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Announcements

* Assignment 4 grades released
 Great scores overall!l ©

* Preliminary project report due tonight

* Assignment 5 due Friday night
* Last chance to use late days



Deep Learning in Genomics Journal Club

* Discussion group for students
Interested in genomic deep learning

* We meet every other Tuesday at 12pm

* Participation is optional, feel free to just
sit and listen

* Next meetings 11/4 and 11/18
* Email me if interested! All are welcome




Imagine you are a doctor treating a ...align it to the reference genome...
patient with some condition

/ Reference Genome Sequence

v

-
35 bp identified 330 - 430 bp unknown sequence 35bp identified

...and find all of their variants

##fileformat=VCFv4.1

##fileDate=20140930

##source=23andme2vcf.pl https://github.com/arrogantrobot/2z
##reference=file://23andme_v3_hgl9_ref.txt.gz
##FORMAT=<ID=GT,Number=1, Type=String,Description="Genotype"
#CHROM POS ID REF ALT QUAL FILTER INFO FORMAT  GEN

chrl 82154 rs4477212 a . . . . GT 0/0
chrl 752566 rs3094315 g A . . . GT 1/1
chrl 752721 rs3131972 A G . . . GT 1/1
chrl 798959 rs11240777 g . g : 8 GT 0/0
chrl 800007 rs6681049 T C . . . GT 1/1
chrl 838555 rs4970383 ¢ . GT 0/0
chrl 846808 rs4475691 C . GT 0/0
chrl 854250 rs7537756 A . GT 0/0
chrl 861808 rs13302982 A G GT 1/1
chrl 873558 rs1110052 G T GT 1/1
chrl 882033 rs2272756 G A GT 0/1
chrl 888659 rs3748597 T C GT 1/1
chrl 891945 rs13303106 A G GT 0/1

How do you determine which variant(s)
are responsible for their condition? ,




What does a DNA variant do?
T

Query itin a database The variant might not exist in a database
The variant might act differently under different conditions

Assume loss-of-function Not always an accurate assumption

of nearby gene Function of nearby gene may not itself be understood
Genome-Wide Not applicable for variants that only exist in a single person
Association Study Underpowered for rare variants that only occur in a few people
(GWAS) Relies on undersized datasets containing a small number of SNPs

Requires rigorous statistical testing

Can only model one variant at atime

Assumes additive linear effects of variants

Difficult to adapt to a polygenic/omnigenic model of traits
In practice, only explains a fraction of heritability

Applications >> Enformer >> Evo 2 >> Future Research >> Conclusions >




Variant effect prediction

* What effect does variant X have on us? What trait does it create?
* Arguably the most important task in bioinformatics

* Historically studied using Genome-Wide Association Studies
(GWAS) in connection with Quantitative Trait Loci (QTL) analysis
* This approach has many drawbacks

* Could be studied using deep learning

Applications >> Enformer >> Evo 2 >> Future Research >> Conclusions > °




Deep learning is now widespread in genomics

DeepBind Attention is all DNABERT Nucleotide Caduceus ChromBPNet
Collection of CNNs you need First transformer- Transformer LLM designed Expert CNN that
that learned 538 TFs Seminal paper based sequence- Large LLM trained for long-range corrects forenzyme
and 194 RNA- introducing the to-function LLM in on thousands of and reverse- biasin predicting
binding proteins transformer genomics human genomes complement chromatin
architecture and other species signal accessibility
oo —el—»] - | gem

Transf
2015 / 2016 2017 2018 3019 2020 2021 / 2022 2023 | 2024 2025 \ 2026 @ [ransformer

DeepSEA ChromDragoNN Enformer HyenaDNA Evo 2

Multitask CNN CNN that learns cis- and Widely used supervised Sequence-to-function Largest genomic
to predict919 trans-regulatory LLM for predicting LLM that uses long-range || LLM ever, with the
epigenomics elements to predict thousands of assay tracks Hyena operators instead ability to generate
features chromatin accessibility in human and mouse of transformers whole genomes

Applications >> Enformer >> Evo 2 >> Future Research >> Conclusions >




Deep learning basics

* Learn patterns from some data that can generalize to all data

* 3 key architectural pieces in genomics
* Convolutions
* Feed forward networks
* Attention

Applications >> Enformer >> Evo 2 >> Future Research >> Conclusions > ’




CONVOLUTIONS
Blur Vertical lines

[1/9 1/9 1/9] [.33 0 -.33]

[1/9 1/9 1/9] [.33 0 -.33]
[1/9 1/9 1/9] [.33 0 -.33]

1 -1 -1] 8 &8 88
1 9 1] [ 0O 0 0]
-1 1 1] [-.33 -.33 -.33]
Sharpen Horizontal lines
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Learn complex
patterns between
features and labels

(RIXKL

.“ i
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(7

In each 8x8 region: Complex features e.g.
patterns, textures, combinations of
shapes, etc. (64 total)

In each 3x3 region: Simple features
e.g. vertical lines, horizontal lines,
etc. (32 total)

WA

/Oy

l=:.-l-""

1
64x7x7

:‘_-;:-'ﬁ

32x14x14 64 x 14 x 14

AN

\

28 x 28
32 x 28 x 28 .
Convolution Convolution
padding = 1, padding =1, Max pooling
= Max poolin kernel = 3x3, =
kernel _3)(3, P > g Tl = 1 Kernel = 2X2,  Flatten e.g. presence of dark-to-
stride = 1 Kernel = 2x2, Stride = 2 light grad) :
+ Stnde - 2 + Ig tgra lent .textures 19}
RelU RelU upper left region
S . . L Summarize complex e.g. presence of trident
umrnanze simpte _ featuresin each 10x10 shapes in bottom right
featuresin each 4x4 region region region
10
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Attention in transformers, visually explained — 3Blue1Brown
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Attention tells us which words relate to which other words




Attention in transformers, visually explained — 3Blue1Brown

Attention modifies the vector representation of a word to include its additional meaning

“Fluffy” “blue” “creature” “fluffy blue creature”
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A
v
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https://www.datacamp.com/tutorial/how-transformers-work

——— e e e e -

Why use LLMs in genomics? o

; ADD & NORM )
E t i
1 N !
* LLMs employ the most advanced E Feed|Formacti
architecture ever made for Al i\ S—
« Core advancement is Attention NX | ¢ )
ADD &£ NORM i
* First truly effective way to process sequential data S | 7
like text ;

a )
MULTI-HEAD
ATTENTION

* Attention allows models to get really big, and
bigger is better

)
* Operate at lower cost than humans e §
 Can conduct massively parallel e f'
experiments with little human effort [ g;pg%
EMBEDDI
* Can model rare or novel sequences t
INPUTS

Enformer >> Evo 2 >> Future Research >> Conclusions > "
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Foundation model (FM)

Pre-training

Splice site
prediction

Wide range of
Chromatin

One-time

costly training w/

billions of training Versatile, reusable
samples Foundation Model
e.g. train on the Pre-train once, then
entire human fine-tune many times
genome

. downstream

profiling applications

Lightweight SpeEs e
finetuning w/ S Gl

only thousands -
of samples

e.g. train on a small number
of labelled splice sites

Background Enformer >>

Evo 2 >> Future Research >> Conclusions > b




Sokolova et al. 2024.

Sequence-to-function models

Genome-wide
Genome sequences sequence classes
_______________________________ Epigenetic features
! | Sei ;
! EEEE BN ER &N Sei
: .. AACCGATTTCCGATCCGGAT ... || D€EPSEA, clustering
| | DeepBind, T11
| .-« ATCGGATATCCGTATATCGAT ... || DanQ, - — CEEE —_— s
: «.. GGTTATCCTTTTTATCCTCA.... : Basset,
I .. ATCCAATATGCCGCTATGAT ... 1| D€EPATK HE HN
| I
| E g é % é 8 a ... CGCGCGGATTCGCGAATAC ... | 5§ ER =B
| |
' 11121314151617 ... CGCGCGGATTCGCGAATAC... .
: g ... AACCGATTTCCGATCCGGAT ... : Ea?enﬂ:
! 88 8 ... TATGCAATTATCCGAGATTAC.... I| O "
118 19 20 21 22 I I
| |
______ D _ee_p_c;______.______________ Gene
Akita, Orca expression
H HBE
ER NN [ ]
Ly — Epigenetic features
‘ I Input: DNA sequence
3D interactions CAGE peaks Output: functional prediction

Background Enformer >> Evo 2 >> Future Research >> Conclusions > "




Article Open access Published: 04 October 2021

Enformer Effective gene expression prediction from sequence by
integrating long-range interactions

Ziga Avsec B, Vikram Agarwal, Daniel Visentin, Joseph R. Ledsam, Agnieszka Grabska-Barwinska, Kyle

R. Taylor, Yannis Assael, John Jumper, Pushmeet Kohli ™ & David R. Kelley &

Nature Methods 18, 1196-1203 (2021) | Cite this article

306k Accesses | 1001 Citations | 380 Altmetric | Metrics

* The most widely used genomic Large Language Model (LLM)
* Developed in the first wave of genomic LLMs
* Has since defined the field

Background > Applications LD

Evo 2 >> Future Research >> Conclusions >
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a Input: DNA sequence

Receptive field: 20

kb

p———

100 kb

® Enformer \ :'ﬂ EaseRpE

(Conv. layers (7x)

i

>

4

(Transformer layers (11x)

¥

DDQSDDDW
IO aven

rOrganism specific heads

[ Human ][
5,313 tracks

1,643 tracks ]

Mouse

Output: genomic tracks
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' I ¥

1
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Background > Applications LD

* Trained on 197kb DNA sequences from the
human and mouse reference genomes

* Each sequence has thousands of
corresponding labels; supervised model

* ATAC-seq

* |s this sequence available to be transcribed?

* DNase-seq

 Same as ATAC-seq, but different measurement

 ChlIP-seq

* Are proteins binding to this sequence?

* CAGE

* How much of this sequence is transcribed into RNA?

* Model predicts all labels at each position

Evo 2

>> Future Research >> Conclusions

>




Enformer (C=1536, L=11)

| Input
L

I (197k, 4)

Stem Input is 197k one-hot encoded DNA bases
| Conv(Ci2,15,1) |
| RConvBlock(C/2, 1, 1) |
GATTACA
| AttentionPool(width=2) |
™M (98k, C/2) l

Conv Tower X6
[ ConvBlock(Ci,5,1) | [0010],[1000],[0001],[0001],[1000],[0100],[1000]
| RConvBlock(Ci, 1, 1) |
| AttentionPool(width=2) |

49M (1536, C)
XL

Transformer - [\1HABlock(C, K=64, H=8)|

with relative

pos. encodings | Feed Forward(C) |

174M (1536, C)
Pointwise
| Crop(320) |
| ConvBlock(2*C, 1, 1) |
| Dropout(0.05) |
[
| GELU
4""1 .................. (896,2:C) ..

Output heads l

[ Conv(5313,1,1) | |

Conv(1643, 1, 1) |

Y ]
| Softplus | Softplus |
16M 5M
I Output Human | (896, 5313) | Output Mouse | (896, 1643)

Background > Applications LD

Evo 2 >> Future Research >> Conclusions >
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196,608

A

v

T
Input: 4
v

Background

>> Applications m

Evo 2
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Background > Applications LD
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196,608

A

v

Convolutions

T
Input: 4
v

Background

>> Applications m
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196,608

v

Input: 4

4

Convolutions

x76£v3\4m

A

196,608

v

/768

Output:

Background

>> Applications m

Evo 2
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) 196,608 >

Convolutions
x76é\
« 196,608 >
A A
768
Output:
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Convolutions
x76é\
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A A
768
Output:
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Convolutions
x76é\
« 196,608 >
A A C
768
Output:
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Background >> Applications m Evo 2 >> Future Research >> Conclusions

>




) 196,608 >
Convolutions
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196,608

A

v

—

Input: 4

<«

Convolutions expand data from 4 to 768 channels while preserving length
This step is critical to giving the model enough information to work with

A

196,608

v

768

Output:

Background

>> Applications m

Evo 2
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Enformer (C=1536, L=11)

| Input | (197K, 4)

Stem
| Conv(Ci2,15,1) |
| RConvBlock(C/2, 1,1) |
| AttentionPool(width=2) |
1M (98K, C/2)
Conv Tower X6
| ConvBlock(Ci, 5,1) |
| RConvBlock(Ci, 1, 1) |
| AttentionPool(width=2) |
49M (1536, C)
x L
Transformer - [\1HABlock(C, K=64, H=8)|
with relative
pos. encodings | Feed Forward(C) |
174M (1536, C)
Pointwise
| Crop(320) |
¥
| ConvBlock(2*C, 1, 1) |
¥
| Dropout(0.05) |
¥
| GELU |
4""1 .................. s
Output heads l l
| Conv(5313,1,1) | | Conv(1643,1,1) |
¥ ]
| Softplus | | Softplus |
16M 5M
I Output Human | (896, 5313) | Output Mouse | (896, 1643)

Increase the dimensionality of the data (4 -> 1536 channels)
Decrease the number of data points (197k ->1536)

>> Applications m

Background

Evo 2

>> Future Research >> Conclusions >
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Enformer (C=1536, L=11)

| Input | (197K, 4)
Stem
| Conv(Ci2,15,1) |
| RConvBlock(C/2, 1,1) |
| AttentionPool(width=2) |
1M (98K, C/2)
Conv Tower x 6
| ConvBlock(Ci, 5,1) |
| RConvBlock(Ci, 1, 1) |
| AttentionPool(width=2) |
49M (1536, C)
- . ..
Tansormer | Agion, K54, -3 x Add context to data, like combining
with relative I
pos. encodings [ Feed Forward(©) ] word vectors into sentence vectors
T {16%6:€) The power of transformers
Pointwise
| Crop(320) |
¥
| ConvBlock(2*C, 1, 1) |
¥
| Dropout(0.05) |
¥
| GELU |
4""1 .................. s

Output heads l

[ Conv(5313,1,1) | |

Conv(1643,1,1) |

] ]
| Softplus | Softplus |
16M 5M
I Output Human | (896, 5313) | Output Mouse | (896, 1643)

Background > Applications LD

Evo 2

>> Future Research >> Conclusions >

31



Enformer (C=1536, L=11)

| Input | (197k, 4)
Stem
| Conv(Ci2,15,1) |
| RConvBlock(C/2, 1,1) |
| AttentionPool(width=2) |
™M (98k, C/2)
Conv Tower X6
| ConvBlock(Ci, 5,1) |
| RConvBlock(Ci, 1, 1) |
| AttentionPool(width=2) |
49M (1536, C)
L
Transformer - [\1HABlock(C, K=64, H=8)| i
with relative
pos. encodings [ Feed Forward(C) |
174M (1536, C)
Pointwise
| Crop(320) |
¥
[ ConvBlock(2°C, 1, 1) | Fully connected network
¥ .
[ Dropout(0.05) | Learn patterns in data
¥
| GELU |
o M 180
Output heads l ; l
| Conv(5313,1,1) | | Conv(1643,1,1) |
Y Y
| Softplus | | Softplus |
16M 5M
I Output Human | (896, 5313) | Output Mouse | (896, 1643)

Background >  Applications R LE D

Evo 2 >> Future Research >> Conclusions >




Enformer (C=1536, L=11)

| Input | (197K, 4)

Stem
| Conv(Ci2,15,1) |
| RConvBlock(C/2, 1,1) |
| AttentionPool(width=2) |
™ (98k, C/2)
Conv Tower x 6
| ConvBlock(Ci, 5,1) |
| RConvBlock(Ci, 1, 1) |
| AttentionPool(width=2) |
49M (1536, C)
x L
Transformer - \iHABlock(C, K=64, H=8)]
with relative
pos. encodings [ Feed Forward(C) |
174M (1536, C)
Pointwise
| Crop(320) |
¥
| ConvBlock(2*C, 1, 1) |
¥
| Dropout(0.05) |
¥
| GELU |
4M i (896, 2°C)
Output heads l ‘ l
| Conv(5313,1,1) | | Conv(1643,1,1) |
¥ ¥
| Softplus | | Softplus ]
16M 5M
I Output Human | (896, 5313) | Output Mouse | (896, 1643)

Background >  Applications R LE D

Emit predictions across all labels

Evo 2

>> Future Research >> Conclusions >
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I Experiment GENCODE annotation

CD44 :
What does - st
CD44 * X -
Basen;ji2 Chd4 CD44 v

DNase/CD14-positive monocyte female

Enformer do? ;J& ) VTV W R v
STy

20 kb

} DNase/keratinocyte female

* Green: test sample W v gl |
experimental data Ll Lh

. I

* Blue: Enformer’s
ChlP Histone:H3K27ac/keratinocyte female

predictions L L by 'w Lk
AA

e e i N VR O S

* Training enables it to e
generalize to - - v WA
unseen samples PO | N U W GO 1P

Chr11:35,082,742-35,197,430

Background > Applications LD
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Interpreting Enformer’s predictions

HNRNPAT Chr12:54,223,589-54,338,277

HNENPA 1 x4
HNANPA 1 i re—
HNRNPA1 2=

HNRNFPA1#H

CEX5 ettt ——— ——— HNBRNPA1T 34 NFEZ @<~
CBX5 4——ttc<d4a NFEZ s—spe—i—i COPZ1%
CBX5 Cﬂx:’,;«—e—ﬁ'—e—: ) o ~ CBX5 m-—H——«—e—o—«-l NFEZ «E@m COPZ1 :
o 250 JL l
CAGE predictions 0 - ) . - - IR
10,000
H3K27ac 0
Enhancer Candidate
validated - | | | | 1] ] [ |
Enformer Attention

Gradient x input WWMWMM MMMAAVMMMMWMA

Basenji2 Gradient x input
-50 —40 -30 -20 -10 0 10 20 30 40 50
Position (kb)

Dark green: Enformer’s CAGE prediction of transcript abundance for HNRNPA1
Light green and gray: known enhancer positions for HNRNPA1
Blues: attention and gradient values at each position of the input

Locations of high attention and gradients correspond with known enhancers; looking in the right places

Background > Applications LD

Evo 2 >> Future Research >> Conclusions > >




Understanding variants with Enformer

f . CETP w4 AC023825.2
NLRC5 + Y > >+ phob j | :
403.2 7
0 | N, S 7 o 7 s B ' CAGE:PBMC Ground truth
279.3 |
Enformer o
Reference  Prediction w/ C base
1g= ——— . — - T ey A S - . ) o Prediction
Predicted increase in gene expression Enformer o
i Ref-alt Prediction w/ T base
-0.1 = P PN S, TR SRR X N e e = Prediction

Mutation disrupts

5 known SP1
) P R AAAAAAAL~AI_T_T_£AAV. L_AAl_W m%m% transcription factor

) , ; x . . . 1 binding motif

0 20 40 60 80 100 120 140
<
O
©
'_ —

rs11644125 C/T T —
0 5

Evo 2 >> Future Research >> Conclusions > °°
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Enformer’s influence

Linder et al. 2025.
Drusinsky et al. 2024.

Several models fine-tuning Enformer for

Enformer 2.0: gors0i

=761 Model Type e

(human)
= 2,608
(mouse)

524 kb (hg38 or mm10)

3—F HHHHHH-HIO————

a BTNL3

CAGE

ChiP
ATAC/DNase
RNA

Enformer (R2 = 0, PCC = -0.31)

Coverage track(s) 1

T 5

32 bpres

TR

16 bp res

A

~A

32 bpres @ 32 bp res

64 bp 64 bp =1

res res
Elastic Net (R2 = 0.68, PCC = 0.83)
128 bp 128 bp . % ® o 0 o

res res 1

Performer (R2 = 0.75, PCC = 0.87)

-t

Predicted
o

‘.:&-.’.8. .: e o o

Attention § < Nees

blocks (8x) -1 ”

-1 0 1 2
Observed

Elastic Net

¢ Enformer

variant effect prediction, such as Performer

Performer

b Mixed Heritability Genes

ZFP57
BTNL3
THNSL2
C17orfo7
LDHC

LCN8
SLC5A11
DDX11
SPATA20
ARL16

2 scaBssat
& DPYsL4
CLHCT
UNCS5B
SCAPER
MICA
TUBB6
ALGIL
C150r57
ZNF3
NDEL1
FZR1

PCC

[ ]
r: ® ®
0.5 -0.5 0.0
Performance

>> Applications m
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Evo2

* The largest genomic LLM
created to date

* Published February 2025

* Very divisive in the field

Genome modeling and design
across all domains of life with Evo 2

Garyk Brixi*1-%3, Matthew G. Durrant®!2, Jerome Ku*!2, Michael Poli*%3">,

Greg Brockman*>%%3 Daniel Chang*123, Gabriel A. Gonzalez**1-2, Samuel H. King**1-%3,
David B. Li*~123 Aditi T. Merchant**1>3, Mohsen Naghipourfar*~!-%7, Eric Nguyen**23,
Chiara Ricci-Tam**12, David W. Romero*24, Gwanggyu Sun**12, Ali Taghibakshi**>4,
Anton Vorontsov**?>4, Brandon Yang*~2¢ Myra Deng®, Liv Gorton®, Nam Nguyen?®,
Nicholas K. Wang®, Etowah Adams®, Stephen A. Baccus®, Steven Dillmann?,
Stefano Ermon3, Daniel Guo®3, Rajesh Ilango!, Ken Janik*, Amy X. Lu’, Reshma Mehta®,
Mohammad R.K. Mofrad’, Madelena Y. Ng3, Jaspreet Pannu®, Christopher Ré3,
Jonathan C. Schmok!, John St. John*, Jeremy Sullivan!, Kevin Zhu’, Greg Zynda*,
Daniel Balsam®10, Patrick Collison!-1°, Anthony B. Costa*!?, Tina Hernandez-
Boussard®'?, Eric Ho®1°, Ming-Yu Liu*1°, Thomas McGrath®1°,

Kimberly Powell*°, Dave P. Burke*1*1°, Hani Goodarzi*!%10:11,

Patrick D. Hsu*1:1:2.7.10 Brian I.. Hie*:1,2.3,10

1 Arc Institute; 2Core Contributor, Evo 2 Team; 3 Stanford University; NVIDIA;
5Liquid AI; ®Independent Researcher; 7 University of California, Berkeley;
8Goodfire; 9 Columbia University; 10genior Contributor, Evo 2 Team;
Nyniversity of California, San Francisco

>> Applications Enformer
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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

i

Background >> Applications >> Enformer Future Research >> Conclusions > *




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.”

Background >> Applications >> Enformer Future Research >> Conclusions > 0




Difficulty of use

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

up 80GB in GPU RAM <> Code
* H100 node required to V

compile the code and

run inference

() Issues 34 19 Pull

Nvidia H100 NVL GPU
e Can take hours of Vi

Computing Processor
i nfe rence tl me to is:issue state:open
process a single Pre-owned
sample & eBay & more Open 34 Closed 100
4.0 (1

Background >> Applications >> Enformer Future Research >> Conclusions > "




What makes Evo2 so impressive?

Arc Institute develops the largest Al model for biology to date in collaboration with NVIDIA,
bringing together Stanford University, UC Berkeley, and UC San Francisco researchers

0oc '1r

N
- e 101
0 A ’«'/‘:5%“0 ;
0]8 7 'LJ AT 00
oL \ 4 &9 0010, 111 Foad M0 T

*0101u. 01 110 011

*0110101 11C '01.9
*10001- 00. 11
'010100uJ101V1107

*11011010°

A

Evo 2 is trained on over 9.3 trillion tokens—in this case, nucleotides—from over 128 thousand genomes across the three

domains of life, making it similar in scale to the most powerful generative Al large language models.

Background >> Applications >> Enformer Future Research >> Conclusions >




Model architecture

 Convolutions find features

* Attention gives features context

* Early layer features are simple, like kmer motifs

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

. B Hyena-MR
’ StrlpedHyena 2 = Dense layer
* Intentionally ® cate S IE- | |
: Convolution NJ N
patternec.zl series of Shor expict SE) | de 1T V- a— L -
convolutions and = Medum | N ]
. regularize e
attention layers Long implicit (L) | T T
| I I

* Mix of 7, 128, and full-
length convolutions

\ Evo240B Evo27B Evo 2 1B base

Parameters 40.3B 6.5B 1.1B
Total Layers 50 32 25
Hidden Size 8,192 4,096 1,920
FFN Size 22,528 11,264 5,120
Num Heads 64 32 15
Total Tokens |  9.3T 2.4T 1T

e | I [(ONTON, [

Rotary
attention

TR :

43
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Training data

* OpenGenome?2 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

 Data has no labels; self-supervised model

Background >> Applications
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. B. subtilis
B

T. thermophila

C. elegans
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L S. cerevisiae
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:
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P. aeruginosa .

i - G. gorilla
G
S ; P. troglodytes
M. tuberculosis * Hl.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
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Evo2 learns coding syntax without any labels

A Evo 2 B
Likelihood landscape 5 — — — — — — —
o —tiikelihood >0 0001 <0002 '
0 e R i 1 1 L [ [ LI T T )
"""" i & ! <-0.001

E. coli

@culos:s
B. subtilis
Vlikelihood _ﬂcﬁkar;ens:g
. volcanii

0---------------.-I.-IIIII II ll II Il II-

Predict fitness <.0. oo1

T —— S. cerevisiae
A ) L A. thaliana
p(iiiinn ) D. melanogaster
p( ) M musculus
H. sapiens

vV vV

Species

 Mutate bases at different positions and measure change in sequence likelihood
* Learnsthat mutationsinthe 1t codon base are very impactful / unlikely
» Learnsthat mutationsin the 3" codon base (wobble position) are less impactful

Background >> Applications >> Enformer Future Research >> Conclusions
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Evo2 learns mutation significance w/ no labels

C Noncoding
(10bp deletion) Coding Noncoding (10bp deletion) Coding
0.000tmg-------------1 g
- . . * .
. . .r ?f 0000 “‘_"a‘"—.'.‘":—'";:"'_i";"'5 """"""""" “'-."".' """"""
(] % ° —_ . L .
§—0.002— R L
£ : s 2-0.002] ) . O
= -0.0044 T, e o2 . T
5 -.'_ 3 £ g ® ® o
© ° = QL i . . —
2 -0.006- * . §| gooo =
. = . ®
Animalia o o
~0.008; -0.0061 - Plantae
Bacteria » Fungi
~0.010 * Archaea B Protista
| \c’é"e“é‘?\? 0*’\0‘9 ‘ @ RIS EFTIIFIEF &8RS
G S NN F TR
@ & &8 ~\<° ~\6\ @ ® - <o\> FLTFTESFEEE e’
N € &E R & N S S &
) <° ° N & & &R
S Q \;o(\ <

* Implicit understanding that some mutations are more impactful than others
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Good EvoZ2 zero-shot performance on ClinVar

B ClinVar variants,

C

Alikelihood from reference Variant ClinVar variants, Alikelihood from reference Variant
coding regions to mutated sequence Predict  pathogenicity noncoding regions  to mutated sequence FPredict pathogenicity
| SNV (substitution) ) — Benign | SNV p(iH=—=1)  —  Pathogenic
| non-SNV ol N — Benign p(C——1 — Benign
(e.g. insertion, deletion) _ [[ non-SNV
p({fHF)  —  Pathogenic p(C———=—-_) —  Pathogenic
Noncoding SNVs Noncoding non-SNVs
Coding SNVs Coding non-SNVs
Evo 2 40B = Evo 2 408
AlphaMissense _\ Evo27B
[— GPN-MSA Evo27B
ESM-1b Evo 2 40B Evo 2 7B
GPN-MSA ESM1b PhyloP*
Ph : PhyloP
yloP Evo 1
Evo 2 408 DeCodon 200M Evo 1
Evo278 PhyloP* NT 2.58 MS RNA-FM
DeCodon 200M Evo 1 RNA-FM NT 2.5B MS
ESM-2 650M RNA-FM 0 05 1 mEAUROC 0 05 1
ESM-2 3B CodonBERT 87M Score @O AUPRC Score
EnCodon 620M
ESM-2 650M
Evo 1 H H i
ot EnGodon 6200 Uses sequence likelihood as a proxy for variant effect
CodonBERT 8711 NT 2.58 MS o Loss-of-function variants tend to be pathogenic
NT 2.58 MS ESM-2 38 * 15k coding, 38k noncoding variants

Competes with protein LMs and exceeds DNA LMs

0.5 1 o

HEE AUROC 0 .
Score

IO AUPRC

0 0.5 1
Score
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Interpretable features can annotate genomes

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

T S I T S T T . "
U E e it NN AR i A NN A | 0 R RN W
| " ol L T

PoK4 " 5 _I‘ — OO?J = i — ,DILDD ‘ li_l‘ 1 m = Ooz’

Position, woolly mammoth chromosome 8 (bp)
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Enformer vs. Evo 2

* Represent two paradigms in sequence-to-function modelling
* Both have inspired a wide range of follow-up studies

T eomer | Ew2

Training strategy Supervised Self-supervised
Training genomes Human + mouse Thousands of organisms
Bases of training sequence 6 billion 9.3 trillion
Input context window 197 Kbp 1 Mbp
Parameters 250 M 40 B
Text processing module Transformer Striped Hyena 2
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Announcements

* Assignment 5 due Friday night
* Last chance to use late days
* This is a busy time in the semester, may as well use them! ©

* Reminder: there is an oral defense component of the final project
 Question and answer session with me and Dr. Schatz
* Everyone is responsible for understanding their full project
* |f you’re doing the work, you have nothing to worry about
* If you’re not contributing to your team, you will struggle
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Currently hard to understand variant effects

Query itin a database The variant might not exist in a database
The variant might act differently under different conditions

Assume loss-of-function Not always an accurate assumption

of nearby gene Function of nearby gene may not itself be understood
Genome-Wide Not applicable for variants that only exist in a single person
Association Study Underpowered for rare variants that only occur in a few people
(GWAS) Relies on undersized datasets containing a small number of SNPs

Requires rigorous statistical testing

Can only model one variant at atime

Assumes additive linear effects of variants

Difficult to adapt to a polygenic/omnigenic model of traits
In practice, only explains a fraction of heritability

Every existing method has its weaknesses

Applications >> Enformer >> Evo-2 >> DNABERT-2 >>Future Research>> Conclusions > .




Enformer and Evo 2 are two ways forward

* Represent two paradigms in sequence-to-function modelling
* Both have inspired a wide range of follow-up studies

Training strategy Supervised Self-supervised
Training genomes Human + mouse Thousands of organisms
Bases of training sequence 6 billion 9.3 trillion
Input context window 197 Kbp 1 Mbp
Parameters 250 M 40 B
Text processing module Transformer Striped Hyena 2

Background >> Applications DNABERT-2 >>Future Research>> Conclusions >
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DNABERT

* The first Large
Language Model
for genomics

* |nitially published
In 2020, 3 years
after Transformers
were developed

JOURNAL ARTICLE

DNABERT: pre-trained Bidirectional Encoder
Representations from Transformers model for DNA-
language in genome @

Yanrong Ji, Zhihan Zhou, Han Liu ™, Ramana V Davuluri ™«  Author Notes

Bioinformatics, Volume 37, Issue 15, August 2021, Pages 2112-2120,
https://doi.org/10.1093/bioinformatics/btab083
Published: 04 February 2021  Article history v

DNABERT-2: EFFICIENT FOUNDATION MODEL AND
BENCHMARK FOR MULTI-SPECIES GENOMES

arXiv:2306.15006v2 [q-bio.GN] 18 Mar 2024

Zhihan Zhou' Yanrong Ji' Weijian Li' Pratik Dutta®* Ramana V Davuluri’ Han Liu'
T Department of Computer Science, Northwestern University, Evanston, IL, USA

t Department of Biomedical Informatics, Stony Brook University, Stony Brook, NY, USA
{zhihanzhou, yanrongji, weijianli}@u.northwestern.edu
pratik.duttal@stonybrook.edu, Ramana.Davuluri@stonybrookmedicine.edu
hanliu@northwestern.edu
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DNABERT-2 is truly open source

* Very easy to use compared
to some other models
(looking at you Evo-2)

e Full instructions on their

GitHub for pre-traini
fine-tuning

* Datasets are mostly
available

ng and

* | use itin my research

(more on that later)

o MAGICS-LAB / DNABERT_2

&> Watch 12~ % Fork 89 = Y7 Star 432 <

5. Pre-Training

We used and slightly modified the MosaicBERT implementation for DNABERT-2
https://github.com/mosaicml/examples/tree/main/examples/benchmarks/bert . You should be able to replicate the
model training following the instructions.

Or you can use the run_mim.py at
https://github.com/huggingface/transformers/tree/main/examples/pytorch/language-modeling by importing the
BertModelForMaskedLM from https://huggingface.co/zhihan1996/DNABERT-2-117M/blob/main/bert_layers.py. It
should produce a very similar model.

The training data is available here.

Use this instead -> O AnswerDotAl / ModernBERT

Background >> Applications >>

Enformer >>
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https://towardsdatascience.com/a-complete-guide-to-bert-with-code-9f87602e4a11/

Qutput

BERT-based architecture Proveits
Softmax
° BERT Linear
* Bidirectional )
* Unlike Evo-2 or ChatGPT, uses left and right context to I:Feed
make predictions e
e ChatGPT: The catsatonthe N
Add & Norm |
* BERT: The cat___ onthe mat e
° Attention
Encoder T
* Project text into latent space embedding, but no need to \ y
decode back into text Positional
. Encoding ®_<?
* Representations from -
« Creates a numerical representation of the input via... Sl

* Transformers IinutS
* Uses the transformer module for text processing

Future Research>> Conclusions > 56
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https://storrs.io/bert/

Masked token prediction

* Using left and right context, predict hidden word
* More information can lead to better predictions
* However, can’t be used for text generation

predict next token predict masked token
/
The cot jumped [over] [ 1
t + ¢ T r
GPT
T 7 T T T e
TI‘C (,a/-" Juw\rul - - - Tllt C&/"’ Jumrul - the &6),
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DNABERT architecture

* Off-the-shelf BERT implementation

e Same architecture that could be used
for natural language

* DNA sequence is grouped into tokens

* Tokens pass through transformer and
feed-forward layers

* Final prediction on masked token

* 117M parameter model was big at the
time but is small by today’s standards

Background >> Applications >> Enformer >> Evo-2

Classification result of Classification results of
(b) original sequence each masked token

Token-level
Classifier

Last Hidden Ou Ioalloa“o“llosl...loml IOmHOmHOmHOmI
e

LayerNorm \
" )

Feed
Forward

e

| LayerNorm )| X 12

—

Multi-Head

\ Self-Attention /
t

emiesaing Lt |[ ke ][t ][ ha ][k | oo tar | [T | [t | [Tt | [t |[hen |
Embodding | € || E2 |[ B J[ € [ & | o[ |[ € |[ s |[ Ex |[ En |[Ea]
+

Embodaing | Etast || Ence | | Econ | Ecac || Encr | oo [ Ecrr | [Eiwasd [Enanse [Erws | Ecas | [ Exsnt |

1 Feed to the Embedding layer

[CLS] AGC GCA CAC ACT s CTT [MASK][MASK] [MASK] CAG [SEP]
A

Input :  Mask (Only in pre-training)

Sequence
[CLS] AGC GCA CAC ACT e C G TGC GCA CAG [SEP]
t Tokenize
sg:g',’:,fe AGCACTGCTATCATGCTTGCAG

Future Research>> Conclusions >
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The first transformer for genomics

(a) RNN CNN Transformer
Hidden i1 it PP ”"“' j sl ':  Transformers are
States ‘;]‘I;I * T-’ l;] ” I;] I;l'l;]" ?’\l;l';l D EI -‘*ﬁgﬂ\wg gqec;rl?ean%vea Nnce d
e DB g BRGEE ERGD B rOCESSOrS
f L B h R L L Lt R R LT

Starting Line  |nitial Model
(c)

)

Trained Model
Task-specific Training d P re -t ra I n I n g a n d
Traditional . . .
fine-tuningis a
Initial Starting Line Pre-trained Fine-tuned m O re effl C I e nt
DNABERT Gen:r;l-tl::lr:ose I a DNERT 2 DNABERT . . .

N ' OYINE rseneene /NN training regime
y’,.g\.’!;.g\.’!;. Fine-Tune Y@ Q\,’!; Q\,’!;
BERT Style X X R e w0 RO XK

A L,
/'\.4,%&.‘,““7
\/ {

N
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https://en.wikipedia.org/wiki/Byte-pair_encoding

Byte - p a i r e n C O d i n g Suppose the data to be encoded i8]

aaabdaaabac

The byte pair "aa" occurs most often, so it will be replaced by a byte that is not used

i Ite rat |Ve ly fi n d m O St freq u e nt to ke n S in the data, such as "Z". Now there is the following data and replacement table:

 Repeat until hitting target o
vocabulary size

* DNABERT-2 uses 4,096 tokens

Then the process is repeated with byte pair "ab", replacing it with "Y":

ZYdZYac
Y=ab
Z=aa
Iteration Corpus Vocabulary
0 AACGCACTATATA {A’ ’C,G} The only literal byte pair left occurs only once, and the encoding might stop here.
1 A A C G C A C A A A { A C G A} Alternatively, the process could continue with recursive byte-pair encoding, replacing
P "ZY" with "X":
2 AACGCACTA TA TA {AT,C,G,TA, AC} t
3 A ACGCAC TATATA XdXac
X=ZY
. . . Y=ab
Figure 2: Illustration of the BPE vocabulary con- Teoa

structions.
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Category Species Num. of Nucleotides (M)
° ° Ceratobasidium 655.37
Claviceps Maximensis 329.79
[raining dataset
Melampsora 699.52
Funsi Metschnikowia 109.36
unglt Mucor Saturninus 391.17
Penicillium Chermesinum 275.81
Saccharomyces Cerevisiae 121.54
Sporopachydermia Quercuum 155.71
Tranzscheliella Williamsii 184.77
° 1 3 5 f g m Xylariales 399.96
re e re n C e e n O e S Prot Phytophthora Sojae 792.65
otozoa Pythium Apiculatum 450.99
Bubalus Bubali 28768.00
¢ H u m a n G RC h 3 8 C;ne{luss DL;oml:darius 19757.02
Human 31372.10
. M Li M A i 27593.76
° + 2 p rimates ( macaca A Macaca Nigra 28217.13
Mus Musculus 26545.98
M d . Peromyscus Californicus 24677.56
a S Sa m e n SI S a n n I gra) Brachionus Rubens 1327.37
Ceroptres Masudai 12.95
Cotesia Typh: 1866.62
* + 4 mammals (mouse, Invertebrate  Coomes 380 8s
Droso_phila Athabasca 1221.16
deermouse, camel, buffalo) Eness sl o
Meganola Albula 3604.25
. Oschei 38321
e + 5vertebrates (f| sh and Rutpela Maculata 2021333
. Anas Zonorhyncha 11697.08
b I rd S) Other Coregonus Clupeaformis 26824.02
Vertebrate Gnathonemus Longibarbis 7314.74
M)fxgcyprinus Asiaticus 23407.19
° 1 O b ( ly Rhipidura Dahli 10112.96
Invertebrates (most Jee— yERT
. Agrol?acterium ) 97.22
bugs), 2 protozoa, 11 fungi Bacteria | ActlgEnsccac Baccriu 03
. Alphapro[eot{acteria B'c_lcterium 14.22
* 100 bacteria Aramroip P 5200
(+ 90 more bacteria)
Background >> Applications >> Enformer >> Evo-2
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Fine-tuning tasks

* 7 major tasks
* 28 datasets
* 4 species of origin

* All classification; n=2, 3, or 9

Species  Task Num. Datasets Num. Classes Sequence Length
Core Promoter Detection 3 2 70
Transcription Factor Prediction 5 2 100

Human Promoter Detection 3 2 300
Splice Site Detection 1 3 400

Mouse  Transcription Factor Prediction 5 2 100

Yeast Epigenetic Marks Prediction 10 2 500

Yirus Covid Variant Classification 1 9 1000

Table 1: Summarization of the Genome Understanding Evaluation (GUE) benchmark.

Task Metric  Datasets Train / Dev / Test
tata 4904 / 613 /613
Core Promoter Detection mce notata 42452 { 5307 / 5307
all 47356/ 5920/ 5920
tata 4904 / 613 /613
Promoter Detection mce notata 42452 [ 5307 / 5307
all 47356 / 5920/ 5920
wgEncodeEH000552 32378 / 1000/ 1000
wgEncodeEH000606 30672/ 1000/ 1000
Transcription Factor mec wgEncodeEH001546 19000 / 1000 / 1000
Prediction (Human) wgEncodeEH001776 27294 / 1000/ 1000
wgEncodeEH002829 19000 / 1000/ 1000
Splice Site Prediction mec reconstructed 36496 / 4562 /4562
Ch12Nrf2Iggrab 6478 / 810/ 810
Ch12Znf384hpa004051Iggrab 53952/ 6745/ 6745
Transcription Factor mcc MelJundlggrab 2620/328 /328
prediction (Mouse) MelMafkDm?2p5dStd 1904 /239 /239
MelNelfelggrab 15064 / 1883 / 1883
H3 11971/ 1497 / 1497
H3Kl14ac 26438 / 3305/ 3305
H3K36me3 27904 / 3488 / 3488
H3K4mel 25341/3168 /3168
. . e H3K4me2 24545 / 3069 / 3069
Epigenetic Marks Prediction mcee H3K4me3 29439 / 3680 / 3680
H3K79me3 23069 /2884 / 2884
H3K9ac 22224 12779/2779
H4 11679/ 1461/ 1461
H4ac 2727513410/ 3410
Covid Variant Classification f1 Covid 77669 / 7000 / 7000

Background >> Applications >>

Enformer
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Gene promoter prediction

e Data from Eukaryotic Promoter Database L
(EPDnew)

* 10kbp sequences of [+5k, -5k] of transcription start site (TSS)
3k human TATA & 26k non-TATA promoters

* Positives: -249 to 50bp sequences around TSS

* TATA negatives: random 300bp sequences with TATA at 25bp
upstream of TSS.

* non-TATA negatives: dinucleotide-shuffled sequences (same #nts)

Future Research>> Conclusions > 63
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Mubeen et al. 2016.

Transcription factor binding sites

* TF ChlP-seq peak profiles from ENCODE (690 datasets)
* 161 TF binding profiles in 91 human cell lines
* Positives: 101bp region around each ChlIP-seq peak

* Negatives: 101bp region with no overlap with ChlP-seq peak, with
same GC.

"~ TRANSCRIPTION ™ ¥
‘\-\7 "l\( r()R J"‘/ GEN E
B s

- >
| . |

BINDING SITE l

¢ PROTEIN )
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Splice site identification

* SpliceFinder dataset
* Positive examples: 400bp splice sites
* Negative examples: false positive results from SpliceFinder CNN

donor acceptor

ad 4 T =3 . [ TTTTfr'fT T

. - . - .
> > > > >

exon intron exon
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Classification with a BERT model

* Prepend [CLS] token to all
Inputs

* During attention, [CLS] token
learns from all other tokens

* Becomes a sort of summary
token for the full input

* Use embedding of
corresponding output as
predicted label

Positive

A

FC

!

t t t

Transformer encoder

<cls>

Background >> Applications >> Enformer >>
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This show IS not

bad
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DNABERT-2 has strong performance

Species Yeast Mouse Virus Human
Task EMP TF-M CVC TF-H PD CPD SSP
DNABERT (3-mer) 49.54 57.73 6223 6443 84.63 7296 84.14
DNABERT (4-mer) 48.59  59.58 5987 6441 8299 71.10 84.05
DNABERT (5-mer) 48.62 54.85 63.64 5046 84.04 72.03 84.02
DNABERT (6-mer) 49.10 56.43 55.50 64.17 81.70 71.81 84.07
NT-500M-human 45.35 45.24 57.13 50.82 85.51 6654 79.71
NT-500M-1000g 47.68 49.31 52.06 5892 86.58 69.13 80.97
2.5 B parameters NT-2500M-1000g 50.86 56.82 66.73 6199 86.61 68.17 85.78
NT-2500M-multi 58.06 67.01 73.04 6332 88.14 71.62 89.36
0.1 B parameters DNABERT-2 55.98 67.99 71.02 70.10 84.21 7052 84.99
DNABERT-2 ¢ 5883 71.21 68.49 66.84 83.81 71.07 85.93
Background >> Applications >> Enformer >> Evo-2 Future Research>> Conclusions >
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Model comparisons

* DNABERT-2 is closer to Evo-2 in its training strategy but closer to
Enformer in its architecture

Training strategy Supervised Self-supervised Self-supervised
Training genomes Human + mouse Thousands of Hundreds of
organisms organisms
Bases of training 6 billion 9.3 trillion 30 billion
sequence
Input context window 197 Kbp 1 Mbp 1 Kbp
Parameters 250 M 40 B 117 M
Text processing Transformer Striped Hyena 2 Transformer
module

Background >> Applications Future Research>> Conclusions >




|s there room for improvement?

e Yes! Correlation across individuals
250 -

200 -

150 -

No. of genes

0% 0% ok o1 O o) of 0% o

Enformer predicted versus observed
(Spearman rank correlation)
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> Future Research > Conclusions >

Background >> Applications >> Enformer >> Evo 2




Sasse et al. Nature Genetics (2023).

Using LLMs for variant eQTLs Wi
* Predict expression directly from sequence =
* In theory, can resolve linkage disequilibrium 26 ,

e Enformer can use a
single CNV out of

g | many candidates to
/ \ predict eQTL

jjooo“ o weednecs eammOee o meo;hgoeo @00 o» €89 ——00—0-€0—0e8 ° SeleCtS same CNV
: identified by fine-
mapping with Susie

ISM
b b L o 4

ISM

y 70
Conclusions >

Chr. 12: 31073854 (hg38)
> Future Research
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Sasse et al. Nature Genetics (2023).

LLMs do not truly understand variants

Mean predicted
(CAGE, adult, brain)

Previous slide is the
exception, notthe rule

Overall, LLMs know if
gene expression changes
from a mutation but not
how it changes

Flip a coin as to whether
expression goes up or
down

DDX11 7 °
HFR * o  KNSTRN
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i L °
[ *SNHG16
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“ L ]
. goee
5 | - o
Y et i
8 195 sign negative
o N
Lad ®
° . o070 =7
) ' " s .C;STM3 0.068
-0.6 1 FTSJ3 | GsT2B
I ® *DNAJCI15 3 0.066 -
_0'8 B 'CQOrf74 g 0.064 -
T T T T T T g (
0O 25 50 75 100 125| 00621
Negative log,,(P value) 20007
0.058 -
5 (li 7
Observe d
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LLMs do not truly understand variants pt. 2

e Enformer is trained on the
reference genome, not any
individual sequences

* Top left: Enformer predicts
population-average gene
expression

* Bottom left: Enformer being
right depends on finding
causal SNVs

* Top,bottom right: linear
model PrediXcan (purple)
outperforms Enformer on
individual-level predictions

Predicted (reference) &

‘ DDX11
0.8 : KNSTRN. DHFR
L]
0.6 * e
c . %% RwpD28B
L)
2 0.4 .
@ FAM118A
2 : O 2 ______ = -
2 g °
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o o
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f . 4\° © CYB561
~04 LR LR ) MRPL21
L]
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) 4 6 8 10 =08 1 DHNAJCT5
Observed population-average -0.8 - C2orf74°
gene expression 0‘2 (‘) 0'2 0'4 0'6 0'8
e =V.. .. v o] o
PrediXcan r
1.0 H [ ]
" ®
e
g b
2 08+ } o c 10 1
© e o) == Enformer
i wo.e o = s Baseniji2
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correlation across genes  across individuals

Correlation with Enformer
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https://www.researchgate.net/figure/A-visu

alization-of-attention-weights-showing-soft-alignment-between-source-and-target_fig1_332160864

Expanding to longer inputs

* Genomic sequences are long,
relevant info may be far apart

* Attention is a quadratic operation
1K tokens = 1M operations
* 1M tokens = 1T operations

c
c v

£ o E .

] o o o 7] A

] O € ®© 9 =\ =
£ ODc o 30 cCc 0 O _ 3o @
 ©® 05 W w< 2=n £ Q- \Y
LI

accord

zone
économique

 Current methods to address this: S
1. Dilation / downsampling s,;ﬁ:
* e.g. Enformer dilates via convolutions en
and pooling, losing resolution o
2. Mamba-style text module o
* e.g. Evo-2
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Sasse et al. Nature Genetics (2023).
Huang et al. Nature Genetics (2023).

Making full use of long inputs

° E nfO rmer ge nera U-y f Positively correlated Negatively correlated
finds drivers near the genes i genes o
transcription start site 175 - drivers 80 " drivers

. 150 ~
* Modelis most accurate ¢ 2
. 2 125 1 Z
on variants near 1SS S =
o 100 o
g g
08 e 75- 2
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Linder et al. 2025.

Better model architectures

Borzol * Borzoi’s updated architecture over
Chip =761 °
B2 Vargpd ormint) g;gCgDNase} e Enformer led to performance gains
33— MO RNA _(n{ouse) . . . .
Coverage track® * Frankly, their model is still simple
|:llllllllllll 'A_A lﬂl
Ax IlLrLIJTLI—LrJTLI—LI—L[Ll—LI—LlI 32 bp res
16 bp res -
SO, Otherideas include:
”b"res./@\-”bms « Text processing evolution (attention ->
o i mamba -> hyena -> stripedhyena)
- .  Pooling modules (e.g. bag-of-mer)
* Positional encodings (RoPE, ALiBi)
Hocks (39 * Algorithmic advances (e.g. alternating
attention)
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Hwang etal. 2025.
Nguyen et al. 2023.

Better tokenizations i@@@@@@@@@@@@@@@)

Dechunking

* How to input DNA sequences into the model? i T

* Kmer vs. single-nucleotide vs. byte-pair tokens -/

* Unsupervised tokenization (H-net)

: M
* Image-based inputs (DeepSeek-OCR)
Sequence embeddings, colored by biotype
DNABERT Nucleotide Transformer HyenaDNA
i o o o

Chunking

1 € )
HHNAOONAHN IR

® Protein Coding @ IncRNA ® Process seudogene @ Unprocessed Pseudogene

snRNA ® miRNA e TEC ® snoRNA ® MiscRNA
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Better training regimes

* More creative ways to train the model

* Evo-2 mostly trains on short sequences,
then extends to long ones

* AlphaGenome trains a big teacher

b Pre-training process

Sample AGTCAGTC

1Mb intervals

f

Random shift e

F

50% reverse CTGACT

complement

l

u

Avsec etal. 2025.

C Distillation process

Sample

1 Mb intervals BB LARRG
Random shift AGTCAG
50% reverse CTGACT
complement
Rand_om CGGCCT
mutations
{ 3
Teachers Student
= | DO = | O
] |
Prtea(:;c.}ted Predicted
;» Loss ~—J
Data split
YDDE DOOC

Distilled Fold split (0-3) All-folds
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model, then trains small student models
to mimic the teacher at lower cost o |
served Predicted
L» Loss «—J
C 1. Pretraining
2! Midt;airling | 1M context Model type
fei?gnes)i(on) Eu karyotc M. genita/ium@ =
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&£ gene O ~"_({)) chromosome Pre-trained
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Better training datasets

* Evo-2’s training set (right) vs. the

rest of the field (pick 1-2 blue dots)

e ChatGPT trains on trillions of
samples, why shouldn’t we?

* Self-supervised models can train
on more data
e Not limited to labeled data

B. subtilis

T. thermophila

C. elegans

. / G. gallus
8

' . ;'7:%‘;’ \

P. aeruginosa . ol

g s . . : G. gorilla
. ” &

{ ’ ¢ 7 ‘ P. troglodytes
M. tuberculosis * ; H. sapiens

Bacterial phylum Eukaryotic phylum Archaeal phylum

@ Pseudomonadota ® Ascomycota @ Thermoproteota

e Bacillota e Arthropoda @ Halobacteriota

» Bacteroidota ® Chordata @ Thermoplasmatota
Actinomycetota Streptophyta » Nanoarchaeota

Other/Unknown Eukaryota Other/Unknown Archaea

Other/Unknown Bacteria
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More efficient training datasets (my research!)

Composition of human genome by each repeat type

SINE

DNA
Satellite

%g}e_repeat

50.4%

none

* Eukaryotic genomes are repetitive

* Repetitive data worsens LLMs

dedup.

I
@

No dedup.

Aggregate Acc (%)
Fas
(o)]

A
b

iy
N
o

60 120 180 240 300 360
Training tokens (billions)
——— FineWeb ——— |ndividual minhash
—— C4 Filters —— Base filtering

Figure 9: Each processing step in FineWeb pro-
vides a performance uplift. Compared to the base
filtering (Section 3.3), applying individual-crawl Min-
Hash deduplication (Section 3.4) the C4 filters (Sec-
tion 3.5), and our additional heuristic filters (Sec-
tion 3.6) each improve performance.
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My research: genome deduplication

Original DNA sequence (blue ={A,C,G,T}, gray = {N})
-~ al

Find all duplicate 32-mers and replace their bases with N *

Split each sequence into contigs with no Ns

Segment each contig into as many 1kbp samples as possible

Randomly partition samples into training and dev sets

2 - * Some duplicate regions are
train train dev train dev allowed through to the final dataset
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> Future Research

* Developed a
method to
deduplicate
genomic data

* Removes any
repeated 32-
base sequences
from a training
dataset
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My research: genome deduplication

organismg
€““?'y°'es Dataset Genomes Raw bases (B) Dedup. bases (B) % dedup. Training steps (K)
nimal
\‘:rtebrat:a Human 1 3.0 1.5 90.0 % 90
WWammayg Primates 3 8.4 2.5 70.2 % 100
RUTo, Mammals 7 18.0 6.6 63.5 % 300
- Vertebrates 12 25.4 9.2 63.8 % 400
Animals 21 29.9 10.2 65.7 % 500
Eukaryotes 34 30.3 10.6 65.1 % 500
Organisms 134 30.6 10.9 64.5 % 500

* Created deduplicated datasets for a variety of genome collections
* Pretrained a DNABERT-2-type model on each dataset
* Fint-tuned each model on biologically-relevant tasks

Background >> Applications >> Enformer >> Evo 2
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accuracy

My research: genome deduplication

Average GUE performance

Training on deduplicated data leads to better
performance on biologically relevant tasks!
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Summary thoughts

* We have already seen Al and deep learning transform our world
* Speaks for itself that Large Language Models are powerful

* DNA, like English or Mandarin or Python, is a language

* LLMs may be able to transform our understanding of DNA

83
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Summary thoughts

* Genomic LLMs have shown great promise in understanding the
grammar of DNA

* Already applicable to predicting transcription factor binding,
chromatin accessibility, splice sites, and more

* Constantly improving at variant effect prediction
* Much more work to be done before the models are fully usable
* Supervised vs. self-supervised is the defining debate in the field

Background >> Applications >> Enformer >> Evo 2 >> Future Research
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What does a DNA variant do?
Mothod | Drawbackly

Query itin a database

Assume loss-of-function
of nearby gene

Genome-Wide
Association Study
(GWAS)

Deep learning

The variant might not exist in a database
The variant might act differently under different conditions

Not always an accurate assumption
Function of nearby gene may not itself be understood

Not applicable for variants that only exist in a single person
Underpowered for rare variants that only occur in a few people
Relies on undersized datasets containing a small number of SNPs
Requires rigorous statistical testing

Can only model one variant at atime

Assumes additive linear effects of variants

Difficult to adapt to a polygenic/omnigenic model of traits

In practice, only explains a fraction of heritability

Computationally expensive
Not yet sophisticated enough to give satisfying answers to all questions

Background >> Applications >> Enformer >> Evo 2 >> Future Research °
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