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Architectural Biases in Shear Flow Forecasting
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Can architectural biases improve the trade-off between predictive 
performance and carbon footprint?

We study seven models varying in receptive field and periodicity, evaluating 
accuracy, physics fidelity, and carbon cost across training and inference. Our 
contributions are:

1. Carbon-aware evaluation: we argue for evaluation practices that weigh 
training and inference carbon cost alongside predictive accuracy and physics fidelity.

2. Characterising the performance-carbon trade-off: we empirically show how 
receptive field and periodicity biases relate to predictive performance and carbon 
footprint in spatio-temporal forecasting of incompressible shear flow. 

We evaluate seven models from two model families, 
UNet [2,3] and Fourier Neural Operator (FNO) [4-6], 
which differ in receptive field and periodicity 
assumptions, as summarised in the table below.

The UNets have a local receptive field due to their 
convolutional layers, whereas the FNOs have a global 
receptive field because they operate in Fourier space. 

Two UNets make no periodicity assumption, while the 
other two impose an explicit periodic assumption via 
circular padding at the domain boundary. All FNOs 
carry an implicit periodicity assumption throughout 
their representation, a consequence of the discrete 
Fourier transform assuming a periodic signal.

All models are trained for one-step forecasting. We 
measure the energy consumption during training and 
inference using CarbonTracker and convert this into a 
carbon footprint, as seen in the table below.

The dataset [1] comprises 240 trajectories of 2D incompressible Navier-
Stokes flow, spanning six PDE parameters and 40 initial conditions. Each 
trajectory has four fields: two velocity components, pressure, and a tracer.
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Our study explores how architectural biases relate to the trade-off between predictive 
performance and carbon footprint. As the plots above show, the answer is not 
straightforward, as carbon trade-offs vary across training and inference. This motivates 
the need to consider resource costs across the entire model lifecycle.

The plots also show that runtime is not a reliable proxy for carbon footprint, which is why 
resource costs must be measured explicitly. 

We focus on architectural biases, but the logic of incorporating domain knowledge, 
where possible, extends to other forms of prior knowledge. 
  
Ultimately, we argue for evaluating progress in machine learning in terms of 
value gained relative to cost incurred.  


