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Why has Evo2 been
controversial?



Extreme training
requirements

* “Evo 2 was trained for
several months on the
NVIDIA DGX Cloud Al
platform via AWS, utilizing
over 2,000 NVIDIAH100
GPUs and bolstered by |
collaboration with (
NVIDIA researchers and
engineers.” - Arc Institute
blog post

* Roughly $10M training




Braggadocious framing

* “Biological research scales from
molecules to systems to organisms,
seeking to understand and design
functional components across all
domains of life (Darwin, 1859; Mendel,
1866; Dobzhansky, 1951) ... Alldomains
of life express complex functions from
DNA sequences (Watson and Crick,
1953; Nirenberg and Matthaei, 1961),
yet genomic content and length vary
dramatically across organisms.”




Difficulty of use

— O Arcinstitute / evo2
* Evo2-40B weights take

up 80GB in GPU RAM <> Code () Issues 34 {9 Pull
* H100 node required to .g/

compile the code and
run inference

Nvidia H100 NVL GPU
* .Ca n take hOU rs of Computing Processor
inference time to @ (B8 state:GHER

process a single sample Pre-owned
i eBay & more
4.0 (1) @4 C|OSD




What’s unique about Evo2?
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Evo2 is BIG

Evo2-40B 40000 9300

Evo2-7B 7000 2400 1™
Evo 7000 300 131K
NT-1000G 2500 174 12K
Borzoi 186 6 524K
DNABERT-2 117 30 Tk

HyenaDNA 6.6 3 ™



 Convolutions find features
* Attention gives features context

M Od el a rC h ite Ctu re « Early layer features are simple, like kmer motifs

* Late layer features are complex, like gene-specific CREs

* StripedHyena 2 B
4 t
: =31 Dense layer i
* Intentionally o o N -
patterned series of Comvolution .
convolutions and Short explicit (SE) | g [ [T}~ o 5 [T
. 1 Medium N [ ]
attention layers regularized (MR) | [ 1
. Long implicit (LI) |~ ] T
* Mix of 7, 128, and full- | | |

length convolutions

Evo 2
‘ Evo240B Evo27B Evo 2 1B base ‘ | t
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Total Layers 50 32 25 Rotary

Hidden Size 8,192 4,096 1,920 attention
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Training data

OpenGenome2 dataset

113k prokaryotic genomes (357B bp)
15,032 eukaryotic genomes (6.98T bp)
Non-redundant metagenomes (854B bp)
Euk. organelle genomes (2.82B bp)

Euk. coding sequences (602B bp)

8.8T bases total

P. aeruginosa

B. subtilis

T. thermophila

C. elegans

”
’ A. thaliana

L

S. cerevisiae

H. volcanii

g G. gallus

,
. 2
. g ¥

- G. gorilla
G
e ; P. troglodytes
8 en.
M. tuberculosis * H.isapiens
Bacterial phylum Eukaryotic phylum Archaeal phylum
e Pseudomonadota e Ascomycota e Thermoproteota
e Bacillota ® Arthropoda @ Halobacteriota
Bacteroidota e Chordata @ Thermoplasmatota
Actinomycetota Streptophyta Nanoarchaeota

Other/Unknown Bacteria Other/Unknown Eukaryota Other/Unknown Archaea



Training data curation

* Exclude viruses that infect eukaryotes ( ) N CBI

* Remove atypical, metagenome-assembled,
and large multi-isolate eukaryotic genomes

* Remove eukaryotic genomes with >99%
MASH similarity

* Remove metagenomic sequences with
>10% protein clusters already seen in set

* Discard contigs that are too short or have
too many ambiguous bases

* Generally, remove similar short contigs




Two-phase
pre-training

C

1. Pretraining

| 8k context (base model)

2. Midtraining | 1M context
(context e Q
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* First stage: 8192bp context window, train on euk. genes + prok.s

* Second stage: extend to 1Mbp context window, train on the tree of life

* This approach mirrors the SOTA in training natural language models
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Training considerations

* Reverse complemented 50% of sequences

* Stitched together short sequences to reach long context windows
* Phylogenetic tags inserted every 131kb “to help condition the model”

|ID__BACTERIA;P__PSEUDOMONADOTA;C__GAMMAPROTEOBACTERIA;

O__ENTEROBACTERALES;F__ENTEROBACTERIACEAE;G__ESCHERICHIA;
S__ESCHERICHIA|

tuce = %Z wefee(t)
* Weighted loss function to prioritize t

non-repetitive regions

* Loss has 10% of the impact on model | w, = {(1)'(1) if ﬁosm_on t is In repetitive region
weights in repeat regions .0 otherwise

Z — 01 Nrepeat + Nnon_repeat




Midtraining: context extension

————— e e

Context Length Base Frequency Scale Factor | Evo 2 7B Evo 2 40B ( b " I oo " ‘:
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lnput Space (]Rd) \\\ Query/Key Welght \\ 2D Space (]R2

* Gradually increase the sequence length of training samples
* Scale positional encoding according to sequence length



Midtraining: needle-in-a-haystack evaluation

e Do we learn the entire context window?

* Two identical 100bp sequences: one
somewhere in the seqg, one at end

* Test if changes to the first affect
predictions of the second

Sequential-NIAH Example

To go into solitude, ... (2320 words) ... be alone, let him look at the

stars. *| Donald Anderson's diary: August-11-2000, I took
a photo walk around the ... The rays that come from ... (4560

words) ... presence of the sublime. -mr Donald Anderson's
E diary: August 15, 2000, I took a guided tour ...
The stars awaken a ... (1890 words) ... by finding out all her
Long Text | perfection. - Donald Anderson’s diary: August 12, 2000, T
went for a morning jog around ... We mean the integrity of
impression ... (2000 words) ... J?b— (1320 words) .... J?l/ (2820

words)... Donald Anderson's diary: 2000-08-04, T

of the poet. -mr Donald Anderson's diary: 2000/08/28, T
went for a hike ... The charming landscape which | saw ... (3210

words) ... to this their warranty-deeds give no title.

Document

+ Donald Anderson's diary: 2000-08-04, I attended a photography tour ...
+ Donald Anderson's diary: August-11-2000, I took a photo walk around the ...
+ Donald Anderson's diary: August 12, 2000, I went for a morning jog around ...

. B;nnld Anderson's diary: August 15, 2000, I took a guided tour ...
+ Donald Anderson's diary: 2000/08/28, T went for a hike ...

Needles
J

l Random shuffle

Insert

+ Donald Anderson's diary: August-11-2000, I took a photo walk around the ...
« Donald Anderson's diary: August 15, 2000, I took a guided tour ...
» Donald Anderson's diary: August 12, 2000, I went for a morning jog around ...

» Donald Anderson's diary: 2000-08-04, I attended a photography tour ...
+ Donald Anderson's diary: 2000/08/28, I went for a hike ...

N

Shuffled Needles |

What contents are mentioned in the text about Daily summary of D
onald Anderson? Question

Document: {Document}
Please answer the following questions according to the content of the document: {Question}

According to the information mentioned in the text, the contents of Daily summary of
Donald Anderson include:

- August 4, 2000: I attended a photography tour ...

- August 11, 2000: I took a photography walk around the city ...

- August 12, 2000: I went for a morning jog around the park ...

= ;:l'gus* 15, 2000: I took a guided tour of a historic mansion ...
- August 28, 2000: T went for a hike in the nearby mountains ... Answer

Evo 2 40B: Long-context recall ( “Needle in a haystack”)

Haystack (random sequence)

100bp needle

100bp query
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What does Evo2 learn
during pre-training?



Evo2 learns coding syntax with no labels

A Evo 2 B
Likelihood landscape o os woomocwsnmesmonna LI IH G 10 . 16 7%,3
o, ——4likelihood >0 -0.001 <-0.002 5 UTR Coding region

e eiinood °"'""-llllll"“"III" Sl lI lI -
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* Mutate bases at different positions and measure change in sequence likelihood
* Learnsthat mutationsin the start codon are very impactful / unlikely
* Learnsthat mutationsin the 39 codon base (wobble position) are less impactful




Evo2 learns mutation significance w/ no labels
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Implicit, zero-shot understanding that some mutations are more impactful than others



Evo2 predictions match experimental values

E p( FIRIIIIIIIID ) p( EIRIIIIIIID ) o QITITITITINITITY
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Evo2 learns splicing with no labels

F Task: Exon classification G [ Evo2 7B base [INT 2.5B D/IS EEvo 1
at basepair resolution ) oy, o
y 4 ﬁeﬂ % <5 ==

1.0

selqnupeur:ce I I I IiIZLIJinouc;[d 8 0.8:
P(X,X. ;) I I I p(x,) 23(:0.6 |—|_h
0.4

Extracted embeddings @0 @ @ @’b ﬁ\o \)‘-’ N
& . \(\{\e \)\gfa 6‘ & @ %o\"\ @Q‘G
A \\‘\\ X\ o 4 o & E
H Raw score — Moving average (10bp window) §Exon UTR
| o 0 M ™M N MY
o~ Exon 8
TN Predict classifier ®
2 0.5
p( I ) — 1 ?
L
p( I ) 0 S 5 L U L WU
A . =TT T -t
35100000 35101000 35102000 35103000

Position, chromosome 9 (bp)

Classifier fit to Evo2
embeddings knows
exons vs. introns
without any
supervised training

Does this better

than other leading
DNA LMs

Could annotate new
assemblies without
any further training



Evo2 learns gene essentiality with no labels

* Insert premature stop
codonsinto genes,
measure resulting
likelihood of the entire
genome

* Tellsus howimportant
each geneisto the
organism

 Canimplicitly
determine which genes
are essential to life

e Same experiment
repeated for human
IncRNAs

)y

J

Zero-shot prokaryotic gene essentiality prediction

ALikelihood ratio of whole genome Gene Evo 2 40B - . LR N
i Predict t It
or long genomic segment edict essentiality Evo 2 7B | = B e -
o] O, ) — Non-essential Evo 1 1 o oo teite Sy smare
7 . " Conservation - D e o NS
0&\ p( ) o S Positional control { ©  ww < wejem
p( ) — Essential GenSLM {___* . “wmajev
04 05 06 07 08 09
AUROC
ALikelihood from WT to INcRNA Zero-shot IncRNA essentiality prediction
mutated sequence Sredict essentiality Evo 2 40B - |
p( SIFEAE-) Evo 278 - |
PN : NT 2.5B MS - |
p( =TT ) Essentia
GC Content 1 |
o( =IEEE:) - Gene Age - |

Transcript Length 1

| scramble (100bp)

0.4

0.6 0.7 0.8

AUROC

0.5




Can Evo2 do human
variant effect
prediction?



Variant effect prediction is hard for GLMs

a Mean predicted Correlation across individuals
(CAGE, adult, brain) 250 A
DDX11 7
0.8 - | DHFR .CU.TALP KNSTRN
i { *ATG10 i o 200
. : "t esnHGT6 2
’ . G 150 -
A A, 0e o o
c i d ) o
8 _______ Ai)3_sig_n p_os.itive A 100 -
;-.\3 195 sign negative ZO
5 50 1
of* o * Gstms ) 0-
-0.6 4 FTSJ3 >
: GSTT2B « ¢ pnaCI5 0% 0° ,O-D‘ 0F O o2 ob 0% o
-0.8 ®C2orf74
O 25 50 75 100 125 150 Enformer predicted versus observed
Negative log,,(P value) (Spearman rank correlation)

* Arguably the defining task of any genomic language model
 Substandard performance so far in the field

Huang et al. Nature Genetics (2023).



Good EvoZ2 zero-shot performance on ClinVar

B ClinVar variants, Alikelihood from reference Variant
coding regions to mutated sequence Predict  pathogenicity
| SNV (substitution) (I HTE)  — Benign
| non-SNV o) — Benign
(e.g. insertion, deletion) .
p(THT) — Pathogenic
Coding SNVs Coding non-SNVs

AlphaMissense h
ESM-1b _1
GPN-MSA —
PhyloP —

Evo 2 40B

Evo 27B
DeCodon 200M
ESM-2 650M
ESM-2 3B
EnCodon 620M

Evo 1

RNA-FM
CodonBERT 87M
NT 2.5B MS

0 0.5
Score

1

Evo27B

Evo 2 40B
ESM-1b
DeCodon 200M
PhyloP*

Evo 1

RNA-FM
CodonBERT 87M
ESM-2 650M
EnCodon 620M
NT 2.5B MS

ESM-2 3B

Wl AUROC
[EE AUPRC

p—

0 0.5
Score

C ClinVar variants, Alikelihood from reference Variant
noncoding regions  to mutated sequence Predict pathogenicity

p(l =1 —  Pathogenic
p(O———1) — Benign
p(CF—4) —  Pathogenic

Noncoding SNVs Noncoding non-SNVs
Evo 2 40B = Evo 2 40B
GPN-MSA Evo 2 7B
Evo 2 7B
PhyloP*
PhyloP

| SNV
[ non-SNV

Evo 1
Evo 1
NT 2.5B MS RNA-FM
RNA-FM NT 2.5B MS
0 0.5 1 HE AUROC 0 0.5 1
Score OO AUPRC Score

Uses sequence likelihood as a proxy for variant effect
o Loss-of-function variants tend to be pathogenic

15k coding, 38k noncoding variants

Competes with protein LMs and exceeds DNA LMs



Evo2 also does well on SpliceVarDB

D SpliceVarDB Alikelihood from reference Variant
variants to mutated sequence Predict classification

(exonic, intronic)
pT—F)  —  Nomal

° i i | SNV p(Idr—r1)  — Splice-altering
SpliceVarDB is a database of . |

— Normal
experimentally validated . ——
SpliCIng effeCtS Evo 2 40B EV02TB_“

* Evo2 excels on both exonic oo cvo 2 40p [E—
and intronic variants PhyioP covos [—
- Phylop [EE—
pnaiviissense
RNA-FM Evo 1 _ﬁ
Evo 1 RNA-FM _—‘
NT 2.58 MS NT 2.58 MS _—‘
0 0.5 1 (; 0.5 1

Score Score



Good performance on BRCA variants

E

BRCA1 variants Alikelihood from reference
to mutated sequence Predict

p({E;;DQE:Q{) —
p(E—NrmEn  —
p({];;{?ij;{) —

(coding,
noncoding)

| SNV

AlphaMissense h

Evo 2 40B
GPN-MSA
Evo2 7B
PhyloP

Evo 1

NT 2.5B MS

RNA-FM

Coding SNVs

0

0.5
Score

1

Evo 2 40B

Evo2 7B

GPN-MSA

PhyloP

NT 2.5B MS

RNA-FM

Evo 1

Em AUROC
OE AUPRC

Variant
functionality

Loss of function (LOF)

Functional / intermediate

Loss of function (LOF)

Noncoding SNVs

|||

0 0.5
Score

[
Coding SNVs, test set

Evo 2 40B supervised |
AlphaMissense 1—

Evo 2 40B zero-shot
GPN-MSA zero-shot

Em AUROC O 0.5 1
OO AUPRC Score

Sets the high-water mark on BRCA variant
classification among GLMs

Especially strong performance on noncoding
SNVs

Real-world applicability for modeling disease



What is Evo2 doing
under the hood?



Interpretability by fitting a sparse autoencoder

Select F;ESS activations
model 80088 | (embeddings)

layer
Identify
I I —— biological ——t— Discovery

features

[DDDlD] Harvest model

— Annotation

I l I Traln sparse

autoencoder (SAE)

0o0oeo
@8ea8en
80|00

s0oes

— Steering

* Train a simple model to predict the outputs of the complex model
e Study the parameters of the simple model to estimate how the complex model operates
* Inthiscase, fit a Batch-TopK Sparse AutoEncoder to Evo2’s layer 26



Evo2 learns DNA content and structure

* Anecdotal/working backwards B retrotiaton e i el e
ro)phage
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Interpretability for human predictions

F TMEMA53 promoter

g] Reference 10 FOXEA1 FOXE1 sP2 —
S al Synonymous l | CPEB1 motif ~ FOXE1 motif
20 0 1 21 WIl+. R
Frameshift ‘{g 8] Non-synonymous c % p .
00 . S LOC91450 promoter - ol A A
-g 8] Premature Stop Codon _g 4 CPEB1 | FOXE1 SP2 - T
qu._, 0 1 _g
8] Frameshift I @ 0 {
0 2 21 BIITI .
MAFK 1 1 g " TR
! ‘ ' ‘ w  THpromoter _ 3 1 .
‘ ) 2 CPEB1 FOXE1 — ol - AL
1.5 Frameshift o | Mutation — Intron - UTR [ Exon
0 V(Mea’n of n=100 distinct genes) L7 o o ] o |
-4000 -2000 0 2000 4000
Position relative to mutation (bp) Oi
-1000 -800 -600 -400 -200

Distance from TSS (bp)

* Fit a different sparse autoencoder to predictions on eukaryotes

SP2 motif

* Features for frameshifts, premature stop codons imply mutational

severity
* TF binding motif-specific features
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Exon end e
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Interpretable features can annotate genomes

* Use four features to annotate the woolly mammoth genome
* Introns, exons, and coding regions

intron J] Exon = UTR 67,505,000 67,510,000
Position, woolly mammoth chromosome 8 (bp)



Genome seguence
generation



Prokaryotic generation

Design task: Unconstrained genome-scale generation

@ ( :‘ Prokaryotic/organelle ,..} Eukaryotic

B 100 _ Model (context length)

80 [ Evo 2 7B (1M)
M Evo 2 40B (1M)
[l Evo 1 7B (8k)

60

Prompt I Response ' Prompt Response

@ — Mitochondrial genome (16 kb)

40 I Evo 1 7B (131k)

20 ﬂ H ﬂ H i ﬂ ﬁ _ Prompt __Response

Amino acid
sequence recovery (%

0
M. genitalium genome (580 kb) fisZ secY dnaK gyrA pgkl adh2 cycl hsp70 rps15 act7  actB gapdh m

D)
AN

* Evo2is a generative
model

* Prompt with some
upstream sequence,
generate downstream

* These results could be
improved with future
advancements
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Human mitochondrial generation

Evo-generated mitochondrial genomes  + 7000 bp
ND1 ND2 CO1 CO2 ATP6 CO3 ND4L ND4 ND5 CYTB ND6
ND3
Co3
ND6
,  Homo sapiens ATP8 ND3 :
| NC_012920.1 |
ND2 ND4L

ATP8

MT-ND3+6+4L

88% soq. ID MT-ND2 MT-ND5
MT-ATP6 MT-CO2  MT-CO3 9509, 76% seq. ID 79% seq. ID
89% seq. ID 84% seq.ID  76% seq. ID pLDDT:0.79 pLDDT: 0.82 pLDDT: 0.76
pLDDT: 0.69 pLDDT:0.72  pLDDT: 0.81 e o SO
44 NS
g, £ %
. S5 87%seq. D 5 j
MT-ATP8 7 'MT-CO1  pLDDT. 0.77 < MT-ND4
92% seq. ID 89% seq. ID 87% seq. ID

pLDDT: 0.67 pLDDT: 0.83 pLDDT: 0.79

* Mitochondrial generation has
variation, while still preserving
synteny to human reference

* Proposed MT proteins are alike
those naturally occurring



Eukaryotic generation

* Much harder task than
prokaryotic generation due to
epigenetics

* Goal: generate a sequence
that obeys a given chromatin
profile

* Generate 128bp chunks,
check each for validity based
on Enformer+Borzoi profiling,
continue with best segment

* [teratively build successful
sequence with live feedback

A

e R

Design task: Controllable chromatin accessibility

Chromatin accessibility

B 1. Generative model
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More inference compute = more performance

Design success (AUROC)
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Summary and thoughts



Major takeaways

* Strong performance on variant pathogenicity classification

* Trains without any labels or alignment information

* Ability to generate long sequences from different phylogenies
* Interpretability analysis to understand model workings

* Reasoning during inference

* Open-source code and data



Editorial critiques

* Few results on supervised fine-tuning —
does it not work?

 Noticeable lack of classification tasks
* Suggests lower performance than the field

* Autoregressive/generative models seem
suboptimal for genomics
* Unclear applications of generative tasks
* Tradeoff of losing bidirectional information

e Enormous size makes it hard to use for the
average researcher




Editorial praise

* Innovative methodology
* Architecture can handle ultralong sequences
* Training regime mirrors SOTA in natural language
* Creative ways to minimize damage from repeat regions

* Self-supervised is the way to go

* Learn terabytes of sequence

* Variation across the tree of life is a proxy for human
variation, enabling good zero-shot performance on
variant effect prediction

* Not limited by the availability of labelled data
* One of the only models to train on the tree of life
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