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Rayleigh-Bénard Convection (RBC) RBC Model Equations

¢ Natural buoyancy-driven convective motion Apblication T =T, (Cold)
occurring in fluid layers due to temperature pplications A
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Dimensionless Equations
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® Modelled by incompressible Navier-Stokes
equations under Boussineq approximation
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Rayleigh-Bénard Convection (2D)

Buoyancy at t = 49.999
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Where:
u = (i, Uy, u,): Flow velocity

e Pr: Prandtl number

e Ra : Rayleigh Number
e d: Boundary separation
e [ Temperature

=SNG/ S
= = @: Temperature deviation from conduction state
Atmospheric Flows p: Pressure deviation from conduction state

2: Acceleration due to gravity

Simulation: Two dimensional Rayleigh—Bénard convection with

Rayleigh Number(Ra)= 104 at time (t) = 49.99 generated using Dedalus
softwarel®l.
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Fourier Neural Operators (FNO)!" Solving RBC in 2D with FNO

e Problem: Given 7, (solution at time f), predict 7%, (solution at time ¢’ = 1 + Af)

Where:
u,: x-velocity at time ¢

* Neural Operators are able to learn Let v be input vector and u output vector, then deep

neural network with K. layer and o; activation has
the form:

function space mappings e FNO Model Input: %, = (u,w,,0,,p,)

e Parametrised by integral kernel in

u=(Kjoo;0....00°Ky) v * Solution Training Objective:

Fourier Space . Wt: Z'Ve|OCity at t|me t
For FNO, v and u are functions with discretisation. Model predicts %;f = (Mt', W, Qt'a P;')
Let x, y be points in domain D then K : v, = v,

IS parameterised as:

D, pressure at time ¢

* Resolution-invariant * Increment Training Objective:

b,: buoyancy at time ¢

* Quasi-linear complexity with FFT Model predicts % o, = (Up,s Was» Onps Poy), then U . = U, + U ,,

V1) = FHF k) - FO0,)) (x) + Wr(x), Vx € D

e Loss: Relative £, loss either on solution or increment
Where k is a periodic function in D and , &, F !
are Fourier transform and it’s inverse respectively.
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o Identity Error: Relative error in %, when At =0

* Code: Custom Python code using PyTorchi8]
* Device: NVIDIAA100 GPUEI

FNO Model Card

Fourier layer: 2

Data Card

Source: Dedalusl?]
Samples: {train:1600, val:400}

Training Parameters

Fourier Layer

Learning rate: 1e-4

LR scheduler: Cosine Fourier modes:12

T: [100, 200] Optimiser: Adam P, O: 1D Convolution Layers
At : 0.001 Activation Function: GELU Input / Output Channels: 4
Grid(X,Z): (256,64) Epoch: 11500 Projection Channels: 16
Fig: Fourier neural operator architecture with input v, lifted to higher channel space by neural network P, passed through Fourier layers and Pr: 1, Ra: 1e7 Batch size: 20 Hidden Projection Width: 64

activation function o, then projected back to target dimension by neural network O to give output 1. Fourier layer takes input v’ and applies
Fourier transform &, linear transform R on lower Fourier modes, filtering out higher modes; then applies inverse Fourier transform F1

then concatenates the output with local linear transform W which is passed through activation function . [8]:
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Increment Output on (256, 64) Grid with FNO

4e-4

Relative Error under Time and Space Generalisation
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¢ Increment prediction outperforms full-state prediction, reducing errors by up to 100x

e Model design matters: deeper lifting/projection layers and cosine learning-rate scheduling further improve accuracy

* FNOs generalize across mesh resolutions, but accuracy remains limited by the training-data resolution

e Compact FNOs provide an accuracy-speed—-memory trade-off, making them promising surrogate models and coarse
propagators for parallel-in-time methods such as Parareal

* Long-horizon predictions remain challenging, with error accumulation becoming the main limitation
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