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Deep learning-based DNA sequence model
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DeepMind + Calico
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Supervised learning Stage 1 Self-supervised learning

Input: DNA sequences
Output: Genomics tracks
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DNA Language model
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Study Goals

Building a SOTA yeast gene expression model. 0

Part I: Exploring DNA Language Model (LM).

Part ll: Fine-tuning DNA LM to predict gene expression (RNA-Seq tracks).

* |s self-supervised learning with fine-tuning better than training from scratch?

Understanding what models learn at each stage: (LM, fine-tuning, and scratch-training)

Part lll: Applications:

* Predicting the influence of context and distal regulatory elements on gene expression.

* Assessing the variant effects on eQTLs and negatively selected eQTLs

11
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Why yeast ?

 Computation is expensive for human (human: 3B nt; yeast: 12 M nt) 9

Human + Mouse genomes = 5.7 B nt

1 sequence (All tracks) All sequences(All tracks) | Practical runtime
_ _ 1 model:
(# 128-resolution bin) X (# tracks) 5.7B + 196,608 = 28992 64 TPU V3 cores
Enformer | 896 X 6,956
28992  2.5MB = 724.8 GB (16GB GPU memory each)
6,232,576 float32 (4 bytes) = 25 MB (~ 3 days)
(# 32-resolution bin) X (# tracks) 1 model:
5.7B + 524,288 = 10872 2 A100 GPUs
Borzoi 16,384 % 10,219 10872 + 670 MB = 7.28 TB (40 GB GPU memory each)
167,428,096 float32 (4 bytes) = 670 MB - (~25 days)
12
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Why yeast ?

e Computation is expensive for human (human: 3B nt; yeast: 12 M nt) 9
* In human, we can’t do large scale TF perturbation study

* Yeast is a great model organism to generate data & training models

* Simple Eukaryotic Model: cost-effectiveness and scalability

Rapid Growth and Easy Culturing and Quick Lift Cycle

Genetic Manipulability

Well-Characterized Genome

Conserved Regulatory Mechanisms

Great species to study aging! (bud scar/ cell size)

13
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Language Model (LM) in our dalily life

Next word prediction Email suggested reply ChatGPT

| want to eat pl

ChatGPT o1-mini v ‘

to me v

"‘i Steven Salzberg Jan 17 ® «
Ac = ¢ ® X

pizza popcorn

thanks, this is very helpful feedback! Hi ChatGPT, how's your day?

That's great Thought for a few seconds

to hear!

Glad you

|
Glad to help! enjoyed it!

Hello! I'm here and ready to help you with anything you

need. How can | assist you today?

G O POy

~ Forward @)
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What is a language model (LM)?

P( X, | X1, X0, 00s Xo—q)
o , '

Next word Context or prefix

15
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What is a language model (LM)?

* Directly we train models on “marginals” P( Xt | Xl, Xz, cees Xt—l )
 We are implicitly learning the full/joint distribution of ——d . )
la nguage' Next word Context or prefix

The chain rule:

P(Xy, ..., X)) =P(X) TIic P(X; | X1, X5 o0, X))

DNA

“ACTTACTAGAIE] =) | e
Model

Language Modeling £ learning prob distribution over language sequence.

—AQ O >
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Part |

Fungal Language Model

Summary

We need to understand the genome & carefully preprocess genome to

correctly train a Fungi language model.

Pre-training LM



L ] Repeat regions
Data preprocessing Coding regions

Gene Locus 1 Gene Locus 2 Gene Locus 3

ll\ [ . | (_A_\
O o s [ s [
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L ] Repeat regions
Data preprocessing Coding regions

~ 8 genes per window

19
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L ] Repeat regions
Data preprocessing Coding regions

O b s e s [

16384
( 8 )
N W B §
B B

.
e
4096 O
.
-

~ 8 genes per window
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L ] Repeat regions
Data preprocessing Coding regions

O 5 =

B [ Training

/% repeat

threshold [ I L
e validation
(chrXl, chrXIll, chrXV)
ol ] Testing
(chrXIll, chrXIV, chrXVI)
21
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Why building a Fungal Language Model (LM)?
()2
L)

* Thousands of fungal genomes with high quality. No supervised

* Yeast genome is small. 12Mbps.

measurements

* Language model pre-training on all available genomes followed by

transfer learning to the smaller yeast genome.

22
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Q1: To what evolutionary

distance should we include In
our LM?

C

23
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Fungi diverged from other life

SeleCted GenOmeS for LM around 1.5 billion years ago

Same species, ( Order level ) Kingdom level
Different strains

Dataset 1 Dataset 2 Dataset 3 Dataset4

Q1: Diversity of strains? Q2: Diversity of species? Q3: Even more diverse?
R64 » 80 strains » 165 » 1361
reference yeast of yeasts \Saccharomycetaleﬁ Fungus genomes
20’9 ® 3 6/?

@O O =~ '

@O 0@ 0@ SN
5 L
) '
2
Suh, S. O., Blackwell, M., Kurtiman, C. P., & Lachance, M. A. (2006). Phylogenetics ;

0@
of Saccharomycetales, the ascomycete yeasts. Mycologia, 98(6), 1006-1017. 24
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Genome distance evaluation

R64 Reference Yeast

p 1!

Mummerplot

Introduction

Mummerplot

Mash
distance

Dashing2

12 ‘-.i\.‘s:'- : ;.'.._..

similarity

PiiiB

Pre-training LM

80 strains of yeasts

B Do+ e e S Bty 3 Loy Sl e T Gy

I

it

Doy e 9 e ot b St Bt Lo A ] T Crmer

Fine-tuning LM

1 65 Saccharomycetales

Mummerplot

Mash
diﬁ_’gugnce

Dashing2
similgarity
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Q2: How many genes per window?

Q3: What is the quality of the annotation?

Q4: What is the protein-coding region ratio?

26
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Genome evaluation —

R64 Reference Yeast Median: 9. 0 Mean: 8. 98
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Genome annotation completeness evaluation

R64 Reference Yeast

BUSCO Assessment Results

B complete (C) and singlecopy (5) [J] complete (C) and duplicated (D)
B vissing )

BUSCO_GCA_DDD146045_2
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BUSCO Assessment Results
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Conclusion:
BUSCO ~95% completeness

28
Applications & Conclusions



Genome evaluation — coding / noncoding regions

R64 Reference Yeast 72.46% coding regions 80 strains of yeasts
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Introduction
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Gene Locus 1 Gene Locus 2 Gene Locus 3

Q5: How repetitive are the genomes?

7% repeat I 5 I I 0

threshold e
———>
———
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( RepeatModeler + RepeatMasker + Dust)

Genome evaluation — repeat regions

80 strains of yeasts

R64 Reference Yeast 7.39% repeat regions

Chromasome enn

1 N1 13

o =
.

=

2o

i

LﬂhJ bbbt il e s L
: sl AR R LA A, L Ll KA b
,,,,,,,,,,,,,
—— Y

uuuuuu

iy m.llhl lk .lull.l.]ﬂli;l JILJUM ul
Jmmdmw

To0000 200000 0000 00000 00000 000 209000

i
Eo:
:; | uuLLM!.MluL L u

Introduction

B
-
alll xLMmﬁmum
ik b L
—

Pre-training LM

15.0 A

Histogram of Repeat Ratios

[]
A e m

o AL e L

T T T

1 T
6 8 10 12 14 16
Repeat Ratio (%)

165 Sachramonvcetales

[)}
o
1

Frequency

N
o
|

Fine-tuning LM

Histogram of Repeat Ratios
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o o o W Training
ﬂ é Validation (chrXl, chrXlil, chrxV)
E Testing (chrXil, chrXIV, chrxVi)

Q6: How many homologous
segquences are there between
training and testing?

C

32
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Training

Validation
(chrXl, chrXIll, chrXV)

Testing
(chrXIll, chrXIV, chrXVI)

33
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Training

Validation
(chrXl, chrXIll, chrXV)

Testing
(chrXIll, chrXIV, chrXVI)

Detect homologous sequence using Minimap2 (5% sequence divergence)

34
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Final sequence for training / testing / validation

réed

Introduction

e])

k=

c

i"} Train

(&

0 Test

"?', Validation :
m

e]s]

k= _

EC'S Train

S Test :
da__a, Validation :
<

165 Saccharomycetales

80 strains
1440 Train 108960
608 Test 608
576 Validation : 576
[-377 (-14.4%) | |-6783 (-6.16%) |
1201 Train 102315
528 Test 528
518 Validation : 518

Pre-training LM

Fine-tuning LM

Train 404608
Test 608
Validation : 576

[-19195 (-4.73%) |
Train 385551
Test 528
Validation : 518
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Fungal Language Model

Architecture
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Different model architecture we’ve tried

* Dilated convolutional neural network (small) || Total params: 320,708 (1.22 MB)
* Dilated convolutional neural network (large) Total params: 3,642,116 (13.89 MB)
4 Transformer-based unet (small) Total params: 13,665,828 (52.13 MB)

* Transformer-based unet (large) Total params: 71,790,564 (273.86 MB)

Model gets bigger
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16384bp 16384 * 4 Masked language modeling loss

A A

~— L A |8 0 0

Encoding: (4 +1 + C |1 .0 7
species_num) ?2ICIT|CITIA|?|CIG|? |G| T|A|T]A|C G I S ”
T [0 A 2

Reverse complementary

1bpres|||||||||||||||||-|/€|>\L||||||||||||||||| 1bp res

16bp res IJ } |:I 16bp res
32bp res IIIIIIII|"L I ‘Ll"""" 32bp res

64bp res 64bp res
128bpres 128bpres
| Transformer
74 \ Borzoi Blocks (8x)
\ Linder, J. et al. (2025). Predicting RNA-seq
coverage from PNAsequence asa unifying model
of gene regulation. Nature Genetics, 1-13. 38
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Fungal Language Model C

Self-supervised training Results
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Model comparison

réd

Validation Losses

Validation Loss

=== Conv_Small (valid); loss = 0.4112 (0.4109)
—=~ Conv_Big (valid); loss = 0.4151 (0.4148)
=== U-Net_Small (valid); loss = 0.4184 (0.4181)
=== U-Net_Big (valid); loss = 0.4265 (0.4260)

5000

10000 15000 20000 25000 30000 35000 40000 45000

# Training Batches

Training Losses

0.42

Training Loss

0.40

0.38 1

—— Conv_Small
——— Conv_Big
—— U-Net_Small
—— U-Net_Big

5000

10000 15000 20000 25000 30000 35000 40000 45000
# Training Batches

Introduction

Validation Loss

Training Loss

80 strains

Validation Losses

0.45 4 === Conv_Small (valid); loss = 0.4085 (0.4081)
’ ~~- Conv_Big (valid); loss = 0.4131 (0.4127)
| === U-Net_Small (valid); loss = 0.4158 (0.4154)
044 I ——- U-Net_Big (valid); loss = 0.4220 (0.4215)
. \\
1
\\
I
0434, N /
(LN /
[T ’
v ~ ’
(N ~_
0421 % s
D '-,____ Jd
0.41 1 e T
10000 20000 30000 40000 50000 60000 70000 80000
# Training Batches
Training Losses
0.49 A
—— Conv_Small
—— Conv_Big
0.48 1 —— U-Net_Small
—— U-Net_Big
0.47 4
0.46
0.45 -
0.44 -
0.43 4

10000

20000

Pre-trainin

30000 40000 50000 60000 70000 80000
# Training Batches

Fine-tuning LM

Validation Loss

Training Loss

165 Saccharomycetales

Validation Losses

—=~ Conv_Small (valid); loss = 0.4064 (0.4060)
0.44 4 ——- Conv_Big (valid); loss = 0.4038 (0.4033)
=== U-Net_Small (valid); loss = 0.4021 (0.4018)
——- U-Net_Big (valid); loss = 0.4033 (0.4028)
0.43 :
I
1
i
1
0.42 T
I
0
[}
0.41 4
50000 100000 150000 200000 250000 300000 350000
# Training Batches
Training Losses
0.55 - —— Conv_Small
—— Conv_Big
—— U-Net_Small
0.54 1 —— U-Net_Big
0.53 A
0.52 A
0.51 A
0.50 A

50000 100000 150000 200000 250000 300000 350000
# Training Batches
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Training Loss

o
U

o
~

o
o

o
S

Validation Loss

Dataset comparison

Training Losses

—— R64_Yeast
—— B80_Strains

Test Loss (Cross Entropy)

Comparison of Test Losses by Dataset and Model Architecture

0.296 -

0.295 -

0.294 -

B Conv_Small I Conv_Big B U-Net_Small s U-Net_Big

—— 165_Saccharomycetales

_\\‘ —— 1304 _Fungus 0265
| — -

25600 50600 75600 100i0(.)0 125I000 150|000 175I000 200l000 0.292 -

# Training Batches R64_yeast 80_Strains 165_Saccharomycetales
Validation Losses
0.44 T~ _ ——- R64_Yeast (valid); loss = 0.4184 (0.4181)
\ H H . —
0.43 - NSl s . ——=- 80_Strains (valid); loss = 0.4_158 (0.4154)
S ———————. - 165_Saccharomycletales (valid); loss = 0.4022 (0.4018)
0.42 9 ®3x7 e —== 1304 Fungus (valid); loss = 0.4234 (0.4232)
\'-'h
0.41] - Sl
25000 50000 75000 100000 125000 150000 175000 200000
# Training Batches
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Fungal Language Model

Interpretability

1. Motif inference 2. Attention map visualization
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Fungal LM learns sequence conservation

Step 1: Construct PWM from test set

DU S U S N S S O

(chrXIl, chrX1V, chrXVl)

Als|sg|lo|lo|]s|oO|o|lo|.0o|].0o|]8]|].0]0o]|.8|].0].8

Predicting 15 % masked
regions for each iteration

Cl1]|1]. al7].
Gl|1|ale|a|a|1].e
T

Step 2: PWM Normalization

1. Pseudocount Addition » 2. Row Normalization » 3. Entropy Calculation » 4. Conservation Calculation
.. 4
.. =1+ € norm _ Pj,i =2 — H.
Pi,j = DPi,j Dji 5 _ H = — z POt Jog, (p7OT™ C; =2—H;
o k=1Pjk I I
pi; is the read count for =1
nucleotide i at position j 43
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Risbosomal Protein Upstream Promoter regions
; K  — I

Fhi1l RAP1.1 Start codon
chrlV:307974-308474 l' - o 3
oottt e et e ey Sk e, il Mﬂﬂjﬂkgjlm'NJthM MMMC{JA[LHMM . il M@LML&LH1
|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||]||||||||||||||||||||||||||||||||||||||||||||||||r||||||||||||||!|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||]||||||]|||||||||||||||||||||||||||||||||||||||||||||
L - —_——
: .l RPL13A
[
chrlV:229,456-229,956 |?AE1,-1 L
ot . a TMA T aa ce 1 lf[[ A[aTl ‘,J‘[ &A[ﬂ VR | QA@ it T la T et ar, T a Maticla e aa LAM_]]] (e (rlee €Ll cT
IIIIII|||||||||||||IIIIIIIIIIIII|||||||||||||IIIIIIIIIIIIII||||||||||||IIIIIIIIIIIIII||||||||||||IIIIIIIIIIIIII||||||||||||IIIIIIIIIIIIIIIII||||||||||IIIIIIIIIIIIIIIIII||||||||IIIIIIIIII'IIIIIII||||||||IIIIIIIIIIIIIIIIIIIII|||||IIIIIIIIIIIIIIIIIIIIIII|||IIIIIIIIIIIIIIIIIIIIIIII|||IIIIIIIIIIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIIIIII||IIIIIIIIIIIIIIIIIIIIIIII||||IIIIIIIIIIIIIIIIIIIIII||||||IIIIIIIIIIIIIIIIIIIII|||||||II:IIIIIIIIIIIIIIII|||||||||IIIIIIIIIIIIIIIII|||||||||H
I_ - _I ! RPP1B
[
chrVI1:254,191-254,691 RAPL1 Fhil N
L e . 1 c vI_JL[ rﬁ(m _1n. L:, Wi Lo chat_r 1L - o U S A I 2 DT T _m;)\“ﬂ et CTCI;A_I(A“.. IZMJv
|||||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII||||||IIIIIIIIIIIIIII|||||||||||IIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIII°IIIII||||||IIFIIIIIIIIIIIIIIIIII°IIIIIIIIIIIIIIIIIII|||||IIIIIIIIIIIIIIIII||||||||||IIIIIIIIIII|||||||||||IIIIIIIIIII|||||||||||IIIIIIIIIIIII||||||||IIIIIIIIIIIIIIIIIIIII|IIIIIIIIIIIIIIIIIIIIII||||IIIIIIIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIIII||||||||||IIIIIIIIIIIIIIIIIII|iIIIIII|IIIIIIIIIIIIIII|||IIIIIIIIIIIIIIIIIII|||||||H
L :_ N :T
[
chrV:396,319-396 8_1_9 L
P PR YOR PR W S B T[u[h T ,AC(CJ:ATiTn L Tl PP R Y U P SRS S SUPUN o G O ORI S DT S . R [ e ok Joadhrr S 7T hMUMILL 1 IA m
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:_ _ _: : | RPL23B
RAP1.1 ' 14a
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(Ground truth motifs from http://www.yeastepigenome.org/.)

Upstream Promoter region of SMT3 gene

Poly(dA:dt) Cbf1 Ume6 Tye7 Reb1

ATCACL Il Tk LT

SpeciesLM
(Tomaz da Silva et MT AT AT Th Q-Q__. — JQ@ T,Az ig— hMC,
al., (2024).)
Fungal LM o PaWMan | 0 o, TCAOT. TeeTe oo “CA iﬂz ¢ . . 11aCCo
SpeciesLM: Trained with 5" and 3’ regions only.
Fungal LM: Trained with 165 full Saccharomycetales genomes (harder approach)
Tomaz da Silva et al., (2024). Nucleotide dependency analysis of DNA language models
reveals genomic functional elements. bioRxiv .
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http://www.yeastepigenome.org/

Constructing motifs in S. cerevisiae genome

Yeast LM Motifs
DB Motifs

Yeast LM Motifs
DB Motifs

Yeast LM Motifs
DB Motifs

Yeast LM Motifs
DB Motifs

Yeast LM Motifs
DB Motifs

Introduction

o cO00raa — _ aTCac... ACO._ =xanBAAxTTTTe..
_<OGGTAA._ _alCaer_. ACG_ ~ARRALTTTT. .
,ATCAC,T A o_ACACCCATACA$cE AM-TTTACTAACAQT

TCACCT __Ac(Ca_aCas TTACTAA
g-,u\c Clr..c “TTA:cc CC; . _,‘LATCAC 61 LCPNIp
ACAC“IS IAACC,CGQB AICACEI#AE

= CcCcs TTC_; A.<CCeo_ 'EfIZEéé.A{.\CCT_Tglg'E

CCAGAATCEAACEC TTCACA . _TTGg

SNF1 HAP1.

AL T TATA s GTTAGTA
ACCAGC - xoTATATA _TTACT

ACE2P SPT15.1 ACE2.3

Pre-training LM

Fine-tuning LM

car0S AT AbsTcna

- _CGATCAGe.

DOT6P

S TTTCCeAAIxﬁ-A, aAn-

IIIccicéIIfnﬂAAA

MCM1P

_CaceTGa
<TCACGT(

CBF1P

IgeTCTCATcTCAI
_.ctCATCc.

PBF1

axaasAAgAsac,

AAAAA AA.

AZF1.3
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Constructing motifs in unseen genomes

8 S. cerevisiae Strains

.,+AICAC T“Ac‘u = —<=Gla_TC AACC(:C, =_ ATLA AT AGsT AIACASZCCATACAECI
~TCACCTOaze (CGaGATCOARCC __CATG_ __Ac(Ca_aCas

_ eTATCA$TTTA¢Ac Ia__. -‘TTTQCCQAATT GAAA ;IQBAAAAITTTlfgz __-UITAUTA.. _,IATCAC TUA-__
xéTCA$lfx._. ﬁAc - xCC__aTx_GUaAA ~AAAALTTTT. .. _TTAC T f‘lCAg;I*QE

ABF1.1 MCM1P SFP1.2 ACE2.3 TYET7P

8 Schizosaccharomycetales genoms

TCACCACCAQ L TTA TA.  eezxeoTU_ TG L:TJ;A,}.:AICCTT; ~c€ . <Ce ,TTC A.<Cc—. .
ACCAGC LITACT. LGCT0G: TT0ACA___TTGe  CCOaGaATCGAACEC
Ace2p&consensus=ACCAGC ACE2.3 SWI5.3 HAP1.3 SNF1

xATATA‘i\AAA . AATIAcTAAcA ge g$‘«,—=CAA Ge oenCCaalCa_x ICACCAECéﬂs:AfC
TATAsA- TTACTAA _GCCAA ohcea LCaCalee

TBP CAD1P RIM101.2 PHO02.4 YAP5.2
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Self-attention maps

16384bp 16384 * 4
i HHH-HI— AlE 0 0
ch 0 7
GL .9 Al
TIo K 2

A
\L/

(T T
B |raome| B

r Blocks
(11x)

y 4

Attended on (chrXIl:757619-774003) --->

Introduction Pre-training LM

Attended by (chrXII:757619-774003) --->
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Fungal LM: Summary

The Saccharomycetales order is a good evolutionary distance, offering good

species diversity.

Thoroughly investigate genomes (protein-coding / repetitive / # gene per window)
Homologous sequence removal between train-test/validation is crucial
Transformer-based U-Net architecture is the best

Model interpretability
1. LM can capture cis-regulatory motifs

2. Attention maps highlights potential regulatory elements
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Part Il

Fine-tuning Fungal Language Model

ChIP-exo, histone marks, RNA-Seq prediction

Q: Does fine-tuning a pretrained LM outperform training a

new model from scratch under the exact model architecture?

Fine-tunina LM



Genomic tracks intro &

Data preprocessing

51
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ChiP-exo + Histone Marks + RNA-Seq

a b cresc
All features in this study Colocalnatlon of 371 targets
. . . . . . (11,112) .
ChlP-exo provides high res view of protein-DNA binding [ L T 1
Trans;;zibod Non-transcribed Other Pol Il
741 :
across the yeast genome. ¥ 1 ‘ZTS’ Not anal
. . Lol ' | | o
Dataset includes 1128 ChlP-exo experiments -y (;’_;l"s';, T Py At reguiation
Histone Mods MNase-ChlP-seq Nm‘cl?dmg i
(1,346) regulation
Rossi, M. J., Kuntala, P. K., Lai, W. K., Yamada, N., Badjatia, N., Mittal, C., ... &
Pugh, B. F. (2021). A high-resolution protein architecture of the budding yeast | '“"&9‘9‘,’2";‘;"1‘:35’ r. ; ]P‘c
genome. Nature, 592(7853), 309-314. : CUTs (447) ;
“ne esssensne P %:m
TFIID-dominated SAGA-dominated  ““““F%Y ncR  (99)

' B Jc

Expression change from steady state

Genome-scale perturbation dynamics propagate

signals across regulatory networks (1340 experiments) e stersemiotadded
— 0-0
p .
Aggregating dynamics across many time-courses f / / 2
—4— _ —— @
enables disambiguation of cause > effect relationships '*\__.{ / oo ”‘ oo
) 0
‘ estradiol inducer .

Hackett, S. R., Baltz, E. A., Coram, M., Wranik, B. J., Kim, G., Baker, A,, ... & Mclsaac, R.
S.(2020). Learning causal networks using inducible transcription factors and |

transcriptome-wide time series. Molecular systems biology, 16(3), €9174.
52
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RNA-Seq

* IDEA (the Induction Dynamics gene Expression Atlas)

log2_fc
MS N2 _ group IDEA_1 — IDEA_2 0420 IDEA_2_0525
-4-2 0 2 4
PRX1 TPO2 TOS4 RPN5 GRE1

IDEA2.0 05/25/21

IDEA2.0 04/20/21

IDEAL.0
timepoint | |
& =
O 21
o\ . :/\“
/
e g / |
) P AT
\Ll\/

24
& OLINOININOOOO OOOWBINOINOOOVINOOD 000 WNoowINNooowyyocooce LI . .. ...~
é} FPh{ﬁ“ Eﬁ wonoowoo nolnoowoo nonoouwog wonoowoo wolnoguoo
- EERHNHNM'#(.DO') Eﬂhx—imﬁmmv@m EEN‘ﬂN.—cmmﬁmm Eﬂhamﬂmmvmm EEhz—iNHNmﬂ(ﬁO‘)
— [ al e e FROFRRERERE [l e e e e [ e e e

Hackett, S. R., Baltz, E. A., Coram, M., Wranik, B. J., Kim, G., Baker, A, ... & Mclsaac, R. S. (2020). Learning causal networks
53

using inducible transcription factors and transcriptome-wide time series. Molecular systems biology, 16(3), €9174.
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| Borzoi: squashed scale ;""" = {yﬁ"‘) if 4%/ < 384, otherwise 384 + 4 /3" — 384} |

Track transformation

chrXV1:670,897-685,233 14336 nt (16384 - 1024 * 2)

YMR1_T0_S4519_bamcov.bw

16nt 16nt 16nt 16bp 1
ncth,  cmmnncn. ‘v . ‘L i, ' -
Summation over ‘
each 16bp window .
1 score 896 (14336 +16,
Coverage Tacks
. . e e e . M

No normalization across tracks [ & CHiP-exo (1128)

Loss function: Poisson Loss. Histone marks (20)

The depth of the track somehow reflects the e —— =~ RNASeq (1340)

quality of the data. »
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Scratch-trained model vs.

Fine-tuned Fungal LM:

Initialization & Training

55
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Borzoi

16384bp

16384 * 4

A

Q0>

ol>]2]|®

~Jolo|o

[CY =Y N <)

1bp res

16bp res

32bp res

64bp res

128bpres

Introduction

Pre-trainina LM

Transformer
Blocks (8x)

Fine-tunina LM

1bp res

16bp res

32bpres

64bp res

128bpres
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16384bp

Borzoi

1bp res |||||||||||||||||-|

1(:‘obpresIIIIIIIIIIIII"I } Ll""""""' 16bp res

I e
32bp res

a 32bp res
64bp res [T T 1 |—|’ 64bp res
128bpres I I EI 128bpres

Transformer
Blocks (8x)
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16384bp

p A \ Coverage Tacks (896 *2488)
b, = e e e} _
" Tt e PPN |
T e mm r CHiP-exo (1128)
B . 21CITICITIAL?ICIGI?IGITIA]IT]A|C “ o
orzoi .
Histone marks (20)
" e — “~——"_ RNA-Seq (1340)
1bpres|||||||||||||||||-|
1(5bpres||||||||||||||'I } Ll""""""' 16bp res
[TT T TTTT]
32bp res ] 32bpres
64bp res [T T 1 |—|’ 64bp res
128bpres I IEI 128bpres
Transformer
Blocks (8x)
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16384bp

p A N Coverage Tacks (896 * 2488)
i AR H i -
== e CHiP-exo (1128)
?2ICITICIT|A[?|C|G|?IG|T|A|T|A|C o

Borzoi

Histone marks (20)
‘ Y — “~——"_ RNA-Seq (1340)
bpres LT T T T T T T T T T T T T T 1 |-|

16bp res L LT LT LTI I'I } L| e 16bp res
[TT T T TTT]
32bp res i 32bp res

/A
64bp res [T T 1 |—|’ N \Ll [ T T 1 64bp res
128bpres I I EI IE I I 128bpres

Transformer
Initialized with LM weights
(Fine-tuned) Blocks (8x)
Random initialization

(Scratch-trained) 59
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Model training: 8-fold cross validation

e Divide genome into 8 folds. Fold0: 743 seq, 1406020 nt (0.1244)  Fold4: 732 seq, 1444997 nt (0.1278)
) ) .. . . chrXiv: 0-628758 chriV: 990877-1531933

e Train 8 models with distinct validation and chrX: 0-436307 chrXil: 614562-1078177
chrXi: 440246-666816 chrll: 0-238207
chrlll: 0-114385 hrlll: 114501-316620

test folds. -

Fold1: 736 seq, 1433427 nt (0.1268) Fold5: 742 seq, 1284157 nt (0.1136)
chrXI: 0-440129 chrVil: 497038-1090940
chrV: 0-151987 chrX: 436425-745751
chrv: 152104-576874 ohrl: 0-151465
chrXill: 0-268031 chrl: 151582-230218
chrVI: 0-148510 chrXil: 0-150828

Fold2: 806 seq, 1521492 nt (0.1346) Fold6: 785 seq, 1446481 nt (0.1280)

chrll: 238323-813184 chrXlll: 268149-924431
ch rVI!. 0-496920 chrXil: 150947-614562
chriv: 0-449711 chrXV: 0-326584

Fold3: 755 seq, 1408276 nt (0.1246) Fold7: 733 seq, 1360020 nt (0.1203)

hrXvi: 0-555957
EhLV; 449821-990877 chrVII: 105703-562643
chrVi: 48627-270161 chrxVI: 556073-948066
chrVIli: 0-105586 chriX: 0-355629
chrlX: 355745-439888 chrXIV: 628875-784333

60
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Scratch-trained

A|IC|TIC|T[A|CIC|IG|G|G|T|A|T|A|C

¥

Input 16,384 * 4

—O0>

=

oOjojOo| -

A
C
G
T

Masked encoding

(r64 : 109)

Species encoding <

-

N

Fine-tuned

C|T|A|C|IC|G|G|G|T|A|T|A|C

Dt

16,384 *(4+ 1 +165)

¥
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Scratch-trained model vs.

Fine-tuned Fungal LM:

Training Results

62
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Validation Loss

Fine-tuned vs Scratch-Trained (16 bp resolution)

Fold O Fold 1 Fold 2 Fold 3
40 —k - - -
1
J\ i i i
35 S
30 - - —\\ —IIL
1 - _.
25 1 T T h T T Atm = |_ - T h T T
200000 400000 200000 400000 200000 400000 200000 400000
Fold 4 Fold 5 Fold 6 Fold 7
40 - - -
35 1 - -
| | ‘
\ \
[ — N ——— _ J1
30 N
25 - T T i T T i T T i T T
200000 400000 200000 400000 200000 400000 200000 400000
== Fold O - Supervised (loss=36.7877) = Fold 2 - Supervised (loss=27.1501) == Fold 4 - Supervised (loss=33.3914) Fold 6 - Supervised (loss=28.6041)
== == Fold O - Fine-tuned (loss=33.1983) == = Fold 2 - Fine-tuned (loss=25.1349) == = Fold 4 - Fine-tuned (loss=30.4491) Fold 6 - Fine-tuned (loss=26.3757)
Fold 1 - Supervised (loss=37.3101) = Fold 3 - Supervised (loss=28.9319) = Fold 5 - Supervised (loss=33.8572) = Fold 7 - Supervised (loss=30.7042)
Fold 1 - Fine-tuned (loss=33.6422) = == Fold 3 - Fine-tuned (loss=25.9943) = = Fold 5 - Fine-tuned (loss=30.7441) == == Fold 7 - Fine-tuned (loss=28.0456)

# Training Batches
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Supervised vs. Fine-Tuned (Train Loss)

407 —— Supervised (final = 27.674 + 0.586)
384 Fine-tuned (final = 28.085 + 0.689)
Fine-tuned vs Scratch-Trained
Supervised vs. Fine-Tuned (Validation Loss) — e e
42.5 - Supervised (final = 32.431 £+ 3.723)
Fine-tuned (final = 29.225 £ 3.049)
40.0
B 37.5 -
9
S 35.0
© -
2 32.5 1 : e e
S
30.0 -
27.5 A
g T T T T T T T
3 ____________________________________________________________________________________________________________
(e
i)
© :
;;; T SRS NESEOERI S e e (16 bp resolution)
q 100 150 200 250 300

Epoch

64

Introduction Pre-trainina LM Fine-tunina LM Abpplications & Conclusions



Validation Pearson's R

Fine-tuned vs Scratch-Trained

(16 bp resolution)

Fold O Fold 1 Fold 2
T T i T T T T T T
200000 400000 200000 400000 200000 400000 200000 400000
Fold 4 Fold 5 Fold 6 Fold 7
- — T T S T
T T T T A T T T T
200000 400000 200000 400000 200000 400000 200000 400000
== Fold 0 - Supervised (r=0.4117) = Fold 2 - Supervised (r=0.4680) == Fold 4 - Supervised (r=0.5018) Fold 6 - Supervised (r=0.5598)
== == Fold O - Fine-tuned (r=0.6579) == == Fold 2 - Fine-tuned (r=0.6659) == = Fold 4 - Fine-tuned (r=0.7131) Fold 6 - Fine-tuned (r=0.7163)
Fold 1 - Supervised (r=0.3968) = Fold 3 - Supervised (r=0.4780) = Fold 5 - Supervised (r=0.4970) == Fold 7 - Supervised (r=0.4588)
Fold 1 - Fine-tuned (r=0.5569) = == Fold 3 - Fine-tuned (r=0.6933) = = Fold 5 - Fine-tuned (r=0.6332) == == Fold 7 - Fine-tuned (r=0.6383)
# Training Batches
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Validation Pearson's R

A Validation Pearson's R

Supervised vs. Fine-Tuned (Train Pearson's R)

Fine-tuned vs Scratch-Trained

Train Pearson's R
o
EN

x 0.0

= Supervised (final = 0.801 * 0.00:
— — Fine-tuned (final = 0.836 + 0.002

Supervised vs. Fine-Tuned (Validation Pearson's R)

0.7 A

0.6 1

0.5 1

0.4

0.3 1

0.2 A

0.1 A

0.0 -

- Supervised (final = 0.440 £ 0.071)
Fine-tuned (final = 0.658 *+ 0.040)

(16 bp resolution)
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Scratch-trained model vs.

Fine-tuned Fungal LM:

Track-level prediction evaluation
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Fine-tuned vs Scratch-Trained (Test set)

Exp GT

50 -

0

50 -

Scratch-trained

20 -

Chrlll:94384-108720

||
E101

ChrX:48110-62446

y

Exp GT ,

0

PPPPP

20 -

Scratch-trained
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Fine-tune vs Scratch-Trained (Test set

Density of Bin-level Predictions (ChIP-exo)
Supervised vs. Fine-tuned

Supervised (Test set)
[avg R=0.176, n=1128]

4 4
Fine-tuned (Test set)
[avg R=0.366, n=1128]
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Pearson's R
Density of Bin-level Predictions (RNASeq)
Supervised vs. Fine-tuned
81 Supervised (Test set)
7 [avg R=0.644, n=2410]
Fine-tuned (Test set)
6 [avg R=0.772, n=2410]
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[
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Density of Bin-level Predictions (ChIP-MNase)
Supervised vs. Fine-tuned

Supervised (Test set)
[avg R=0.258, n=20]
Fine-tuned (Test set)
[avg R=0.444, n=20]

0.4 0.6
Pearson's R

0.0 0.2 0.8 1.0

Comparison of Average Pearson's R by Track Type

0.8 1

Pearson's R
© o
IS o
1 1
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Pre-trainina LM

- Self-supervised (Test set)
Self-supervised (Train set)

B Supervised (Test set)
Supervised (Train set)

ChIP-MNase

ChlP-exo
Track Type

RNASeq

Histogram + Density of Bin-level Predictions

—— ChIP-MNase (avg R=0.444, n=20)

1 —— ChiP-exo (avg R=0.366, n=1128)
| —— RNASeq (avg R=0.772, n=2410)
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RNA-Seq
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Histone Marks
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CHiP-exo
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Pearson Correlation (Pearsonr) Nolrrglalized Pearson Correlation (Pearsonr_nor
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Scratch-trained model vs.

Fine-tuned Fungal LM:

Attention maps
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Fine-tuned

Attended by (chrXIl:757619-774003) --->

Fine-tuned vs Scratch-Trained
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Scratch-trained model vs.

Fine-tuned Fungal LM:

Motif usage
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Fine-tuned vs Scratch-Trained
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Applications

1. Assessing the variant effects on eQTLs and negatively selected eQTLs

2. Predicting the influence of distal regulatory elements (i.e. enhancers) on

gene expression.

3. MPRA mutation effect prediction

Applications & Conclusions



Predicting eQTLs
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Conclusions

X N
il

* Fungal LM:
* Learned gene structure e 0 ’

* Learned conserved regulatory motifs

* Fine-tuning Fungal LM:

* Improved models training from scratch substantially

* 0.7 Pearson’s Rin test set ChatGPT prompt:
L Generate a figure about deep learning,
* Applications genomics, DNA, and language model

* Assessing variant effects on eQTLs
* Predicting distal regulatory elements influencing gene expression.

* Predicting mutation effects with MPRA.
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JHU Deep Learning in Genomics Study Group

Date and Time: Every other Tuesday, 12:00 pm - 1:00 pm.

* Next meeting 01/28. Celine’s presenting “A foundation model of transcription across

human cell types”

Location: Room 228 at Malone or on Zoom

Slack Channel:

Come join us!!

10/22
11/05
11/19
12/03

/7
01/21

02/04

Kuan-Hao Chao
Mahler Revsine
Cristina Martin Linares
Eduarda Vaz

Gus Fridell

Stephen Hwang

Celine Hoh

Predicting RNA-seq coverage from DNA sequence https://doi.org/10.1038/s41588-024-02053-6
HyenaDNA: Long-Range Genomic Sequence Mod: https://doi.org/10.48550/arXiv.2306.15794

Machine-guided design of cell-type-targeting cis-r https://doi.org/10.1038/s41586-024-08070-z

Effective gene expression prediction from sequen https://doi.org/10.1038/s41592-021-01252-x

Applying interpretable machine learning in compu https://doi.org/10.1038/s41592-024-02359-7

Evolutionary-scale prediction of atomic-level prote https://doi.org/0.1126/science.ade2574
A foundation model of transcription across huma https://doi.org/10.1038/s41586-024-08391-z

Presenter Form
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