Problem Definition. Let R C X be a finite set of reads with a genome map-
ping function £ where ¥ = {A,C,T,G}. For a given threshold value v € R,
the objective is to learn an embedding function £ : R — R? that embeds reads
into a low-dimensional metric space (X, dx), usually a Euclidean space, such that

dx(&E(r),€(q)) < v ifand only if £(r) = £(q) for all reads r,q € R where d < |R|.

center context k-mers

context k-mers

* 0Oyy indicates the number of average co-appearances of k-mersix andy
per read within a window size w
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