-RNN [4] approximates complex fluid dynamics
through pattern recognition. However, ocean dynamics fun-
damentally involve nonlinear cross-scale interactions: in-
ternal waves exhibit short-term oscillations [8], mesoscale
eddies persist for months [18], and thermohaline circulation
spans centuries [42]. Current architectures either smooth
high-frequency variability or fail to propagate information
across temporal scales, precluding accurate representation
of the critical energy transfers that shape ocean circulation.

3. Task Definition
We formulate ocean variable forecasting as a probabilistic
spatiotemporal prediction problem. Given a sequence of
historical ocean states at times t− 2 and t− 1, denoted as
Xt−2,Xt−1 ∈ RV×H×W , the task is to predict the future
ocean state Xt, where V = 145 represents the total number
of ocean variables (detailed in App. 7).

Following the diffusion-based forecasting paradigm,
we model the conditional probability distribution
p(Xt|Xt−1,Xt−2) through a second order Markov
assumption. The model learns to predict the residual

representing the state transition as rt = Xt −Xt−1, where
rt denotes the residual between consecutive time steps.

During training, we corrupt the target residual rt with
noise ϵ ∼ N (0, σ2I) to obtain the noisy residual r̃t = rt +
σϵ, and train a denoiser Dθ to recover the clean residual:

L = Eσ,ϵ

[
λ(σ)

∑
v∈V

∑
i∈G

wv,d(v) · ai·

∥Dθ(r̃t;Xt−2,Xt−1,F , τt−2, τt−1, σ)− rt∥2
]
, (1)

where F denotes external forcing terms, τt−i encodes
the temporal position of state Xt−i within the annual cy-
cle, wv,d(v) represents depth-dependent weights for vari-
able v at depth d(v) following oceanographic principles,
ai denotes the area weight for grid cell i accounting for
latitude-dependent grid distortion, and λ(σ) is the noise-
level-dependent loss weight (detailed in App. 8).

4. The Proposed PhyOceanCast
4.1. Overall Framework
The architecture of the proposed PhyOceanCast is illus-
trated in Fig. 2. PhyOceanCast employs a physics-informed
diffusion framework that predicts ocean state evolution
through residual learning with a second order Markov roll-
out strategy. The model integrates two complementary mod-
ules: Spherical Graph Attention Network for Multi-Scale
Ocean Coupling (SGAN-MOC) that preserves spherical
topology with anisotropic characteristics while enabling
physics-aware cross-variable interactions (Sec. 4.2), and
Physics-Informed Wavelet Temporal Coherence (PWTC)
that captures depth-coupled interactions while decompos-
ing ocean dynamics across multiple temporal scales through
advection-diffusion constraints (Sec. 4.3).

4.2. SGAN-MOC
1. Heterogeneous Variable Encoding. Ocean variables
exhibit distinct physical characteristics and variability across
depths and scales. To capture these heterogeneities, SGAN-
MOC employs variable-specific encoding strategies that pre-
serve the signatures of each oceanographic quantity.

Each ocean variable is processed through an independent
encoder, which is mathematically formulated as:

ℏ(v,i)θ = Ev(X(v)
t−i) v ∈ {1, ..., V }, i ∈ {1, 2}, (2)

where Ev denotes the variable-specific encoder for variable
v, and X

(v)
t−i ∈ RH×W represents the spatial field of vari-

able v at time t − i. The heterogeneous encoding ℏ(v,i)θ

captures variable-specific features through cascaded convo-
lutional layers with progressively increasing receptive fields,
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Figure 2. PhyOceanCast architecture overview. The model predicts ocean state evolution through residual learning with second order
Markov roll-out strategy (top-left) and iterative diffusion refinement (top-right). Given previous states Xt−1 and Xt−2 as conditions with
Time Encoder providing intra-annual temporal positioning, these inputs are fed into SGAN-MOC and PWTC modules: SGAN-MOC
preserves spherical topology while enabling physics-aware cross-variable interactions, and PWTC enables depth-coupled variable interactions
while decomposing ocean dynamics across multiple temporal scales with advection-diffusion constraints. The pipeline generates residual rt
through reverse denoising, producing future ocean state Xt.

enabling the extraction of multi-scale oceanic patterns from
mesoscale eddies to basin-wide circulation.

To incorporate earth’s spherical geometry and account
for latitude-dependent dynamics, we augment the encoded
features with a sinusoidal geographic positional encoding
PE(p)

geo for p ∈ lat, lon. This encoding is computed by con-
catenating sine and cosine transforms of each coordinate. It
provides fine-grained positional cues for resolving mesoscale
features and coarse-grained patterns essential for large-scale.

The final heterogeneous variable representation combines
the encoded features with positional information:

Fv = ℏ(v,1)θ + ℏ(v,2)θ + α · (PElat
geo ⊕PElon

geo), (3)

where ⊕ denotes the addition operation, and α is a learnable
scaling factor. This encoding scheme enables the model to
learn variable-specific patterns while maintaining awareness
of spatial context crucial for accurately representing ocean
dynamics that vary significantly with latitude due to Coriolis
effects and meridional heat transport [12].
2. Adaptive Spherical Aggregation. To preserve spheri-
cal topology while enabling efficient multi-scale processing,
SGAN-MOC constructs an icosahedral mesh that approxi-
mates the earth’s spherical surface without the distortions

inherent in planar projections. Following GraphCast [25],
we initialize a regular icosahedron and recursively subdivide
it through multiple levels of refinement.

The icosahedral mesh refinement process is formulated:

M(l+1) = {v′ | v′ = projS2(
vi + vj

2
),∀(vi, vj) ∈ E(l)}∪M(l),

(4)
where E(l) denotes the edge set at refinement level l, and
projS2 projects vertices (vi, vj) onto the unit sphere.

To establish connectivity between the regular grid and
icosahedral mesh, we define the bidirectional mapping
through geodesic proximity. For each grid point pg, we
identify connected mesh nodes:

Ψ(pg) = {mi ∈ M : dgeo(pg,mi) < r}, (5)

where dgeo denotes the great circle distance and r represents
the connectivity radius in radians.

The adaptive aggregation from grid features Fv (Eq. (3))
to mesh nodes employs:

Hm =

∑
g:m∈Ψ(pg)

ŵgm · F(g)
v∑

g:m∈Ψ(pg)
ŵgm

, (6)

23655



where Fv(g) denotes the heterogeneous variable features
at grid point g, and the adaptive weights ŵgm are derived
from geodesic distances. This adaptive aggregation scheme
preserves the advantages of both representations: the reg-
ular grid maintains compatibility with observational data,
whereas the icosahedral mesh enables uniform processing
across latitudes. Subsequently, spherical-domain features
undergo k-hop attention to facilitate feature interaction, fol-
lowed by equal-area barycentric interpolation to aggregate
features on the sphere, after which the results are mapped
back to update the grid representation.

4.3. PWTC
1. Multi-scale Wavelet Decomposition. Ocean dynam-
ics span multiple temporal scales from short-term internal
waves [8] to seasonal-interannual climate oscillations [42].
PWTC employs a hierarchical decomposition strategy com-
bining spectral analysis in the frequency domain with
wavelet transforms to capture these multi-scale interactions
while preserving energy cascades across scales.

Temporal scale separation. Given the temporal input
sequence, the module performs spectral decomposition to
isolate periodic ocean signals:

Ŝ(ωh, ωw) =

∫ ∫
Xt(h,w)e

−2πi(ωhh+ωww)dhdw, (7)

where Xt ∈ RC×H×W represents the temporal ocean fea-
tures at time t, with (h,w) are spatial coordinates over height
H and width W .

Following spectral analysis, multi-scale wavelet decom-
position is applied to the inverse-transformed signal:

{AL, {DH
j ,D

V
j ,D

D
j }Lj=1} = DWT3D(F−1{Ŝt}Tt=1, ψ),

(8)
we jointly apply DWT3D to the hetero-temporal slices
{Ŝt}Tt=1 from Eq. (7), where F−1 denotes the inverse
Fourier transform, ψ represents the Daubechies-4 wavelet
basis, AL is the approximation coefficients at the coarsest
scale L, and {DH

j ,D
V
j ,D

D
j } are the horizontal, vertical,

and diagonal detail coefficients at scale j.
Each scale is processed through dedicated networks:

Hj = Gj([AL,D
H
j ,D

V
j ,D

D
j ]), (9)

where Gj learns scale-specific ocean dynamics across de-
composition levels.

Coriolis force incorporation. The rotation of Earth
fundamentally influences ocean dynamics through latitude-
dependent Coriolis effects, which is computed as:

f(ϕ) = 2Ω sin(ϕ), (10)

where Ω = 7.2921× 10−5 rad/s is Earth’s rotation rate and
ϕ is latitude. The Coriolis encoding is integrated as:

Hcoriolis = Hj + β · f(ϕ)⊙Mvelocity, (11)

where β is a learnable scaling factor and Mvelocity identifies
velocity components.
2. Depth-Coupled Attention Mechanism. Ocean vertical
structure exhibits strong stratification with distinct dynami-
cal regimes from mixed layer to deep ocean. PWTC incorpo-
rates a depth-coupled attention mechanism to model vertical
mixing processes and inter-layer energy transfers that are
crucial for heat transport and circulation dynamics.

Vertical mixing between adjacent layers is modeled
through depthwise convolutions that capture the exchange
processes across four depth-varying variables (temperature,
salinity, and velocity components) over 36 depth levels:

Md = Conv1Ddepth(X
(v,d)
t ), (12)

where X
(v,d)
t represents variable v at depth d.

To capture non-local vertical interactions such as con-
vective plumes and internal wave propagation, the module
employs multi-head attention across depth levels. Each depth
level is assigned a learnable embedding:

Ed = ed + PEdepth(d) d ∈ {1, ..., 36}, (13)

where ed is a trainable depth embedding and PEdepth encodes
the exponential decay of variability with depth.

The depth-coupled attention computes cross-layer inter-
actions. The formal calculation process is as follow:

Aij = softmax
(
(Mi +Ei)(Mj +Ej)

T

√
dk

)
, (14)

where i, j index depth levels and dk is the key dimension.
This attention pattern reveals the learned vertical coupling
structure, showing strong interactions within the thermocline
and between surface and subsurface layers.

The attended features aggregate information across depths
while preserving layer-specific characteristics:

Hdepth = M+ γ ·
36∑
j=1

AijMj , (15)

where γ is a learnable gating parameter that controls the
contribution of non-local vertical interactions.

This depth-coupled attention mechanism enables PWTC
to capture critical vertical processes including wind-driven
mixing in the surface layer, thermocline ventilation, and the
vertical propagation of internal waves.
3. Advection-Diffusion Constraint Temporal Evolution.
Ocean transport is fundamentally governed by the advection-
diffusion equation, which describes how ocean properties
evolve under fluid motion and mixing. PWTC incorporates
these physical constraints directly into the temporal evolu-
tion module, ensuring predictions respect conservation laws
while enabling cross-scale feature fusion.

23656



The module receives multi-scale features from both
wavelet decomposition and depth-coupled attention, which
are combined through element-wise addition: Hcombined =
Hcoriolis +Hdepth. The combined features are then processed
by a stack of ConvGRU blocks equipped with temporal po-
sitional encodings derived from τt−1 and τt−2, while the
ConvGRU hidden states encode temporal evolution.

To enforce advection-diffusion physics, the module mod-
els the governing equation, which can be expressed as:

∂Φ

∂t
= −u · ∇Φ︸ ︷︷ ︸

advection

+ κ∇2Φ︸ ︷︷ ︸
diffusion

+ S︸︷︷︸
source/sink

, (16)

where u is the velocity field, κ is the diffusivity coefficient,
and S represents sources and sinks.

Leveraging the ConvGRU hidden states HConvGRU, we
learn operators corresponding to the advection, diffusion,
and source/sink terms of the advection–diffusion equation,
yielding physics-informed features Fphys. We implement
these operators as learnable convolutional kernels and adap-
tively weight them to accommodate different ocean regimes.
After applying physics constraints, pyramid-scale fusion gen-
erates the FPWTC, and a subsequent linear layer produces
the final output, product a comprehensive temporal repre-
sentation that captures both fast surface dynamics and slow
abyssal circulation.

5. Experiments
Datasets. We conduct experiments on the GLORYS12V1
reanalysis dataset [21], which we resample from its native
1/12° resolution to 1°. From this dataset, we select five crit-
ical ocean variables: sea surface height (zos) as a surface
variable, and four depth-resolved variables including poten-
tial temperature (thetao), salinity (so), eastward velocity (uo),
and northward velocity (vo) across 36 depth levels from sur-
face to 1062m. We use data from 1993-2018 for training,
2019 for validation, and 2020 for testing. Detailed in App. 7
Implementation Details. We train each model justly on
6 NVIDIA H800 GPUs with a total batch size of 6 for 1K
epochs. We employ the AdamW optimizer [30] with an
initial learning rate of 1e−3 and weight decay of 1e−2. The
learning rate uses warmup followed by square root decay.
We apply dropout with probability 0.13 and maintain an
EMA for stable inference. All experiments are implemented
in PyTorch with DDP training, which takes 700–1500 total
GPU-hours for the global models. More detailed in App. 10
Evaluation. For comprehensive evaluation, we adopt mul-
tiple metrics. Root Mean Square Error (RMSE) mea-
sures point-wise accuracy, while latitude-weighted accuracy
(ACClat) accounts for spherical geometry (detailed in App.
9). Pearson correlation captures the linear relationship be-
tween predictions and ground truth, and Structural Similarity
Index (SSIM) evaluates spatial pattern preservation.

Quantitative Results. We compare our method with sev-
eral state-of-the-art spatiotemporal prediction and weather
forecasting models: ConvLSTM [38], ConvGRU [39],
SimVP [15], Video Swin Transformer [29], SwinLSTM [41],
3D-Geoformer [53], GraphCast [25], DiffCast [48], Mam-
baOut [49], SVQ [5] and U-RNN [4]. These baselines cover
various architectural paradigms. As shown in Tab. 1, Phy-
OceanCast achieves superior performance across all forecast-
ing tasks at different lead times. Video Swin Transformer
obtains the most second-best results, validating why many
current networks [7] adopt it as their backbone model. How-
ever, such deterministic models cannot model stochastic
natural processes from limited initial conditions, and planar
convolutions cannot accommodate International Date Line
discontinuities [11, 36, 46]. While U-RNN, GraphCast and
3D-Geoformer are specifically tailored for environmental
forecasting tasks, they still exhibit error accumulation at 30-
day lead time. In contrast, benefiting from PhyOceanCast’s
progressive denoising optimization capability, our model
maintains robust performance. Notably, while DiffCast em-
ploys a diffusion model as its backbone, it shows substantial
errors without physics guidance, further highlighting Phy-
OceanCast’s ability to capture physical ocean dynamics. The
comparison of skill scores are detailed in App. 12.

As shown in Fig. 3, for the 10-day lead time, RMSE
profiles across depth indicate that PhyOceanCast accurately
captures thermocline fluctuations in thetao, salinity variabil-
ity driven by precipitation–evaporation, and Ekman layer
changes in horizontal velocity components (uo, vo).
Qualitative Results. Fig. 5 presents the qualitative com-
parison of thetao predictions at 1.54m depth for October 8,
2020, with a 7-day lead time. Each panel displays the global
ocean temperature field with a magnified inset (green box)
highlighting the equatorial circulation region. SVQ benefits
from vectorization techniques and clearly identifies temper-
ature gradients, but fails to capture the underlying physical
patterns in large-scale ocean motions, producing fragmented
and physically inconsistent predictions. GraphCast and 3D-
Geoformer capture large-scale motions but smooth fine-scale
details. In contrast, PhyOceanCast successfully preserves
both large-scale circulation patterns and fine-scale oceanic
features, maintaining sharp temperature gradients and coher-
ent eddy structures that are consistent with ocean dynam-
ics. SGAN-MOC maintains physical consistency of motions
across latitudes, PWTC performs scale decomposition of
oceanic phenomena while enforcing diffusion-advection con-
straints, fitting temporal evolution. This physics-constrained
approach, combined with the diffusion model’s denoising
optimization capability, further enhances PhyOceanCast’s
ability to capture physical ocean dynamics.
Case Studies. Case studies demonstrate our model’s ability
to learn physical ocean patterns. As shown in Fig. 4c, the
visualization depicts the Eastern Mediterranean during an
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Table 1. Quantitative comparison on global ocean forecasting. Best results are in bold, second best are underlined.

METHOD VENUE
LEAD TIME 3 DAY AVG. LEAD TIME 7 DAY AVG.

RMSE↓ MAE↓ ACClat↑ Pearson↑ SSIM↑ RMSE↓ MAE↓ ACClat↑ Pearson↑ SSIM↑
ConvLSTM [38] [NeurIPS’15] 0.6940 1.8010 0.9669 0.9811 0.9808 1.0735 3.0096 0.9318 0.9615 0.9561
ConvGRU [39] [NeurIPS’17] 0.6534 1.7488 0.9733 0.9846 0.9833 1.0261 2.9615 0.9415 0.9667 0.9600
SimVP [15] [CVPR’22] 0.5503 1.4909 0.9834 0.9902 0.9893 0.9024 2.6636 0.9578 0.9754 0.9696
SwinLSTM-B [41] [ICCV’23] 0.7005 1.8150 0.9694 0.9822 0.9818 1.0989 3.0603 0.9354 0.9631 0.9576
SwinLSTM-D [41] [ICCV’23] 0.6902 1.7908 0.9685 0.9819 0.9814 1.0793 3.0356 0.9309 0.9610 0.9568
MambaOut-T [49] [CVPR’25] 0.6942 1.8013 0.9668 0.9809 0.9807 1.0739 3.0105 0.9314 0.9613 0.9558
MambaOut-S [49] [CVPR’25] 0.6940 1.8011 0.9670 0.9812 0.9809 1.0737 3.0104 0.9315 0.9614 0.9560
MambaOut-B [49] [CVPR’25] 0.6939 1.8010 0.9669 0.9811 0.9808 1.0736 3.0101 0.9317 0.9615 0.9561
Video Swin Transformer [29] [CVPR’22] 0.5358 1.4399 0.9841 0.9907 0.9901 0.8899 2.5806 0.9604 0.9769 0.9713
3D-Geoformer [53] [Science Advances’23] 0.5433 1.4687 0.9838 0.9904 0.9898 0.8863 2.6062 0.9606 0.9770 0.9714
SVQ [5] [SIGKDD’25] 0.6575 2.0151 0.9780 0.9875 0.9868 1.2077 4.0585 0.9418 0.9668 0.9591
U-RNN [4] [Journal of Hydrology’25] 0.6872 1.8038 0.9677 0.9677 0.9812 1.0658 3.0335 0.9320 0.9618 0.9565
GraphCast [25] [Science’23] 0.6003 1.6219 0.9778 0.9870 0.9874 1.0509 3.0443 0.9418 0.9658 0.9648
DiffCast (10 members) [48] [CVPR’25] 0.7325 2.1714 0.9645 0.9794 0.9766 0.9501 2.8989 0.9181 0.9526 0.9447

PhyOceanCast (Ours, 10 members) [CVPR’26]
0.4558

(+17.55%)
1.3098

(+9.93%)
0.9869

(+0.28%)
0.9912

(+0.05%)
0.9916

(+0.15%)
0.7205

(+23.01%)
2.1189

(+21.78%)
0.9647

(+0.42%)
0.9794

(+0.24%)
0.9767

(+0.54%)

METHOD VENUE
LEAD TIME 15 DAY AVG. LEAD TIME 30 DAY AVG.

RMSE↓ MAE↓ ACClat↑ Pearson↑ SSIM↑ RMSE↓ MAE↓ ACClat↑ Pearson↑ SSIM↑
ConvLSTM [38] [NeurIPS’15] 1.2263 3.1505 0.8912 0.9394 0.9261 1.3443 2.8909 0.8561 0.9200 0.8976
ConvGRU [39] [NeurIPS’17] 1.1965 3.1574 0.8956 0.9413 0.9295 1.3566 2.9885 0.8387 0.9079 0.8954
SimVP [15] [CVPR’22] 1.1098 2.9723 0.9151 0.9506 0.9368 1.2787 2.8497 0.8617 0.9180 0.8979
SwinLSTM-B [41] [ICCV’23] 1.2701 3.2260 0.8932 0.9415 0.9272 1.3948 2.9747 0.8546 0.9196 0.8978
SwinLSTM-D [41] [ICCV’23] 1.2578 3.2388 0.8787 0.9322 0.9252 1.4144 3.0486 0.8262 0.9004 0.8946
MambaOut-T [49] [CVPR’25] 1.2266 3.1519 0.8905 0.9390 0.9260 1.3451 2.8936 0.8541 0.9190 0.8975
MambaOut-S [49] [CVPR’25] 1.2267 3.1523 0.8902 0.9388 0.9261 1.3453 2.8943 0.8532 0.9183 0.8974
MambaOut-B [49] [CVPR’25] 1.2265 3.1516 0.8909 0.9392 0.9260 1.3452 2.8939 0.8550 0.9193 0.8973
Video Swin Transformer [29] [CVPR’22] 1.0931 2.8794 0.9215 0.9549 0.9404 1.2632 2.7769 0.8713 0.9260 0.9034
3D-Geoformer [53] [Science Advances’23] 1.0971 2.9416 0.9193 0.9533 0.9385 1.3228 2.9766 0.8622 0.9187 0.8929
SVQ [5] [SIGKDD’25] 1.7927 5.5452 0.8655 0.9213 0.9016 2.5322 6.6601 0.7877 0.8696 0.8401
U-RNN [4] [Journal of Hydrology’25] 1.2183 3.2009 0.8893 0.9381 0.9260 1.3414 2.9705 0.8463 0.9127 0.8958
GraphCast [25] [Science’23] 1.3935 3.6417 0.8829 0.9297 0.9289 1.7577 3.8348 0.8177 0.8860 0.8857
DiffCast (10 members) [48] [CVPR’25] 1.8806 6.5412 0.8339 0.8986 0.8942 4.8514 12.4560 0.6131 0.6922 0.7664

PhyOceanCast (Ours, 10 members) [CVPR’26]
0.9677

(+12.95%)
2.6639

(+8.08%)
0.9289

(+0.79%)
0.9564

(+0.15%)
0.9479

(+0.79%)
1.1109

(+13.70%)
2.5139

(+10.46%)
0.9023

(+3.34%)
0.9431

(+1.81%)
0.9293

(+2.78%)
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Figure 3. Depth-resolved RMSE comparison across different ocean variables at lead time 10 day. we evaluate PhyOceanCast against
baseline models for (a) sea water potential temperature (thetao, °C), (b) sea water salinity (so, PSU), (c) eastward velocity (uo, m/s), and (d)
northward velocity (vo, m/s) as a function of depth (log scale).

extreme marine heatwave, and PhyOceanCast accurately re-
produces the spatial extent and intensity of the warm water
mass. Furthermore, we select the Brazil–Malvinas Conflu-
ence region (black rectangle), one of the most dynamically
complex oceanic areas owing to the collision of the warm
Brazil Current with the cold Malvinas Current. Figs. 4d
and 4e show forecast-error maps for zos; error magnitudes
remain below 0.2 m, demonstrating PhyOceanCast’s robust-
ness in complex ocean dynamics. Fig. 4f presents the tem-
poral evolution of the spatial correlation coefficient between
PhyOceanCast predictions and ground truth over a 20 day
forecast horizon. The correlation stays above 0.6 until day
18, indicating strong forecast skill retention.
Abliatioin and Hyperparameters Studies. We conduct
extensive ablation and hyperparameter studies, demonstrat-

ing the model’s capacity to capture the stochastic nature of
ocean dynamics and validating the effectiveness of each mod-
ule. As shown in Fig. 4a, the results reveal that our PWTC
captures inter-layer coupling patterns, which is crucial for ac-
curately predicting states across different stratified layers, in-
cluding thermocline and halocline. As shown in Fig. 4b, we
evaluate model performance with varying ensemble member
sizes and conduct ablation experiments. Multiple ensemble
members effectively quantify prediction uncertainty. The
ablation studies demonstrate that SGAN-MOC effectively
models relationships between heterogeneous variables, while
PWTC, through physics-based constraints and scale decom-
position, enhances the physical consistency of forecasts over
continuous time. More detailed analyses in the App. 11.
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Ocean Depth Coupling Pattern - Inter-layer Connections

Ocean Layers
Epipelagic (0-25m)
Upper Thermocline (25-65m)
Lower Thermocline (65-200m)
Intermediate Water (200-540m)
Deep Water (540-1062m)

(a) Visualization of depth-coupled attention
weights across ocean layers. The chord diagram
illustrates inter-layer coupling patterns learned
by the Depth-Coupled Attention mechanism in
PWTC module. The learned attention patterns
reveal strong cross-layer interactions, particularly
between thermocline regions and adjacent layers,
demonstrating the model’s ability to capture verti-
cal mixing processes and stratification dynamics
essential for accurate ocean state prediction.
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(b) Ablation and hyperparameter studies at lead
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Figure 4. Comprehensive analysis of PhyOceanCast. (a) Ocean depth coupling pattern showing inter-layer connections across five
depth zones. (b) Ablation and hyperparameter studies at lead time 7 day. Case Study 1: East Mediterranean heatwave event. (c) Surface
temperature prediction on 2020-05-22. Case Study 2: Brazil-Malvinas Confluence region. (d-e) zos prediction errors at lead time 1 day and
3 day. (f) Long-range forecast skill retention in the Brazil-Malvinas Confluence region.
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Figure 5. Qualitative comparison of thetao on 2020-10-08 at 1.54m with 7-day lead time (conditioned on 2020-09-30 and 2020-10-01).

6. Conclusion and Limitations

We propose PhyOceanCast, a physics-informed diffusion
model for global ocean forecasting. PhyOceanCast mod-
els ocean dynamics on the sphere using a Spherical Graph
Attention Network with heterogeneous encoders, enabling
multi-scale ocean coupling. It further incorporates a Physics-
Informed Wavelet Temporal Coherence module to analyze

multi-scale dynamics and promote temporal coherence in
forecasts. Extensive experiments across multiple lead times
validate the accuracy of PhyOceanCast, offering a new ap-
proach to forecasting ocean state variables.

The presence of landmasses introduces spatial discon-
tinuities in ocean states, reducing the number of effective
training samples. In the future, we will focus on accelerating
training and extracting high quality features from data.
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