» Hands-on workshop on genomic language models

Guillaume GAUTREAU (CRCN), MalAGE unit, StatInfOmics team
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> Transformer architecture « Attention Is All You Need »

Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
comwvolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer.
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WM'T 2014 English-
to-German translation task, improving over the existing best results. including
ensembles, by over2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of -the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUSs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applyving it successfully to English constituency parsing both with
large and limited training data.
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2017 and already on track to
become one of the most cited
articles (>240k)

Design for translation purposes
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> Token embeddings updated through the self-attention mechanism

In-context learning, look at everything, but not equally 3D Semantic Feature Space
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> Next token prediction

an elderly girl wearing a crown
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> Next token prediction

an elderly girl wearing a crown ......

‘ 3
. ______ 2
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> Next token prediction

was(15%)

said (10%)
loves (5%)
played (3.75%)
wrote (3%)
goes (2.5%)
thinks (2%)
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> Next token prediction

was(15%)

said (10%)
loves (5%)
played (3.75%)
wrote (3%)
goes (2.5%)
thinks (2%)

| : <
%
wrote < ‘
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> Next token prediction are biased

decided (15%)
fought (10%)
went (5%)
became (3.75%)
with (3%)
iInvaded (2.5%)
killed (2%)

g :j\
g fought < ‘
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token

> « Attention Is All You Need »

During my travel to the city of Barcelona , my favorite relative and | explored vibrant streets
Given a prompt: untii our legs , the most tired body part , be gged for rest . We found a tiny café , shared
local food , and laughed until the feeling of exhaust i on melted into joy . Some moments

live forever in memory .

Ruler, 2016
https://www.ruder.io/
word-embeddings-1/
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token

> « Attention Is All You Need »

During my travel to the city of Barcelona , my favorite relative and | explored vibrant streets
Given a prompt: untii our legs , the most tired body part , be gged for rest . We found a tiny café , shared

local food , and laughed until the feeling of exhaust i on melted into joy . Some moments

1 Attention weights

TN  Passes through dozens of
v transformer layers.
)

vector dimensionality of K, V

live forever in memory .

Attention(q, k,v) = softmax(
VA"

from to

Billions of trained
weights in the model

« Each layer captures more
and more information about
the links between tokens

aAam=EsxxoTmwnz>»x -
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token

> « Attention Is All You Need »

During my travel to the city of Barcelona , my favorite relative and | explored vibrant streets

Given a prompt: untii our legs , the most tired body part , be gged for rest . We found a tiny café , shared
local food , and laughed until the feeling of exhaust i on melted into joy . Some moments
live forever in memory .
T 1 Attention weights
R EDN o Passes through dozens of
A | Attention(q,k,v) = softmax( )v transformer layers.
. _ N VAT NL
Billions of trained |s:; rom o vector dimensionality of K, V Each |
weights in the model o | * Each layer captures more
R 7 and more information about
M . the links between tokens
E X
Tokens represented in a R 7 .
multidimensional space EnCOder'OnI Feed forward
« embeddings » y
, Encoder- \ Decoder-only
a1 v Decoder
TSR _ _ The sun dipped below the
; Lors de mon voyage dans la ville de Barcelone , mon parent préféré et moi avons parcour u
¢ ] ; des rues anim ées jusqu ' @ ce que nos jambes , la partie du corps la plus fatigu ée , rOOftOpS ; CaSting go|den |Ight on

récla ment du repos . Nous avons trouvé un petit café , partagé des spécial ités locales et ri

Ruder, 2016
https://www.ruder.io/
word-embeddings-1/
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jusqu ' @ ce que le sentiment d ' é pu isement se transforme en joie . Certains instants restent

3 relative ) (T 7 + =
a Jamals grav es en memoire .

Translate into another language
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our table , as music played softly

and strangers smiled passing by

Predicts next tokens



LLM

Large Language of Life Models (LLLM) as suggested by Eric Topol

1. English
A
“THE QUICK BROWN FOX Aback
JUMPS OVER THE LAZY DOG" Abandon
2. DNA
HN o . ] HN,
MOQ  Accrcrecacer g @ @
N N - N o
3. Protein
H.,C N qu\)\
@ FYER KHWE 7 @’W)L ;
Ala His Gly
4. Genome
dnaA
(&S) _ rpoB
*.() __ cas9 cas1 cas2 i
INRAZ Rannon et al. 2025
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BioMedLM
PubMedBERT
BioBERT

ChatGPT/Claude/Gemini...

DNABERT=2= S
Nucleotide Transformer
Evol=>15= 2

ESM1=2=3
ProteinBERT
ProtMamba
ProtT5

gLM
Bacformer / panBART
ANR project PanGAIMiX
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Meriem Youssef

Gaspar Roy
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LLM

Large Language of Life Models (LLLM) as suggested by Eric Topol

1. English  BioMedLM
“THE QUICK BROWN FOX ﬁback e PubMedBERT
JUMPS OVER THE LAZY DOG" Abandon e BioBERT
 ChatGPT/Claude/Gemini...
oo .. w * DNABERT=2=S
m AGGAC ACC "A O ‘ « _Nucleotide Transformer
N o v |e Evol=15=2
3. Protein . . . ° ESM 1 = 2 =>3
S~ EYER KHWE e Gy e« ProteinBERT
. " Y .  ProtMamba
: ° ; « ProtT5
4. Genome ° gLM
g « Bacformer / panBART
— S rech * ANR project PanGAIMIX
@
INRAS Rannon et al. 2025 @
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> Evo (November 2024)
Science

JOURNALS RVAAAS

RESEARCH ARTICLE

GENERATIVE GENOMICS

Sequence modeling and design from molecular
to genome scale with Evo

Eric Nguyen?{, Michael Poli**{1, Matthew G. Durrant'{, Brian Kang?{, Dhruva Katrekar'},

David B. Li'?+, Liam J. Bartie’, Armin W. Thomas®, Samuel H. King'?, Garyk Brixi"®, Jeremy Sullivan’,
Madelena Y. Ng’, Ashley Lewis®, Aaron Lou®, Stefano Ermon®?, Stephen A. Baccus'?,

Tina Hernandez-Boussard®, Christopher Ré?, Patrick D. Hsu'*, Brian L. Hie!>2*

The genome is a sequence that encodes the DNA, RNA, and proteins that orchestrate an organism’s
function. We present Evo, a long-context genomic foundation model with a frontier architecture
trained on millions of prokaryotic and phage genomes, and report scaling laws on DNA to complement
observations in language and vision. Evo generalizes across DMA, RNA, and proteins, enabling
zero-shot function prediction competitive with domain-specific language models and the generation

of functional CRISPR-Cas and transposon systems, representing the first examples of protein-RNA
and protein-DNA codesign with a language model. Evo also learns how small mutations affect whole-
organism fitness and generates megabase-scale sequences with plausible genomic architecture.

These prediction and generation capabilities span molecular to genomic scales of complexity, advancing
our understanding and control of biology.
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Molecular scale

DNA
p ( T T T T T

Protein DNA RNA DNA Protein
T T T T

Evo: A genomic foundation model

Model size

Context size
(# of tokens/ bases)

Architecture

Training dataset

Training dataset size

Training cost
(estimation by myself at
market price)

8
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E é 2000

P e 2 rF h

S e
N 03 1 3 10
Dataset Genome length (mb)
E Phylum

| |Pseudomonadota (N = 21,693)
[ |Bacillota A (N = 11,264)

| |Bacteroidota (N = 11,000)

| |Actinomycetota (N = 8,813)

| |Bacillota (N = 5,292)

| _|Patescibacteria (N = 3,374)
[ chioroflexota (N = 1,910)

[l cyanobacteriota (N = 1,830)

Kingdom
m) [ Archaea (N = 4,416)
[ | Bacteria (N = 80,789)

/B

single-nucleotide resolution:
131Kb or 8Kb

Decoder only: Striped Hyena

Prokaryotic genomes /
plasmids | phages

315 billions

70k$

["] Verrucomicrobiota (N = 1,722)
[ IPlanctomycetota (N = 1,664)
| |Other phylum (N = 16,643)
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> Evo 1.5

Same architecture but extending the

pretraining dataset of Evo 1 (8k) +50%

Still on prokaryote/phage

from 315 billion tokens (75,000
iterations) to 470 billion tokens

(112,000 iterations)
Only an 8Kb version

RNA polymerase sigma factor RpoS, E. coli
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nature

Article

Semantic design of functional de novo genes
fromagenomiclanguage model

https://doi.org/10.1038/s41586-025-09749-7

Received: 10 December 2024

Aditi T. Merchant'?, Samuel H. King'?, Eric Nguyen'? & Brian L. Hie****~

Accepted: 13 October 2025

Published online: 19 November 2025

Generati' 1 designi ingl ical systems'.
However, t del novel sequences wit ired function:
remains challenging. Here, we show that Evo, agenomic language model, can leverage

Open access

|® Checkfor updates

DNA gyrase subunit A GyrA, S. enterica

o

30 50

i

genomic context to perform function-guided design that accesses novel regions

of sequence space. By learning semantic relationships across prokaryotic genes?,

E bles agenomic * lete’ in which a DNA prompt encoding genomic
context for afunction ofinterest guides the generation of novel sequences enriched
for related functions, which we refer toas ‘semantic design’. We validate this approach

by experi Ily testing the activity of anti-CRISPR proteins and type Il

and Il toxin-antitoxi including de g with nosigni

similarity to natural proteins. In-context design of proteins and non-coding RNAs with
Evo achi bust activity and high experi success rates evenin the absence

of structural priors, knownevolutionary conservation or task-specific fine-tuning.

We then use Evo to complete millions of prompts to produce SynGenome, a database

containing over 120 billion base pairs of artificial intelligence-generated genomic

sequences that enables semantic design across many functions. More broadly, these
, % 5 %

ics with bi al models can

extend beyond natural sequences.
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[ |Pseudomonadota (N = 21,693)

[ |Bacillota A (N = 11,264)

| |Bacteroidota (N = 11,000)

| |Actinomycetota (N = 8,813)

| |Bacillota (N = 5,292)

| _|Patescibacteria (N = 3,374)

[ chioroflexota (N = 1,910)

[l cyanobacteriota (N = 1,830)

= Verrucomicrobiota (N = 1,722)
Planctomycetota (N = 1,664)

| |other phylum (N = 16,643)

Cell division protein FtsZ 1, H. volcanii

]

Percentage of gene used as prompt
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> Evo generates novel functional anti-CRISPR proteins
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> Evo generates novel functional anti-CRISPR proteins

Prompt Response
5 > | » 3

- aca | acr

INRAZ
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> Evo generates novel functional anti-CRISPR proteins

Prompt Response
5 > | » 3

B EvoAcr =+p . 0,0025 to EvoRand
O Control AP < 0.0025 to AcrllA2  «s A T phage

-
S e ooy E

* kK

Novel Acr

Non-Acr
match

Low
sequence
ID Acr
match

Relative survival (SpCas9” to SpCas?)

Control

< %

Hands-on workshop on genomic language models
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> Evo generates novel functional anti-CRISPR proteins

B EvoAcr =+p . 0,0025 to EvoRand

o Control AP < 0.002p D

1.0 +

o e

0.8 +

0.6

0.4 ~

0.2

Relative survival (SpCas9” to SpCas?)

INRAZ R

Prompt Response
5 > | » 3

EvoAcrd

BLAST match:

O EvoAcrd

7V O BLAST
"L, match

Sequence ID: 58%
IM-score: 0.70
e-value: 6 x 10

BLAST match:
AcrllA4

Hands-on workshop on genomic language models
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Sequence ID: 31%
[M-score: U.33
e-value: 2 x 1072

& pLDDT: 0.50
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> Evo generates novel functional anti-CRISPR proteins

Prompt Response
5 > | » 3

Law- o BLAST aca acr
EvoAcri |0 C?ef;ﬂlbf:..ty ® OpenGenome
EvoAcr2 |0
EvoAcr3 [ 4 % ®
EvoAcrd a7 b Ke -
i » g B EvoAcr =P < 0.0025 to EvoRand —
O Control AP <0.0025 to ActllA2  «x o i
Numberof O 20 40 60 8 100 i 1:15,625
OpeBl'lLé;Sr;L::‘edhits Sequence ldenithy {56) £ i = E ) EvoAcri
¥ Novel Acr s

- No homology Eroncr2

Non-Acr

with any known

Relative survival (SpCas9” to SpCas?)

s 9 EvoAcr3
gerIE! Low b - | EvoAcr4
sequence ol i X
o O 0 B=
- - - maic
« Original creation |
¢ AcrllA2

from Al! Control ~

! ! Random
O L o O e &
GP?.O Q;h gp Q:\ gp @o?p Q;lovp ?p{\\'?g’ Q‘ @(@0
INRAZ
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> Evo?

As Evol, built to predict the next token at single-nucleotide resolution
Uses an improved version 2 of Striped Hyena

Train on all available kinds of DNA (9.3 trillion DNA base pairs)
Context size goes to megabase scale

Training cost ~5-10 M$ (GPU + electricity only) ! 150xAlphafold2
Developed in direct collaboration with NVIDIA/Amazon

1. Pretraining {1 8k context (base model)

2. Midtraining | 1M context
(context 5 == O
extension) - ...;....._ Eukaryotic M. genitalium
peron P
b Bacterial gene ()) Q Yeast
\,-»gw gene /7&’\ /)J chromosome
tRNA RNA Organelle
ne Phage Human TAD )
[ T T | S O | T T T T T TTT | T T T L L L [ T T T T T TT |
10° 10° 10° 10° 108
Nucleotides
7\ ® Organelles g?:;ggit?:r‘]a(iz; E Tokens consumed in training
é - Eukaryotic genic oo g 5000 NCBIgenomes '
= ] i = e o
NI B Eukaryotic promoter + = B Animalia S @ Pretraining
- exons + splice sites 80 % 4000 ¥ Plantae Z 80001 gMidtraining Evo2
s B Eukaryotic mRNAs g ® Fungi e o
Cumm—mm—mm ™ Eukaryotic 5kb 60 2 3000 ¥ Protista 2 6000
windows El 8
s 2 o
Tl @ NcRNA 40 = 2000 2 4000
L ® EPDnew 5 ‘5
e &
- i 204 E 1000 2 2000
//Q : Prokaryotic 3 -% Evo 2
z @ GTDB - 7B base
S rnmem——- B Metagenomics 0 D & am ik 0
— —— WIMGNVR & ® & ° ((\}QC» &2 Evo27B  Evo2408B
- S e e
SOl
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Publication

Model size

Context size
(# of tokens/
bases)

Architecture

Training
dataset

Training
dataset size

Training
cost

(estimation by myself
at market price)

November
2025

November
2024

7B 7B

8 Kb or

131 Kb e

Striped
Hyena

Striped
Hyena

Prokaryotic

genomes /

plasmids /
phages

Updated
Evol
database

315 470
billions billions

70k$

105k$

pre-print

1B, 7B, 40B

1 Mb

Striped
Hyena 2

Evol +
All NCBI
Eukaryotes +
Metagenome

(MGnify)

9300 billions

6M$




> The claim: first working gL M-generated genome

One of the easiest case scenario but still ;

pre-print on BioRxiv (09/2025) :

Generative design of novel bacteriophages

 Phage ®X174 (Microviridae) DEsIgT Emplte )
. Procapsid Virion
» Target E. coli cells P D D /
o Abundant in databases oxi7aikephages /i g ¥ Y
] from Microviridae Y g F>—F%'. /g
° Very Sma” ~5Kb targeting E. coli C Y “ PNy (X l\ - v
D L5 ssDNa
i N -
Morphogeneélrzwth Maturation ASSng‘Ig'y Major coat
« Zero-shot inference doesn’t work
=Supervised fine-tuning (SFT) strategy on Microviridae N

genomes with soft prompting to introduce special token to

‘control’ identity during inference

Target host
(e.g., pathogen)

<« TS Evo1SFT S
@r~ go+*Evo2SFT
gx ? EW; / Novel
Sl e e , generated
<§é 40 d genomes
i
;,eg i tx’“
D #—8 o + +—9 % + & =+ »
INRAZ = P e
1 3 5 T ] 11
Hands-on workshop on genomi Prompt length (nt)
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with genome language models

NN Samuel H. King"?, Claudia L. Driscoll'-3, David B. Li'2, Daniel Guo*, Aditi T. Merchant!-2,

Garyk Brixil®, Max E. Wilkinson®, and Brian L. Hiel37*

1Arc Institute, Palo Alto, CA, USA
2Department of Bioengineering, Stanford University, Stanford, CA, USA
3Department of Chemical Engineering, Stanford University, Stanford, CA, USA
4Department of Computer Science, Stanford University, Stanford, CA, USA
SDepartment of Genetics, Stanford University, Stanford, CA, USA
6Structural Biology Program, Memorial Sloan Kettering Cancer Center, New York, NY, USA
7Stanford Data Science, Stanford University, Stanford, CA, USA

Phage design pipeline
o] , =
b P ]
E‘;_r:‘j'.‘.: o=
Design Steerable i A G
template & generation NN
clade strategy Tuned design
constraints
— 4
()R .
i Filtering and
Exg‘?gg{‘i‘”m] evaluation
validation
p. 23



> The claim: first working Al-generated genome

Evo-generated phages actually lyze E. coli genomes!

No phage -l RN
¢Ex1g4 -
Evo-®4 -
Evo-®5 -

Evo-936 -

Evo-®46 -

Evo-P63

Evo-$69 -

Evo-®75 -

Evo-$100 -
Evo-®108 -

Evo-®111-
Evo-®114
Evo-®316 -
‘vo-$2147 -
“vo-P2483 -
‘vo-$2498 -
vo-P3392 -

¢ HEEE SEET TEEETEE

S

E. coli strain (6 hours post-infection)
INKALY
Hands-on workshop on genomic language models
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> The claim: first working Al-generated genome

...but even if modifications were
introduced that were not so trivial, still it

Evo-generated phages actually lyze E. coli genomes! :
J phag yu J generates something not totally new

No phage il [N

DOX174 -

Evo-®4 -

Evo-®5 -
Evo-936 - -.
Evo-®46 -
Evo-$63 -
Evo-®69 - =l
Evo-®75 - I

Evo-$100 -
Evo-®108 -

Evo-®111-
Evo-®114 -
Evo-©316
vo-$2147 -
“vo-02483 -
vo-$2498 -
vo-03392 -

Evo36[DIIMT TN M T W TN IT T I TTTW—(WT I0OC TT TT7T 0T D T TT17] 1] |

DICIT 1T T 1T AT [T 1 [T 51

| L I D1

1N | NI | ] |

et 11 »

:
T
g
3
a
§
g
a

T TT1I01 131

Evo-®114 [II} X LXCH T ETT1 | HIT IO IOT 1 I WI | ] | b B}

F

Evo-®316[3 0 T Wi WTTT TITTOHITTIF 07T 1T T N T T1 IT 71

Evo-02147 [ M T TS TR 1T TN T W1 1T T i [ T i1 D1
Evo-®2483[[DTTMTT TWIHT T TUMT T DT T T OTTT TT T I T 1 2]

DHT || HEN | I )]

SRR

[/ | I | W 11 DN

E. coli strain (6 hours post-infection)

INKAY ——1,000 nt—— & Synonymous mutation M Nonsynonymous mutation ™ Noncoding mutation
Hands-on workshop on genomic language models p. 25
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> Generative applications: DNA design up to bacterial genome scale

200,000 nt | O Gene called by Prodigal B Gene called by Prodigal with Pfam hit
M- gonte ey m»mmm»mmm PODRD W e ot ) D e DD DB 19D PO D D 1 e ot b o 4
N 1Y T YL B e L = Ty e AT N A LR X KR R LR | LA R A

=M. genitalium Prompt

Evo 2 408 MW WWHM.' HIH O?WWN (MM M WD"WMTN DM — 4 4 «H*MHWM M«HMN«WW» L NMM%M M6 HPM

\ \ \ \ % X \

\ ! N N
\\ NA ligase \ Release factor glutamine Unknown protein Protein ™ Rubosomal processing . Aspartate N ssDNA )
% methyltransferase RecA ", cysteine protease Prp “, carbamoyltransferase binding protein
Beta sliding clamp tRNA(IIe) Non-specific Ammotransferase \ Large ribosomal UDP-glucuronate
lysidine synthase  protein-tyrosine kinase Elongation factor P subunit protein uL10  decarboxylase

» Synthetic design: generate proteins, enzymes, operons, pathways, systems

* Promoter engineering: generate inducible / tunable promoters

* Anonymization: generate synthetic genomes preserving signal

* Benchmarking: generate realistic synthetic datasets, diversity normalization
 Pangenome compression/normalization : generate normalized representations

* Assembly gap filling (MAGS)

- Data augmentation but are there actually working genomes?

INRAZ  « Any other idea?
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> Seqguence Generation and Alignment Analysis with Evo?2

Sequence Generation and Alignment Analysis with Evo2

This notebook demonstrates how to generate biological sequences using the Evo2 model and analyze them using Biopython alignments.

Setup and Dependencies

First, let's import our required libraries and set up our environment. Note you need Jupyter to run notebooks.

e

rc os

e

rt argparse
import csv
from pathlib import Path
from typing import List, Optional, Tuple
ort numpy as np
port torch
import torch.nn.functional as F
om Bio import pairwise2
om Bio.pairwise2 import format alignment
om Bio.Seq import Seq

from evo2 import Evo2

torch.manual seed(42
torch. cuda.manual seed(42)

INRAZ
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https://github.com/ArcInstitute/evo2/blob/main/notebooks/generation/generation_notebook.ipynb

INRAZ

Y Evo: transfer learning

A strategy exemplified on ICEs/IMEs.



> Integrative Conjugative Elements/Integrative Mobilizable Elements

Max size between —
Element type . Combinations of SPs
two sequential SPs

ICE <100 CDS [ + +/\+<>]
IME <10 CDS [O+ +<>] / [O+<>]
C°n:j::§zlt;°“ <100 CDS O+ +/\]

Mobilizable
<10 CDS
element
O Relaxase Coupling A VirB4 <> Integrase

Methods exist to detect them (e.g., ICEScreen), but they fail to generalize
outside their reference database and to delineate elements precisely.

INRAZ
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DATA NOTE Open Access

. o ®
FirmiData: a set of 40 genomes of Firmicutes =
with a curated annotation of ICEs and IMEs

> Firmidata annotations

A total of 98 ICEs and 148 IMEs were manually

annotated from Bacillota genomes

Gérard Guédon', Julie Lac'?, Sophie Payot', Thomas Lacroix’, Héléne Chiapello® and
Nathalie Leblond-Bourget'”

Streptococcus equi subsp. zooepidemicus MGCS10565

Clostridioides difficile 630 NC_009089.1 NC 011134.1
Clostridioides difficile R20291 NC_013316.1 Streptococcus equi subsp. zooepidemicus ATCC35246
Dehalobacterium formicoaceticum DMC NZ_CP022121.1 NC_017582.1

Enterococcus faecalis V583 NC_004668.1

Enterococcus faecium ISMMS_VRE_1 NZ_CP012430.1
Faecalibacterium prausnitzii A2-165 NZ_CP048437.1
Lacticaseibacillus paracasei LOCK919 NC_021721.1

Lactococcus lactis 10-1 NC_020450.1

Listeria monocytogenes SLCC2378 NC_018585.1
Lachnoclostridium phocaeense Marseille-P3177T NZ_LT635479.1
Lachnoclostridium sp. YL32 NZ_CP015399.2

Roseburia hominis A2-183 NC_015977.1

Streptococcus agalactiae 09mas018883 NC_021485.1
Streptococcus agalactiae GD201008-001 NC_018646.1
Streptococcus agalactiae NEM316 NC_004368.1

Streptococcus anginosus C1051 NC_022244.1

Streptococcus constellatus subsp. pharyngis C1050 NC_022238.1
Streptococcus constellatus subsp. pharyngis C232 NC_022236.1

Streptococcus dysgalactiae subsp. equisimilis ATCC 12394 NC_017567.1

Streptococcus dysgalactiae subsp. equisimilis RE378 NC_018712.1

INRAZ
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Streptococcus gallolyticus ATCCBAA-2069 NC_015215.1
Streptococcus parasanguinis ATCC15912 NC_015678.1
Streptococcus pneumoniae SPN034183 NC_021028.1
Streptococcus pneumoniae P1031 NC_012467.1
Streptococcus pyogenes MGAS2096 NC_008023.1
Streptococcus pyogenes HKU QMH11M0907901
NZ_AFRY01000001.1

Streptococcus salivarius FDAARGOS_259
NZ_CP020451.2

Streptococcus salivarius ATCC 25975 NZ_CP015283.1
Streptococcus salivarius JF NZ_CP014144.1
Streptococcus suis BM407 NC_012926.1

Streptococcus suis NSUI002 NZ_CP011419.1
Streptococcus suis SC84 NC_012924.1

Streptococcus suis ST1 NC_017950.1

Streptococcus suis T15 NC_022665.1

Streptococcus suis 05ZYH33 NC_009442.1
Staphylococcus epidermidis ATCC12228 NC_004461.1
Streptococcus thermophilus JIM8232 NC_017581.1
Staphylococcus pseudintermedius HKU10-03 NC_014925.1

p. 30



> Firmidata (training dataset)

ICE/IMEs  ©°50 sequences (0 to 8kb)

-

A
|
I matched sizes
I (avoid data leakage)
|
v

Background

5550 sequences (0 to 8kb)

INRAZ
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LEARNING
DATASET

8880 sequences
80%

2200 sequences
20%

~
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> Firmidata transfer learning using Evol.5

nucleotide embeddings
(n_dim=4096)

\

'..... sequence embeddings

..... (n_dim=24576)
A
it
LEARNING EVO 1.5 ..... ...............
PATRSET = a0
? BEREE Pooling: L
a > ‘ both direction :
o= —o - average
e o - max
1 — last token
— max
— average
INRAZ
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> Firmidata transfer learning using Evo

precision recall fl-score support

Background : : : 1110
Mobile : : : 1110

accuracy 2220
macro avg : : 2220
eighted avg : ; 2220

AUC-ROC: 0.9764
atrice de Confusion:
[[ 987 123]

[ 63 1047]]

INRAZ
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> Firmidata transfer learning using Evo

precision recall fl-score support

Background : : : 1110
Mobile : : : 1110

accuracy 2220
macro avg : : 2220
eighted avg : ; 2220

AUC-ROC: 0.9764
atrice de Confusion:
[[ 987 123]

[ 63 1047]]

# This model also works on another dataset: ICEBerg (198/207 ICEs/IMEs correctly identified).

INRAZ
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> Ongoing transfer learning experiments
using a broader training dataset

Aliou Diallo,
M2 student,
StatInfOmics team

Firmidata + ICEberg
experimental: distribution
of ICEs and IMEs

Phylum
® Bacillota
® Pseudomonadota

® Bacteroidota Type d’élément

® Mycoplasmatota ® |CE (n=277) -
Campylobacterota o IME (n=205) Flémenis muotiiles

Source

® Firmidata v2 (n=256)
® |CEberg experimentally verified (n=226)

INRAZ
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> Ongoing transfer learning experiments
using a broader training dataset

Aliou Diallo,
M2 student,
StatInfOmics team - -
- - P—w'--'
Firmidata + ICEberg external validation
experimental- distribution V6 validation, niveau élément 1.0
of ICEs and IMEs
BACKGROUND
- 0.8
Phylum %
® Bacillota ° ICE -
Felidormohddat @ g JOBIM 2026 Poster
® Bacteroidota Type d'élément 9 5
® Mycoplasmatota ® |CE (n=277) S <
&) o
Campylobacterota ® |[ME (n=205) IME §
£
Source HGE
® Firmidata v2 (n=256)
® |CEberg experimentally verified (n=226)
N
&
&
INRAZ X
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INRAZ

9> Evo2: Genome modeling and design
across all domains of life with Evo 2

When computational biology changes its scale



> Clobal UMAP of sequence diversity

» Depict the great prokaryotic
diversity

» The clustering doesn’t exactly
match the expected
phylogeny especially for
prokaryotes
(could be a UMAP artifact)

INRAZ
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B. subtilis

T. thermophila

C. elegans

S. cerevisiae

D. melanogaster

C. reinhardtii

H. volcanii

- G. gallus

s%i 5
e §

/TG. gorilla
: P. troglodytes
M. tuberculosis * . saprens

Bacterial phylum Eukaryotic phylum Archaeal phylum

® Pseudomonadota ® Ascomycota e Thermoproteota

@ Bacillota e Arthropoda e Halobacteriota

© Bacteroidota ® Chordata ® Thermoplasmatota
Actinomycetota Streptophyta » Nanoarchaeota

Other/Unknown Bacteria Other/Unknown Eukaryota Other/Unknown Archaea
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> So many application laye

\ Prediction

S

Prediction

Genel/IncRNA essentiality Genetic variant effects

oA o= ko=
o= ko=

= m = -

Prediction
Protein mutational
scanning

Application @ @ @

layer

Prediction
ncRNA mutational scanning

® 0
P-4
' - |
I/u&\
Prediction
Secondary

structure feature 1D

~B Ve
AT N
~9

\

£~

Prediction
RNA stability/decay

Design
Genome-scale
generation

&0

Design
Protein complex
generation

’\r,f— F—
S\_ I‘\ 5

L L=

Prediction
Exon classification

Splicing variant effects

- : | .
Prediction Design
Regulatory element Chromatin accessibility
feature ID controlled generation

iﬂMA
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IR

Cellular/
Organismal

Protein

RNA

Epigenome



> Applications: zero-shot prediction of variant effects

Evo 2 s o e R s 8 o BB o o o T
ikeli >0 -0.001 <-0.002 S'UTR
LIkeIIhOOd Iandscape _ ' 0 EEEEEEEE EEEEmEm n = - - m -
eli Alikelihood | Ll || RhbL bl il bt Y
o ——4likelihood ian <0.001
= —— A. baumannii |
E. coli

—— K. pneumoniae
( - P aeruginosa

N. gonorrhoeae
N. meningitidis &
L B. thetaiotaomicron
M. tuberculosis |
S. coelicolor

B. subtilis
2R 2R / E. faecium

- S. aureus
B Predict fithess B L Synechocystis sp. PCC |11

N. equitans
M. maripaludis

LLLLLLLLt] %M.j&nnaschﬁ

p( ) T. kodakarensis
p( ) H. volcanii

— S. solfataricus
N. maritimus

viikelihood

— —
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https://adamkarvonen.github.io/machine_learning/2024/06/11/sae-intuitions.html

> Towards an interpretable model: Sparse Auto-Encoder (SAE)

Input Autoencoder Output
ce..... Activations ..ot
Encoder Decoder
INRAZ
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SAE Activations

Input '

Encoder

0
- 0
- .
-
-
s

-.. Output

Decoder

+ sparsity
penalty
in the loss
function
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> Towards an interpretable mode

BB EEEEEED) Golden Gate Bridge feature example

The feature activates strongly on English
descriptions and associated concepts

in the Presidio at the end (that's( the«
huge park right next to@he Golden(iGaE8
[ j€), perfect. But not all people

repainted, roughly, every dozen years."
"while across the country in san fran
cisco, the golden@iGat® bridge was

it is a suspension bridge and has similar
coloring, it is often<> compared to the

Golden§G&® Bridge in San Francisco, US

INRAZ

They also activate in multiple other languages
on the same concepts

J-WFy  -5=F 77U vy@VEFAREOZ
AUNASEOY Y75 YRIBEKTEH
ERTEI-ILED7rERE

2E0E RMEE(FER =003 A2ARYHOEF
ZEAoE Yol fixs@E@+20ICIBEAC)

E DEe dazLotE Mmatal

MOCT 30N0Tbl€ BOPOTAa — BUCAUYMK MOCT
4Yepes nNponve 30N0Tbie BOpOTa. OH CO

yeNMHAET ropop caH-¢paH
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And on relevant images as well

https://adamkarvonen.github.io/machine_learning/2024/06/11/sae-intuitions.html

: Sparse Auto-Encoder (SAE)

SAE Activations

Encoder

Output

Decoder

+ sparsity
penalty
in the loss
function

p. 42



> Towards an |

https://adamkarvonen.github.io/machine_learning/2024/06/11/sae-intuitions.html

Sparse Auto Encoder (SAE)

PO o I 2,556,410 Cryplic prophage CPZ-55 : 2,568,107
E:::% Haynslmodel
SI.“‘::: :T=Jr"¥::£:gsj Armaston Pasiion (bp) W%m
Features observed : I I | ‘[. '] Identity E. coii K12 ﬁ- o e e g | e sl o
T k| S Df::frlzal ey 5 — o 2471550 il ml“’xl:“:’;m 2,478,800
Train sparse I
. autoencader (SAE) . ll;‘wlﬁﬂo (Prolphage
» Phage-associated elements m Al \ =] M“HH \“ =
* ORFsand intergenic regions © Qﬁfummmﬂ.lm. i 0 s ) Uk ol nu‘m:nn:u
"Fikes gg%_.u"mm ORIV VO U0 0 0 NN YO0 WP S ST POV "9 W0 11 POPVOPROPIN | OESPUUOPN | OPY 1 YRR Y R 11 NI WOPIY ¥ W W
° o o [ il I
tRNAs and rRNAs e B3 Wl | .. ,
 a-helices and B-sheets e o . i
. . bl A T fe-fB ' | t l_‘ maB II “ mac i
« Frameshift mutations RN L] ublipb | *l.m."‘-’.'a..'.‘! L J‘.l‘unh o lllN
» Transcription-factor binding e "i | CBARS b Pt
motifs e Rl F oo e i 1 ke
g'ﬂ[smnyrmns 0\ ,__' ..... | | 1 CPEBII |rju||l FOJ':TE:nl?n: EP2 Motk
_ _ m flme g S LI e
« Exon-intron signals (human o Lo | (U o ol
genomes used to annotate the =kt lt“fj g i 1 ey ez AT O e
woolly mammoth genome) g s :
Pasition relative 1o mutation (bg) -WWF
G Distanca fram TS5 (o)
gl <&k K "N TH T " "
: i kit N AN d b NN A L A R AN N e
INRAZ = § ] \ \ L .. ' s N il
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> Conclusion
» Openly available, but requires several Nvidia A/H100 GPU to run Evo2 7B/40B (Running Evo 1/1.5 is easier)

- User-friendly interface available (but limited to small prompts): https://arcinstitute.org/tools/evo/evo-designer

* Independant work on relevant tasks required ! ==> PhD thesis funded on this topic
« Ethical considerations to anticipate (biosecurity, misuses)

» Bioterrorism (eukaryotic viruses weren’t included in Evo2 but: what about fine tuning ?)

» Fake dataset pollution (SynGenome database of ‘generated genomes’), science integrity issues...
« Environmental concern if pre-training get again larger and larger (Evo 3 ?)

« Partially interpretable via Sparse AutoEncoders (explored in the EvoZ2 article) oir
¢’ BioReason

e Multimodality : gLM X pPLM (gLMZ2, LucasOne) Incentivizing Muttmodal Biological
easoning within a S oae

* LLM x gLM : « Talk to your genome » (hard prompting strategies)

T University of Toronto Ei 2 Vector Institute .\? 3 University Health Network ~:UHN

o ChatNT (NT X LLaMA, published Nature Machine Intelligence) " AL S ——
4 Google DeepMind @ peepMing
* BioReason (Evo2 x Qwen3 CoT/RAG LLM, preprint on Biorxiv) e o -

 DNA Retrieval Augmented Generation / Retrieval Augmented Fine Tuning
INRAZ
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https://arcinstitute.org/tools/evo/evo-designer
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> Evo: not (exactly) a transformer

Transformer

Attention Is All You Need*

* provided you are NOT trying to process whole genomes
at base scale without billion-dollar scale funding since:

Attention complexity is O(N?)

INRAZ

Hands-on workshop on genomic language models

12/06/2026 / Guillaume GAUTREAU / StatinfOmics team / MalAGE unit

' | Feed-Forward
Network

0

Norm

' | Feed-Forward
Network

! 1
T . 1 Norm
1
Norm 1 ' 1\

Nx

Masked
Multi-Headed
: Self-Attention

v K Q

Norm

___________

Q

Embeddings/
Projections

Source Sequence Shifted
Target Sequence

Positional
Encoding

Positional
Encoding

Embeddings/
Projections

: "Layers"
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> Evo : not (exactly) a transformer

Transformer++ Mamba
. 3.8 w C te-optimal li
5% O ompute-optimal scaling
o =
ol 4 3.6 z
Y >0V e £ 3.5
T34 TR, ¢ 7 3.4r E330-ye, c O
Lﬁ Ob \:"@}”‘ g » o—
~a. %-;’ 45- O
32_.1..| I LY IR G 3-2_1.l.| i ki i R O ey 9 34_ <>
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Hyena Hierarchy:
> E\/O | S b ased onN Strl pe d Hyen 3 Towards Larger Convolutional Language Models

Michael Poli*!, Stefano Massaroli*?, Eric Nguyen'*,
Daniel Y. Fu!, Tri Dao', Stephen Baccus',
Yoshua Bengio?, Stefano Ermon'-T, Christopher Ré"f

N . GLU
Output likelihood : ==
A C G T Attention
p(xy) ={0.5, 0.1, 0.2, 0.2} Hyena
operator

StripedHyena "

[ — :
architecture .

Gate I(— Convolution Dense |(—
q

Long
(A: T: T, C: veey G ) '-.. Attention Convolution l

(X1 y X2, X3, X4 - - -:XN-1)

Hyena Gate J(k—Convolutlon Dense J(—
Input sequence J

Convolution
- Sequence Mix

Dense . Channel Mix

I
e
D
=
Q

;

INRAZ
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Hyena Hierarchy:
Towards Larger Convolutional Language Models

> Evo is based on Striped Hyena
Michael Poli*!, Stefano Massaroli*?, Eric Nguyen'*,

Daniel Y. Fu!, Tri Dao!, Stephen Baccus',
Yoshua Bengio?, Stefano Ermon'-T, Christopher Ré"f

o GLU

Output likelihood Rotary
A C G T Attention
p(xy) ={0.5, 0.1, 0.2, 0.2} Hyena | Hyena

\ S Y ... operator
R I— Hyena J """"" i)
e OUPedHyena . Rl

architecture . ' \
Gate Convolution| Dense

] I

(ATTC. 6" e Comoliion | EEEESmmmmmmmman)  Complexity: O(Nk)
5y, X, Xy Koty e onns X4 - ; :
(X1, X2, X3, X4 N-1) Hyena l Gate J<k—ConvqutnonJ Dense = N : # of tokens in window

Input sequence

Bena J el - k : convolution kernel size
Dense : v .
e ASHELEAN if k — N = Complexity: O(N?)
v
T K Fast Fourier Transform: O(NN log(IN)
INRAZ
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> Applications: experimentation-free prediction of sequence effects

A LM likelihood of c E LM iikelihood of :
: ikeli , ; ; mRNA Protein
gﬁ%ﬁdﬁgg?&;ﬁ o Predict  Fitness n';“é,':,'fﬂ';ﬁg,‘.’;e Predict Fitness regsué:t:g'c[;NA Predict expression expression
P(GICDICCESINEOEOOEERIRDRENEID) — 0.5 pluiuuil ) — 07 p(IIIIImM) - 08 0.7
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 Generative d

 Generative d

* Prediction of gene essentiality
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> Much more applications

esign of protein-RNA complexes

esign of transposable biological systems

o conie)

A & B
- ~ [o—— P

;
o e

i i Finetune on 8kb.

ez

—e—-
ey
BT “ER |
E.. [—— a1+ Socam 1o

Fig. 3. Fine-tuning on CRISPR-Cas sequences enables generative design of
ein-RNA complexes. (A) Design task: Gererating sequences encoding
CRISPR-Cas defense compleres composed of protein and ncRNA components.
(B) Fne-tuning Evo on 8biength genomic s equences contaiing CRISPR.Cas

sytoms dr s kel 8. prtsnngphse. Speca coditong bkens
casl2” or “casi3") pr

st g e

(B) Annotated core protein-coding genes and ncRNA components found in
type II CRISPR systems in the EvoCas9-1 locus as determined by pHMMs and
CRISPR ncRNA prediction agorithms. (F) Time course results for SpCas9
and EvoCas3-1 clavage reactions after incubation with cognate sgRNAS and
1nM DNA target at a 10:10:1 mola ratio of Cas9:sgRNAtaget. Nontargeting

of
froing, (5) When pranping wih the toben a8 ‘gven type of Cas prten,
the most common Cas protein found in the resulting generated sequences
corresponds to that token prompt (Materias and methods). (D) Hitograms
representing the dstribution of percentage identty of a generated Cas protein
sequence to any Cas prolein sequence i the traning dataset. Samples from
 model trained only an CRISPR-Cas sequences (top) and samples from a
model fine-tuned on CRISPR-Cas off the base Evo model (botiom). Both models
were trained an CRISPR Cas sequences using the same hyperparameters.
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Fig. 5. Evo learns mutationl effects on
bacterial and phage genomes. (A) For gename-scale prediction and generaton
tasks, we first pretrained Bv0 on sequences with 8192 fokens and then extended
its cortext window size in a second pretraning phase to sequences of 131,072
tokens. (B) We performed an i siico, genome-wide mutagenesis screen in which
we introduced premature stop codans af each coding sequence in a genome. We
computed the language model (LM) kielitood of the mutated gene sequence
phus some amourt of additional genomic context (up Lo 66 kb). We then tock the
ratio of this likelihood to the likelincod of the unmutated sequence. We tested
whether these iikeihood ratios would be predictive of gene essentiaity. (C) Violin
and strip plots of the distAbution of the strength of gene essentality predicton
across 58 studies (each dot correspands to a different study), in which each
study conducted a genome-wide essentiallty screen in  bacterial (N = 56)
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or phage (N = 2) species. We measured predictive performance as the AUROC in
which the LM likelitood ratio is used 1o predict a binary label of “es sentl” o
“nonessential” “Gene-only context” indicates that the model is provided with
only the gene sequence and no additional flanking genomic context. “Sk context
and "6k context” indicate that the LM s provided with the gene sequence

and flanking genomic context up to a total of 8192 or 65536 tokens,

respestively. Evo has some predictive performance with gene-only context, has
vastly impraved performance from gene-only to 8k context, and same outlier

improvements from 8k to 66k context. (D) Histograms representing the

distributions of the log of the Ikeihood ratios ('Evo score”) for the essential
genes (blue) and the noressential genes (yellow) n tvo genomes: ambda phage
(top) and P. aeruginosa (bottom). These results are based on providing Evo

with 66k context

Evo generates megabase-scale sequences with plausible genomic architecture
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) We fine-tuned Evo, altr it intial 8k pretraning phase, on natural sequences.
contaning 1S200/1S605 systems. (C) Histograms representing the dtribution
o the percentage identit of Eo-generated TrpA and TnpB proteins to their
best match i the fine uning set o ratural TrpA and TrpB protens. (D) Schemati
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substrates,requring the catatically active tyrosine (Y124) and with substan
il reduced activty on dsDNA substrates. (B) Example reads from nanopore
sequencing of PCR products rom the ISl TnpA i viro assay. (H) Schematc
of the Evogenerated ISG05 he system, ISEv2. contaning eksmert anotators
and its relevant DNA, RNA. and proten features. (1) A 2% agarose gel with
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requirng the catahtically actve tyrosine (Y125) and with substantally reduced
acthity on dsDNA substrates. (J) Example reads from nanopore sequencing
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> Generated sequence : what about homology with real sequences?

tal lon bindt ATP binding endonuclease activity
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> Feedback on Evo 1

Evaluation of the credibility of the output



Phylum | p-nbr | Species | s-nbr | Accession number |
Acidobacteriota 3175 Geothrix sp903857495 50 * GCA_903857495.1
Actinomycetota 44996 Mycobacterium tuberculosis 7337 * GCF-000195955.2
Bacillota 82709 Staphylococcus aureus 502 * GCF_001027105.1
e O O O gy Bacillota_A 80317 Clostridioides difficile * GCF_001077535.1
Bacillota_B 1092 Avidehalobacter sp022797295 133 * GCA_022797295.1
Bacillota_C 2749 Phascolarctobacterium faecium 115 * GCF_003269275.1
Naia Périnelle Bacillota_l 10814 Faecalibaculum rodentium 403 * GCF_001564455.1
Bacteroidota 76591 UBA7173 sp001689485 1211 * GCA_001689485.1
(M2 StUdent) Campylobacterota 11105 Campylobacter_D jejuni 287 * GCF_001457695.1
Chloroflexota 4762 UBA9611 sp002746355 30 GCA_950054275.1
. Cyanobacteriota 5634 MGB(C122484 sp910586855 146 * GCA_910586855.1
1 . Sam pI I ng re al Seq uences at Desulfobacterota 4840 Taurinovorans muris 498 * GCF_025232395.1
Myxococcota 1378 Corallococcus exiguus 19 * GCF-009909105.1
A Nitrospirota 1001 Nitrospira_A sp900170025 23 * GCF_900170025.1
random pOS|t|0n from 28 genomes Patescibacteria 8106 Nanosyncoccus sp948851665 87 GCA_949464065.1
Pseudomonadota 214930 Echerichia coli 38926 * GCF_003697165.2
Spirochaetota 4402 Leptospira interrogans 391 * GCF.900156205.1
Verrucomicrobiota 6636 Akkermansia muciniphila 1061 * GCF-000020225.1
Pseudomonadota 214930 Halomonas elongata 6 * GCF-000196875.2
- L . Bacteroidota 76591 Prevotella copri 29 * GCF_025151535.1
2 . EaCh Sequence IS Spllt Into Bacillota_A 80317 Faecalibacterium prausnitzii 124 * GCF_003324185.1
Bacillota_A 80317 Ruminococcus_B gnavus 194 * GCF_008121495.1
Bacillota 82709 Leuconostoc mesenteroides 239 * GCF-000014445.1
hd a p ro m pt (CO ntext) Bacillota 82709 Lactobacillus delbrueckii 342 GCF_006740305.1
Bacteroidota 76591 Flavobacterium psychrophilum 258 * GCF_-002217405.1
Bacillota 82709 Streptococcus salivarius 113 * GCF_000785515.1
b a. refe rence Halobacteriota 2941 Methanosarcina mazei 85 * GCF_000970205.1 ﬁr@m N
Micrarchaeota 1171 Micrarchaeum_A acidiphilum_A 29 * GCF_016806735.1

3. A sequence is generated from the
prompt using Evo with the same

Generator script

exemple for genome
X with several contig

>

>

eT CCAGQAGCCACA...GACCA

GCAAGTGCG...AGCGCTTCGCGGTCAG... TTTTAAACTGCCCCCGCAGAGTAAC GGCGATTTCCATTCC

TTGCCAGCATTTTGCGGGCCGTTTT.. . TCACGHCC..CGEC

-

30 seq for each context size

AGC...GGC | GCC...ACC random selection

context reference
= (size = max size to generate)

prompt |
4. The generated sequence is '—% Ias "3EMe size that the query

length as the reference

allgned to the reference evo evo2 ;"\l(l]{m:' ithm: Needleman-Wunsch
: L9 . measure of for each size i g
(Gotoh global alignment, match: 1 ; open ;he execution — mgeneratel target 0 GCCCAC--GACC- 10 leulate
. . 0] | 1
gap: -5 ; mismatch/gap extension: -1) e GCCCTTGCCC e e = % identity
generated sequencel QUELY b i
as query
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@) Results Evo 1 131k on E. coli

Naia Périnelle

(M2 student) Grouped Identity Boxplot for s__Escherichia coli (p_ Pseudomonadota) - Accession: GCF_003697165.2
o s Context Sizes
Species Average 209 o o] !
Nucleotide |dent|ty 050/ [mm - ———— - - -----------8----------------------------l
in Prokaryotes = - [ K]
o) Hl 5
80 ¢ 2 . 10
: o g © 100
© g o = 500
w1000
0O < g g
601 2
g
=
]
h=
40 -
20 1
0 =
T T T T
10 100 500 1000
Generated Sequence Size
INRAZ

Hands-on workshop on genomic language models

p. 55
12/06/2026 / Guillaume GAUTREAU / StatInfOmics team / MalAGE unit



a> Results Evo 1 131k on « unnamed cyanobacteria »

Naia Périnelle

(M2 student) Grouped Identity Boxplot for s MGBC122484 sp910586855 (p__ Cyanobacteriota) - Accession: GCA_910586855.1
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> Impact of temperature

Naia Périnelle
(M2 student)

SOFTMAX WITHOUT TEMPERATURE. (T=() SOFTMAX WITH TEMPERATURE.
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On RTX A6000 (LablA LISN Univ. Paris-Saclay)

Execution times

Naia Périnelle

Grouped Execution Time Boxplot

(M2 student)
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> Credibility seems to be improved in Evo 1.5

And it leads to new unprecedented forms of life



> Evo 1.5

Same architecture but extending the
pretraining dataset of Evo 1 (8k) +50%
Still on prokaryote/phage

from 315 billion tokens (75,000
iterations) to 470 billion tokens

(112,000 iterations)
Only an 8Kb version
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Generative genomic models can design increasingly complexbiological systems'.
However, controlling these models to generate novel sequences with desired functions
remains challenging. Here, we show that Evo, agenomic language model, can leverage
genomic context to perform function-guided design that accesses novel regions

of sequence space. By learning semantic relationships across prokaryotic genes?,
Evo enables agenomic ‘autocomplete’in which a DNA prompt encoding genomic
context for afunction of interest guides the generation of novel sequences enriched
for related functions, which we refer toas ‘semantic design’. We validate this approach
by experimentally testing the activity of generated anti-CRISPR proteins and type Il
and Il toxin-antitoxinsystems, including de novo genes with nosignificant sequence
similarity to natural proteins. In-context design of proteins and non-coding RNAs with
Evo achievesrobust activity and high experimental success rates evenin the absence
of structural priors, known evolutionary conservation or task-specific fine-tuning.
Wethen use Evo to complete millions of prompts to produce SynGenome, a database
containing over120 billion base pairs of artificial intelligence-generated genomic
sequences that enables semantic design across many functions. More broadly, these
results demonstrate that generative genomics with biological language models can
extend beyond natural sequences.
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