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satellite imagery, which we run through S e Time-series nature of data lends itself better to models that can
each model to output 1 of 17 land cover e SDG 15: Lite on Land dataset from learn more complex dependencies

labels SustainBench to target UN SDGs e High performance in out-of-domain data remains a challenge
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(MAP), Macro AUROC satellite imagery in 2018 * Regularization strategies do help slightly boost test set performance
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patterns and specific failure cases * Total input dimension is 7x46 * Representation Learning or Meta-Learning to enhance models
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