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Existing carbon footprint estimates vary greatly

Silicon Carbon Per Area SSD Carbon Per GB (Tannu and Nair, 2023)
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We augment ACT to be probabilistic
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How do we model inputs?
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Inputs as
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Inputs as synthetic distributions
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Inputs as kernel density estimates (KDEs)
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Inputs as , Synthetic
distributions, KDEs
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Case study: Notebook GPU selection
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Probability
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Esoc of NVIDIA RTX A3000 and Intel Arc Pro AGOM
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Considering both Operational and Embodied
with Normalized Carbon Footprint (NCF)
(Eeckhout, 2024)
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Probability of Optimal Configuration for Varying a
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Probabilistic Carbon Modeling for Computer
Hardware

Large uncertainties exist in carbon We augment ACT with probabilistic
estimates modeling
Silicon Carbon Per Area SSD Carbon Per GB
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risk-aware sustainable design
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