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Introduction

DNA sequencing over the years

Runs growth
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» Fast growth of sequencing data
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Runs growth
02-Nov-2026

45,000,000
8E16
40,000,000
7E16
35,000,000
6EL6
30,000,000
SE16
2 25,000,000 v
5 N
a16
£ 20,000,000 °
15,000,000 316
10,000,000 2616
5,000,000 1E16
) oE0
2010 2015 2020 2025
Year

—Runs (44.2 millions) — Size (82.2 petabytes)

» Fast growth of sequencing data

» More and more metagenomic data: random pieces of
genomes, under-analyzed

> Reference databases (BLAST nt/nr) contain only a tiny
fraction of it
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Introduction

What is indexed in BLAST exactly?

In BLAST nr/nt NOT in BLAST nr/nt
Well-assembled genomes Random pieces of sequenced genomes
Non-redundant Every version of every sequence
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Introduction

What is indexed in BLAST exactly?

In BLAST nr/nt NOT in BLAST nr/nt
Well-assembled genomes Random pieces of sequenced genomes
Non-redundant Every version of every sequence
0.1% 99.9%
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Introduction

The Sequence Read Archive (SRA)

Planetary DNA/RNA sequencing i

» All public sequencing data, 80Pbp
+ S T



Introduction

Plastic-eating enzymes: PETases

PET plastic

(polyethylene terephthalate)

[om {'\’TOJZ“]L > PI.ET.6: a PET hydrolase frgr.n

Vibrio gazogenes, a halophilic
"“a“ marine bacterium
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Ethylene glycol Terephlhahc acid
used by bacteria for

5/44 Roland Faure Logan project



Introduction

Plastic-eating enzymes: PETases

PET plastic

(polyethylene terephthalate)

[om {'\’TOJZ“]L > PI.ET.6: a PET hydrolase frgr.n

Vibrio gazogenes, a halophilic
"“a“ marine bacterium

o

Mg,@’( uHET » Found by homology search
(HMM) in UniProtKB

Danso et al., Appl. Environ. Microbiol. 84:€02773-17

HO__SOH 4 HOZI/O/EOH (2018)

Ethylene glycol Terepmhanc acid Weigert et al., Protein Science 31:¢4500 (2022)

used by bacteria for

PET

H,0 l MHETase

5/44 Roland Faure Logan project



Introduction

Plastic-eating enzymes: PETases

PET plastic

(polyethylene terephthalate)

[om {'\’TOJZ“JL » PET6: a PET hydrolase from

Vibrio gazogenes, a halophilic
“101"“‘*“ marine bacterium

o

Mg,@’( uHET » Found by homology search
(HMM) in UniProtKB

Danso et al., Appl. Environ. Microbiol. 84:€02773-17

HO__SOH 4 HOZI/O/EOH (2018)

Ethylene glycol Terephthalic acid Weigert et al., Protein Science 31:¢4500 (2022)

used by bacteria for gro

PET

H,0 l MHETase

» Found by searching reference databases, a tiny fraction of
what is sequenced. . .

» . ..so there must be many more PETases in the millions of
metagenomic samples!
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Introduction

Plastic-eating enzymes: PETases

(ovamans esoaan)
I il » PET6: a PET hydrolase from
’ Vibrio gazogenes, a halophilic
“101"“‘*“ marine bacterium

o

Mg,@’( uHET » Found by homology search
(HMM) in UniProtKB

Danso et al., Appl. Environ. Microbiol. 84:€02773-17

HO__SOH 4 HOZI/O/EOH (2018)

Ethylene glycol Terephthalic acid Weigert et al., Protein Science 31:¢4500 (2022)

used by bacteria for grow

PET

H,0 l MHETase

» Found by searching reference databases, a tiny fraction of
what is sequenced. . .

» . ..so there must be many more PETases in the millions of
metagenomic samples!

» Let's search over all the SRA/Logan — focus of this talk

5/44 Roland Faure Logan project



Introduction

At 1 Gbit/s, how much time to download the SRA?

A: 20 days B: 20 weeks
C: 20 months D: 20 years

Logan project



Introduction

At 1 Gbit/s, how much time to download the SRA?

D: 20 years
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Introduction

The Logan project: reducing the size of the data
SRA

CAGCACGTAGCTAGCTCACGATC
27 millions accessions, 50 PB CACGTAGCTAGCTCACGATCTTT
GTAGCTAGCTCACGATCTTTAC
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The Logan project: reducing the size of the data

SRA

CAGCACGTAGCTAGCTCACGATC

27 millions accessions, 50 PB CACGTAGCTAGCTCACGATCTTT
GTAGCTAGCTCACGATCTTTAC

Logan-contigs

27 millions accessions, 1 PB CAGCACGTAGCTAGCTCACGATCTTTAC
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Introduction

The Logan project: reducing the size of the data

SRA

CAGCACGTAGCTAGCTCACGATC

27 millions accessions, 50 PB CACGTAGCTAGCTCACGATCTTT
GTAGCTAGCTCACGATCTTTAC

Logan-contigs

27 millions accessions, 1 PB CAGCACGTAGCTAGCTCACGATCTTTAC

Logan-proteins

151 billion proteins, 25 TB ACGT;‘GCTAGCTCACGA

Identified protein-coding gene
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Introduction

How much did it cost to assemble Logan?

A: $5,000 B: $50,000
C: $500,000 D: $5,000,000




Introduction

How much did it cost to assemble Logan?

C: $500,000
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Introduction

The Logan project

» Goal: make the SRA accessible

> All the assemblies and proteins are freely available online
Downloading

To download one accession, type:

wget https://s3.amazonaws.com/Llogan-pub/c/[accession]/[accession].contigs.fa.zst [i=]
Dataset Description Size
logan_c1.0_human_proteins.fasta.zst All human-associated proteins 283 GiB
logan_c1.@_nonhuman_proteins.fasta.zst All nonhuman-associated proteins 1.8TiB
1ogan56_c1.0_human_complete.fa.zst Representative clustered human-associated proteins (50% identity) 55GiB
1logan5@_c1.0_nonhuman_complete.fa.zst Representative clustered nonhuman-associated proteins (50% identity) ~ 253 GiB
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Introduction

The Logan project

» Goal: make the SRA accessible

> All the assemblies and proteins are freely available online
Downloading

To download one accession, type:

wget https://s3.amazonaws.com/Llogan-pub/c/[accession]/[accession].contigs.fa.zst [i=]
Dataset Description Size
logan_c1.0_human_proteins.fasta.zst All human-associated proteins 283 GiB
logan_c1.@_nonhuman_proteins.fasta.zst All nonhuman-associated proteins 1.8TiB
1ogan56_c1.0_human_complete.fa.zst Representative clustered human-associated proteins (50% identity) 55GiB
1logan5@_c1.0_nonhuman_complete.fa.zst Representative clustered nonhuman-associated proteins (50% identity) ~ 253 GiB

> Let's search through these databases
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k-mer based search strategies

Seed-based strategies

» Almost all aligners are seed-and-extend: BLAST,
DIAMOND, MMseqs2, minimap2, LexicMap...
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k-mer based search strategies

Seed-based strategies

10/44

» Almost all aligners are seed-and-extend: BLAST,
DIAMOND, MMseqs2, minimap2, LexicMap...

» Index short exact matches (seeds, i.e. k-mers) of the database

» Only extend/align candidates sharing seeds with the query

CGTTAGGACTTAATCAGC —*

Seq 1: ACGTTAGTTAATCAGC

k-merindex | ", Seq2: AATCACGTTTAGCGA

\

Seq 3: ACGTTAGGACTTAATCAGC

Roland Faure Logan project



k-mer based search strategies

Indexing Logan contigs: logan-search.org

SRR00001 [0]1]0[1[1]0J0]0J0[1]0]0J0]0]0J0[1]0[1]0]0]0]0]
SRR00002 [0JoJoJO0JoJoJ1fofof1JoJoJoJ1J1Jof1]0oJ1J0J0O[1[1]
SRR00003 [0JO0JO[1[1[1]0[1]0[1]0]0J0]0]0[0[1]0[1[0]0[0]0]
SRR00004 [O0[1[1[1[1J0[0[O0[O0[1[0[1J0[2[0[1T1[0[1[0[0[0[0]
SRR00005 [L1T1[1T1[0fofofO0[0[1[0o[1J0[0[0[0T1[0[1[0[1[0][0]
SRR00006 [1]0JO[1[0J0[1[0J0J0J1[0J0J0[OJ0J0JO[1]0[1[00]
SRR00007 [OJ1J0fOf1J0J1[0J0[1J0f0J0J0fOJOJ1[0[1]0[0[0T1]

» One Bloom filter per dataset (31-mers), 27 million datasets,
1PB index
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k-mer based search strategies

Indexing Logan contigs: logan-search.org

SRR00001 Off1//01|[1||0|[0fj0|O|1|[0||0|Of0|O|O|1|0f1[0|0|O0O]0O
SRR00002 000 0f0|l0f1[0|O0|1][0||0fOf1|10f1||0f1[0|0|1]1
SRR00003 0|00 1|[1||1|[0f|1| 0| 1|[0||0|OfO0|O|O|1|0f1[0|0|O0O]O
SRR00004 Off1{{1ff1ff1fjojjojjOof[Oo||1|fOff1[Of1}jO|1|1||0|L1||0fOfO]O
SRR00005 1(|1f|1|/1|0|0|0|0fO|1|O0|1|0|0|0|0|1|0f1]0]1]0]O
SRR00006 1(|0fjo|1|0|0|1||0|0|Of1|0|0|0|0|O0|O|O|1]0|1]0}|O0
SRR00007 Of1{[offof[1|[0f[1]0[0|1|[0fO(O0[O[O|O|1|/0|1|[0[0fO0]1

» One Bloom filter per dataset (31-mers), 27 million datasets,
1PB index (kmindex)
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k-mer based search strategies

Indexing Logan contigs: logan-search.org

» “Find all datasets that share x% of 31-mers with my query”

BTale @M 2Pkl A BLASTieaignmen O Hop
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k-mer based search strategies

How much does it cost to query logan-search?

e N/ ™~

A: $1 B:$10

C: $100 D: $1,000
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k-mer based search strategies

How much does it cost to query logan-search?

A: $1
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k-mer based search strategies

Searching for PET6 with logan-search.org

able @ Map I Plot  Q BLASTJike alignment @ Help

[} kmer_coverage bioproject biosample bioproject_title bioproject_description
v v v v v v

SRR7154899 (SRAIOV) 063 PRINA465688 (SRAIOV) SAMN0092028 (SRAIOV) Coastal salt marsh micrabial <. Coastal salt marsh microbial c...

ERR1817120 (SRAIOV) 0295 PRUEB17713 (SRA|OV) SAMEATBT: RAIOY) of b

» Found a hit in a coastal salt marsh microbial community!
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k-mer based search strategies

Searching for PET6 with logan-search.org

= Table @ Map X Plot  Q BLASTlike alignment @ Help

[} kmer_coverage bioproject biosample bioproject_title bioproject_description
v v v v v v

SRR7154899 (SRAIOV) 063 PRINA465688 (SRAIOV) SAMN0092028 (SRAIOV) Coastal salt marsh micrabial <. Coastal salt marsh microbial c...

ERR1817120 (SRAIOV) 0295 PRUEB17713 (SRA|OV) SAMEATBT: RAIOY) of b

» Found a hit in a coastal salt marsh microbial community!

> Wait, only two hits 177
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k-mer based search strategies

Searching for PET6 with logan-search.org

= Table @ Map X Plot  Q BLASTlike alignment @ Help

[} kmer_coverage bioproject biosample bioproject_title bioproject_description

v v v v v v
SRR7154899 (SRAIOV) 063 PRINA465688 (SRAIOV) SAMN0092028 (SRAIOV) Coastal salt marsh micrabial <. Coastal salt marsh microbial c...
ERR1817120 (SRAIOV) 0295 PRUEB17713 (SRA|OV) SAMEATBT: RAIOY) of

» Found a hit in a coastal salt marsh microbial community!
> Wait, only two hits 177
» Only finds very high identity sequences (shared 31-mers)
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k-mer based search strategies

More sensitive strategy: LexicMap

Article  Openaccess = Published: 10 September 2025
Efficient sequence alignment against millions of
prokaryotic genomes with LexicMap

Wei Shen B3, John A. Lees & Zamin Igbal &2
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k-mer based search strategies

More sensitive strategy: LexicMap

Article  Openaccess = Published: 10 September 2025
Efficient sequence alignment against millions of
prokaryotic genomes with LexicMap

Wei Shen B3, John A. Lees & Zamin Igbal &2

b LexicHash finds 1 seed per genome per probe

P1 P3 P4 P2
Probes me—— B = T
Gl - — — —

Seed'has a >7-bp prefix match with its probe

» Detects sequences with > 70% similarity
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k-mer based search strategies

LexicMap-Logan

T Galaxy Test

Tools -

+ &  LexicMap Search nucleotide seauence ool for auerying genomes (Galary Version 6.8.1sgalaxy) t & - a br
BT oo raomees

rd

, odcmap x| Lexicwap cwery fie

® Show Sections

LexicMap Index Bulls LexicMap index

LexicMap Search nucieotide seauence

LexiMap index source

ool for querying genomes

Locally instaied LexicMap inderes

1 Parameter lexicmap.index: an invalid option (None) was selected, please verfy
o LoxicMap index file

> Available on Galaxy

Full alignment against all Logan metagenomes
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k-mer based search strategies

Searching for PET6 with LexicMap-Logan

» One hour computation to return results
» 200 results

17/44] Roland Faure Logan project



k-mer based search strategies

Searching for PET6 with LexicMap-Logan

» One hour computation to return results
» 200 results
» PETase found e.g. in “Fermented Xuecai”

Source: chillerispbyxueci.substack.com
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k-mer based search strategies

Even more sensitive strategy: DIAMOND

» amino-acid space
» reduced alphabet

AGAATCTCC CGTTTGACG
Amino-acid
translation:
AGA=CGT
RIS RLT
Collapsed
alphabet
I=L
S=T
RIS RIS

18/44f Roland Faure Logan project



k-mer based search strategies

Searching for PET6 with DIAMOND

» Logan paper: aligned against all 0.9 Pbp of Logan contigs
» 358,694 aligned proteins
» Few hundred candidates selected for testing

» Some discovered enzymes better than engineered ones

Displayed Secreted

Halo Intensity (AU)

4

*empty vector
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How much did it cost to DIAMOND on Logan?

A: $10
C: $1,000

B:$100
D: $10,000

Logan project



k-mer based search strategies

How much did it cost to DIAMOND on Logan?

D: $10,000
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k-mer based search strategies

Seed-based strategies: strength and limits

Tool Seeds Cost/query Sensitivity
logan-search 31-mers (nt)  minutes, ~$1 near-identical
LexicMap-Logan  k-mers (nt) hours, ~$10 > 70% nucl id.
DIAMOND aa seeds weeks, ~$10,000 > 50% aa id.

> Very fast when low sensitivity, much slower when higher
sensitivity

» Based on local matches, much stricter than e.g. structural
similarity.
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Vector based search strategies

Web searches

Google

4 @ LModeln

Recherche Google Jai dela chance

22 /44 Roland Faure Logan project



Vector based search strategies

Web searches

Google

Recherche Google Jai dela chance

» Historically: inverted index of words (=~ k-mers!) + ranking

» Now (since ~2019): vector search

22 /44 Roland Faure Logan project



Vector based search strategies

How do web search engine work?

The Web
@ billions of pages

Large

@ Bacteria that eat plastic bottles
Language Model

@ An enzyme that breaks down PET

@ The perfect croissant recipe
@ Champions League: tonight's results similar pages,

close vectors
Vector database

23 /44 Roland Faure Logan project



Vector based search strategies

How do web search engine work?

Query Large
Language Model
_—

Nearest
neighbors a Bacteria that eat
—_—

plastic-eating enzymes plastic bottles

a An enzyme that
breaks down PET

23 /44 Roland Faure Logan project



Vector based search strategies

How do web search engine work? Fast vector search

Hierarchical Navigable Small World (HNSW) index

£ °
index level 2
[}
few vectors
O— >
H
i
i
A ~ . . A
T \ index level 1
d ~ > V o v more vectors
|
i
i .
¢ . . T . )
2 1 O index level 0
o \
...o.....arx..’ all vectors

Ostart @ query @ nearest page
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Vector based search strategies

Protein Language Models (PLMs)

II — | An enzyme that down| PET| —»

Q
Q000
e}

v

LLM

O
&AMRIFGFFTLVAA o

O

|
)

PLM
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Vector based search strategies

PLMs capture more than sequence similarity

PETase MMNVLTKCKLALGIIAIFFSLPSFAVPCSDCSNGFERGQVP x
MSRQSRSSVVALACAASIVCVCAVGILSHSPGVARASSYV sequence
similarity

\ embedding
similarity

26 /44 Roland Faure Logan project



Vector based search strategies

PLMs capture more than sequence similarity

PETase MMNVLTKCKLALGIIAIFFSLPSFAVPCSDCSNGFERGQVP x
MSRQSRSSVVALACAASIVCVCAVGILSHSPGVARASSYV sequence
similarity

v

embedding
similarity

v

similar fold
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Vector based search strategies

Protein Language Models are more sensitive than
alignment-based metrics

SCOP40 all-vs-all (11,203 domains)

60 1 BLASTp
55.9
= DIAMOND 528
Logan-protein-search
50 1 gan-p!

Foldseek (needs structures)

10 4 87
31 28 17
o 0004 0003 07 .
u —

T
Same fold, Same superfamily,
different superfamily different family

Same family,
different protein

» All-vs-all on SCOP40, pairs with known structural relationship

» Foldseek is best, but needs a structure per protein — does not
scale to billions

27/44)
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Vector based search strategies

Logan-Protein-Search

Logan-proteins

@ 151 billion proteins, 25 TB

MRIKGFFITLIAIIFQ Protein
MRIFGFFITLVAIIGQ Language Model
MSIYHMKVRTITGKDMTLQP
MTFFLYISPMISILIGFK 2
H " similar proteins,
close vectors

Vector database

28 /44 Roland Faure Logan project



Vector based search strategies

Logan-Protein-Search

Query Protein Nearest
Language Model neighbors MRIKGFFITLIAIIFQ
MRVFGFFIALIAIVGQ - ° e

MRIFGFFITLVAIIGQ

; + their SRA datasets

28 /44 Roland Faure gan project



Vector based search strategies

At 100 embeddings/s, how much time to embed the 151
billion proteins?

A: 5 days B: 5 months
C: 5Syears D: 50 years

29/44f Roland Faure Logan project



Vector based search strategies

At 100 embeddings/s, how much time to embed the 151
billion proteins?

D: 50 years

29/44f Roland Faure Logan project



Vector based search strategies

Clustering the proteins to reduce the problem

dataset sequence structure

@ soil MKTLVAGFFIEPLRQ uﬁ-lj)
China 4—
MKTLVAGFFIEPLRQ

@ soil MKTLVAGFFIEPLRQ W
France h uﬂ&))

—

B soil MKTLVAGYFIEPLRQ W}
Argentina 4— B B @ Ia
found in 4 datasets
@ wastewater MKSLVAGFFIEPIRQ LSUUL})
USA —

g 151 billion proteins —» g 3 billion clusters

» Index only the clusters in the vector database
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Vector based search strategies

Logan-Protein-Search

Indexing
Logan-proteins Logan 50
151 billion 3 billion

MKTLVAGFFI...

MKTLVAGFFI. ..
MRIFGFFITL...
MSIYHMKVRT. . .

MAHLQONSTYK. . . »

[oXeX e
Q000
o000

—
MRIFGFFITL. ..
MGQYRTDYKK. . .
MSIYHMKVRT. . . gLM2
Vector database
Querying
MKTLVAGFFI. . .
MKTLVAGFFI. ..
Query o @) o nearest MKTLVAGYFI...
o O o neighbors Ly mxsLvAGFFI. . .
MKTLAAGFFI... — p o —> MRIFCFFITL
b ) .
O P MRIFGFFITL...
L,MRIFGFFVTL. ..
gLM2

» gLM2 embeddings (512 dimensions), 3 billion vectors
» Vector database: usearch

31/44f Roland Faure
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Vector based search strategies

Choosing the cosine threshold

5 4 = Same family isearch
Same superfamily ithreshold
4 = Same fold i
— Different folds !
i
73~ !
3 i
)
) 2 -
1 -
O -

0.00 0.25 0.50 0.75 1.00
gLM2 cosine similarity
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Vector based search strategies

Searching for the PETase with Logan-protein-search

» One hour computation (not google speed but not too bad)

33/44] Roland Faure Logan project



Vector based search strategies

Searching for the PETase with Logan-protein-search

» One hour computation (not google speed but not too bad)
> 300k results!

Query 106081 156 YHOIDEKEIG AGAYN DG \ - - VTESIGEKLHLP L 213
Query 10002 98 QPE R . JVTCH ] RLQ RPER v 176
Query 16603 95 G ¥ 149
Query 10604 130 198
Query 186085 151 212
Query 10006 99 148
Query_10007 99 174
Query_10008 136 202
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Vector based search strategies

Searching for the PETase with Logan-protein-search: cost

Method Database CPU.h (PET®6)
DIAMOND blastx Logan contigs (0.9 Pbp) 52,000
BLASTp nr 6

Logan-protein-search  Logan-proteins (141 B) 5

» ~ 10%*x cheaper than exhaustive alignment

34 /44 Roland Faure Logan project



Vector based search strategies

Searching for the PETase with Logan-protein-search:
structures

d

PETase query (PET6)

1.0
» 300 hits sampled along the
< 0.8 S_- ranking, folded with
[9] P
9 S o o ColabFold
2 06 - o X
8 | FH > TM-score vs. PETase query
R A ks AR
g 0.4
=
" 02
Spearman p = 0.59
p=21x10"%8
0.0 4 : .
0.8 0.9
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Vector based search strategies

Searching for the PETase with Logan-protein-search:
structures

d

PETase query (PET6)

1.0 1
» 300 hits sampled along the
< 081 C- ranking, folded with
[} g
Q P ColabFold
T 64 L
R P > TM-score vs. PETase query
S o4 » Most hits have the same fold
g (TM > 0.5)
" 0.2 » Embedding similarity
Spearman p = 0.59 .
p=2.1x10-28 correlates with structural
0.0 4 . T : similarity
0.8 0.9 :
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Vector based search strategies

Limits of vector search: dependance on the PLM

d e f

PETase query (PET6) Oblin-1 query Papillomavirus L1 query

1.0 4 4 |
< 0.8 g g
r] 2
@ ~ s
3 h ¢ -

2 7 A

S 0.6 . 4res g - o
= £ ge" o %t ’ [ ae e e ™M=05
] ’
4
S 0.4 1% E
i 7
=
F o2 - 1

: Spearman p = 0.59 Spearman p = 0.33 Spearman p = 0.48

p=21x10"" p=52x10"* p=2.0x10"11
0.0 -1 T 1 T T 1 T T 1
0.8 0.9 1.0 0.8 0.9 1.0 08 0.9 1.0

gLM2 cosine similarity to query

» Oblin results not as good at all
» Oblins are very rare — poorly learned by the PLM
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Vector based search strategies

Limits of vector search: in practice does not scale that well
(yet?)

Query time grows much faster than log N

10° —e— measured (median) 094

== bestfit a+ blogN » usearch: Hierarchical Navigable
[ 7 et o £ Small World (HNSW) index

10 (ms)
o
o

o
o

> Speed scales like sqrt(# vectors)

query latency, k
(=]
IS

> RAM scales lineary with # vectors
— does not scale to trillion

49 0* » Bottleneck is RAM bandwidth

vectors indexed (log scale)
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Discussion

Conclusion: k-mers vs vectors

38/44f Roland Faure Logan project



Discussion

k-mers vs vectors - Proteins

» PLMs embed much richer information than k-mers

» In the short-term future we have no big scalability issues
» Simpler datastructure & algorithms

> Strong overlap with other fields of research

39/44f Roland Faure Logan project



Discussion

k-mers vs vectors - Nucleotide

JOURNAL ARTICLE

Embed-Search-Align: DNA sequence alignment
using Transformer models 3

Pavan Holur =, K C Enevoldsen, Shreyas Rajesh, Lajoyce Mboning, Thalia Georgiou,
Louis-5 Bouchard, Matteo Pellegrini, Vwani Roychowdhury — Author Notes

/10.1093/

Bioinformatics, Volume 41, Issue 3, March 2025, btaf041, htt|

New Results A Follow this preprint

Anniemap: Vector Search for Viral Short Read Alignment

Daniel J. van Zyl, Houriiyah Tegally, Cheryl Baxter, The INFORM Africa research study group,
Tulio de Oliveira, Joicymara S. Xavier, Marcel Dunaiski
doi: https:/doi.org/10.64898/2026.08.26.747390
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Discussion

Vectorizing nucleotide sequences

» Genome language models (but not that good), not scalable in
the foreseeable future

» Tetramer frequencies
» Random projection (DotHash)

41/44] Roland Faure Logan project



Discussion

Vectorizing nucleotide sequences: random projection

Set of k-mers

CAC,AGC,TTT, GCA, CAT

hash each to {-1; +1}¢ l l l l l

+1 -1 +1 -1 -1
+1 +1 +1 -1 +1
-1 +1 -1 -1 -1
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Vectorizing nucleotide sequences: random projection

Set of k-mers

CAC,AGC,TTT, GCA, CAT

hash each to {-1; +1}¢ l l l l l

+1 -1 +1 -1 -1
+1 +1 +1 -1 +1
-1 +1 -1 -1 -1
sum and divide by vd =
-1
1 [+3 Thisis a
L= < .,
-3
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Discussion

k-mers vs vectors - Nucleotide

Arguments against vectors

» Does not really capture more meaning than kmers yet -
unclear that it will improve quality of mapping

» k-mer datastructures scale better for now
Arguments in favor of vectors

» Could capture a more complex signal than k-mers, and not
only with GLMs
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Discussion

Take-home messages

» Protein Language Models can be used to encompass complex
signal in a simple datastructure
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Discussion

Take-home messages

» Protein Language Models can be used to encompass complex
signal in a simple datastructure

» There exist industrial-grade solutions for neighbor indexing and
nearest-neighbors query

» Combining these gives great protein search engines

» Unclear if this could benefit nucleotide mapping
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