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Ideally

Extract a genome for each bacteria in 

the sample 

Reality

Recreate genomes of very similar 

organisms using available information

• ~ 50,000 prokaryotic species in the genome databases

• Estimates of millions to billions or even trillions of species.

Introduction

Metagenomic binning

• Sequencing a complex microbial sample using current DNA sequencing

technologies rarely produces full DNA sequences, but rather a mixture of DNA

fragments (called reads) of the microbes present in the sample.

• In order to recover the full microbial genomes, a subsequent binning/clustering

step is performed, where individual DNA fragments are clustered together

according to their genomic origins.
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Learning latent representations of reads

Identifiable reads
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• Identifiable reads can be uniquely reconstructed from their k-mer profile. 

Lipschitz equivalent spaces.

k-mer profile: First, consider the definition of k-mer profiles:

ℰkmer r ≔ ෍

x∈Σk

cr x zx

where zx represents the canonical basis vector.

k-mers are not independent!

Poisson model:
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context k-mers center context k-mers

• 𝑜𝐱,𝐲 indicates the number of average co-appearances of k-mers i 𝐱 and 𝒚

per read within a window size 𝜔

𝑜𝐱,𝐲 ∼ 𝑃𝑜𝑖𝑠(𝜆𝐱,𝐲) 𝜆𝐱,𝐲 ≔ exp(− 𝐳𝐱 − 𝐳𝑦
2
)

Non-linear read embeddings

Experiments

Ablation studyNumber of parameters
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