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Can architectural biases improve the trade-off between predictive - l-l - m m io-o
performance and carbon footprint? 03
We study seven models varying in receptive field and periodicity, evaluating o - - - - . » 0o

accuracy, physics fidelity, and carbon cost across training and inference. Our

contributions are: .
1. Carbon-aware evaluation: we argue for evaluation practices that weigh ] I-l m m m io:s
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training and inference carbon cost alongside predictive accuracy and physics fidelity.
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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. 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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z Our study explores how architectural biases relate to the trade-off between predictive
O performance and carbon footprint. As the plots above show, the answer is not t=0 t=3 t=6 t=9 t=12 t=15 t=18
straightforward, as carbon trade-offs vary across training and inference. This motivates Target
b= the need to consider resource costs across the entire model lifecycle.
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U We focus on architectural biases, but the logic of incorporating domain knowledge, UNet-CN
z where possible, extends to other forms of prior knowledge.
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o Ultimately, we argue for evaluating progress in machine learning in terms of
U value gained relative to cost incurred. UNet-CN-CP
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