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Abstract Sigmoid attention in one simple equation Universal Function Approximation
hd,r.
Attention is typically obtained as the softmax of | | . I “v"is the class of transformer networks
dot product between k and g, a non-local SigmoidAttn(X) = o(QK /\/qu)Va obtainable by combining an arbitrary number of
operation requiring noticeable overhead. with o : u — sigmoid(u + b) = (1 + e~ T2~ SigmoidAttn layers (each of /& heads of

Building on prior work, we revisit a purely local,
more efficient alternative: sigmoid attention.
Our work unifies prior art and establishes best
practices for sigmoid attention as a drop-in
softmax replacement in transformers.

dimension d,) followed by FFN layers of hidden
In most scenarios, setting b = — In(max n) works well. If this still fails, we suggest hybrid norm. dimension r. For any given continuous,

. . . permutation-equivariant function f : 2 C
Sigmoid matches softmax performance and increases throughput
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: Sigmoid attention works in multiple tasks and domains.
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= Sigmoid e LayerScale important in vision(not ASR, LM).
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