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. Distance matrices underlie major bioinformatics analyses Their storage has become infeasible

Exponential growth of microbial data
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Main challenge

Dimensionality loss

As scalar information, distances tear down the
multidimensional genome comparison structure
(e.g. alignment).

Bacterial genomes . Distance matrices grow quadratically as fast

collection © 3Massemblies = 4.5 x 10 distances = 18 TB

PLATO: Compression of microbial distance matrices with constant-time random access and controlled loss

m Key ideas m Remainder compression

A significant part of the distance signal is explained by restricted classes of phylogenies that can be efficiently estimated and stored (steps 1and 2) - Phylogenetic Remainder (R)
Resolution needed by comparison-based downstream analyses is relative, allowing efficient compression of the remaining part of the signal (step 3) . component (PC)
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PLATO's guarantees
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Conclusion Perspectives
We introduce PLATO, a method to compress any distance matrix up
to a user-chosen relative precision while keeping constant-time  Full characterization of the compression capability of the workflow,
random access to entries. e.g. as a function of the diameter (CS) or the mutation rate (Bio) of the
region.
PLATO's core idea is to estimate and store phylogenies from WhICh i .
the distances can be recovered, i of the Scaling to larger microbial collections (e.g. 661k [47]). This requires
new subsampling and clustering strategies to stay efficient, e.g. during ! ol : - e :
We use it to reduce by 81.5% the storage needed by a typical small  the tree phylogeny inference step. E 5 38. Prce et lor Biology and

collection of genomes, as a proof of concept.
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