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Doubly Stochastic
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but existing Sinkhorn-based solutions are slow and memory-intensive. 5 — — — —
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We need a cheaper way to enforce this structure. e
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Attention weights between keys (red) and queries (green) computed by Sinkhorn's algorithm (top) and Expected Sliced Transport
Plans (bottom). Sinkhorn at iteration S reduces to classic self-attention. Line width indicates attention weight magnitude.

* ESPFormer: Expected Sliced Transport—based, doubly-stochastic
attention with tunable sparsity; annealing - hard sorting yields exact
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N N J Average and standard deviation (over 3 runs) of ESPFormer's classification accuracy (%) vs. baselines on the Cats and Dogs dataset
under varying data availability. ESPFormer's performance is reported in three modes: initial soft sort, sharp soft sort, and hard sort.
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