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Metagenomics Binning Problem
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Metagenomics Binning Problem

Read1 < { CTGCTCGCCCTTGGTCGGAACCC |

Read2 < | TGCTGGCGTCCGGGCCGTCGGC |
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Read N < [  AGCGTTGAATGTCCATGGTTACT | o

Reads Embedding Space

Binning



k-mers / k-grams

[ CTGCTCGCCCTTGGTCGGAATGCA J

&
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][ CCTT ][ CTTG J[ TTGG ][ TGGT ][ GGTC ][ ] &,@6

* k-mers are used to address several challenges:

e \Variable-length sequences.
e The ambiguity in read direction

e Complementary strands



|dentifiable reads

[ CTGCTCGCCCTTGGTCGGAATGCA ]
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Theorem. Let r be a read of length /. There exists no other distinct read having the
same k-mer profile if and only if it does not satisfy any of the following conditions:

1. ry - Te1 =7T¢_p_o---1T¢and r; r; forsomel <i<l—k—2.

dicessl1 <i<g<j<h< {—k-+2 where Titk—1" " "Tg—1 75 Tjtk—1"""Th—1.
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* [dentifiable reads can be uniquely reconstructed from their given k-mer profile.



|dentifiable reads

* [dentifiable reads can be uniquely reconstructed from their given k-mer profile.
e But using large values of k is impractical.

CTGCTCGCCCTTGGTCGGAATGCA

’ —
AATGCCGAATAAGCCAATGCTATA | — l l
=
3

TTGGCCAGCGTAGCATCGGCAAT

* Lipschitz equivalent spaces.

Proposition. Let M; = (Rg,dz) and My = (NI=°I || - ||1) be the metric spaces
denoting the set of identifiable reads and their corresponding k-mer profiles equipped
with edit and #; distances, respectively. The k-mer profile function, ¢ : M7 — Ma,
mapping given any read, r, to its corresponding k-mer profile, ¢, := ¢(r), is a
Lipschitz equivalence, i.e. it satisfies

Vr,q € ° audy(r,q) < |ler — cqll1 < cudy(r, q) (1)

fora;=1/¢ and o, = k|E|k so M7 and M5 are Lipschitz equivalent.



Linear read embeddings

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

Ekmer(r) = z cr(X)zZy

xexkK

where z, represents the canonical basis vector for the k-mer x € Zk, l.e. (zy € {(ul, ...,umk) =
k
(0,1}1= . 3, u; = 1}).

* k-mers are not independent!

[ AACTGGTAAGCGTAGCGAGCTCTAAG ] —> [ AGCTGGTAAGCGTAGCGAGCTCTAAG ]

AACT ACTG AGCT GCTG

-1 -1 +1 +1



Linear read embeddings

window
—
[ CTGCTCGCCCTTGGTCGGAATGCA ]

Poisson model:

[ cctr || cT6 |[ 166 [ TGGT |[ GGTC |
— _/ — _/
~ ) ~
context k-mers center context k-mers

Oy y indicates the number of average co-appearances of k-mers i x and y per read within a window size w
Oxy ~ POiS(Ax,y) Ax,y = exp(—|lzx — zy”)

e The embedding of read, r, is given by

Epois(r) = ! Z cr(X)Zy

Y sk Cr(X)Zg L



Non-linear read embeddings

Non-linear model:
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[1] Pan, Shaojun, Xing-Ming Zhao, and Luis Pedro Coelho. "SemiBin2: self-supervised contrastive learning leads to better MAGs for short-and
long-read sequencing." Bioinformatics 39.Supplement 1 (2023):i21-i29.



Experiments
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Conclusion

We provide a theoretical analysis of the k-mer space, offering insights into why k-mers
serve as powerful and informative features for genomic tasks.

We show that scalable, lightweight models can provide
competitive performance in the metagenomic binning
task, highlighting their efficiency in handling complex
datasets.

B HyenaDNA
[ DNABERT-2
[EE DNABERT-S
E= Ours(pois)

B Ours(NL)

DNABERT-2
DNABERT-S
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HYENADNA

We demonstrate that models based on k-mers remain
viable alternatives to large-scale genome foundation
models.

Number of parameters (logjg-scale)
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Thank you!

SCAN ME

For the implementation, datasets, and more details, please visit
the address:
https://qgithub.com/abdcelikkanat/revisitingkmers
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https://github.com/abdcelikkanat/revisitingkmers
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