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The ocean state is represented as a set of spatiotemporal fields (velocity, temperature, salinity): 

We solve the Boussinesq and hydrostatic approximations of incompressible Navier-Stokes:

Ocean GCM (General Circulation Model)

State at (x, t) = [u(x, t), w(x, t), T(x, t), S(x, t)]T .

∂tu + (v ⋅ ∇)u + f × u = −∇h(p + gη) − ∇ ⋅ τ + Fu (momentum equation)
∂z p = −ρg (hydrostatic)

∇hu + ∂zw = 0 (Boussinesq conservation of volume)
ρ = ρ(T, S, z) (equation of state)

DT
Dt

= DT + FT (temperature advection-diffusion)

DS
Dt

= DS + FS (salinity advection-diffusion).
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Part of CliMA: 

• A team building a set of Earth System Models entirely in Julia. 

• Land, sea ice, atmosphere, component coupling. 

• All models combine data-informed and physics-based 

approaches to modeling.

Why Oceananigans?
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Credit: Dippe et al.

Oceananigans Itself: 

• Features ocean-flavored fluid dynamics (hydrostatic and 

nonhydrostatic). 

• Uses finite volume simulations. 

• Written with GPU support as the primary focus. 

• Flexibility in: 

• Scale - from smaller lab-like simulations to global oceans. 

• User interface - “simple solutions easy, complex and creative 

simulations possible”.

Nature 572, 141-142 (2019)



Can range from 1° (3-5m grid cells) to 

1/48° (near 1b grid cells). 

The central tension: 

• increasing resolution may improve 

physical fidelity, 

• but increases the cost of forward 

integration, 

• and there will always be something 

that isn’t physically resolved.

Resolution and Scale

https://ecco-group.org/media-more.htm?id=31
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CLIVAR WGOMD Workshop, Kiel, April 7-9, 2014. 
Climate

SSH variability of the South Atlantic and Atlantic 
sector of Southern Ocean 

1° resolution 0.25° resolution 



Parameterizations: empirical or physically 

motivated closure models that express the 

aggregate effect of unresolved processes in 

terms of model variables at the resolved 

scale. 

Two common use cases: 

• Eddies (mesoscale) 

• Vertical mixing

Parameterizations

(Credit: cnrs)
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Use Cases for Adjoints in Ocean GCMs

Suppose we have a function  that measures some objective or cost of model state  
with spatiotemporal data  and parameters . If we have the gradient  , we can do: 

Sensitivity Analysis:  is a scalar objective function,  gives us information on the 
relationship between this objective and all model inputs. FD: 2+ forward runs per scalar in . 

Parameter Estimation:  measures misfit between a model output and observational or high-

resolution model data. Find  that minimizes . Gradient-free: scales with dimension of 

solution space for . 

Machine Learning:  is a cost function with a neural network (NN) embedded within a model. 

While NNs can be trained on model data alone,  allows us to employ online learning - training 
the NN with active runs and gradients from the original model.

J(u) u(x, t; p)
x, t p ∇uJ

J ∇uJ
p

J
p J(u)

p

J
J
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Online Learning and (Atmospheric) GCMs
• ESMs split resolved dynamics from parameterizations. 
• ML parameterizations trained offline are unstable when coupled back to the dynamics 

• They treat each snapshot as independent, not accounting for previous steps’ errors. 
• This is covariate shift / compounding error. 

• Online learning: threads gradients through the differentiable solver itself, so the learned parameterization is 
optimized to the dynamics it actually interacts with. 

• Error can be measured across multiple timesteps at once, penalizing drifting trajectories. 
• This requires a differentiable dynamical core. 
• NeuralGCM (Google/ECMWF, 2024): stable decadal climate simulations and ECMWF-competitive ensemble 
forecasts, at much lower cost.
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although there has been some success in using machine-learning 
approaches on longer timescales17,18, these models have not demon-
strated the ability to outperform existing GCMs.

Hybrid models that combine GCMs with machine learning are appeal-
ing because they build on the interpretability, extensibility and success-
ful track record of traditional atmospheric models19,20. In the hybrid 
model approach, a machine-learning component replaces or corrects 
the traditional physical parameterizations of a GCM. Until now, the 
machine-learning component in such models has been trained ‘offline’, 
by learning parameterizations independently of their interaction with 
dynamics. These components are then inserted into an existing GCM. 
The lack of coupling between machine-learning components and the 
governing equations during training potentially causes serious prob-
lems, such as instability and climate drift21. So far, hybrid models have 
mostly been limited to idealized scenarios such as aquaplanets22,23. 
Under realistic conditions, machine-learning corrections have reduced 
some biases of very coarse GCMs24–26, but performance remains con-
siderably worse than state-of-the-art models.

Here we present NeuralGCM, a fully differentiable hybrid GCM of 
Earth’s atmosphere. NeuralGCM is trained on forecasting up to 5-day 
weather trajectories sampled from ERA5. Differentiability enables 
end-to-end ‘online training’27, with machine-learning components 
optimized in the context of interactions with the governing equations 
for large-scale dynamics, which we find enables accurate and stable 
forecasts. NeuralGCM produces physically consistent forecasts with 
accuracy comparable to best-in-class models across a range of time-
scales, from 1- to 15-day weather to decadal climate prediction.

Neural GCMs
A schematic of NeuralGCM is shown in Fig. 1. The two key components 
of NeuralGCM are a differentiable dynamical core for solving the dis-
cretized governing dynamical equations and a learned physics module 
that parameterizes physical processes with a neural network, described 
in full detail in Methods, Supplementary Information sections B and C, 
and Supplementary Table 1. The dynamical core simulates large-scale 

fluid motion and thermodynamics under the influence of gravity and 
the Coriolis force. The learned physics module (Supplementary Fig. 1) 
predicts the effect of unresolved processes, such as cloud formation, 
radiative transport, precipitation and subgrid-scale dynamics, on the 
simulated fields using a neural network.

The differentiable dynamical core in NeuralGCM allows an end-to-end 
training approach, whereby we advance the model multiple time steps 
before employing stochastic gradient descent to minimize discrep-
ancies between model predictions and reanalysis (Supplementary 
Information section G.2). We gradually increase the rollout length 
from 6 hours to 5 days (Supplementary Information section G and 
Supplementary Table 5), which we found to be critical because our 
models are not accurate for multi-day prediction or stable for long 
rollouts early in training (Supplementary Information section H.6.2 
and Supplementary Fig. 23). The extended back-propagation through 
hundreds of simulation steps enables our neural networks to take into 
account interactions between the learned physics and the dynamical 
core. We train deterministic and stochastic NeuralGCM models, each 
of which uses a distinct training protocol, described in full detail in 
Methods and Supplementary Table 4.

We train a range of NeuralGCM models at horizontal resolutions with 
grid spacing of 2.8°, 1.4° and 0.7° (Supplementary Fig. 7). We evalu-
ate the performance of NeuralGCM at a range of timescales appro-
priate for weather forecasting and climate simulation. For weather, 
we compare against the best-in-class conventional physics-based 
weather models, ECMWF’s high-resolution model (ECMWF-HRES) 
and ensemble prediction system (ECMWF-ENS), and two of the recent 
machine-learning-based approaches, GraphCast3 and Pangu4. For cli-
mate, we compare against a global cloud-resolving model and Atmos-
pheric Model Intercomparison Project (AMIP) runs.

Medium-range weather forecasting
Our evaluation set-up focuses on quantifying accuracy and physical 
consistency, following WeatherBench212. We regrid all forecasts to a 1.5° 
grid using conservative regridding, and average over all 732 forecasts 
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Fig. 1 | Structure of the NeuralGCM model. a, Overall model structure, showing 
how forcings Ft, noise zt (for stochastic models) and inputs yt are encoded into 
the model state xt. The model state is fed into the dynamical core, and alongside 
forcings and noise into the learned physics module. This produces tendencies 
(rates of change) used by an implicit–explicit ordinary differential equation 

(ODE) solver to advance the state in time. The new model state xt+1 can then be 
fed back into another time step, or decoded into model predictions. b, The 
learned physics module, which feeds data for individual columns of the 
atmosphere into a neural network used to produce physics tendencies in that 
vertical column.

(Credit: Kochkov et al, NeuralGCM)



In the past ocean model adjoints were written by hand, but now AD is often used to obtain . 

Automatic Differentiation (AD): a set of techniques used to evaluate the derivative of a function in a 

computer code without manually writing an explicit rule for the derivative. 

∇uJ

Introduction to AD
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(Credit: Gowri Shankar)



Enzyme (multi-language AD Package):  

• Take existing code as LLVM IR (low-level virtual 

machine intermediate representation), integrate 

LLVM’s optimization profile, then differentiate. 

• Three pass architecture: type analysis, activity 

analysis, gradient synthesis. 

Reactant.jl (Julia-specific compiler tool):  

• Compile Julia into MLIR (multi-level IR), run 

optimizations on top of it, then create executables via 

XLA (accelerated linear algebra). 

• Enzyme can interface with MLIR before XLA compile. 

• Optimized MLIR is type-stable, and easier to 

differentiate than Julia-LLVM alone.

Enzyme and Reactant
Enzyme Pipeline:

Reactant Pipeline (with Enzyme included):
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Case Study: Re-entrant 
Channel Model

An idealization of the 
Southern Ocean (based 
on configuration in 
Abernathy et al. 2011) 

Addition: a ridge 
topography with a gap 
(Drake passage).

From Moses et al., 2026, “DJ4Earth: Differentiable, and Performance-portable Earth System Modeling via 
Program Transformations", in JAMES.

Credit: National Geographic
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ξ(x, y,0) b(x, y,0) η(x, y) e(x, y,0)

w(x, z) w(x, z)

https://essopenarchive.org/doi/full/10.22541/essoar.176314951.18114616
https://essopenarchive.org/doi/full/10.22541/essoar.176314951.18114616


A useful objective function is the zonal volume transport across the gap in model topography: 

 

How do different model components impact this transport? Including: 

• Boundary conditions (like wind stress) 

• Initial state (like the initial temperature field) 

• Model parameters (like diffusivity coefficients). 

We ran the model with Enzyme + Reactant AD for 14 days, obtaining sensitivities.

J (u(x0, y, z, t)) = U(x0, t) = ∑
y,z

u(x0, y, z, t)ΔyΔz

Case Study: Re-entrant Channel Model
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Case Study: 
Re-entrant 
Channel 
Model

Sensitivity field for 
the effect of 
meridional wind 
stress on zonal 
transport.

13

Northward wind   
westward Ekman transport

(τy > 0) →

Surface divergence and upwelling 
of dense anomalies  along 
ridge - this is stronger away from 
the gap.

(ρ′￼> 0)

Thermal wind balance: 
∂ug

∂z
=

g
ρ0 f

∂ρ
∂y

Southern hemisphere, : f < 0
g

ρ0 f
< 0 ⟹

∂ug

∂z
> 0 if 

∂ρ
∂y
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 −
∂J
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(x, y)

Since  increases away from the gap, 

 north and  south.
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Oceananigans sign conventions at surface fluxes are negative East and North!
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∂y
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(Credit: public domain/ wiki)



Case Study: 
Performance 
Benefits of 
Reactant

The forward model 
sees massive 
improves on CPU, 
more modest on 
GPU. 

Since Reactant 
statically allocates 
all data, it has a 
much lower memory 
cost for forward 
code.

manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

ring problem with differentiating the Oceananigans code base was type instability. The641

computationally intensive portions of the Oceananigans code base feature kernel code642

that is GPU supported and thus type stable by necessity. However less intensive por-643

tions of the timestepping scheme, such as the processing of boundary conditions during644

halo exchanges, were not type stable. These were refactored to ensure type stability when645

we previously tried applying Enzyme to Oceananigans. These type stability issues were646

further improved by the use of Reactant, which first produces type-stable model code647

that can then be successfully differentiated. Reactant also improved the runtime for CPU-648

based models by an order of magnitude, which helped with development, although the649

runs presented here were computed and differentiated by using a GPU backend.650

4.2 Performance Analysis651

Backend Configuration Number of Timesteps
25 100 400 1600 8100

CPU(
NVIDIA Grace

Superchip

) Oceananigans (primal) 3.787 14.472 57.414 217.565 1105.209
+ Reactant (primal) 0.599 2.419 9.533 37.890 191.038
+ Reactant (AD) 26.534 103.609 396.494 1610.118 8282.979

GPU(
NVIDIA Grace

+ H200

) Oceananigans (primal) 0.432 0.602 1.198 3.968 17.113
+ Reactant (primal) 0.0367 0.144 0.573 2.319 11.692
+ Reactant (AD) 0.758 2.910 11.340 15.946 22.011

TPU( Google Cloud
v6e Trillium

) Oceananigans (primal) — — — —
—+ Reactant (primal) 0.245 0.975 3.895 6.681

+ Reactant (AD) 2.115 4.688 5.490 5.975

Table 1: Runtimes (seconds) for Oceananigans model configurations across varying num-
bers of timesteps and hardware. We compare forward runs without and with Reactant
to reverse-mode AD runs with Reactant. The non-reactant CPU run used native Julia
multi-threading with 32 threads to provide parallelism. Use of Reactant was mandatory
to enable Oceananigans runs on TPUs.

A key enabling capability of Reactant is to rewrite programs to automatically ex-652

ecute on a variety of hardware backends including CPUs, GPUs, and TPUs, the last of653

which is not normally capable of executing Julia code. We investigated this portability654

by running our Oceananigans configuration on multiple hardware environments, com-655

paring the runtimes of the primal code (forward model) on CPUs and GPUs with and656

without Reactant (Table. 1). We also successfully ran Oceananigans on TPUs for the657

first time, and included those runtimes here as well. Importantly without Reactant, Oceanani-658

gans cannot run on TPUs, underscoring the power of automated portability that Reac-659

tant enables.660

CPU vs. GPU Results661

We compare Oceananigans with Reactant on a Grace Superchip CPU to Oceanani-662

gans with the default CPU backend and native Julia multithreading. Even with this par-663

allelism, our forward model runs ≈ 6 times faster when instead using a Reactant back-664

end. The runs with AD are ≈ 40−50 times slower than primal-only Reactant, suggest-665

ing room for further compiler optimizations capable for Enzyme + Reactant and the check-666

pointing algorithm on CPUs. This scaling is a roughly constant factor relative to the pri-667

mal as is expected for reverse-mode AD with square root checkpointing. No attempts668

have been made yet to improve this scaling.669

–21–

manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

the TPU primal code is slower than the primal on an H200 GPU, but the AD run is faster.709

Oceananigans + Reactant on TPUs has potential, but is still experimental and shows710

inconsistent performance.711

Memory Usage712

Timesteps
Metric 25 100 400 1600 8100
Reactant heap - primal (GiB) 0.3406 0.3405 0.3314 0.3405 0.3405
Reactant heap - AD (GiB) 9.650 10.62 12.55 16.40 26.05
AD / primal memory ratio 28.33 31.18 37.86 48.16 76.51

Default memory estimate (GiB) 0.0904 0.3406 1.34 5.35 27.04
Default allocations (×103) 520 1489 5366 20874 104905
Default GC (%) 1.04 3.10 6.36 7.96 9.84

Table 3: GPU memory profiles for Oceananigans primal and reverse-mode AD runs across
varying numbers of timesteps. Reactant heap allocation is reported from the BFC allo-
cator profile. Memory estimates, allocation counts, and percent of time spent on GC for
Oceananigans on GPU without Reactant are from BenchmarkTools.jl.

In addition to fixing type stability issues and enabling automatic differentiation via713

Enzyme, Reactant.jl also converts memory allocation into a static footprint. Regardless714

of the number of timesteps, our model’s primal runs using Reactant on a GPU allocate715

roughly the same amount of memory onto the heap as seen in Table. 3. By comparison,716

Oceananigans with its default GPU backend allocates memory dynamically as the model717

is run, thus longer runs involve more allocations and more total memory allocated. This718

memory does not all exist on the GPU concurrently - Julia has built-in garbage collec-719

tion (GC) that works as the model progresses, but this introduces its own overhead into720

the model runtime as seen in the last row of Table. 3.721

Reverse-mode AD introduces substantial memory overhead from the AD graph it-722

self, including the reverse pass and resulting type and activity analysis (though Reac-723

tant simplifies the former), as well as stored checkpoints when checkpointing is deployed.724

As shown in the AD/primal memory ratio we do see much larger heap allocations for725

AD runs, but they increase modestly and sublinearly with the number of timesteps, which726

is consistent with the expected memory footprint of square root checkpointing.727

Unlike the dynamic allocations and garbage collection of primal Oceananigans with728

its native GPU backend, Reactant AD allocations are static and all exist concurrently729

on the GPU, producing a limit on how long of an AD run one can execute on a single730

device: we have experienced frequent out-of-memory errors when trying to run AD for731

more than 8100 timesteps. However, an H100 GPU has a memory capacity of > 70 GiB.732

This suggests it is ultimately possible to perform longer AD runs on a single GPU while733

maintaining square root checkpointing as future work.734

5 Application 3: Ice Sheet Model735

For our third example we employ the Differentiable JUlia ICE sheet model (DJUICE.jl).736

This model is essentially a carbon copy of the finite-element C++ Ice-Sheet and Sea-737

level System Model (ISSM, Larour et al., 2012). DJUICE follows ISSM’s object-oriented738

structure, which requires a number of mutable structures, and has a large number of dy-739

–23–

(times are in seconds)

(~5.7x speedup) 
(AD ~40x)

(~40% speedup) 
(AD ~2x)
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Current Progress 
with AD on 
Oceananigans

Grids: 
• Rectilinear 
• Latitude-longitude

Tracer and Momentum Advection: 
• Centered difference 
• WENO

Buoyancy: 
• Linear EOS 
• TEOS-10

Coriolis: 
• Beta plane 
• F plane  
•Spherical (Hydrostatic)

Architecture: 
• CPU 
• NVIDIA GPU 
• TPU 
(via Reactant)

Boundary Conditions: 
• Flux 
• No-slip 
•Periodic / open

Volumetric Forcings 
• Relaxation 
• Volumetric Flux

Model: 
•Hydrostatic 
•Boussinesq

Free Surface: 
• Rigid Lid 
• Explicit 
•Split-Explicit

Turbulence Closures 
• Scalar diffusivity, viscosity 
• Spatially-varying diffusivity, viscosity 
•Biharmonic diffusivity

We have successfully 
differentiated a large portion 
of the Oceananigans code 
base with Enzyme + 
Reactant.
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Recall the cost function  measuring the misfit between some model 
output and observational or high-res data. 

We plan on using this framework to invert for parameterization 
coefficients. Specifically mesoscale eddies and vertical mixing. 

This can be done on our regional re-entrant channel. Another 
configuration of interest is the Diabatic NeverWorld2 Ocean (DINO).

J

Next Steps: Parameter Estimation

https://dl.acm.org/doi/fullHtml/10.1145/3569951.3603640
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Some Parameterization Schemes
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GM/Redi for mesoscale eddies (Gent-McWilliams & Redi schemes - established in 1990s) 

• Represents tracer advection-diffusion from eddies, using flows along density-neutral slopes (isopycnals). 

∇ ⋅ (κρKRedi + κGMKGM)∇τ, KRedi =

1 0 Sx

0 1 Sy

Sx Sy S2
x + S2

y

, KGM =
0 0 −Sx

0 0 −Sy

Sx Sy 0

CATKE for turbulent mixing (Convective-Adjustment Turbulent Kinetic Energy - devised in 2023) 

• Uses a prognostic TKE tracer  and diagnostic mixing length scale  that features dynamic convective adjustment. 

 ,                 . 

• Trained on gradient-free Ensemble Kalman Inversion (EKI). 

Ongoing effort: determining ideal way to train parameters ( , , , , resulting free parameters in their derivations).

e ℓ
∂
∂t

τ = −
∂
∂z (w′￼τ′￼) w′￼τ′￼≈ − κτ

∂
∂z

τ where κτ = ℓτ e

κρ κGM e ℓτ



. 

We plan on using this framework to invert for parameterization coefficients in GM/Redi or CATKE, such as: 
•  

•  
•  (or its free parameters) 
•  (or its free parameters) 

The CATKE free parameters were trained on 21 models using gradient-free EKI. 

Now that we have gradients and AD, we can use them (likely with more robust Quasi-Newton methods) to train 
their free parameters on a much larger regional model and in problem-specific contexts.

J(u) = ∥ℳ (u(x, t, p)) − 𝒟∥misfit

κρ
κGM
e
ℓτ

Parameter Estimation
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Incorporate a small neural network (NN) into the parameterization scheme. Either… 

• Augment using a small NN inside the traditional physics-based parameterization to train some or all free 
parameters in the scheme: 

• Zanna et al. uses dimensional analysis to derive non-dimensional parameters for this task. 
• These NNs can be “small” (  20-1000 nodes total). 

• Replace the entire tendency introduced by the parameterization with one given by a (larger) NN. 

Key advantage: Julia has ML packages (Lux.jl, Flux.jl) which interact with Enzyme + Reactant. Thus we can train 
NN weights online.

≈

Parameter Estimation and ML

Journal of Advances in Modeling Earth Systems
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Deeper networks are expanded versions of the above Equation set 9 and are obtained by adding additional layers. 
ANNs can capture nonlinear relationships within certain tolerances and can interpolate with high accuracy within 
the range of training data. We employ ANNs to learn the nonlinear relationship between chosen input parameters, 
described below, and the vertical diffusivity profile predicted using SMC.

3.2. Learning Diffusivity Using Two Neural Networks  and 
To train the ANN model to predict the diffusivity profile, we use the sigma coordinate defined as σ = z/h. There-
fore, at the surface σ = 0, and at h, σ = 1. We define the diffusivity in the sigma coordinate in terms of a velocity 
scale, v0, the boundary layer depth, h, and the nondimensional shape function, g:

 (10)

where g(σ) is defined to give values between [0,1]. We could have introduced vertical structure in few or all of 
the terms on the right hand side in Equation 10. Instead we use only g(σ) to provide vertical structure as we found 
out that it was convenient to train one profile than two or more. The benefit of adopting the sigma coordinate is in 
removing the dependence on the vertical coordinate (e.g., grid spacing in z) that varies in different ocean models. 
This allows us to train and infer (feed-forward) without depending on the model's vertical grid, which makes it 
practical to implement in an ocean model with an adaptive vertical grid (e.g., Bleck, 2002).

The velocity scale v0 in Equation 10 does not vary with σ. The entire vertical structure of κϕ is captured by g(σ) 
alone. This is in contrast to Equation 7 where both the length scale and the velocity scale vary in vertical direction 
and contribute to the vertical structure of κϕ. We made this choice to simplify the approach so that only one neural 
network is needed to capture the vertical structure of κϕ.

We choose to obtain the shape function and velocity scale using two separate neural networks:

 (11)

where  and  represent two distinct neural networks that are trained independently.  requires inputs f, B0, 
u*, and h, while  is found to depend on f, B0, and u*. We chose this strategy rather than combining the two 
outputs into one ANN for a couple of reasons. First, it is straightforward to cleanly diagnose g(σ) and v0 from the 
data, as will be explained in Sections 3.4 and 3.5. Second, we anticipate that having separate networks will make 
the individual networks easier to interpret, which allows us to better understand physical processes modeled by 
the network.

Both neural networks  are trained using the Pytorch package (Paszke et al., 2019). Rectified Linear Unit 
(Nair & Hinton, 2010) has been used as the activation function due to its simplicity and rapid convergence in 
training.

Figure 2. (a) Neural network  . It requires four inputs (f, B0, u*, h) and output layer consists of 16 nodes giving values 
of g(σ) at those locations. (b) Neural network  requires three inputs (f, B0, u*) and output is a scalar velocity scale v0. 
Diffusivity is obtained by: κ(σ) = g(σ) · h · v0. Here, h is the boundary layer depth which is evaluated in the vertical mixing 
parameterization of ocean surface boundary layer in ocean general circulation model using physical arguments.
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This is similar to NeuralGCM, but with a more 
targeted focus on individual parameterizations 
and shift to ocean modeling.
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Thank you! 
Check out our recent paper by scanning the QR code!
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Resolution and Scale

https://arxiv.org/pdf/2309.06662

CLIVAR WGOMD Workshop, Kiel, April 7-9, 2014. 
Climate

SSH variability of the South Atlantic and Atlantic 
sector of Southern Ocean 

1° resolution 0.25° resolution 

https://www.clivar.org/sites/default/files/documents/wgomd/ws2014/06_highres_bentsen.pdf

1° (100 km 
near equator)

1/4° (25 km, 
eddy-permitting)

1/12° (8 km, 
eddy-resolving)

1/48° (2 km)

Computational scale of an 

ocean GCM  horizontal 

resolution (# grid cells, 

timestep from CFL).

→

CLIVAR WGOMD Workshop, Kiel, April 7-9, 2014. 
Climate

SSH variability of the South Atlantic and Atlantic 
sector of Southern Ocean 

1° resolution 0.25° resolution 
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Feasible on 

modest HPC. 

Require massive 

resources, though 

GPUs help.



Enzyme (multi-language AD Package):  
• Take existing code as LLVM IR, integrate LLVM’s 

optimization profile, then differentiate. 

• Three pass architecture: 

• Type analysis: use a type tree to describe the 

known type at any given byte offset. 

• Activity analysis: determine which values are 

differentially active. 

• Gradient synthesis: “differentiate”. 

Compared to other AD tools: 

LLVM (formerly low-level virtual machine) produces an IR 

(intermediate representation) for languages like C and Julia. It 

offers a powerful compiler infrastructure. By using it Enzyme 

can differentiate several programming languages, and take 

advantage of compiler optimizations before computing the 

gradient.

Enzyme and Reactant

https://proceedings.neurips.cc/paper_files/paper/2020/file/9332c513ef44b682e9347822c2e457ac-Paper.pdf
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Enzyme and Reactant

Reactant.jl (Julia-specific compiler tool - experimental):  
• Compile Julia into MLIR (multi-level IR), run optimizations on top of it, then create executables 

via XLA. 

• Relies on StableHLO - operation set with ~100 parallel and linear algebra operations. 

• XLA is the backend that compiles StableHLO into hardware-specific code (used in JAX, 

PyTorch, etc.). 

• Front end is a tracing system similar to JAX jit, but using Julia’s own type system and multiple 

dispatch instead. 

• Every data structure has a ConcreteRArray (stores actual data) and a TracedRArray 

(symbolic stand-in to compile MLIR/StableHLO). 

• Enzyme can interface with MLIR between StableHLO and XLA compile. 

• Optimized MLIR is type-stable, and easier to differentiate than Julia-LLVM alone.

Julia source code

ConcreteRArray, TracedRArray

StableHLO MLIR

XLA Compile

Backend Binaries

Execution on device

EnzymeMLIR, 
Raising passes, 

Cross-function optimizations

MLIR optimization passes

@compile or @jit

multiple-dispatch tracing

(StableHLO adjoints) 
(CUDA lifting to StableHLO) 

(linalg fusions, etc.)

(PTX, ROCm, TPU, CPU)
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Case Study: Re-entrant Channel Model

Sensitivities for wind stress’ effects on zonal 

transport: 

• (a) is zonal wind stress  which alters the 

meridional density gradient through 

southern Ekman transport. By thermal wind 

balance this increases geostrophic velocity 

. 

• (b) is meridional wind stress  which 

controls the pressure difference across the 

gap via Ekman transport and surface map 

divergence.

τx

ug

τy

(Oceananigans sign conventions at surface are negative East and North, recall periodic BC.)
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(a) −
∂J
∂τx

(x, y) (b) −
∂J
∂τy

(x, y)



Case Study: 
Re-entrant 
Channel 
Model

Sensitivities for 
Temperature  (a 
and b) and vertical 
diffusivity  (c and 
d).

T

κT

(Vertical diffusivity  closely 

resembles  over smaller timescales.)

κT

T

How temperature  affects : 

• Local warming  steeper meridional density gradient  

vertical shear (thermal wind). 

• Density gradient raises steric height, which changes 

horizontal pressure gradients. 

• With topography, same horizontal pressure change  

larger bottom pressure change, stresses that affect 

momentum balance.

T J
→ →

→
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(a) 
∂J
∂T

(x, y,15m) (b) 
∂J
∂T

(x, y,504m)

(c) 
∂J
∂κT

(x, y,15m) (d) 
∂J
∂κT

(x, y,504m)

(a) ∂J/∂T (x = 550km, y, z)

(b) ∂J/∂T (x , y = 1000km, z)



• This was a proof-of-concept case for parameter estimation in ocean modeling. 

• Used a simpler configuration - barotropic only. 

• Included an optional ice floe with thermodynamics and thickness . 

Goal: reconstruct the initial temperature field  given the final temperature and sea ice thickness at time step  as 

cost functions, using AD results with a gradient descent: 

, with next guess . 

h
Ti n

J(u(x; Ti)) = ∥Tn − Ttrue∥2 + ∥hn − htrue∥2 [Ti]k+1 = [Ti]k − γ∇J([Ti]k)

Case Study: Parameter Estimation Minitutorial
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Initial water surface T Initial water depth  (cross-section)T Final water surface T Final water depth  (cross-section)T



• The v6e TPU has a matrix-multiply-unit (MXU) of , 

• so we need data that can be chunked into tiles of size 256, or its aggressively padded, which adds wasted 

FLOPs. 

• This is especially true for AD runs with checkpoints steps, backpropagation, redundant forward ops (much 

more potential loop unrolling). 

•  is likely divisible by 256 since grid size is . 

• 25, 100, 400 are not.

256 × 256

1600 × (size of each model field) 80 × 160 × 32

Wait, why is AD faster than forward-only for TPUs?

manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

We also compare primal and AD runtimes in an NVIDIA Grace-Hopper environ-670

ment with an H200 GPU. Unsurprisingly, this hardware strongly outperforms the CPU-671

only runs. Here the performance differences between Reactant and default primal codes672

are more modest, with the Reactant run being ≈ 45% faster at 8100 timesteps. How-673

ever, longer runs also see a large relative improvement in AD runtime, with the scaling674

improving from ≈ 20 at 400 timesteps to ≈ 7 at 1600, then ≈ 2 at 8100. This suggests675

that GPU AD requires significant additional overhead regardless of model duration, but676

approaches constant scaling compared to primal runs with an ideal coefficient of ≈ 2.677

TPU Results678

Finally, we compare runtimes for 25, 100, 400, and 1600 timesteps on a TPU (a lim-679

ited allocation was available to us, so we did not conduct analysis for 8100 steps). Here680

we see some unusual trends: the primal runtimes scales consistently with duration from681

25 to 400 timesteps but then sublinearly from 400 to 1600 timesteps. The AD runtime682

not only improves in scaling compared to the primal (as it does for the GPU), but ac-683

tually runs faster than the primal code at 1600 timesteps.684

This scaling behavior may be due to TPU architecture. The v6e TPU has a matrix-685

multiply-unit (MXU) of 256x256. This means that to use its compute efficiently, we need686

data structured so it can be tiled into chunks of size 256 - otherwise our data needs to687

be aggressively padded to fit this tiling, which introduces extraneous computations that688

do not contribute to the result and increase runtime. XLA likely unrolls parts of the model689

timestep loop during compilation, so the quantities of data we operate on for each model690

field are influenced by the timestep count. This is especially likely for AD runs since they691

include checkpointed steps, backpropagation, and redundant forward operations that give692

more potential for unrolling. While 1600 is not a multiple of 256, 1600×(size of each model field)693

is a multiple since it only requires the sizes of these fields to be multiples of 4, and our694

grid size is already 80× 160× 32 (even for fields on cell faces or corners this will be a695

product of 4). 25, 100, and 400 × grid size are likely not divisible by 256, especially for696

fields on cell faces. Thus it is likely the 1600 step primal and especially AD runs require697

much less padding of the data to fit TPU tiles.698

Mode 25 steps 100 steps 400 steps 1600 steps
Primal 7.258× 1011 2.901× 1012 1.160× 1013 1.991× 1013

AD 4.433× 1012 1.029× 1013 1.454× 1013 1.716× 1013

Table 2: Raw FLOPs performed for Oceananigans primal and reverse-mode AD runs on
TPU v6e. The primal scales evenly with timesteps until 400 to 1600 where it increases
by only ≈ 72%, while the AD run exhibits sublinear scaling and dips below the primal by
1600 steps.

This is supported by the raw FLOP counts shown in Table. 2. These are the num-699

ber of floating point operations actually computed by the TPU for each model run, in-700

cluding unused operations done on padded portions of data to fit TPU tiling. The raw701

FLOP count remains consistent with timesteps for primal runs up to 400 steps, but only702

increases by about 72% when going from 400 to 1600 steps, suggesting a regime with much703

less extraneous padding which matches the relatively small increase in runtime. The AD704

runs consistently show a sublinear scaling, with the raw FLOPS becoming even less than705

the primal at 1600 steps. Similar to the GPU, this suggests reverse-mode AD has sub-706

stantial overhead for shorter runs but scales favorably relative to the primal code for longer707

runs, and can even leverage better tiling at certain timestep counts. At 1600 timesteps708
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GM/Redi for mesoscale eddies (Gent-McWilliams & Redi schemes - established in 1990s) 

• Represents tracer advection-diffusion from eddies. 
• The Redi Scheme: mixes tracer properties along isopycnals (surfaces where the density remains constant). 

• Uses a diffusion operator oriented along the isopycnal. 

• Introduces a symmetric diffusive tensor  that projects the tracer onto the surface with coefficient , using 

isoneutral slopes . 

• The GM scheme: applies the advective effect of eddies. Based on the rotation of a streamfunction specified by the 
isopycnals. 

When combined, GM/Redi’s tendency for tracer  is 

 

Ongoing effort: determining ideal choice of coefficients . Originally these were scalars, now spatially-varying scalar 

fields are considered optimal.

KRedi κρ

Sx, Sy

τ

∇ ⋅ (κρKRedi + κGMKGM)∇τ, KRedi =

1 0 Sx

0 1 Sy

Sx Sy S2
x + S2

y

, KGM =
0 0 −Sx

0 0 −Sy

Sx Sy 0

κρ, κGM

Some Parameterization Schemes
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CATKE for turbulent mixing (Convective-Adjustment Turbulent Kinetic Energy - devised in 2023) 

• Uses a prognostic TKE tracer and diagnostic mixing length scale the features dynamic convective adjustment. 

• Predicts depth range and timescale over which mixing occurs. 

Start with a column model for a horizontally-averaged tracer (horizontal velocities  are similar but with a Coriolis term): 

  

Here  are fluctuations from the averaged quantity - the change in  is based on vertical fluctuations only. Then we model the horizontally-

averaged vertical fluxes with 

, 

 is TKE,  is turbulent velocity scale,  is mixing length. 

• TKE is modeled analogously to kinetic energy. 

• Mixing length modeled after shear or convective turbulence depending on GCM. 

• Separate vertical flux models for velocities, tracers, and TKE. All added as tendencies to these components. 

CATKE originally used gradient-free Ensemble Kalman Inversion to train 18 total free parameters, concurrently running 21 large eddy 

simulations on a GPU, horizontally-averaged into column models. It was written for Oceananigans.jl, with GPU implementation in mind. 

Ongoing effort: determining ideal way to train parameters ( , , resulting free parameters in their derivations).

u, v
∂
∂t

τ = −
∂
∂z (w′￼τ′￼)

w′￼, τ′￼ τ

w′￼τ′￼≈ − κτ
∂
∂z

τ where κτ = ℓτ e

e e ℓτ

e ℓτ

Some Parameterization Schemes
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