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Overview Training a differentiable sorter Loss functions Handcrafted sorter

Non-differentiable ranking metrics: Using only synthetic data: : : :
g g only sy Spearman correlation as loss function: Baseline: a ranking algorithm
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Sorter architecture:
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Approach to make ranking metrics differentiable: O3, |
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 DNN sorter trained to approximate the rank function rk
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* Ranking metrics used as loss function
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