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Spectral Jaccard Similarity for long-read alignment
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Motivation: efficient long-read pairwise alighment Interpreting the Model
* For long-read sequencing technologies, pairwise alignment is a * Spectral Jaccard similarity provides a better estimate for alignment
computational bottleneck [1] size than standard Jaccard similarity
* |dentifying good candidate pairs prior to full alignment is desirable PacBio reads from K. pneumoniae PacBio reads from K. pneumoniae
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How good is Jaccard similarity at estimating the alighment length: More accurate pre-allgn ment filter

Simulated reads from E. coli PacBio reads from E. coli . . : . :
* Task: identify pairs of reads with alignment larger than a threshold &
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Model: “Some hashes are better than others”

* For a”reference” read S, we define a min-hash collision matrix A:

Efficient Computation via Multi-Armed Bandits
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o alignments, only a small
 To allow for different hashes to have . number of min-hashes are
different impacts, we assume that 400 computed and used to
Ai; ~ Ber(p;) OR Ber(q;) estimate the p;’s
* We then notice that o_h
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* We refer to the resulting p;’s as the Spectral Jaccard Similarity [4] Bagaria, Vivek, Govinda M. Kamath, and David N. Tse. "Adaptive Monte-Carlo
Optimization." 2018

* This allows us to estimate p and g using SVD




