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Key Points:8

• We develop a generative data assimilation method to estimate sea surface height,9

temperature, salinity, and currents from satellites.10

• By training a diffusion model on high-resolution ocean model simulations, we en-11

sure state estimation with realistic dynamics across scales.12

• Our method skillfully predicts surface currents and frontal scale salinity in an un-13
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Abstract15

Estimating the surface ocean state at mesoscale eddy-resolving scales is essential for un-16

derstanding the role of eddies in climate and marine ecosystems. Satellites provide multi-17

modal observations through sea surface height, temperature (SST), and salinity (SSS).18

However, each variable is observed with varying resolutions and sparsity, while some vari-19

ables, such as surface currents, are not yet observed by satellites. All these variables must20

be accurately reconstructed across scales to study eddy dynamics. Dynamical data as-21

similation (DA) struggles to accurately reconstruct eddies since, to respect the equations22

of motion, it must reconstruct both the surface and interior ocean state, but the inte-23

rior is sparsely observed. Relaxing this requirement and focusing only on the surface could24

improve surface state estimation, but a new method is required to ensure reconstructions25

remain physically realistic. Here, we introduce a score-based generative data assimila-26

tion (GenDA) framework for jointly reconstructing key surface ocean variables at eddy-27

resolving scales from multi-modal satellite observations. GenDA uses a two-stage approach:28

training a score-based diffusion model on a simulation to generate realistic ocean states29

before employing this as a Bayesian prior to assimilate sparse observations and gener-30

ate state estimates. The learned diffusion prior leads to coherence between variables and31

realism across scales. By synergizing low-resolution SSS with high-resolution SST ob-32

servations, GenDA improves the SSS resolution. Remarkably, GenDA can infer unob-33

served surface currents using only satellite observables, suggesting the learned prior en-34

codes physical relationships between variables. Applied to real observations, GenDA demon-35

strates strong generalizability compared to regression-based deep learning and outper-36

forms state-of-the-art dynamical DA.37

Plain Language Summary38

Oceans play a key role in climate and marine ecosystems, with swirling currents39

called eddies shaping the transport of heat and nutrients. Satellites help track the ocean’s40

surface by measuring temperature, salinity, and sea level, but each measurement has large41

gaps or low resolution. Surface currents, which are crucial for understanding ocean dy-42

namics, are not yet directly observed by satellites. Traditional methods that combine43

observations with physics-based models struggle to reconstruct these small-scale features44

because they must also estimate the deeper ocean, which is sparsely observed. We pro-45

pose a new approach, called Generative Data Assimilation (GenDA), which uses diffu-46

sion models – a type of artificial intelligence (AI) model used widely for image genera-47

tion - to improve surface ocean state estimates. First, a diffusion model is trained on sim-48

ulated ocean data to learn realistic patterns. Then, this knowledge helps combine sparse49

satellite observations into high-resolution reconstructions of the ocean’s surface. GenDA50

enhances low-resolution salinity observations and even infers unobserved surface currents,51

suggesting it has learned key physical relationships from the simulation. When tested52

on real-world observations, GenDA outperforms both traditional physics-based meth-53

ods and other AI techniques. This approach could lead to better high-resolution surface54

ocean monitoring from space.55

1 Introduction56

1.1 Background & Motivation57

1.1.1 Conventional Methods for Surface Ocean State Estimation58

Estimating the dynamical state of the surface ocean at sufficiently high resolution59

to resolve mesoscale eddies and their associated fronts and filaments (‘eddy-resolving’60

hereafter) is fundamental for research into air-sea fluxes (Rai et al., 2021; Seo et al., 2023),61

vertical ocean heat transfer (Siegelman et al., 2020), and the influence of eddies on ma-62

rine ecosystems (Lévy et al., 2018; Zhang et al., 2019). A large volume of surface ocean63
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observations come from satellites that observe sea surface height (SSH), sea surface tem-64

perature (SST), and sea surface salinity (SSS). Each variable is observed at varying res-65

olutions and with often large spatial and/or temporal gaps between satellite passes or66

due to cloud occlusion (Figure 1). In the case of SSH, the sampling is particularly sparse,67

with only point-wise measurements along satellite tracks typically separated by tens to68

hundreds of kilometers in space and days to weeks in time. The recent launch of the first69

wide-swath satellite altimeter, SWOT (Fu et al., 2024), now provides groundbreaking70

2D snapshots of SSH, but its 21-day orbital return time still leaves large spatiotempo-71

ral gaps (Archer et al., 2025). Other dynamical variables, such as surface currents re-72

main entirely unobserved by satellites and must thus be inferred either from sparse in73

situ observations or indirectly from SSH. The proposed ODYSEA mission could in fu-74

ture help to address this crucial gap in the satellite observing system (Torres et al., 2023).75

Estimating the dynamical state of the surface ocean, defined here as the 2D SSH, SST,76

SSS, and surface current velocity fields from sparse multi-modal satellite observations77

(SSH, SST, & SSS) is hereafter referred to as ‘surface ocean state estimation’. While re-78

cent studies have developed approaches to reconstruct single variables at eddy-resolving79

scales (e.g. Martin et al. (2024b)), eddy-resolving surface ocean state estimation requires80

jointly reconstructing SSH, SST, SSS, and surface currents while maintaining dynam-81

ical consistency between variables across scales. This is beyond the current capabilities82

of both dynamical and novel data-driven approaches and in this study we seek to ad-83

dress this.84

One approach to state estimation is to assimilate observations, both satellite and85

in situ, into an ocean general circulation model (GCM) using data assimilation. By lever-86

aging a GCM in the state estimation process, data assimilation ensures the reconstructed87

state satisfies the equations of motion for ocean dynamics while minimizing the misfit88

to observations. In order to satisfy the equations of motion, GCM data assimilation must89

reconstruct the full 3D ocean state rather than just surface fields. This requires in situ90

observations to constrain the ocean interior, but in situ observations are significantly more91

sparse than satellite observations of the surface, leading to suboptimal surface state es-92

timation. The highest-resolution global data assimilation products (e.g. GLORYS 12 (Lellouche93

et al., 2021)) do not yet accurately resolve mesoscale eddies, showing high errors when94

compared to satellite observations of SSH or SST compared to statistical approaches like95

objective analysis (Lellouche et al., 2021). Additionally, performing data assimilation with96

ocean GCMs of sufficiently high resolution to fully resolve ocean eddy dynamics is com-97

putationally prohibitive. For instance, the 1/12◦ GCM used in GLORYS 12 is too coarse98

to resolve submesoscale dynamical processes that can affect the formation and evolution99

of mesoscale eddies (Taylor & Thompson, 2023). These challenges are circumvented by100

data assimilation schemes for idealized, single-layer models of surface ocean dynamics101

(Le Guillou et al., 2021, 2023, 2024); however, such idealized models by design make strin-102

gent assumptions about ocean dynamics that do not hold in general in the real world.103

Due to the limitations of dynamical data assimilation, most state-of-the-art grid-104

ded satellite products are generated using statistical objective analysis methods, such105

as optimal interpolation (OI) (Bretherton et al., 1976). In OI, linear least squares es-106

timation predicts the missing SSH, SST, or SSS values in the gaps between observations107

based on a covariance model specified a priori. OI is a statistical method with no mech-108

anism to ensure the equations of motion are respected in the resulting state estimate,109

in contrast to DA. By relaxing the requirement to satisfy dynamical equations, and by110

focusing only on surface fields, OI achieves significantly smaller errors compared to in-111

dependent observations than DA. However, OI typically results in overly smooth and phys-112

ically unrealistic reconstructed fields, with inaccurate representations of mesoscale ed-113

dies (Ballarotta et al., 2019). Additionally, OI produces incoherent estimates across dif-114

ferent observables, with different effective resolutions for each observable, which are typ-115

ically each mapped separately. OI also cannot provide a mechanism for estimating vari-116

ables that were never observed, like surface currents. Consequently, surface currents are117
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Figure 1. Illustration of the available multi-modal satellite observations of the surface ocean

state. Satellite observations are available at both ‘Level 3’ (L3) and ‘Level 4’ (L4) processing

levels. L3 observations are before any interpolation, so are sparse but high-resolution, whereas

L4 has been interpolated to a gap-free grid, smoothing smaller scales (e.g. using objective analy-

sis). From left to right: L4 SSS from E.U. Copernicus Marine Service Information (CMEMS)

(2024e), L3 SST from E.U. Copernicus Marine Service Information (CMEMS) (2024a), L4

SST from Remote Sensing Systems (2017), L4 SSH from Martin et al. (2024a), and L3 SSH

from both nadir (E.U. Copernicus Marine Service Information (CMEMS), 2024b) and SWOT

(AVISO/DUACS, 2024) altimeters. Observations shown here are for 2024-04-05. The boxed re-

gion is the study region considered in our experiments.

usually derived from the OI-mapped SSH field under the assumption of geostrophy which118

holds only at mesoscale and larger (Le Traon et al., 1998; Taburet et al., 2019).119

1.1.2 Deep Learning Approaches: Observation Vs. Simulation Learn-120

ing121

In recent years, data-driven deep learning methods have been increasingly adopted122

in satellite oceanography to better resolve ocean eddies. Deep learning approaches seek123

to solve satellite oceanography inverse problems using deep neural networks trained on124

large quantities of either real or simulated ocean data. Applications considered by past125

studies include: high-resolution SSH mapping from satellite altimetry and SST (Fablet126

et al., 2021; Manucharyan et al., 2021; Buongiorno Nardelli et al., 2022; Beauchamp et127

al., 2022; Martin et al., 2023; Archambault et al., 2023; Fablet et al., 2023, 2024; Ciani128

et al., 2024; Febvre et al., 2024; Archambault, Filoche, Charantonis, Béréziat, & Thiria,129

2024; Archambault, Filoche, Charantonis, & Béréziat, 2024; Martin et al., 2024b), fill-130

ing in the gaps in high-resolution infrared SST observations caused by clouds (Agabin131
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et al., 2024; Goh et al., 2023; Fanelli et al., 2024), and inferring ageostrophic surface cur-132

rents from SSH/SST (Sinha & Abernathey, 2021; Fablet et al., 2023; Xiao et al., 2023;133

Fablet et al., 2024). A number of studies have demonstrated that deep learning provides134

an effective way to synergize multiple satellite observables to improve performance (Sinha135

& Abernathey, 2021; Buongiorno Nardelli et al., 2022; Martin et al., 2023; Fablet et al.,136

2023; Archambault et al., 2023; Fablet et al., 2024; Ciani et al., 2024; Martin et al., 2024b;137

Archambault, Filoche, Charantonis, Béréziat, & Thiria, 2024; Archambault, Filoche, Cha-138

rantonis, & Béréziat, 2024; Kugusheva et al., 2024). While there are differences between139

these past studies in terms of objective, training data, and neural network architecture,140

they typically share the same overarching framework: supervised learning is used to train141

a neural network to solve a certain class of satellite oceanography inverse problem for142

a given observing system.143

For certain satellite oceanography problems, neural networks can be trained directly144

on real-world observations without using synthetic data from GCM simulations in any145

way. For SSH mapping from nadir altimeters, it has been shown that the large volume146

of past real-world satellite SSH and SST observations is sufficient to train a neural net-147

work to map SSH at eddy-resolving scales (Martin et al., 2023; Archambault et al., 2023;148

Martin et al., 2024b; Archambault, Filoche, Charantonis, Béréziat, & Thiria, 2024), re-149

cently achieving state-of-the-art global SSH mapping (Martin et al., 2024b). However,150

these observation-only learning methods are only applicable to tasks for which there are151

sufficiently dense real-world observations of the target variable to construct a training152

dataset. This is unlikely to be the case for many surface ocean variables, for example ageostrophic153

surface currents which are only sparsely observed by drifters, or SSS which is only ob-154

served at relatively low resolution from satellites. Additionally, the sparsity and sensor155

noise in real-world observations mean observation-only learning typically results in re-156

constructions that are overly smooth compared to numerical simulations (e.g. Archambault,157

Filoche, Charantonis, Béréziat, and Thiria (2024)).158

To address the limitations of observation-only learning, a number of studies have159

proposed ‘simulation learning’ approaches where synthetic data from ocean GCMs is used160

during training. In these approaches, a neural network is typically trained in a super-161

vised regression setting, using pseudo-observations sampled from a GCM as inputs and162

the corresponding complete GCM target fields as ground truth labels (Beauchamp et al.,163

2022; Fablet et al., 2023; Febvre et al., 2024; Fablet et al., 2024; Agabin et al., 2024; Goh164

et al., 2023; Archambault, Filoche, Charantonis, Béréziat, & Thiria, 2024; Archambault,165

Filoche, Charantonis, & Béréziat, 2024). During inference, the trained network receives166

real-world observations and generates a state estimate that mirrors the characteristics167

of the GCM it was trained on (Febvre et al., 2024). Analogous to data assimilation, sim-168

ulation learning seeks to generate a state estimate with dynamics resembling that of a169

GCM. However, there is no explicit mechanism to ensure the equations of motion are170

respected, so simulation learning does not ensure dynamical consistency in as strict a171

sense as dynamical data assimilation.172

While simulation learning approaches are a promising avenue for surface ocean state173

estimation, the supervised regression framework described above has a number of lim-174

itations:175

1. Even subtle discrepancies between the pseudo-observations and real-world obser-176

vations may propagate unpredictably through the network at inference. This of-177

ten requires fine-tuning on real-world data (Archambault, Filoche, Charantonis,178

& Béréziat, 2024), which is challenging for sparsely-observed variables like ageostrophic179

surface currents.180

2. Supervised regression seeks to predict a single state estimate that has the small-181

est average error (e.g. mean square error (MSE)). This induces a spectral bias where182
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the large-scale signals dominate the MSE, leading to overly-smooth predictions183

with artificially steep spectral slopes.184

3. Supervised regression typically provides no natural metric of uncertainty for the185

resulting state estimate.186

4. Supervised regression requires bespoke training for each observing system, neces-187

sitating computationally expensive re-training each time the input observing sys-188

tem or the GCM pseudo-observation sampling strategy is altered.189

Ideally, a deep learning method for surface ocean state estimation would address the above190

points. In addition, it would be desirable to obtain multi-variate surface state estimates191

where multiple variables are reconstructed jointly, preserving the dynamical consistency192

between variables across scales. This coherence between variables across scales is cru-193

cial for evaluating dynamical diagnostics such as eddy fluxes and frontogenesis rates.194

1.1.3 A Generative Deep Learning Approach to Simulation Learning195

Traditional data assimilation uses methods like Kalman filters or variational meth-196

ods that work well for linear systems but they struggle with highly nonlinear systems,197

high-dimensional data, and uncertainty in measurements. Diffusion models (Song & Er-198

mon, 2019; Karras et al., 2022; Croitoru et al., 2023) are generative deep learning mod-199

els that can naturally learn complex probability distributions of data, making them ideal200

for highly nonlinear systems, such as oceanic and atmospheric turbulence. Manshausen201

et al. (2024) recently highlighted the strong potential of generative data assimilation based202

on these diffusion models for reconstructing atmospheric weather from sparse observa-203

tions.204

To address the shortcomings of simulation learning approaches, in this study we205

explore the efficacy of generative diffusion models for surface ocean state estimation. Un-206

like in the regression formulation, generative models seek to model the full distribution207

of the training data, mapping from random latent vectors to ‘realistic’ examples from208

the desired distribution - see Buzzicotti (2023) for a review of generative models and their209

application to data reconstruction in complex flows. Diffusion models generate realis-210

tic examples by learning to reverse a prescribed forward process that degrades the data,211

typically through the addition of Gaussian noise. Applying the trained diffusion model212

to random noise fields then allows to generate realistic, but random, samples from the213

data distribution (Song & Ermon, 2019; Karras et al., 2022; Croitoru et al., 2023) (Sec-214

tion 2.1.1). For surface ocean state estimation, generative models could allow to retain215

fine-scale features and dynamical consistency between variables in the output by pro-216

ducing state estimates that ‘look like’ examples from the training distribution - in our217

case, multi-variate snapshots from high-resolution GCM simulations. The primary chal-218

lenge in using generative models for state estimation is controlling the output such that219

the ‘realistic’ samples generated correspond well to available observations. One approach220

is to use conditional diffusion models, where a model is trained to generate high-resolution221

examples conditioned on both random noise and a low-resolution degradation of the data222

(S. Wang et al., 2024; Han et al., 2024; Ghosh et al., 2024). However, this approach, like223

the supervised regression approach, requires careful design of training pairs such that224

the low-resolution data degradations are representative of the inputs available in the real225

world at inference. Instead, we here explore an approach that requires no generation of226

pseudo-observations from a GCM.227

Score-based data assimilation (also referred to here as ‘generative data assimila-228

tion’) overcomes the challenge of controlled generation in a way that decouples the neu-229

ral network training from the observing system using a two-stage strategy (Rozet & Louppe,230

2023a). First, an unconditional, score-based diffusion model is trained to generate re-231

alistic samples from a high-resolution training dataset (e.g. GCM output). Second, the232

generation procedure of the diffusion model is guided in a Bayesian manner using ob-233
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servations (with no re-training of the diffusion model) such that the output fits sparse234

or degraded observations while preserving the learned characteristics of the training data235

(Rozet & Louppe, 2023a, 2023b) (Section 2.1.2). Since the diffusion model is trained only236

on full model fields, the learned network weights are not specific to the observing sys-237

tem used at inference. Properties of the observing system are all encoded in the obser-238

vation operator used to guide the generation at inference (Section 2.1.3). This allows train-239

ing a single diffusion model then using it for inference with a wide range of observing240

systems with no additional re-training. Even when certain variables, like surface currents,241

are unobserved, the diffusion model still predicts them in a way that should remain dy-242

namically consistent through the learned relationships to the observed variables.243

Generative data assimilation was recently shown to be effective for producing 3km-244

resolution atmospheric state estimates from sparse weather station observations (Manshausen245

et al., 2024). Notably, Manshausen et al. (2024) demonstrated this method had promis-246

ing ‘channel synthesis’ capabilities that allowed estimating a completely unobserved vari-247

able (meridional winds) from observations of other atmospheric state variables with rea-248

sonable accuracy and qualitative physical realism. Channel synthesis is crucial in sur-249

face ocean state estimation since many quantities of interest (e.g. ageostrophic surface250

currents) are only sparsely observed by in situ platforms but have strong signatures on251

satellite observables like SSH, SST, and SSS (Sinha & Abernathey, 2021; Fablet et al.,252

2023, 2024).253

1.2 Our Contributions254

Here, we adapt and apply the generative data assimilation method (referred to as255

‘GenDA’ hereafter) developed for atmospheric reanalysis in Manshausen et al. (2024) to256

the closely-related problem of eddy-resolving surface ocean state estimation. We demon-257

strate that GenDA, trained on a GCM-based data assimilation product (GLORYS 12),258

is capable of solving realistic satellite oceanography inverse problems without bespoke259

training for each observing system.260

Using an observing system simulation experiment, we compare GenDA to a base-261

line supervised learning approach trained for one specific observing system. We build262

upon the observation operator used in Manshausen et al. (2024) by adding coarse-graining263

terms to allow incorporating information from existing low-resolution satellite SSH, SST,264

and SSS products (e.g. those created using OI), ensuring the accuracy at large scales of265

the GenDA state estimates. The method proposed here is the first deep learning approach,266

to our knowledge, that allows to jointly reconstruct the full surface ocean state vector267

(SSH, SST, SSS, and surface currents).268

Finally, we explore the ability of GenDA to generalize to real-world observations269

through an observing system experiment. We demonstrate that GenDA generalizes from270

simulation training to real-world inference better than a baseline supervised learning ap-271

proach, with lower errors and improved physical realism. The resulting GenDA real-world272

surface ocean state estimates preserve the dynamical characteristics of the simulation273

data used during training. GenDA’s generative formulation reduces the spectral bias in274

regression-based approaches, exhibiting realistic dynamics across scales. GenDA has sig-275

nificantly smaller errors against independent satellite observations than a state-of-the-276

art dynamical data assimilation system.277

2 Methods278

2.1 GenDA: Generative Data Assimilation279

We seek to estimate the 2D dynamical state of the surface ocean which we repre-280

sent using a state vector, x. Concretely, x here will be (SSH, SST, SSS, uageo, vageo) at281
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Figure 2. Schematic of the GenDA training phase. (a) Gap-free, multi-modal state vectors,

x, are taken from the simulation training data and Gaussian white noise, σ(t)z, at varying ampli-

tudes is added. (b) A de-noising neural network, D, is trained to map from noisy states, x+σ(t)z

to de-noised states, x̂(t), by minimizing MSE between x̂(t) and x.

each point on a regular 2D grid, where uageo and vageo are the ageostrophic components282

of the zonal and meridional surface current velocities respectively. Note, we reconstruct283

only the ageostrophic surface currents to focus GenDA on reconstructing currents not284

directly retrievable from SSH. We define the ageostrophic surface current to be the resid-285

ual between the total surface current and that predicted from SSH assuming geostrophic286

balance. To estimate x, we use potentially sparse or degraded (e.g coarse-grained or noisy)287

observations, y, which are the result of applying an observation operator, A, to the state288

vector,289

y = A(x). (1)

2.1.1 Score-Based Diffusion Models290

Diffusion models are a powerful class of generative deep learning models, trained291

to generate realistic examples drawn from a distribution of training data like natural im-292

ages or, in our case, snapshots from ocean GCM simulations. During training, a neural293

network, D, is trained to ‘de-noise’ examples from the training dataset by predicting the294

noise-free example from its noisy counterpart (Karras et al., 2022). In our case, D gives295
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a prediction, x̂(t), of the noise-free ocean state vector, x(t = 0), given its noisy coun-296

terpart, x+σ(t)z, where σ(t) is a variable noise amplitude, z is a unit variance Gaus-297

sian noise vector with the dimensions of x, and t is a ‘time’ axis along which the ampli-298

tude of the noise added varies from 0 at t = 0 to σmax at t = T (Figure 2a). D is trained299

by minimizing MSE between x̂(t) and x(t = 0) (Figure 2b).300
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Figure 3. Schematic of the GenDA inference phase. (a) A random state, xT , is mapped to a

state estimate, x0, through repeated observation-guided reverse time steps, reversing a forward

noise process (Section 2.1), along the diffusion ‘time’ axis from t = T (noise distribution) to t = 0

(learned data distribution). An ensemble of state estimates is generated by inputting different

random states, xT . (b) Within each reverse time step, the trained de-noising neural network, D,

is applied, predicting a de-noised state, x̂t, which is compared to observations, y, through the

observation operator, A. Combining the prior likelihood gradient from D, ∇x (p(xt)), with the

observation likelihood term, ∇x (p(y|x̂t)), a reverse time step is made using ∇x (p(xt|y)) to maxi-

mize the posterior likelihood. The weights of D are kept fixed throughout this process.

Given a trained de-noising neural network, D, new samples from the noise-free dis-301

tribution of x(t = 0) can be generated from random noise, x(t = T ). This is achieved302

by simulating the time reversal of an ordinary differential equation defined to gradually303

transform examples from the data distribution, x(t = 0), to random Gaussian noise,304

x(t = T ), when evolved forward in time305

dx

dt
= −σ̇(t)σ(t)∇xlog (p (x(t))) , (2)
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where the ‘time’ axis, t, varies from t = 0 (the data distribution) to t = T (Gaussian306

noise distribution with scale σmax), and σ̇ is the derivative of the noise amplitude sched-307

ule with respect to the diffusion time axis (Song & Ermon, 2019; Karras et al., 2022).308

The term ∇xlog (p (x(t))) is referred to as the ‘score function’ or ‘score network’ and rep-309

resents the gradient of the log-likelihood of x. The key to score-based diffusion models310

lies in recognizing that a well-trained de-noiser, D, can be used to approximate the score311

function in Equation 2 through (Karras et al., 2022)312

∇xlog (p (x(t))) =
D (x(t))− x(t)

σ(t)2
. (3)

Realistic (but random) ocean states, x(t = 0), can thus be generated by starting313

with random noise, x(t = T ), and solving Equation 2 backward in time from t = T314

to t = 0 using a finite difference discretization of the time axis and using the trained315

denoiser, D, to calculate the score function at each time step through Equation 3. This316

reverse time-stepping procedure updates the state, x(t), to maximize the likelihood p(x(t =317

0)) which is encoded in the trained score network (also referred to hereafter as the ‘dif-318

fusion prior’). See S.I. Text S3 for details on how we implement D as a neural network.319

2.1.2 Score-Based Data Assimilation320

While reverse time-stepping Equation 2 using the trained score function (Section321

2.1.1) provides a way to generate realistic ocean states, these states are random and are322

not related to any observations. Score-based data assimilation provides a way to con-323

trol the generation process to push the generated state, x(t = 0) to match the obser-324

vations, y (Rozet & Louppe, 2023a). Essentially, this framework seeks to replace the score325

function, ∇xlog (p (x(t))), with the corresponding gradient of the posterior log-likelihood,326

∇xlog (p (x(t)|y)).327

The optimal state estimate would be the one that maximizes the posterior likeli-328

hood of the reconstructed state given the available observations, p(x|y), or equivalently329

minimizes − log (p(x|y)). The gradient of the posterior log-likelihood can be expressed330

through Bayes’ theorem as331

∇x log (p(x|y)) = ∇x log (p(x)) +∇x log (p(y|x)) , (4)

from which it follows also that332

∇x log (p(x(t)|y)) = ∇x log (p(x(t))) +∇x log (p(y|x(t))) . (5)

Rozet and Louppe (2023a) thus propose to replace the score function in Equation 2 with333

the posterior log-likelihood gradient given by Equation 5. This way, when generating ocean334

states from random noise by simulating the time reversal of Equation 2, the final state335

will be one that maximizes the posterior likelihood given the observations, y, and the336

trained diffusion prior (i.e. the score network) which encourages the reconstructed state337

to ‘look like’ the GCM simulation training data.338

At inference, the first term in Equation 5 (the score function) is known (Equation339

3) and it remains to approximate the second term. This second term is formally only known340

at t = 0, i.e. the data distribution, but Rozet and Louppe (2023a) propose that, as-341

suming a Gaussian observing process, it can be approximated by342

p(y|x(t)) = N (y|A(x̂(t)),Σy(t)) , (6)

where Σy(t) is a heuristic variance that increases with noise level (i.e. with t), x̂(t) is the343

de-noised state predicted by the diffusion model, and A is the observation operator. See344

Rozet and Louppe (2023a) and S.I. Text S3.2 for details of the heuristic used for Σy(t).345

While this is only an approximation of the true p(y|x(t)), empirically GenDA has been346
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shown to have impressive reconstruction abilities both for idealized quasi-geostrophic tur-347

bulence (Rozet & Louppe, 2023b) and for kilometer-scale atmospheric reanalysis (Manshausen348

et al., 2024) in spite of using the idealized Gaussian approximation.349

In summary, to generate an estimate for the ocean state from observations we start350

with a random state vector, x(t = T ), and perform reverse time steps using Equations351

2, 3, 5, and 6 to sample from p(x(t = 0)|y) (Figure 3). Crucially, the updates made dur-352

ing reverse time-stepping are not adjustments to the neural network parameters but in-353

stead updates to the state x(t). This way, generated state estimates should still qual-354

itatively ‘look like’ examples from the simulation since we impose our simulation-trained355

diffusion prior on the state estimation. In this study we propose that forcing the state356

estimates to be qualitatively similar to the numerical simulation will allow us to preserve357

fine-scale features and inter-relations between observed and unobserved variables at in-358

ference. Another advantage of the GenDA method is that it is Bayesian, so rather than359

producing a single state estimate, GenDA produces a distribution of plausible states sam-360

pled from the posterior distribution, achieved practically by inputting different initial361

random noise vectors, x(t = T ). The dispersion of this ensemble thus appears a nat-362

ural metric of uncertainty for the resulting state estimate. In this study, we generate en-363

semble state estimates with 24 ensemble members and explore the suitability of ensem-364

ble dispersion for uncertainty quantification.365

2.1.3 Observation Operator for Surface Ocean State Estimation366

There is significant flexibility in the choice of A used at inference. Since a single367

diffusion model is trained with no specific observing system in mind, GenDA provides368

a natural low-cost way to use a wide variety of observing systems to produce state es-369

timates at inference without retraining the diffusion model. Relevant types of observ-370

ing systems include highly localized point-wise measurements, like from weather stations371

or satellite tracks, and coarse observations that represent relatively large-scale satellite372

footprints in space and/or time. Manshausen et al. (2024) explored sparse, point-wise373

measurements of the atmosphere from weather stations for A, demonstrating the effi-374

cacy of diffusion models for inference from sparse observations. Here, we will develop a375

method allowing the inclusion of low-resolution state estimates to constrain the large-376

scale state in GenDA. The motivation for using coarse observing systems in conjunction377

with high-resolution sparse observations is that existing gridded satellite products for378

SSH, SST, and SSS (e.g. from OI) give a reasonable estimate of the ocean state at large379

mesoscales and above, whereas high-resolution, un-gridded satellite observations (say of380

SSH or SST) typically have large gaps on any given day. Incorporating these low-resolution381

gridded products implicitly incorporates observations from a longer time horizon to con-382

strain the large-scale state, while sparse and instantaneous high-resolution observations383

will be used to inform smaller scales.384

In practice, we compare low-resolution OI satellite products to the diffusion model385

output by coarse-graining the latter using an appropriate spatial scale. The coarse-graining386

scale is considered to be known for any OI product - see S.I. Text S5 for a discussion of387

how these coarse-graining scales can be selected. Concretely, the observation operator388

A generates several fields, including an instantaneous observation term, Ainst, and low-389

resolution satellite product terms for each of the OI product, Asmooth:390

A(x) = concat(Ainst(x),Asmooth(x;σ)). (7)

Ainst(x) selects the indices for the nearest pixels and variables (channels) where instan-391

taneous observations are available and will therefore yield sparse, high-resolution satel-392

lite observations of SSH or SST. Meanwhile, Asmooth(x;σ) is a coarse-graining opera-393

tion, where we apply a low-pass Gaussian filter with kernel width, σ, to the state esti-394

mate, x. This allows us to compare a coarse-grained view of the state estimate to a low-395
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resolution satellite product to encourage agreement at large scales without penalizing396

small-scale features below the resolution limit of the low-resolution satellite products.397

We apply Asmooth(x;σ) to all variables for which we have access to low-resolution real-398

world satellite products (i.e. SSH, SST, SSS) and we choose coarse-graining scales, σ,399

for each variable to be representative of the effective resolution of the respective satel-400

lite products. Note that the coarse-graining scale, σ, applied to each satellite observable401

in the observation operator is something we prescribe and should be chosen to reflect the402

effective resolution of each satellite product being assimilated (S.I. Text S5). We treat403

ageostrophic current velocities as being essentially unobserved in the real world, and so404

neither Ainst(x) nor Asmooth(x;σ) returns any values for uageo or vageo.405

In practice, we find that a significant portion of the ageostrophic surface currents406

is driven by wind stress. This poses a problem for reconstructing ageostrophic currents407

from only SSH, SST, and SSS observations without information about the wind-forcing.408

We employ two strategies to mitigate this. Firstly, we use a linear Ekman model (S.I.409

Text S1) to predict the wind-driven surface currents, uEk and vEk, from the wind stress410

and subtract this from uageo and vageo, re-framing our state estimation problem so that411

we seek to estimate412

uageo = utotal − ugeo − uEk, (8)

and413

vageo = vtotal − vgeo − vEk. (9)

Secondly, since the linear Ekman model doesn’t capture all wind-driven variability in sur-414

face currents, we also expand our state vector, x, to include surface winds, uatmos and415

vatmos. We thus train the diffusion model to jointly generate surface ocean states along-416

side corresponding surface wind fields. During the assimilation process, we then provide417

surface wind ‘observations’ through Ainst(x), providing information about the wind-forcing418

to the state estimation and thus improving the reconstruction of ageostrophic surface419

currents (S.I. Text S2). Note, this method is still directly applicable to real-world ob-420

servations since reanalysis winds (e.g. ERA5) are available in the real-world setting.421

2.2 UNet Regression: Baseline Supervised Learning Framework422

To provide a baseline method against which to compare and contrast the GenDA423

state estimates we also implement a supervised learning approach. Unlike GenDA, this424

supervised approach is trained specifically for the observing system under consideration425

by creating pseudo-observations from the high-resolution GCM simulation and training426

a neural network to predict the corresponding state vector, x, in one shot from these in-427

puts. That is, we estimate the state vector as428

x̂ = fθ(y), (10)

where x̂ is our estimate of x, y are the potentially sparse or degraded observations, and429

fθ is a neural network whose parameters, θ, we seek to optimize by minimizing the MSE430

between x̂ and x. Note, unlike GenDA the supervised approach provides a single pre-431

diction for each state rather than a distribution and requires bespoke training for each432

observing system.433

In practice, we implement fθ as a UNet (Ronneberger et al., 2015) (S.I. Text S3)434

with 7 input channels in y:435

• Simulated sparse, high-resolution (i.e. ‘Level 3’ or L3) SSH satellite observations436

• Simulated sparse, high-resolution (i.e. ‘Level 3’ or L3) SST satellite observations437

• Zonal surface wind from reanalysis438

• Meridional surface wind from reanalysis439

• Simulated low-resolution, gap-free (i.e. ‘Level 4’ or L4) SSH from OI440
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• Simulated low-resolution, gap-free (i.e. ‘Level 4’ or L4) SST from OI441

• Simulated low-resolution, gap-free (i.e. ‘Level 4’ or L4) SSS from OI442

Hereafter we refer to the baseline supervised learning method as ‘UNet Regression’.443
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Figure 4. Example inputs and targets for multi-modal surface ocean state estimation simu-

lated from GLORYS re-analysis product in our observing system simulation experiment (Section

3.2). The inputs are (a) simulated L3 SSH observations from a constellation of nadir altimeters

and SWOT, (b) cloud-obscured L3 SST observations from infrared radiometers, (c) & (d) surface

winds from ERA 5 (Section 2.1), (e)-(g) coarse-grained SSH, SST, and SSS to simulate existing

low-resolution satellite products from OI. The target variables are the gap-free, high-resolution

(h) SSH, (i) SST, (j) SSS, (k) & (l) ageostrophic surface currents. Ageostrophic currents are not

observed by satellites. All values are standardized (Section 3.1).

3 Datasets & Experiment Set-Up444

3.1 Oceanic & Atmospheric Reanalysis Products for Training and Eval-445

uation446

In this study, we provide a regional proof-of-concept of eddy-resolving surface ocean447

state estimation by training GenDA on data from a high-resolution reanalysis product,448

GLORYS 12 (Lellouche et al., 2021; E.U. Copernicus Marine Service Information (CMEMS),449

2024d). This product is developed by assimilating satellite and in situ observations into450

the NEMO ocean GCM with 1/12◦ grid resolution using a reduced-order Kalman filter.451

The ocean GCM is driven at the surface by atmospheric forcing from the ECMWF Re-452

analysis product, commonly known as ERA 5 (Copernicus Climate Change Service (C3S,453
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2024; Hersbach et al., 2020). GLORYS 12 does not resolve submesoscale dynamics which454

is a key driver of ocean eddy dynamics, however, it has a sufficiently fine grid to resolve455

mesoscale baroclinic instability (a key formation mechanism for mesoscale eddies) and456

exhibits an abundance of submesoscale fronts and filaments generated by a forward cas-457

cade of enstrophy by mesoscale eddy stirring. We hence consider it a sufficiently real-458

istic and high-resolution test bed for the GenDA method, though we emphasize that in459

the future, GenDA can be trained on free-running submesoscale-resolving simulations460

(e.g. LLC 4320 (Su et al., 2018)). One of the motivations of this study is that data as-461

similation products like GLORYS currently show large errors when compared to satel-462

lite observations at mesoscales, suggesting that optimizing the full 3D state of the ocean463

and ensuring its conformity to dynamical equations of motion comes at the expense of464

accurately placing mesoscale eddies and fronts at the surface. We hypothesize that GenDA,465

by optimizing only the surface fields, will reduce these biases while preserving a substan-466

tial amount of physical characteristics of the GLORYS 12 fields seen during training through467

the diffusion prior.468

The experiments presented in this study focus on the Gulf Stream Extension re-469

gion (55-65◦ W, 33-43◦ N) which has one of the most energetic eddy fields in the global470

ocean. Focusing on this region also allows easy comparison to a number of other machine471

learning applications for SSH mapping through an Ocean Data Challenge (Ballarotta472

et al., 2021; Metref et al., 2023). A wider region of (70-40◦ W, 25-45◦ N) is used for all473

neural network training. The years 2010-2016 are used for network training, 2018-2020474

for cross-validation, and 2017 is withheld as an independent test year on which the eval-475

uation metrics presented throughout the rest of the study are calculated.476

All variables in the 7-variable state vector, x = (SSH, SST, SSS, uageo, vageo, uatmos,477

vatmos), are standardized by subtracting the mean and dividing by the standard devi-478

ation of each variable calculated over the full training domain and time-series. In the case479

of SST and SSS, the strong seasonal cycle is removed by subtracting a monthly clima-480

tology rather than the mean. The ageostrophic surface currents are taken at 15 m depth481

to be more reflective of the eddy-driven ocean currents than those at the surface layer.482

For both GenDA and the UNet Regression baseline, the state vector, x, is estimated on483

a regular latitude-longitude grid at the same 1/12◦ resolution as GLORYS 12 with di-484

mensions of 128 by 128, corresponding roughly to a domain of size 1000 km.485

3.2 Experiment 1: Observing System Simulation Experiment (OSSE)486

First, we assess GenDA’s reconstruction abilities in a controlled environment where487

we have access to the full ground-truth fields for validation through an observing sys-488

tem simulation experiment (OSSE). After training GenDA on GLORYS data from 2010-489

2016, we generate synthetic satellite observations of GLORYS using the withheld test-490

ing year 2017 and evaluate GenDA’s ability to reconstruct the full fields, including vari-491

ables unobserved by satellites (Figure 4).492

3.2.1 Generation of Simulated L3 Satellite Observations493

In this OSSE we consider two different sources of Level 3 (L3) input observations:494

SSH from satellite altimeters and high-resolution SST from satellite infrared radiome-495

ters. L3 refers to observations before they have been interpolated to a full gridded field,496

so L3 observations are sparse but high-resolution.497

We generate synthetic L3 SSH observations by sub-sampling the GLORYS SSH field498

along the observation tracks from all conventional nadir altimeters available in the year499

2017: SARAL/Altika, Jason 2, Jason 3, Sentinel 3A, Haiyang-2A and Cryosat-2. Nadir500

altimeters provide point-wise SSH measurements beneath the satellite track with an along-501

track spacing of approximately 7 km. In addition, we assess the impact of including wide-502
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swath observations from the recently-launched Surface Water and Ocean Topography503

(SWOT) mission which provides two 60 km wide swaths of SSH measurements at 2 km504

resolution with a narrow gap between the swaths (Fu et al., 2024). While SWOT has505

high spatial sampling it has a relatively long orbit repeat of 21 days. We sub-sample GLO-506

RYS SSH at the locations of SWOT observations by repeating its 21-day science orbit507

throughout the year 2017.508

Satellite infrared radiometers observe SST at kilometer resolution but there are large509

gaps due to cloud cover. Here, we sub-sample GLORYS SST using cloud masks from the510

ODYSSEA SST Multi-Sensor L3 product (E.U. Copernicus Marine Service Information511

(CMEMS), 2024a). This ensures the applied cloud cover is realistic, with cloud cover vary-512

ing on any given day between near-complete occlusion and cloud-free conditions. For both513

SSH and SST L3 observations we add Gaussian noise with amplitude chosen to reflect514

the noise for each sensor. We take the SSH noise amplitude from the relevant CMEMS515

product (E.U. Copernicus Marine Service Information (CMEMS), 2024c) and for SST516

from the average of the error estimates provided in the ODYSSEA SST Multi-Sensor L3517

product (E.U. Copernicus Marine Service Information (CMEMS), 2024a).518

3.2.2 Generation of Simulated L4 Satellite Products519

In addition to high-resolution L3 observations, we provide simulated low-resolution520

gridded (‘Level 4’, L4) products for SSH, SST, and SSS. L4 refers to observations that521

have been interpolated to a full gridded field (typically using OI), so L4 observations are522

gap-free but low-resolution.523

The interpolation algorithms used to interpolate between observations smooth out524

small-scale features, providing spatio-temporally coarse-grained estimates of the real fields.525

We simulate this by coarse-graining the GLORYS SSH, SST, and SSS both in space and526

time using a Gaussian kernel with spatial and temporal widths selected to be roughly527

representative of the resolutions of available L4 products (S.I. Text S5 & Table S2). These528

coarse-grained fields are then compared to coarse-grained output from GenDA in the ob-529

servation operator when minimizing the reconstruction loss at inference. Since GenDA530

is applied only on single temporal snapshots, we can’t replicate the temporal coarse-graining531

in the L4 products in the GenDA observation operator, and so resort to only coarse-graining532

in space. Finally, we also provide gridded values for uatmos and vatmos from ERA 5 with533

no additional coarse-graining applied since this product would also be available to use534

in the real-world setting.535

Taken together, the simulated observations provided to GenDA and UNet Regres-536

sion are:537

• Along-track L3 SSH from a constellation of nadir altimeters538

• Wide-swath L3 SSH from SWOT539

• Cloud-obscured high-resolution L3 SST540

• Coarse-grained L4 SSH541

• Coarse-grained L4 SST542

• Coarse-grained L4 SSS543

• Surface wind velocities from ERA 5544

Note, no observations are provided for uageo or vageo since these are not typically545

observed in the real world so we reconstruct these in an unsupervised manner.546

3.2.3 Evaluation Metrics547

We evaluate the point-wise accuracy for each reconstructed variable using the co-548

efficient of determination (R2), which represents the fraction of variance explained. For549
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SSH and SST, we remove any pixels provided as part of the L3 observations from the550

evaluation metrics. Since the simulated low-resolution L4 OI products for SSH, SST, and551

SSS already capture a significant part of the signal, we also present R2 for SSH, SST,552

and SSS calculated on the residual from the low-resolution L4 products. Note that R2
553

is by definition zero for the L4 OI predictions in this setting and any positive value rep-554

resents an improvement over OI. We assess the impact of cloud-free L3 SST observations555

on the reconstruction accuracy by computing R2 separately for pixels that are clouded556

and un-clouded respectively. Since the average cloud cover has a significant spatial struc-557

ture, we randomly over-sample and under-sample the clouded and un-clouded pixels us-558

ing weights that ensure both datasets are uniformly drawn in latitude-longitude (See S.I.559

Text S6). We use the same procedure to assess the impact of L3 SWOT SSH observa-560

tions on reconstruction accuracy.561

We also evaluate the wavenumber spectra of each reconstructed variable and com-562

pare them to the ground truth from GLORYS. All spectra in this manuscript are cal-563

culated by estimating the 2D power spectral densities for each time step, averaging in564

time, then averaging azimuthally. Note, uageo and vageo are evaluated jointly through565

the ageostrophic kinetic energy spectrum and we also derive the geostrophic kinetic en-566

ergy spectrum from the SSH reconstructions. Since we focus here on multi-modal state567

estimation, we also evaluate the spectra of eddy temperature, FT , and salt, FS , fluxes568

which are sensitive to the resolution of both velocity and SST/SSS and are crucial di-569

agnostics of the impacts of ocean eddies on climate. We focus here on the meridional eddy570

fluxes since these induce significant transport across the Gulf Stream in our test region,571

FT = v′SST′, (11)

FS = v′SSS′, (12)

where primed quantities denote deviations from monthly climatology (Guo et al., 2022).572

We also consider higher-order diagnostics of eddy dynamics that can be derived from573

SSH, namely the geostrophic Okubo-Weiss quantity, W , (Okubo, 1970; Weiss, 1991) which574

delineates strain-dominated flows from vorticity-dominated flows575

W = (σ2 − ζ2) = (σ2
n + σ2

s − ζ2), (13)

where576

σ =
√
σ2
n + σ2

s =

√(
∂u

∂x
− ∂v

∂y

)2

+

(
∂v

∂x
+

∂u

∂y

)2

(14)

is the strain rate and577

ζ =
∂v

∂x
− ∂u

∂y
(15)

is the relative vorticity. We further explore the accuracy of diagnosed eddy dynamics by578

evaluating the joint probability density function (JPDF) of σ and ζ for each reconstruc-579

tion. The accuracy of these diagnostics of eddy dynamics is important for studies of ocean580

scale interactions and are highly sensitive to the accuracy and resolution of SSH (Martin581

et al., 2023, 2024b).582

Finally, we evaluate the suitability of GenDA ensemble dispersion for uncertainty583

quantification through a rank histogram as is widely used in probabilistic weather fore-584

casting (Talagrand, 1999). This shows the probability that the ground truth falls in each585

rank of the ordered ensemble of predictions. Hence, a well-calibrated ensemble would have586

a flat rank histogram, an under-dispersive ensemble would have a ‘u-shaped’ rank his-587

togram, an over-dispersive ensemble would have a ‘n-shaped’ rank histogram, and a bi-588

ased ensemble would have an asymmetric rank histogram.589
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3.3 Experiment 2: Observing System Experiment (OSE)590

To assess the ability of GenDA to generalize to the real-world ocean, we also per-591

form an observing system experiment (OSE) in which we construct state estimates from592

real-world satellite observations. This poses a more stringent test of the method since593

now the observations come from the real-world ocean which potentially exhibits differ-594

ent characteristics to the GLORYS 12 simulated fields. Applying GenDA in the real world595

is akin to data assimilation, where we seek a field that qualitatively preserves the char-596

acteristics of GLORYS but that best matches available observations. Since GLORYS it-597

self is already assimilated to observations, we can use errors against real-world satellite598

observations to benchmark GenDA against this state-of-the-art data assimilation prod-599

uct.600

We conduct our OSE in the same Gulf Stream Extension region (55-65◦ W, 33-43◦601

N) as in the OSSE, again for the withheld test year 2017.602

3.3.1 L3 Satellite Observations603

We provide L3 observations of both SSH and SST. For SSH, the observations come604

from a constellation of nadir altimeters (SARAL/Altika, Jason 2, Jason 3, Sentinel 3A,605

Haiyang-2A) (E.U. Copernicus Marine Service Information (CMEMS), 2024b). SWOT606

was yet to be launched during this test year so we provide only along-track SSH obser-607

vations. To independently evaluate the accuracy of the mapped SSH fields, we withhold608

one altimeter, CryoSat-2, at inference and use this withheld altimeter as a ground truth609

for the mapped SSH. This follows the configuration of the 2021a Ocean Data Challenge610

(Ballarotta et al., 2021), allowing us to benchmark the performance of GenDA on real-611

world observations against state-of-the-art SSH mapping methods. For SST, we provide612

cloud-occluded infrared radiometer observations from the ODYSSEA multi-satellite prod-613

uct (E.U. Copernicus Marine Service Information (CMEMS), 2024a). This product col-614

lates SST observations from a range of different satellites onto a regular 0.1◦ grid and615

includes only nighttime observations to remove diurnal variability.616

3.3.2 L4 Satellite Products617

We also provide low-resolution L4 estimates of SSH, SST, and SSS. For SSH, we618

use output from the deep learning model, ConvLSTM, presented in Martin et al. (2023).619

This method uses a supervised, observation-only learning regression approach to esti-620

mate gridded SSH at higher resolution than can be achieved with OI by synthesizing along-621

track SSH and gridded SST. In order to preserve the independence of the withheld eval-622

uation altimeter, CryoSat-2, we ensure that the L4 SSH product was generated using all623

apart from the withheld altimeter and the network was never trained on observations624

from 2017. The ConvLSTM SSH fields have an effective resolution of 100 km (S.I. Ta-625

ble S3 in Martin et al. (2024b)).626

For SST, we use the REMSS MW-OI Global Foundation Sea Surface Temperature627

analysis product (Remote Sensing Systems, 2017). This product uses OI to interpolate628

observations from microwave radiometer sensors onboard multiple satellites into a grid-629

ded L4 SST estimate. Note microwave radiometers have lower spatial resolution than630

the infrared observations we use for L3, but these sensors can penetrate clouds. The prod-631

uct is provided on a 1/4◦ grid and we linearly interpolate it to the GenDA grid.632

For SSS, we use the CMEMS Multi Observation Global Ocean Sea Surface Salin-633

ity and Sea Surface Density product (E.U. Copernicus Marine Service Information (CMEMS),634

2024e). This product is obtained through a multivariate OI algorithm that combines SSS635

images from multiple satellites with in situ salinity measurements and satellite SST and636

is provided on a 1/8◦ grid which we linearly interpolate to the GenDA grid.637
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Figure 5. Example GenDA OSSE prediction for 2017-04-27 (See S.I. Movie S1 for all dates).

First row, input L3 observations assimilated: (a) SSH & (b) SST. Second row, input low-

resolution L4 satellite products assimilated: (c) SSH, (d) SST, & (e) SSS. Third row, GenDA

ensemble mean predictions for (f) SSH, (g) SST, (h) SSS, (i) uageo, and (j) vageo. Fourth row,

(k)-(o) GenDA ensemble member predictions. Fifth row, (p)-(t) ground truth fields (GLORYS).

Note ERA 5 surface winds are also provided as input and predicted by GenDA but are not plot-

ted since they match almost exactly.

The effective coarse-graining scales of the real-world L4 SSH, SST, and SSS prod-638

ucts are not known a priori, raising the question of what coarse-graining scales, σ, to pre-639

scribe in the GenDA observation operator. We choose coarse-graining scales (S.I. Ta-640
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ble S3) based on an a posteriori tuning strategy described in S.I. Text S5.2, though we641

acknowledge this choice is ultimately somewhat subjective.642

As in the OSSE (Section 3.2), we also provide atmospheric wind speeds from ERA643

5. No observations are provided of ageostrophic surface currents and these are reconstructed644

in an unsupervised manner.645

In sum, GenDA and the UNet Regression are provided:646

• L3 along-track SSH from 5 nadir altimeters647

• L3 infrared SST observations occluded by clouds648

• Coarse L4 SSH from ConvLSTM649

• Coarse L4 SST from REMSS MW-OI product650

• Coarse L4 SSS from CMEMS Multi-Obs product651

• Surface wind velocities from ERA 5652

3.3.3 Evaluation Metrics653

We evaluate the mapped SSH fields along-track using the independent withheld satel-654

lite altimeter, CryoSat-2, through the metrics provided in Ocean Data Challenge 2021a655

(Ballarotta et al., 2021). Specifically, we evaluate the ‘RMSE score’, µ, and the annual656

standard deviation of its daily mean, σ, where657

µ = 1− RMSE(ηpred, ηobserved)

RMS(ηobserved)
(16)

and η is the SSH. We also estimate the ‘effective resolution’ of the SSH maps by find-658

ing the wavelength at which the signal-to-error ratio of the maps crosses a threshold in659

spectral space when compared to along-track segments of SSH from CryoSat-2 follow-660

ing the methodology of Ballarotta et al. (2019). We stress that the effective resolution661

evaluates both the magnitude and phase of the SSH spectrum. This is different to iden-662

tifying a wavelength below which the magnitude of the spectrum rolls off due to smooth-663

ing. Thus, a state estimate can show significant amplitude at small scales below the ef-664

fective resolution (e.g. with a power law inertial range spectrum) but these scales are665

not counted as ‘resolved’ since their phase is not reliably estimated.666

To evaluate the SST, we artificially apply additional clouds to the L3 SST obser-667

vations by randomly shuffling the cloud masks between days and applying the shuffled668

cloud mask on top of the already-cloudy L3 SST. We then calculate R2 against the L3669

SST using only the pixels that were masked out by the additional cloud masking.670

Finally, we compute the dynamical diagnostics outlined in Section 3.2.3 to test if671

GenDA preserves the dynamical characteristics of GLORYS when applied in the real world.672

4 Results673

Since the focus of this study is state estimation from observations, we here focus674

only on the results of applying our trained diffusion prior, D, to state estimation through675

GenDA. The reader is referred to S.I. Text S4 for the results of training D to de-noise676

GLORYS 12 ocean states. After being trained on 10 million ocean state vectors, requir-677

ing 72 NVIDIA V100 GPU-hours, D can skillfully generate realistic ocean states resem-678

bling the GLORYS training data (S.I. Text S4, Figures S1 & S2). We now proceed to679

evaluate GenDA’s state estimation capabilities.680
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Figure 6. Magnitude of SST gradient, normalized by dividing by the maximum ground truth

SST gradient, from (a) ground truth target field from GLORYS, (b) GenDA ensemble member

prediction, (c) GenDA ensemble mean prediction, (d) cloud-obscured L3 SST observations assimi-

lated, (e) UNet Regression, and (f) the coarse-grained L4 ‘OI’ input assimilated.

4.1 Experiment 1 (OSSE): Performance on Simulated Satellite Obser-681

vations682

4.1.1 Point-wise Accuracy of Predictions683

After being assimilated to the simulated L3 and L4 observations (Figure 5a-e), GenDA684

predictions (Figure 5f-o) appear to visually match the GLORYS ground truth closely (Fig-685

ure 5p-t). At large scales, the SSH, SST, and SSS predictions match those from the low-686

resolution L4 observations (panels c-e) both in the ensemble mean (panels f-h) and for687

an individual ensemble member (panels k-m). At smaller scales, the predictions appear688

to resolve additional fine-scale features missing in the low-resolution L4 inputs. Where689

high-resolution L3 SSH and SST observations (panels a & b) were assimilated, both the690

ensemble mean (panels f & g) and ensemble member (panels k & l) predictions match691

the observations even at small scales. In contrast, where L3 observations are not avail-692

able, the ensemble mean predictions smooth out small-scale frontal features compared693

to the ground truth (panels p & q). The ensemble member predictions (panels k & l)694

do contain frontal features throughout the domain, albeit with less point-wise agreement695

to the ground truth in the absence of L3 observations. Despite only assimilating low-resolution696

L4 SSS (panel e), the ensemble mean and ensemble members (panels h & m) exhibit fine-697

scale frontal SSS features. The ensemble mean SSS frontal features (panel h) appear to698

be smoothed out where L3 SST observations weren’t available (panel b), emphasizing699

the close relationship between SST and SSS and suggesting small-scale SSS is largely pre-700

dictable from L3 SST using GenDA.701
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Remarkably, despite no observations of ageostrophic surface currents being assim-702

ilated, GenDA captures many of the features in the ageostrophic surface current field703

(compare panels i, j, n, & o to s & t). For surface currents, a clear difference emerges704

between the ensemble mean (panels i & j) and the ensemble member (panels n & o). The705

ensemble member exhibits fine-scale frontal jets with variance comparable to the ground706

truth, though the point-wise agreement to the ground truth for these jets appears mixed.707

Meanwhile, the ensemble mean exhibits lower variance and only the larger, eddy-driven708

currents remain. This suggests a higher degree of confidence in the predictions for the709

large-scale eddy-driven ageostrophic currents, which are largely due to cyclogeostrophic710

balance (Penven et al., 2014; Cao et al., 2023), while each ensemble member produces711

fine-scale frontal jets that vary in location and hence average out in the ensemble mean.712

The distinction between the ensemble mean and ensemble member is further em-713

phasized in Figure 6 by evaluating the magnitude of SST gradients. Despite the East-714

ern side of the domain being entirely obscured by clouds (panel d), the GenDA ensem-715

ble member (panel b) predicts a series of fine-scale SST fronts whereas the ensemble mean716

(panel c) predicts broader, weaker fronts reflecting the uncertainty in the location of each717

front. Note the UNet Regression (panel e) fronts in the cloud-obscured region are qual-718

itatively similar to those in the GenDA ensemble mean, reflecting that the regression for-719

mulation leads it to predict the mean of the distribution, smoothing out smaller scales.720

Both the UNet Regression and GenDA ensemble mean have sharper fronts than those721

from OI (panel f).722

When evaluated over the full withheld testing year, both GenDA and UNet Regres-723

sion are able to reconstruct SSH, SST, and SSS with higher R2 than the low-resolution724

L4 OI (Table 1). The GenDA ensemble mean outperforms the ensemble member on these725

point-wise accuracy metrics, emphasizing that the ensemble provides a more accurate726

prediction than any individual ensemble member at the expense of smoothing out fine-727

scale features. UNet Regression outperforms GenDA in terms of point-wise accuracy across728

all variables, though only marginally for SSH, SST, and SSS compared to the GenDA729

ensemble mean. This suggests that bespoke training for the considered observing sys-730

tem, and optimization of regression metrics (i.e. MSE) in the UNet Regression loss func-731

tion, allows UNet Regression to learn a more accurate mapping than the more general732

GenDA framework, especially for the unobserved ageostrophic surface currents. How-733

ever, we will show below that the advantages of GenDA become apparent when it is ap-734

plied to real-world observations and when evaluating the physical consistency across scales735

of the reconstructions.736

R2 for each variable
Method SSH SST SSS uageo vageo ζgeo ζageo
Low Res-
olution L4
(OI)

0.969
(0.00)

0.923
(0.00)

0.903
(0.00)

n/a n/a 0.530 n/a

Supervised
UNet Re-
gression

0.992
(0.748)

0.964
(0.529)

0.963
(0.623)

0.617 0.591 0.732* 0.436

GenDA
(ensemble
mean)

0.991
(0.695)

0.957
(0.444)

0.962
(0.608)

0.383 0.369 0.721 0.177

GenDA
(ensemble
member)

0.987
(0.598)

0.941
(0.241)

0.949
(0.473)

0.017 0.011 0.564 -0.287
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Table 1: Coefficient of determination, R2, for each variable and
reconstruction methods, higher values closer to 1 indicate more
accurate predictions. Values in brackets for SSH, SST, and SSS
are R2 calculated on the residual from the low resolution L4 OI
inputs, so any positive value indicates an improvement over OI.
Ageostrophic currents and vorticity are not retrievable from the
low-resolution L4 OI method since this only estimates satellite
observables. The asterisk for UNet Regression geostrophic vor-
ticity indicates that the field was smoothed using a Gaussian
filter with a sigma of 1 pixel before calculating SSH gradients to
remove high-frequency checkerboard artifacts, improving R2 for
ζgeo.

(a) (b) (c)

(d) (e)

(f) (g)

Figure 7. Spectra for (a) SSH, (b) SST, (c) SSS, (d) geostrophic kinetic energy, (e)

ageostrophic kinetic energy, (f) meridional eddy temperature flux, and (g) meridional eddy

salt flux. (solid black) ground truth target field from GLORYS, (dashed black) low resolution L4

OI input assimilated, (solid red) UNet Regression, (solid blue) GenDA ensemble member, and

(dashed blue) GenDA ensemble mean.
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(a)

(b) (c)

(d) (e)

(f) (g)

(h) (i)

Figure 8. Geostrophic joint vorticity-strain probability density functions for (a) ground truth

(GLORYS), (b), GenDA (ensemble member), (d) GenDA (ensemble mean), (f) UNet Regression,

and (h) OI. Right panels show a comparison between the ground truth (black) and predicted

(red) JPDFs at three logarithmically spaced contour levels for (c) GenDA (ensemble member),

(e) GenDA (ensemble mean), (g) UNet Regression, and (i) OI.
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Figure 9. Geostrophic Okubo-Weiss quantity for (a) ground truth target field from GLORYS,

(b) GenDA ensemble memner, (c) GenDA ensemble mean, (d) UNet Regression, and (e) OI. Neg-

ative values indicate vorticity dominates (as in eddy cores) whereas positive values show where

strain dominates (as around eddy peripheries).

4.1.2 Spectral Evaluation & Eddy Dynamics737

Evaluating the spectra for the satellite observables (SSH, SST, and SSS) highlights738

the fact that both GenDA and UNet Regression preserve more fine-scale features than739

the low resolution L4 OI, with spectra closer to the ground truth GLORYS fields (Fig-740

ure 7a-c). In all cases, UNet Regression appears to better estimate the variance at large741

scales than GenDA, which likely drives the improvement in R2 seen in Table 1. How-742

ever, for SST and SSS UNet Regression shows a spectral roll-off, underestimating vari-743

ance at smaller scales with an overly-steep spectral slope compared to the ground truth.744

By contrast, the GenDA reconstructions show shallow spectral slopes, more like those745

in the ground truth data, albeit with the GenDA ensemble mean spectral slope begin-746

ning to steepen below 100 km. The fact that GenDA ensemble member reconstructions747

show similar spectral slopes to the ground-truth fields across all scales highlights the abil-748

ity of the diffusion prior to ensure reconstructions retain the physical characteristics of749

the GLORYS training data across scales. At smaller scales, the UNet Regression spec-750

tra flatten due to the appearance of high-frequency ‘checkerboard’ artifacts in the pre-751

dictions which in the case of SSH overwhelm the signal below 40 km. Such artifacts don’t752

appear in the GenDA reconstructions likely due to its different training objective (i.e.753

de-noising).754

Considering the kinetic energy spectra of the unobserved ageostrophic currents (Fig-755

ure 7e), UNet Regression appears to better capture the variance at large scales, possi-756

bly indicating that GenDA is not optimal for reconstructing large-scale wind-driven sur-757
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face currents that remain after subtracting the linear Ekman currents. However, UNet758

Regression again exhibits an overly-steep spectral slope at scales below 100 km where759

the regression formulation begins to smooth out fine-scale frontal jets. The GenDA en-760

semble member matches the ground truth spectrum more closely all the way down to761

the grid resolution. By contrast, the GenDA ensemble mean strongly under-estimates762

variance below 100 km, consistent with the smooth ensemble mean in Figure 5i,j. A sim-763

ilar picture emerges when considering the geostrophic kinetic energy spectra (Figure 7d),764

with the GenDA ensemble member coming closest to the ground truth spectra albeit still765

underestimating the variance at all scales. This emphasizes the advantage of GenDA’s766

generative formulation for reconstructing higher-order dynamical diagnostics which are767

sensitive to the smoothing of SSH (geostrophic kinetic energy goes as the square of the768

gradient of SSH). Finally, the spectra of the eddy temperature and salt fluxes (Figure769

7f & g respectively) show how the smoothing of SSH and SST/SSS compound in the low-770

resolution OI reconstructions, leading to a severe under-estimation of small-scale eddy771

fluxes. In contrast, GenDA ensemble member fluxes have a similar spectral slope to the772

ground truth all the way down to the grid resolution.773

The ability of GenDA ensemble members to reconstruct realistic-looking eddy dy-774

namics is further illustrated by comparing the geostrophic vorticity-strain JPDF to that775

calculated from the GLORYS ground truth SSH (Figure 8). Compared to the ensem-776

ble mean or UNet Regression, GenDA ensemble members better capture the long tails777

in the vorticity and strain distributions. The improved reconstruction of vorticity and778

strain can also be observed visually for a snapshot through the Okubo-Weiss quantity779

(Figure 9). Accurately reconstructing geostrophic vorticity and strain, reflected in both780

the JPDF and the Okubo-Weiss quantity, is vital for studies of ocean eddy dynamics since781

they are necessary to diagnose ageostrophic dynamics, vertical velocities, frontogenesis782

rates, and kinetic energy cascades between scales.783

(a) (b)

Figure 10. R2 for GenDA ensemble mean OSSE predictions split by (a) whether cloud-free

L3 SST observations were (dark blue) available or (teal) unavailable and (b) whether SWOT L3

SSH observations were (dark blue) available or (teal) unavailable. R2 values for SSH, SST, and

SSS were calculated on the residual from the OI predictions, so any positive value indicates an

improvement over OI.

4.1.3 Advantages of Channel Synthesis784

To emphasize the advantage of pursuing a multi-modal approach to surface ocean785

state estimation, we here test the extent to which GenDA can exploit observations of one786

variable to improve the predictions of others, i.e. its ‘channel synthesis’ capabilities. Firstly,787
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the fact that GenDA captures significant variance and spatial structure in uageo and vageo788

despite assimilating no surface current observations demonstrates GenDA can exploit789

the physical relationships between satellite observables and ageostrophic currents learned790

from GLORYS during training (Figure 5 & Table 1).791

GenDA ensemble mean predictions show increased R2 across all variables in pix-792

els where cloud-free L3 SST observations were assimilated compared to those occluded793

by clouds (Figure 10a). The improvement is (unsurprisingly) most clear for SST, as GenDA794

reconstructs almost all the variance in cloud-free pixels, demonstrating how closely the795

reconstruction converges to observations where provided. The next biggest improvement796

with cloud-free SST observations is for SSS, with R2 (calculated on the residual from797

the low-resolution L4 SSS) almost doubling for cloud-free pixels. This makes it clear that798

frontal-scale SSS anomalies appear largely predictable given L3 SST and low-resolution799

L4 SSS. Frontal-scale SST and SSS anomalies are closely related likely because fronto-800

genesis acts to amplify all surface tracer gradients simultaneously. There is also an im-801

provement in R2 for ageostrophic surface currents, likely due to the improved reconstruc-802

tion of the strong frontal jets typically co-incident with strong density (and hence SST)803

gradients. The improvement in SSH is more limited in cloud-free pixels, possibly indi-804

cating that larger mesoscale SST signals, captured even in cloud-occluded regions by the805

low-resolution L4 SST input, drive most of the improvement seen in SSH mapping stud-806

ies exploiting SSH-SST synergies (Archambault et al., 2023; Fablet et al., 2023, 2024;807

Martin et al., 2023, 2024b). Similarly, an increase in R2 is observed across all variables808

in pixels where L3 SWOT SSH observations were assimilated (Figure 10b). SWOT SSH809

primarily appears to improve the reconstruction of ageostrophic currents and leads to810

relatively little improvement in SST or SSS. The improvement in ageostrophic currents811

is likely due to their relationship to SSH through cyclo-geostrophy (Penven et al., 2014;812

Cao et al., 2023). Taken together, Figure 10 shows the value in synergizing SSH and SST813

observations as they appear to provide ‘orthogonal’ information about the ocean state,814

with SSH containing information about the surface pressure and SST about the surface815

density.816

4.1.4 Suitability of GenDA Ensemble for Uncertainty Quantification817

Here we assess whether GenDA ensemble dispersion is a good metric of uncertainty.818

The spatial patterns of the ensemble dispersion, indicated by the ensemble standard de-819

viation, for SSH and SST show a strong signature of the locations of L3 observations,820

with very low ensemble dispersion in SSH pixels observed by satellite altimeters and cloud-821

free SST pixels (Figure 11). In addition to the signature of the observing system, the822

SSH ensemble dispersion also appears elevated near strong SST fronts in the L3 obser-823

vations, possibly indicating uncertainty in the SSH-SST phase shift for these fronts. How-824

ever, ‘u-shaped’ rank histograms for all variables show that the GenDA ensemble is under-825

dispersive (Figure 12). Concretely, the uncertainty estimate provided by the ensemble826

dispersion is an underestimation of the true predictive uncertainty: with the 24-member827

ensemble considered here, there is an up to 20% chance that the true value falls outside828

the range of ensemble members (adding the left and right bars in the rank histograms829

in Figure 12). Nonetheless, GenDA ensembles show no significant systematic biases even830

for the unobserved surface ageostrophic currents, as indicated by the symmetry of the831

rank histograms (Figure 12). Thus, despite slightly underestimating the spread, GenDA832

does provide a realistic-looking unbiased ensemble of eddy-scale predictions, represent-833

ing an important advance compared to regression-type approaches.834
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(a) (b)

(c) (d)

(e) (f)

Figure 11. Ground truth target fields from GLORYS for (a) SSH and (b) SST. Simulated L3

observations assimilated for (c) SSH and (d) SST. GenDA ensemble standard deviation for (e)

SSH and (f) SST.

4.2 Experiment 2 (OSE): Real-World Mapping Performance835

4.2.1 SSH & SST Mapping Metrics836

Assimilating real-world observations (Figure 13a-e), GenDA state estimations qual-837

itatively look remarkably similar to those in the OSSE setting, encouraging confidence838

in its generalizability to real-world observations (Figure 13k-t). By contrast, the UNet839

Regression predictions (Figure 13f-j) appear significantly degraded, with unrealistic SST840

and SSS fields and ageostrophic surface current fields with significantly stronger vari-841

ance than seen in GLORYS (Figure 5s,t). UNet Regression behaving poorly on real-world842

observations suggests that the network is overly sensitive to differences between real ob-843

servations and the GCM pseudo-observations used in training, likely due to different noise844

properties and resolutions. GenDA ensemble member predictions (panels p-t) show en-845

hanced variance at small scales, with realistic-looking frontal features in SST, SSS, and846

ageostrophic currents that are mostly absent in the low-resolution L4 gridded products847

assimilated (panels c-e).848
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(a) (b) (c)

(d) (e)

Figure 12. Rank histograms for GenDA OSSE predictions of (a) SSH, (b) SST, (c) SSS,

(d) uageo, & (e) vageo. The x-axis represents the ordered ensemble members, while the y-axis is

the probability density for the true value falling in each ensemble member bin. The first (last)

bins represent truth values that lie below (above) the ensemble minimum (maximum). A well-

calibrated ensemble has a flat-rank histogram.

The GenDA ensemble mean and ensemble members exhibit performance in SSH849

mapping metrics comparable to state-of-the-art methods (Figure 14a and Appendix A).850

This is perhaps not surprising since the ConvLSTM SSH maps were assimilated, but im-851

plies that adding four more variables to the state vector and requiring GLORYS-like dy-852

namics does not lead to a significant drop in SSH mapping performance. By contrast,853

despite using the ConvLSTM SSH maps as input, UNet Regression shows severely de-854

graded SSH mapping and fails to accurately resolve wavelengths as small as the DUACS855

OI method (Le Traon et al., 1998; Taburet et al., 2019). GLORYS 12 shows significantly856

worse SSH mapping errors, with its smallest resolved wavelength being more than dou-857

ble that of GenDA. This highlights the limitations of full 3D GCM data assimilation for858

resolving mesoscale surface eddies and the need for surface-only methods like GenDA.859

A similar picture emerges when assessing the SST mapping, with GenDA outperform-860

ing OI, UNet Regression, and GLORYS 12 (Figure 14b,c). The reduced R2 in SST com-861

pared to in the OSSE setting are unsurprising since here our ground truth are L3 ob-862

servations with significant sensor noise whereas in the OSSE we compared directly to the863

noise-free ground truth.864

4.2.2 Spectral Evaluation & Eddy Dynamics865

The spectra of SSH, SST, SSS, and geostrophic kinetic energy, after assimilation866

to real-world observations, show significant shifts from those of the GLORYS training867
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Figure 13. Example predictions for 2017-07-07 when assimilating real-world satellite ob-

servations in Experiment 2 (See S.I. Movie S2 for all dates). First row, input L3 observations

assimilated: (a) SSH & (b) SST. Second row, input low-resolution L4 satellite products assimi-

lated: (c), (d), & (e) SSH, SST, & SSS respectively. Third row, UNet Regression predictions for

(f) SSH, (g) SST, (h) SSS, (i) uageo, and (j) vageo. Fourth row, (k)-(o) GenDA ensemble mean

predictions. Fifth row, (p)-(t) GenDA ensemble member predictions. Note ERA 5 surface winds

are also provided as input and predicted by GenDA but are not plotted since they match almost

exactly.

data and the OSSE state estimates (Figure 15a-d). While in the OSE setting we don’t868

have access to the ground truth spectra, the significant shift from GenDA (OSSE) to GenDA869
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(a)

(c)(b)

Figure 14. Accuracy of OSE state estimates against independent satellite observations. (a)

Effective resolution, i.e. smallest resolved wavelength, of SSH for all methods in Ocean Data

Challenge 2021a and those considered in this study. (Black) methods for which there are publicly

available global products, (gray) experimental methods from other studies, (red) UNet Regres-

sion, and (blue) GenDA. (b) & (c) R2 for SST compared to real-world L3 SST observations

which were masked out by artificial clouds and not assimilated. (b) R2 calculated directly on

SST and (c) R2 calculated on the residual from OI, meaning any positive value represents an

improvement compared to OI.

(OSE), especially at larger scales, suggests the assimilation process allows the state es-870

timates to adapt to real-world ocean conditions that are substantially different from the871

GLORYS training data. The GenDA reconstructions continue to exhibit power-law spec-872

tral slopes qualitatively similar to those in the OSSE setting and shallower than the L4873

OI inputs, implying the diffusion prior learned from GLORYS ensures GenDA preserves874

realistic fine-scale features. By contrast, the UNet Regression spectra show substantially875

different shapes to those in the OSSE, further suggesting a lack of generalizability to real-876

world observations.877

The GenDA spectra for ageostrophic kinetic energy remain qualitatively similar878

to those seen in the OSSE setting (Figure 15e), further increasing confidence that the879

GenDA reconstructions remain ‘GLORYS-like’ even after assimilating real-world obser-880

vations. Intriguingly, despite no observations of ageostrophic surface currents being as-881

similated, the ageostrophic kinetic energy spectrum shows enhanced energy at large scales882

when assimilated to real-world satellite observations (Figure 15e). This suggests even883

the unobserved variables respond to changes in the spectral properties of the assimilated884

variables, and the change in large-scale ageostrophic kinetic energy could be a response885

to changes in the SSH spectrum (Figure 15a & d) through cyclogeostrophic balance (S.I.886
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(a) (b) (c)

(d) (e)

(f) (g)

Figure 15. (a) SSH, (b) SST, (c) SSS, (d) geostrophic kinetic energy, (e) ageostrophic kinetic

energy, (f) meridional eddy temperature flux, and (g) meridional eddy salt flux. (solid black)

GLORYS reference from training (note this is no longer the ground truth when assimilating to

real-world observations), (dashed black) low resolution L4 OI input assimilated, (solid red) UNet

Regression, (solid blue) GenDA ensemble member, (dashed blue) GenDA ensemble mean, (solid

green) GenDA ensemble member from the OSSE experiment on simulated observations, and

(dashed green) GenDA ensemble mean from the OSSE experiment on simulated observations.

Text S7 & Figure S6) (Penven et al., 2014; Cao et al., 2023). The GenDA eddy flux spec-887

tra (Figure 15f,g) maintain their ‘GLORYS-like’ spectral slopes even when assimilated888

to real-world observations. Finally, the reconstructed geostrophic Okubo-Weiss fields from889

GenDA retain their qualitative realism from the OSSE setting (Figure 16), unlike the890

UNet Regression Okubo-Weiss which appears to deteriorate substantially. The signif-891

icant differences in eddy placements in GLORYS 12 (Figure 16a) further highlight that892

full 3D GCM data assimilation and surface-only data assimilation yield substantially dif-893

ferent results, with 3D state estimation coming at the expense of accurate placement of894

eddies at the surface.895

5 Conclusions & Discussion896

5.1 Conclusions897

Score-based data assimilation (Rozet & Louppe, 2023a, 2023b), referred to here as898

GenDA, is a significant methodological departure from the regression approaches that899
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(a) (b) (c)

(d) (e)

La
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Longitude Longitude

Figure 16. Geostrophic Okubo-Weiss quantity when assimilated to real-world observations

for (a) GLORYS (no longer the ground truth in the OSE setting), (b) GenDA ensemble memner,

(c) GenDA ensemble mean, (d) UNet Regression, and (e) OI. Negative values indicate vorticity

dominates (as in eddy cores) whereas positive values show where strain dominates (as around

eddy peripheries).

have to date been explored in deep learning satellite oceanography studies. By decou-900

pling the neural network training from any specific observing system, GenDA provides901

a flexible and robust framework for guiding inference using a simulation-informed neu-902

ral network with observations. GenDA improves the generalization from simulation train-903

ing to real-world observations, retaining many dynamical characteristics of the simula-904

tion used during training. Enabling the use of multi-modal and multi-resolution obser-905

vations resulted in significant benefits, with GenDA being now able to reconstruct ageostrophic906

currents and frontal-scale SSS from real-world satellite observations in an unsupervised907

manner (i.e. without any observations of currents or high-resolution salinity). By focus-908

ing solely on surface state estimation, GenDA reconstructions outperform state-of-the-909

art dynamical data assimilation systems, resolving SSH wavelengths twice as small as910

GLORYS 12 (Figure 14a). GenDA thus appears to provide a surface-only, neural alter-911

native to 3D dynamical GCM data assimilation.912

5.2 Discussion913

While the results presented in this study represent a significant advance in eddy-914

resolving surface ocean state estimation, a number of limitations and areas for future method915

development should be noted. Our implementation of GenDA here works only on sin-916

gle temporal snapshots, meaning the GenDA reconstructions are not temporally coher-917

ent. GenDA predictions (both ensemble members and mean) for consecutive days show918
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large jumps between time steps, especially for the high-resolution features that are only919

intermittently observed with L3 SSH and SST observations (S.I. Movies S1 & S2). Fu-920

ture work should therefore focus on extending the method to work on multiple time steps,921

potentially following the method proposed by Rozet and Louppe (2023a). Extending GenDA922

to assimilate multiple time steps may remove the need to assimilate low-resolution L4923

satellite products in the observation operator by improving the geographic coverage of924

the L3 observations assimilated. Another limitation of the results presented here is the925

under-dispersiveness of the ensemble predictions. Future work could explore strategies926

for improving the realism of the reconstructed distribution, for example, through alter-927

native reverse diffusion time-stepping schemes or data pre-processing steps. Since real-928

world OI products are not necessarily well-represented as a Gaussian coarse-graining op-929

eration, a promising direction for improving the spectral properties of GenDA state es-930

timates would be to investigate the use of alternative filtering operations in the obser-931

vation operator. Such efforts would be aided by studies of the spectral properties of low-932

resolution L4 OI products and how these can be approximated as filtering operations.933

A fundamental limitation of the GenDA methodology is that the state estimate in-934

herits its dynamical characteristics from the GCM simulation used during training. GCMs935

are imperfect representations of real-world ocean physics, and it is unclear to what ex-936

tent GenDA would be able to ‘un-learn’ a simulation’s biased physics during assimila-937

tion to observations. Since GenDA reconstructions are only as reliable as the GCM used938

during assimilation, one could consider it as a neural network analog to conventional data939

assimilation. Note that the high accuracy of the 2D surface ocean reconstruction is par-940

tially achieved by not formally satisfying GCM’s 3D equations of motion, which them-941

selves are known to be imperfect. For example, submesoscale-resolving SSH observations942

from SWOT are beginning to reveal that even frontier submesoscale-permitting ocean943

GCMs like LLC4320 (Su et al., 2018) can have significant statistical biases, including under-944

estimation of the real-world ocean’s submesoscale kinetic energy (Archer et al., 2025).945

The statistical discrepancies between simulation data and real-world observations, which946

are significant even in high-resolution models, emphasize the need to explore observation-947

only learning strategies for training high-resolution diffusion priors (Rozet et al., 2024).948

There are many promising potential future research directions the GenDA method949

could enable. We here trained our diffusion prior on GLORYS 12 reanalysis data, but950

the grid resolution of the GCM used is too coarse to resolve submesoscale dynamics. In951

future, the GenDA diffusion prior could be trained on submesoscale-permitting free-running952

GCM’s such as the 1/48◦ LLC4320 global simulation (Su et al., 2018) or the 1/60◦ NATL60953

North Atlantic simulation (Ajayi et al., 2020). This would offer the tantalizing prospect954

of ‘assimilating’ frontier submesoscale GCMs to satellite observations, something that955

is beyond the current capabilities of conventional dynamical data assimilation. Train-956

ing on submesoscale-permitting models could improve the realism of frontal dynamics957

by incorporating mixed layer instabilities into the training data, leading to potential im-958

provements in our monitoring and understanding of ocean energy cascades (Sasaki et al.,959

2014; Klein et al., 2019; Taylor & Thompson, 2023). Submesoscale-permitting model train-960

ing data, combined with a multi-timestep approach, could also enable GenDA in future961

to disentangle the effects of internal gravity waves and balanced submesoscale turbulence962

on SSH (H. Wang et al., 2022; Gao et al., 2024), a critical science requirement for the963

SWOT mission (Klein et al., 2019; Fu et al., 2024). The ability of GenDA to skillfully964

predict frontal scale SSS given cloud-free L3 SST and low-resolution L4 SSS from OI could965

in future be used to determine the extent to which SST fronts are salinity compensated966

(Rudnick & Ferrari, 1999), since SSS is not observed at frontal scales from satellites and967

theories of frontogenesis relate to density, not just SST (Hoskins, 1982). The flexibility968

to prescribe different observation operators for different observing systems make GenDA969

well-placed to exploit future proposed satellite missions directly measuring ageostrophic970

surface currents from space (Torres et al., 2023), to better exploit wide-swath altime-971

try (Fu et al., 2024), and to aid in future observing system design. Future studies could972
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also consider how to assimilate other observing streams not typically assimilated in dy-973

namical data assimilation, such as synthetic aperture radar (SAR), which contains sig-974

natures of both ocean turbulence and internal gravity waves (Ivanov & Ginzburg, 2002),975

or satellite ocean color observations, which show an abundance of submesoscale fronts976

and filaments (Lévy et al., 2018). These observations are not immediately amenable to977

assimilation through GenDA since these variables are not typically modeled in the ocean978

GCMs available for neural network training, and so new methods would be required to979

either model these variables within the GCM itself or to predict them as a post-processing980

step using GCM output. Finally, the ability of GenDA to reconstruct un-observed vari-981

ables in an unsupervised manner suggests future studies could consider more ambitious982

dynamical quantities of interest in the state vector such as vertical velocities (Zhu et al.,983

2023; He & Mahadevan, 2024), air-sea fluxes, or interior ocean dynamics (George et al.,984

2021; Manucharyan et al., 2021).985

Appendix A Complete Ocean Data Challenge 2021a SSH Evaluation986

Metrics (OSE)987

Ocean Data Challenge 2021a SSH Mapping Metrics
Method RMSE

Score, µ
(↑)

std of
RMSE
Score, σ
(↓)

Effective
Resolu-
tion [km],
λeff (↓)

Notes

GenDA
(ensemble
mean)

0.90 0.06 109 Trained on GLORYS, reconstructs: SSH,

SSS, SST, u, v

GenDA
(ensemble
member)

0.90 0.07 113 Trained on GLORYS, reconstructs: SSH,

SSS, SST, u, v

UNet Re-
gression

0.85 0.08 188 Trained on GLORYS, reconstructs: SSH,

SSS, SST, u, v

GLORYS 12 0.73 0.13 240 1/12◦ GCM data assimilation (evaluation

altimeter assimilated)

DUACS 0.88 0.07 152 OI as used in CMEMS product (SSH only)

MIOST 0.89 0.08 139 Dynamics-informed OI (SSH only)

DYMOST 0.89 0.06 129 Dynamics-informed OI (SSH only)

BFN QG 0.88 0.06 122 Data assimilation with QG model (SSH only)

4DVarNet
(v2021)

0.89 0.06 122 Data assimilation-inspired neural network

regression (SSH only)

4DVarNet
(v2022)

0.89 0.09 109 Data assimilation-inspired neural network

regression (SSH only)

4DVarQG 0.90 0.06 106 Data assimilation with QG model (SSH only)

ConvLSTM
(SSH)

0.90 0.06 113 Neural network regression (SSH only)

ConvLSTM
(SSH-SST)

0.90 0.06 100 Neural network regression (SSH & SST

inputs, SSH output)

NeurOST
(SSH-SST)

0.90 0.06 114 Neural network regression as used in

PO.DAAC product (SSH & SST inputs,

SSH output)

Table A1: Ocean Data Challenge 2021a SSH mapping metrics for
the OSE. See Section 3.3.3 for metric details.
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Lellouche, J.-M., Greiner, E., Bourdallé-Badie, R., Garric, G., Melet, A., Drévillon,1152

M., . . . Le Traon, P.-Y. (2021). The copernicus global 1/12 oceanic and sea ice1153

GLORYS12 reanalysis. Frontiers in Earth Science, 9 , 698876.1154

Le Traon, P., Nadal, F., & Ducet, N. (1998). An improved mapping method of1155

multisatellite altimeter data. Journal of Atmospheric and Oceanic Technology ,1156

15 (2), 522–534.1157
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Text S1. Linear Ekman Regression Model for Wind-Driven Surface Currents

We remove both geostrophic currents and linear Ekman wind-driven currents from the

total 15 m depth currents in GLORYS 12 as a pre-processing step before training GenDA

(Equations 10 & 11).

The linear Ekman wind-driven current is given by

uEk =

√
2

ρ0fd
ez/d

[
τx cos

(z
d
− π

4

)
− τ y sin

(z
d
− π

4

)]
, (S1)

and

vEk =

√
2

ρ0fd
ez/d

[
τx sin

(z
d
− π

4

)
+ τ y cos

(z
d
− π

4

)]
, (S2)

where d is the Ekman layer depth, z is depth, ρ0 is a reference density, and τx and τ y are

the zonal and meridional wind stresses respectively (Equation 8.33 from Cushman-Roisin

and Beckers (2011)). The Ekman layer depth, d, is a property of local oceanographic

conditions which could vary geographically. The wind stresses can be estimated from

ERA 5 surface winds using bulk aerodynamical formulae

τx = ρaCduatmos

√
u2
atmos + v2atmos, (S3)

and

τ y = ρaCdvatmos

√
u2
atmos + v2atmos, (S4)

where ρa is an atmospheric reference density which we take to be 1.2 kgm−3, and Cd is a

drag coefficient which we take to be 1.2× 10−3 (Large & Pond, 1981).

In practice, we calculate wind stress from ERA 5 winds using Equations S3 & S4 and

re-cast Equations S1 & S2 as a linear regression model

uEk = A(x, y)τx +B(x, y)τ y, (S5)
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and

vEk = C(x, y)τx +D(x, y)τ y, (S6)

where A, B, C, and D are regression coefficients which we allow to vary geographically

but assume to be fixed in time (Lagerloef et al., 1999). We find these coefficients by

regressing Equations S5 & S6 at each coordinate onto GLORYS 12 ageostrophic surface

currents over our full dataset duration (2010-2021).

Text S2. Why Include Surface Winds in the State Vector?

To improve the reconstruction of wind-driven currents not captured by our linear Ekman

model (Text S1), we also reconstruct surface winds in the GenDA state estimate and

assimilate ERA 5 winds in the observation operator. Here we show that assimilating ERA

5 winds improves the GenDA reconstruct skill for the unobserved ageostrophic surface

currents (Table S1).

Text S3. Neural Network Architectures and Hyperparameters

Text S3.1. GenDA Diffusion Prior Architecture

The neural network architecture we use is a version of the UNet architecture

(Ronneberger et al., 2015) with added self-attention used widely in diffusion models (Song

& Ermon, 2019; Mardani et al., 2024). The full details of our architecture are illustrated

in Figure S1. We use this architecture also for the UNet Regression baseline with minor

modifications to the numbers of channels to accommadate observations in the input and

to reduce overfitting observed during training.
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Text S3.2. GenDA Generation Hyperparameters

Throughout this study, when generating state estimates using the diffusion prior we use

the following hyperparameters. We discretize the the diffusion time axis into 256 steps

from t = 0 to t = T , and follow the same time-stepping procedure as Rozet and Louppe

(2023) and Manshausen et al. (2024). Although these prior studies used Langevin Monte

Carlo correction steps, in this study we perform no correction steps as it was not found to

improve performance in our experiments. We use the same noise schedule as Rozet and

Louppe (2023),

σ(t) =
√

1− µ(t)2 (S7)

µ(t) = cos(ωt)2 (S8)

ω = arccos
(√

10−3
)

(S9)

where we set T = 1.

In Rozet and Louppe (2023) the heuristic variance for the posterior likelihood term in

the main text (Equation 6) is

N (y|A(x̂(t)),Σy(t)) = N
(
y|A(x̂(t)),Σy +

σ(t)2

µ(t)2
Γ

)
, (S10)

where Σy is the standard error of the observations, y, and Γ is a hyperparameter that

controls the strength of the response to the observation likelihood term at higher noise

levels. In this study we set Γ = 0.1, noting that this is slightly higher than the values

used in Rozet and Louppe (2023) and Manshausen et al. (2024). We first tried smaller

values for Γ but ran into numerical instabilities during generation so increased Γ until the

generation stabilized.
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Text S4. GLORYS Diffusion Prior Training Results

Here we present the training results for GenDA’s score-based diffusion prior, D. Dur-

ing training, the diffusion model is trained to de-noise surface ocean state vectors from

GLORYS 12 with Gaussian noise at varying amplitudes, σ(t), added (Figure 2). The loss

function, LEDM , minimized during training is MSE between the de-noised and noise-free

state with a noise amplitude-varying weighting that has been found to improve training

performance (Karras et al., 2022)

LEDM =
σ(t)2 + σ2

data

(σ(t) · σdata)
2 (D (x (t))− x (0))2 , (S11)

where σdata is a hyper-parameter which we set to 0.5, following Karras et al. (2022). We

observe stable training with both training loss and validation loss decreasing throughout

training before leveling off after ∼ 107 training examples (Figure S2).

Sampling the diffusion prior unconditionally, i.e. with no assimilation of observations

as described in Section 2.1.1, shows that our diffusion prior is able to largely capture the

distribution of the GLORYS training data (Figure S3). For all variables, the diffusion prior

appears able to produce realistic variability across all scales resolved in the GLORYS and

ERA 5 training data. Intriguingly, unconditional generation appears to somewhat under-

estimate the variance consistently across all scales for all variables except SSH, which

should be further investigated. We note though that assimilation observations mitigates

this (see the results presented in the Main Text).

Text S5. Coarse-Graining Scales in GenDA Observation Operator

The GenDA observation operator requires the prescription of effective coarse-graining

scales that reflect the resolutions of the low-resolution L4 SSH, SST, and SSS products
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assimilated (Section 2.1.3). Here we describe how we choose these scales for both experi-

ments.

Text S5.1. OSSE: Scales Prescribed A Priori

In the OSSE, we simulate low-resolution L4 satellite products by coarse-graining the

respective ground truth GLORYS field with a Gaussian kernel of width, σL, chosen to

reflect what we expect to be the effective resolution of real-world satellite products. Since

L4 satellite products also smooth in time, we smooth the ground truth in time with width,

σT , when generating the simulated L4 products. Table S2 lists the coarse-graining scales

chosen for each variable along with our rationale.

Since in the OSSE setting the effective coarse-graining scales of the L4 products are

known, we set the coarse-graining scales in the GenDA observation operator to the same

values used when generating the data (Table S2). Since GenDA operates only on snap-

shots, we neglect the temporal smoothing in the observation operator.

Text S5.2. OSE: Scales Tuned A Posteriori

In the real-world (OSE) setting, we assimilate real L4 products for which the effective

coarse-graining scales are not known a priori. To select appropriate coarse-graining scales

we therefore employ an a posteriori tuning strategy. We select the first day of each month

from one of the cross-validation years (2019) to use as a dataset for tuning the coarse-

graining scales. We then generate 120 random combinations of σSSH , σSST , and σSSS

by uniformly sampling in the range [5, 40] km. We apply GenDA to the 12-day dataset

for each coarse-graining scale combination and analyze the spectra of the resulting state

estimates as well as compute errors against withheld SSH and SST observations.
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SSH and SST reconstruction errors were found to co-vary only with σSSH and σSST

respectively with no clear impact from σSSS on either and no co-variance between SSH

and SST (Figure S4). We thus consider each variable to respond only to its respective

coarse-graining scale in what follows. SSH and SST R2 increase with decreasing σSSH and

σSST respectively. This is likely due to the fact that decreasing the coarse-graining scale

applied in the observation operator leads the GenDA state estimates to converge towards

the low-resolution L4 products. The low-resolution L4 products are close to observations

in terms of regression metrics, which are dominated by large-scale signals, but are overly-

smooth compared to numerical simulations or L3 observations. When choosing σSSH and

σSST , it is thus important not just to maximize R2, but also to consider the impact on

the physical realism of GenDA at small scales.

The spectral properties of SST on a near cloud-free day, 2019-09-01, illustrate the trade-

offs between setting σSST too small or too large (Figure S5). When σSST is set too large,

GenDA over-predicts variance at large scales relative to both OI and L3 observations to

counteract the excessive smoothing applied in the observation operator (Figure S5a & b).

Whereas setting σSST too small suppresses variance at small scales, pushing the GenDA

state estimate towards OI and away from the L3 ground truth observations (Figure S5a

& c). While choosing σSST is subjective, a rationale emerges looking at how the variance

at large and small scales varies with σSST (Figure S5b & c respectively). We pick a value

that is small enough for the large-scale variance to converge towards that predicted by

OI, while being large enough to avoid the small-scale variance being suppressed too much.

The small-scale variance in Figure S5c appears to roll off abruptly below σSST ∼ 15 km

which we take to be a symptom of σSST being too small below this threshold. To choose
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our OSE coarse-graining scales we thus look at how the large- and small-scale variance

of GenDA SSH, SST, and SSS change with σ compared to the respective OI products

(averaged over all 12 days in the tuning dataset) and pick values that appear to achieve

the trade-off described above (Figure S6). This a posteriori tuning strategy leads us to

values of 15 km for all variables (Table S3), which we note are in reasonable alignment

with the values used in the OSSE (Table S2). Note, for SSH the small-scale variance

didn’t exhibit the clear roll-off at small σ that SST and SSS do (comparing Figure S6b

to d & f), making our choice of σSSH more subjective. We instead inform our choice of

σSSH by selecting the scale below which improvements in SSH R2 plateau in Figure S4a.

Text S6. Weighted Re-Sampling Scheme for Comparing Errors For Cloudy

vs Non-Cloudy SST and SWOT vs No SWOT SSH

In Figure 10, we compare state estimation errors between cases where L3 SST is cloud-

occluded and cloud-free. Since the average cloud concentration has significant geograph-

ical structure, we need to ensure both the cloud-free and cloud-occluded datasets are

drawn uniformly in space to ensure a fair comparison. We achieve this by drawing N

samples from each dataset with replacement using a weighting function that compensates

for the average cloud concentration to ensure the drawn samples are uniformly distributed

in space.

We estimate the average cloud concentration, C(x, y), through

C(x, y) = 1− f(x, y), (S12)

where the overbar indicates averaging over all days in the test year 2017, and f(x, y) is

one for cloud-free pixels and zero for cloud-occluded pixels.
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From the cloud concentration we then design weighting functions for both the cloud-

occluded dataset,

Wcloudy(x, y) =
1

C(x, y)
, (S13)

and for the cloud-free dataset,

Wnon−cloudy(x, y) =
1

1− C(x, y)
, (S14)

and draw N samples with replacement using these weightings to scale the probability for

each pixel to be drawn.

The same algorithm is used to compare errors when SWOT SSH is and isn’t available,

replacing cloud concentration with the fraction of days on which SWOT SSH was not

available.

Text S7. OSE Ageostrophic Eddy Cyclo-Geostrophy Case Study

Here we highlight evidence of learned physics in the GenDA ageostrophic surface cur-

rents in the real-world setting, where we don’t have a ground-truth reference field. To

do this, we zoom in on the cyclonic eddy at 62◦W 36◦N in Figure 13 and compare the

GenDA ageostrophic currents to those from an idealized theoretical calculation.

For an axially symmetric eddy in equilibrium, the next order correction to geostrophic

balance, ‘cyclo-geostrophy’, has a closed form solution (Penven et al., 2014)

V =
2Vg

1 +
√

1 + 4Vg

fR

, (S15)

where V is the characteristic eddy velocity (taken here to be the maximum of the az-

imuthally averaged eddy velocity profile), Vg is the characteristic eddy velocity calculated

from geostrophy, and R is the radius of the eddy. Note V and Vg are defined to be positive

for a cyclone (anti-cyclone) in the Northern (Southern) Hemisphere and negative for the
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opposite rotation. Thus, in the Northern Hemisphere, cyclones are expected to be weaker

than geostrophy predicts, and anti-cyclones are expected to be stronger.

For the cyclonic eddy in Figure S7a, the GenDA total surface current (we still don’t

add back in the Ekman current here to focus on eddy dynamics) is 10-15% weaker than

the GenDA geostrophic current (Figure S7b-e). Applying cyclo-geostrophy to the GenDA

geostrophic currents would lead to a 20-25% weakening of the current speeds (Figure

S7f). The ageostrophic surface currents predicted by GenDA therefore appear to cor-

rect the eddy velocity in the direction expected from cyclo-geostrophy (i.e. the cyclone

gets weaker), albeit with weaker magnitude than predicted from cyclo-geostrophy. The

discrepancy between GenDA and cyclo-geostrophy could stem both from the idealizing

assumptions of axial symmetry and equilibrium made in applying Equation S15, and from

the fact that GenDA was observed to under-predict variance in ageostrophic currents in

the OSSE setting (Table 1). We stress, GenDA is provided no observations of ageostrophic

currents at inference and is here being assimilated to real-world satellite data, so it is pre-

dicting ageostrophic currents in a ‘zero shot’ manner. The simulation-informed diffusion

prior therefore appears to have learned the physical relationships between unobserved

ageostrophic currents and satellite observables (SSH/SST/SSS).

Movie S1. Movie of OSSE predictions for full testing year. Figure panels correspond to

those in Figure 5.

Movie S2. Movie of OSE predictions for full testing year. Figure panels correspond to

those in Figure 13.
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March 3, 2025, 8:54pm



: X - 11

ing sea surface height interpolation from multi-variate simulated satellite observa-

tions. Journal of Advances in Modeling Earth Systems , 16 (6), e2023MS004047.

Cushman-Roisin, B., & Beckers, J.-M. (2011). Introduction to geophysical fluid dynamics:

physical and numerical aspects. Academic press.

Karras, T., Aittala, M., Aila, T., & Laine, S. (2022). Elucidating the design space of

diffusion-based generative models. Advances in neural information processing sys-

tems , 35 , 26565–26577.

Lagerloef, G. S., Mitchum, G. T., Lukas, R. B., & Niiler, P. P. (1999). Tropical pacific

near-surface currents estimated from altimeter, wind, and drifter data. Journal of

Geophysical Research: Oceans , 104 (C10), 23313–23326.

Large, W., & Pond, S. (1981). Open ocean momentum flux measurements in moderate

to strong winds. Journal of physical oceanography , 11 (3), 324–336.

Manshausen, P., Cohen, Y., Pathak, J., Pritchard, M., Garg, P., Mardani, M., . . .

Brenowitz, N. (2024). Generative data assimilation of sparse weather station ob-

servations at kilometer scales. arXiv preprint arXiv:2406.16947 .

Mardani, M., Brenowitz, N., Cohen, Y., Pathak, J., Chen, C.-Y., Liu, C.-C., . . .

Pritchard, M. (2024). Residual diffusion modeling for km-scale atmospheric down-

scaling. PREPRINT available at Research Square. doi: https://doi.org/10.21203/

rs.3.rs-3673869/v1

Martin, S. A., Manucharyan, G. E., & Klein, P. (2024). Deep learning improves global

satellite observations of ocean eddy dynamics. Geophysical Research Letters , 51 (17),

e2024GL110059.
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Table S1: Effect of assimilating ERA 5 winds on GenDA (ensemble mean) reconstruction skill for ageostrophic
currents.

ERA 5 Assimilated? R2 uageo R2 vageo

No 0.372 0.358

Yes 0.383 0.369

Table S2: Gaussian coarse-graining scales applied to SSH, SST, and SSS to generate simulated low-resolution L4
satellite products in the OSSE.

Variable σL [km] σT [days] Rationale

SSH 25 1.75 Error analysis in Martin,
Manucharyan, and Klein (2024).

SST 16 1.23 Same as chosen in Archambault,
Filoche, Charantonis, Béréziat, and
Thiria (2024).

SSS 16 1.23 Assumed to be same as SST.
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Table S3: Gaussian coarse-graining scales applied to SSH, SST, and SSS in GenDA observation operator in OSE
after a posteriori tuning.

Variable σL [km]

SSH 15

SST 15

SSS 15

128 x 128

64 x 64

32 x 32

16 x 16

32 x 32

64 x 64

128 x 128

= Conv2D = GroupNorm > Conv2D > Linear > GroupNorm > Conv2D

= GroupNorm > Conv2D > Linear > GroupNorm > Conv2D (downsample) = GroupNorm > Conv2D > Linear > GroupNorm > Conv2D (upsample)

= GroupNorm > Conv2D > Linear > GroupNorm > Conv2D > SelfAttention

Figure S1: Schematic of the UNet neural network architecture used in both the GenDA diffusion prior and UNet
Regression baseline.
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Figure S2: Learning curves for training the GenDA score-based diffusion prior to de-noise GLORYS 12 surface
ocean states. The EDM de-noising loss function (Equation S11) is shown as a function of training step calculated
both on the training (blue) and cross-validation (orange) datasets.
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Figure S3: Spectra of each variable when generated unconditionally (with no assimilation of observations) by the
GenDA score-based diffusion prior (orange) compared to the GLORYS ground truth (blue). (a) SSH, (b) SST,
(c) SSS, (d) uageo, (e) vageo, (f) uatmos, and (g) vatmos.

(a) (b) (c)

Figure S4: Effect of varying coarse-graining scales on GenDA OSE state estimate R2 against independent L3
SSH and SST observations. (a) SSH R2 with varying σSSH , (b) SST R2 with varying σSST , and (c) SST R2

with varying σSSS . No clear co-variance appears between SST R2 and σSSS . We don’t show them here, but
co-variances between σSSS and SSH R2, between σSST and SSH R2, and between σSSH and SST R2 are also not
apparent with the plots looking like panel (c).
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Figure S5: Spectral response of GenDA SST to varying σSST on a near cloud-free day of the tuning dataset,
2019-09-01. (a) SST spectra for GenDA with varying σSST (blue to red colormap), for L3 observations with the
few cloudy pixels filled with the domain mean (black), and for the low-resolution L4 OI satellite product (green).
The GenDA SST spectrum values at (b) a large wavelength (λ = 226.1 km) and (c) a small wavelength (λ = 50.7
km) are scattered against σSST and compared to L3 observations (black) and the low-resolution L4 OI satellite
product (green).
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Figure S6: Spectral response of GenDA at large (λ = 226.1 km) and small (λ = 50.7 km) scales to varying
coarse-graining scales averaged over all 12 days of the tuning dataset. (a) & (b) Large-scale and small-scale
response of GenDA SSH to σSSH respectively. (c) & (d) Large-scale and small-scale response of GenDA SST
to σSST respectively. (e) & (f) Large-scale and small-scale response of GenDA SSS to σSSS respectively. The
low-resolution L4 OI satellite product is shown in green in all panels.
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Figure S7: Comparing GenDA ageostrophic currents to cyclo-geostrophy for eddy reconstructed from real-world
observations (cyclonic eddy at 62◦W 36◦N in Figure 13). Zoomed in view of the eddy in one of the GenDA
ensemble members showing: (a) geostrophic vorticity, (b) geostrophic current speed, (c) total current speed
(GenDA geostrophic plus GenDA ageostrophic), and (d) the change in speed between total and geostrophic
currents. (e) Azimuthally averaged velocity profiles for geostrophic and total current speed, we show here the
ensemble mean but each ensemble member looks qualitatively similar. (f) PDF over GenDA ensemble members
of the eddy’s characteristic speed for geostrophic currents, total currents, and solving cyclo-geostrophic balance
using the geostrophic currents.
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