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Agenda

* DeepVariant: Identify variants from read evidence
* DNA language models: Learn representations

* AlphaGenome: Predict molecular activity and variant effects
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Al in Genomics

* DeepVariant: Identify variants from read evidence
* DNA language models: Learn reusable sequence representations
* AlphaGenome: Predict molecular activity and variant effects

DeepVariant

Read evidence

Genotype

C/ A
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Which Differences Are Real?

* Diploid region: two chromosome copies
* Mapped reads provide noisy observations of both copies
* Genotype: the two sequence alternatives (alleles) at a site

Two chromosome copies Aligned reads Possible genotypes
Copy 1 Reference AC G TICICGTA
¢ :
[ ACGT?CGTA J 28% ﬁgg%ggg%ﬁ /0 C C Two reference copies
R ACGT|ICICGTA
Re4 A CGT|CICGTA
Copy 2 — 582 ﬁ E g % E g g % 2\\ —> /1 CA One alternate copy
o Afelfgcein
? RO8
{ACGT.CGTAJ s ACGTACGTA |
R10 ACGTIAICGTA 1/71 A A Two alternate copies
R11 A CGT/AICGTA
Toy locus R12 ACGT|GICGTA

Position 105
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Prepare the Read Evidence

* Sort alighnments so nearby reads can be processed together

* Flag likely copies of one fragment to limit repeated evidence

e Base quality score recalibration (BQSR) adjusts error estimates

Mapped records

Read

RO7
DO1
RO1
DO2
RO3

5 of 14 records shown

STORM

Start

39
39
21
39
27

Sort

Coordinate order

Read

Start

RO1 21
RO3 27
RO7 39

- DO1 39
D02 39

12 usable observations

RO7
D01 D02

Duplicate flags

Q

Base

GATK quality calibration

|
Q%

Same base

BQSR

Index

~——

Quality estimate Interval lookup



HaplotypeCaller Proposes Local Sequences

* Genome Analysis Toolkit (GATK): focus on regions with variation
* Assemble candidate haplotypes: possible local DNA sequences
 Align candidates to the reference to locate possible variants

Local reads Sequence graph Candidate haplotypes

Reference Simplified

e @
ACGTIclcagTA HO Reference
- ‘ ACGT[C/CGTA
6x ACGT[CJCGTA / AA
- —>[ACGTJ—>—’[CGTA}—’ H1 Alternative
5x ACGT(A|CGTA \ / ACGT[AICGTA
1

1Ix ACGT[GICGTA
) Candidate site 105
12 read slices Read support
| | Toy support filter Alleles

llustrative active window Keep support >= 2
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Score Reads against Each Haplotype

* Likelihood: how likely a read is under a candidate haplotype

* Pair hidden Markov model (PairHMM): sum over possible alignments

* Repeat for every read and haplotype to form a likelihood matrix

One read and candidate

ACGTACGTA

ACGTACGTA

RO7

H1

Base quality Q30

Toy error inputs
Qins 45 Qdel 45

STORM

Qgap 160

>HOOX>»HGOGO >

Alignment paths

ACGTACGTA

M Both bases
| Read only
D Haplotype only

Sum paths

— Path 1
0.09905346

— Path 2

2.68e-14

Other paths
3.51e-06

0.09905697
P(Read | H1)

Loglo = -1.004

RO1
RO2
RO3
Ro4
RO5
RO6
RO7
RO8
RO9
R10
R11
R12

Read likelihoods

HO C

-1.004
-1.004
-1.004
-1.004
-1.004
-1.004
-4.481
-4.481
-4.481
-4.481
-4.481
-3.512

H1 A

-4.480
-4.480
-4.480
-4.480
-4.480
-4.480
(-1.004]
~1.004
-1.004
-1.004
-1.004
-3.512

Raw log10 likelihoods
Toy PairHMM core



From Read Evidence to a Genotype

* Keep each read's best haplotype likelihood for each allele
* Combine read likelihoods for C/C, C/A, and A/A
* Phred-scaled genotype likelihoods (PL): the best genotype has PLO

Allele likelihoods Possible genotypes Toy likelihood call
Max within each allele r )
0/9 0/1 1/1
C HO A Hl1 / / / GT @/1
RO1-06 -1.00 -4 .48 _
LoglOL LoglOL LoglOL ‘ C | ‘ A |
RO7-11 -4.48 -1.00 -31.941 -17.867 -35.416
- - PL PL PL
R12 5.1 551 141 0 175 Highest likelihood
Raw log10 likelihoods PL = ©
6 +5 +1 read C/A mixture in probability space
+5+ 1 reads C del onl
9.5 L(C) + 0.5 L(A) ore moserony
One haplotype per allele No genotype priors

Product across 12 reads
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Reproducibility Issues [Bioinformatics 16}

* On genomic repeats and reproducibility
Can Firtina, Can Alkan
Bioinformatics, August 2016.
[Code] [Link]

Bioinformatics, 32(15), 2016, 2243-2247

doi: 10.1093/bioinformatics/btw139

Advance Access Publication Date: 11 March 2016
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Sequence analysis
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Department of Computer Engineering, Bilkent University, Ankara 06800, Turkey

*To whom correspondence should be addressed.
Associate Editor: Inanc Birol
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Recall: Read Mapping

* Reads are matched to positions in a reference genome

 What if several locations are equally good?

Basecalled Denoised Raw
Sequencing Data Sequencing Data
AA TATATGGTA -2.1, 2.3, |
¢® Indexing l P Seeding P Chaining & Alignment
Target Seq. [ Hash Table | Query Seq. [ Target Seq. Target
0x00[2,64,... I |
{ ) {exe1[1,101,.. g <¢ Ketchig ¢> S [l' X >
= - ()]
e - = 5 B
OxFF|13,21 l l o| 4>
L< l l l [Hash| Positions | l >‘| C X Alignment
)—ex0e1 Ox00~—(sLE Seed Matches Matrix
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Ambiguous Mapping
* Which location should be reported for this read?

e Burrows—Wheeler Aligner with maximal exact matches (BWA-MEM)

* Pseudorandom tie-breaking depends on the read's input position

TA
ACGTACGT
et ACGTCCGT/ \ACGTCCGT e
asd ACGTIAICGT

ACGTACGT Read

Order 1 | A | | B | » | TA >

Order 2 | B | | TA | » | TA >

STORM 11



Could the Variant Calls Change?

* Would the same reads always produce the same variant calls?
* Changed placements can change the information a caller uses
* Observation: Different variant calling results after shuffling the same reads

Same reads Placement Possible calls
A A Locus 2 Ref C °
T
TA C
S ; &3 C .
rC C
rC Reads A -
rD C rD
Order 1
; A Locus 2 Ref C o
T
TA C
oA C .
rC C
rC Reads A -
rD C rD A
Order 2
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Same Alignments, Same Final Calls?

* How about the exact same Binary Alignment/Map (BAM) file?

e 2016: variant quality score recalibration (VQSR) changed filtering
* Different variant calling even when using the same BAM input

Retained calls
Runl

Same BAM Raw calls

VQSR

il
l
\

VQSR

Run 2

STORM
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DeepVariant Learns to Interpret Read Evidence

* DeepVariant (Poplin et al., 2018): learn from read evidence
e DeepVariant 1.10 uses a convolutional neural network (CNN)
* Genotype probabilities processed into variant records

Prepared reads Candidate allele Candidate tensor Trained CNN Variant record
12 reads
C
C r
C e
¢ &
8 —> { C }*[ A } —> I =l = —» | Inception-v3 — VCF
A N El =
A S8
ﬁ toy ref:105 EEEC
é Genotype probabilities C/A GT 90/1

100 x 221 x 7
Reference Main Illumina CNN path Postprocessed output

Cropped view
ACGTCCGTA

STORM
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Propose Candidate Variants

* Count usable read observations at each reference position
* Single-nucleotide polymorphism (SNP) cutoffs: 22 reads and >12% support
* Passing alleles become candidates for genotype evaluation

Usable reads Base counts Retained candidate

Ref ACGTCCGTA .
Allele Reads Fraction

v AEETEceTs :
RO2 % t £:105
Res ACGTCCCTA C 6 50.0% R Oy_re
RO4 ﬁ E g % E E g % ﬁ Reference Alternate
RO5 o
e ACGTCCGTA =~ A 5 47 © — C — A
‘o7 ﬁ%g%ﬁgg%ﬁ 5 of 12 reads
ROS8 o
eo ACGTACGTA G 1 83%
i ACCGTACCTA
R .
Rg ﬁ CGTIGICGT ﬁ SNP cutoffs Genotype pending

0,
12 reads after preparation At least 2 reads and 12%
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Encode the Evidence as Seven Features

* Each read position encoded by seven numerical features

* Rows aligned by genomic position, with five reference rows

* [[lumina CNN input: 100 rows X 221 positions X 7 channels

Selected read
Ref ACGTCCGTA
RO7 ACGTAICGTA
—>

Base quality 30
Mapping quality 60
Forward strand
Supports A
Fragment length 500 bp

5 ref + 12 read rows

STORM

Seven feature channels

Read Base Mapping Read Supports Differs Insert

base quality quality strand A from ref size

250 190 254 70 254 254 127
mEmE O

Crop:17x9x7 Input: 100 x 221 x 7




From Encoded Evidence to Genotype Probabilities

* Inception-v3 filters combine nearby values across channels
* Parallel branches merged, then summarized by average pooling
* Three probabilities for zero, one or two alternate copies

Candidate tensor Genotype

c/C | 0.01
: Inception Global -
_, | Convolutional | P > —» | 3classhead | _ /) mssm— 0. 95

g stem blocks pooling Softmax
N A/A 1 0.04
100 x 221 x 7 r—'ﬁ‘ ‘ Pooled features
= o : I
; o Illustrative probabilities
Cropped view Schematic One Inception block (schematic)
0, 1, or 2 alternate copies
featuremaps [——* >
——(1x1 J——(5x5 )
Input —» — Join channels
———( 1x1 ) 3x3 ) 3x3 | —
——(_Poot J——(1x1 ]

STORM 18



Learn from Benchmark Genotypes

* Training examples paired with benchmark genotype labels
* Prediction errors guide repeated updates to network weights
* Inference applies fixed weights to new samples

Update weights
Training example l ‘

rl[. “ — . . i 1 P“q]i“‘fl 3\'\:'!‘: onNn error
= === = | Training CNN | Predictions Prediction errol
I | Three probabilities Training loss
EESE |

Adjustable weights
Benchmark genotype Trusted label
C/A  (0/1)

Illustrative example

Inference Fixed weights

[ Unseen sample J —> [ Trained CNN J —> { Genotype probabilities }

STORM
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Turn Predictions into a Variant Record
* For this candidate, the largest probability selects C/A

* Postprocessing combines predictions and assigns confidence

* Variant Call Format (VCF) records: position, alleles, genotype, confidence

Genotype probabilities Selected genotype VCF record
c/C . [
/C 9.01 CHROM POS REF ALT GT
C
C/A N 0.95— — Postprocess >
A toy_ref 105 C A 0/1
A/A 1 0.04 |
GT 9/1
: . Combine alleles Confidence fields
Illustrative probabilities One reference copy
Assi fid
toy_ref:105 One alternate copy SHIBn FonTEEnee GQ QUAL

Sort records

STORM 20



Measure Correct Calls and Missed Variants

 Compare calls with benchmark variants in confident regions
e Separate correct calls, missed variants and false calls

* Recall measures recovery, precision measures correctness

[llustrative sites

1 2 3 4 5 6
Recall
Truth O O O O O
53/ 5 = 60%
Of the true variants
s OO & <
Precision
@ @ @ : False call
53/ 4 =75%
3 correct 1 false call Of the reported calls

STORM
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A Historical Result from the 2018 Paper

 Genome in a Bottle (GIAB) v3.2.2 benchmark, sample HG002
* SNP false calls + misses: 5,281 for GATK raw, 1,104 for DeepVariant
* Insertion/deletion (indel) errors: 4,562 for GATK raw, 3,548 for DeepVariant

HG002 / NA24385 2018 paper, Table 1
| False calls | Missed variants
carkraw [ 5,281
SNP
DeepVariant - 1,104
oarkrow 4,562
Indel
DeepVariant _ 3,548
%) 1000 2000 3000 4000 5000 6000
STORM
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What Changes with a Learned Classifier?

* HaplotypeCaller uses likelihoods, DeepVariant learns a classifier

e DeepVariant 1.10: confident early calls for whole-genome sequencing (WGS)
* Variant calling finds DNA changes, functional models assess effects

HaplotypeCaller

Read likelihoods } Next question

Local haplotypes J —> )
Prepared _l_{ and genotyping |
— Functional
evidence ) VCF e }
‘ DeepVariant CNN path —> ffect?
[ Candidate tensor } —> [ Learned classifier } — Processed calls Sequence and function

WGS shortcut in DeepVariant 1.10

Confident ‘[

Eligible
candidates

Nk

STORM

Accepted call ]

Pl

processing

Otherwise

:[ Large CNN ]
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Al in Genomics

* DeepVariant: Identify variants from read evidence

* DNA language models: Learn reusable sequence representations
* AlphaGenome: Predict molecular activity and variant effects

DNA language models

DNA sequence

ACG|[TACG|/ATTAC

|
[ Encoder }

}

Token vectors

STORM



Learning DNA Representations

* DNA language models learn reusable representations of sequence
* These numerical features can support many prediction tasks

Tasks

Numerical features

—»{ Enhancer
0.4 1.2 0.1

DNA 9.7 -0.1 1.3
0.8 9.9 0.2

ACGTACGATTAC . DNABERT-2 0.6 -1.1 0.4

CGTACGATGGCA Encoder 0.2 0.8 -0.6 Binding

-0.7 0.3 1.0
Illustrative sequence -1.2 -90.4 ©.5

0.0 0.8 -2.1

— [ Splicing

[llustrative values

STORM
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How DNA Becomes Tokens

* Tokenization divides DNA into pieces and assigns integer identifiers (IDs)
* Bases, k-mers, or byte-pair encoding (BPE) provide the tokens
* DNABERT-2 uses variable-length BPE tokens

DNA ACGTACGATTACCGTACGATGGCA 24 bases
Bases 3-mers BPE ID
allc](c)[T)[a][cC ‘A ¢ G | [] «/’ ‘ ;
G|[A|lT|[T|[A]lC 'C G T| (CGTA | ——— 194
| CGATTA | 2753
CEEJAJLCILE G T A | CCGTA | 1341
Al(T](c](6](c](A T A C] CGATG | ——— 499
GCA 32
24 DNA tokens First 4 of 22 B ‘ [ SEP] ] — 2

Original DNABERT T = 8 tokens

STORM 26



From Tokens to Vectors

* A learned embedding table maps each token ID to a vector

* DNABERT-2 uses 768 numbers per token, including special tokens

* These input vectors do not yet incorporate the surrounding sequence

Token ID
[CLS] 1
A 5
CGTA 194 |
CGATTA 2753
CCGTA 1341
CGATG 499
GCA 32
[ SEP] 2
T = 8 tokens
STORM

—

Embedding table

Selected rows

»

>

1 -0.6 0.2 1.1

5 9.3 -1.2 0.5

194 0.8 0.1 -0.4

2753 -0.2 1.4 0.6
4,096 x 768

[llustrative values

-

Input vectors

[CLS]

-0.6 0.2 1.1

A 0.3 -1.2 0.5

CGTA | 6.8 0.1 -0.4

CGATTA -0.2 1.4 0.6
CCGTA 1.1 -0.7 0.2
CGATG 0.5 0.6 -0.9

GCA -1.3 0.4 0.7
[SEP] ©.2 -0.5 1.0

768 numbers
Tx768
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The Transformer Encoder

* Self-attention combines information from different token positions

* Each layer also transforms the features at every position

* The encoder returns one contextual vector per token

Input vectors

[CLS] -0.6 0.2 1.1
A 9.3 -1.2 0.5

CGTA 0.8 0.1 -0.4 ---

CGATTA -0.2 1.4 0.6
CCGTA 1.1 -0.7 0.2

CGATG ©.5 0.6 -06.9 ---

GCA -1.3 0.4 0.7
[SEP] ©.2 -0.5 1.0

Tx768
T=8

STORM

Context vectors

-0.4 1.2 0.1

DNABERT-2
> > | [CLS]
A
12 layers CGTA
One layer CGATTA
CCGTA
Attention Feed-forward
CGATG
Q O O O O O O O
ARAA
ALiBi Per position [ SEP]
Lol

Layer schematic

0.7 -0.1 1.3
-0.8 0.9 0.2
0.6 -1.1 0.4

0.2 0.8 -0.6 ---

-0.7 0.3 1.0
-1.2 -0.4 0.5

9.0 0.8 -2.1 ---

Tx768

[llustrative values
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A Vector for a Sequence

* Summarize token vectors to represent the whole sequence

* Mean pooling averages each feature across the token positions
* DNABERT-2 uses the classification token ([CLS]) for its readout

Context vectors

[CLS] -0.4 1.2 0.1

A 0.7 -0.1 1.3
CGTA -0.8 0.9 0.2
CGATTA ©0.6 -1.1 0.4

CCGTA ©0.2 0.8 -0.6 ---

CGATG -0.7 0.3 1.0
GCA -1.2 -0.4 0.5

[SEP] ©.0 ©.8 -2.1 ---

T=8 Tx768

[llustrative values

STORM

768 numbers

—» Mean pooling }—» -0.2 0.3 0.1

Mean of 8 rows

-0.4 1.2 0.1

768 numbers

| -0.3 0.5 0.2 ---

768 numbers

—’
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Pretraining on DNA

* Pretraining predicts masked tokens using surrounding DNA
* The target comes from the original sequence, without task labels
* Prediction errors update the embedding table, encoder, and output head

Masked input

‘ 4,096 tokens

| [CLS] || A || CGTA || [MASK] | [ CCGTA | | CGATG | | GCA || [SEP] |
CGATTA . 0.60
__» CGATG mm 0.25

DNABERT-2
_> '
Encoder m H
Other 9.15
Masked
position Original token lllustrative j
‘CGATTA Loss 0.51 ’

Update weights

!

k Embedding Token head

STORM 30



One Model, Many Tasks

* Reuse learned features to explore sequences or train prediction models

* Examples include enhancer, binding-site, and splice-site prediction

e Each prediction task needs an appropriate head and labeled examples

Pretrained
checkpoint

a

m_

ACGTACGA
v

—>[ Encode + pool ’

\
° o
o
o
o o

Explore embeddings

STORM

Adapt separately

DNABERT-2
Encoder

Ra

Head ] —>

Labeled data

v

Encoder

Head ] —>

Labeled data

DNABERT-2
Encoder

R

J-|
DNABERT-2 M
J-|

Head ] —>

Labeled data

- —  Enhancer
-_ —— Binding site
E— .
- ——» Splice site
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Full Fine-Tuning

* Example: classify labeled DNA regions as enhancer or non-enhancer
* Add a two-class head and compare predictions with the labels
* Full fine-tuning updates the pretrained model and the new head

DNA crop
{ ACGTACGATTAC } Fixed BPE Training label { Enhancer ]—
CGTACGATGGCA New readout and head llustrative
¢ [CLS] | " Logits Enhancer?
: DNABERT-2 Dense , 1.4 Yes 0.80
Embeddlng — — o — —»| Linear2 |— —
Encoder + tanh 0.0 No 0.20
4 4 Softmax l

Loss 0.22 ‘4—
| )

Update weights

STORM



Prediction and Evaluation

* For a new sequence, run the fine-tuned model without updating it
* Evaluate on held-out sequences with independent labels
* Related or overlapping sequences can make evaluation too optimistic

New sequences Saved task model Enhancer? Known labels Compare
 ACGTACGA | Yes .+ Yes @
DNABERT-2 Readout
GATTACCG |— Encoder thead || — No > No ©)
| ATGGCACT | @ Fixed weights Yes > No X
- g llustrative
Training chromosomes Held-out chromosomes

Separate genomic regions

STORM



Why Tokenization Matters

* The choice of DNA tokens changes what the model sees
* DNAChunker learns boundaries during masked-sequence pretraining
* dnaHNet learns hierarchical boundaries in an autoregressive model

DNA Fixed vocabulary Token vectors
IDs HE
ACGTAC — { Tokenizer ] — Model — m |
l ]
DNAChunker Base vectors Inside the model Chunk vectors
ACGTAC B ERERE Learned = EE Predict
HEEEEN boundaries I = = masked bases
dnaHNet Base vectors Inside the model Chunk vectors
ACGTAC ERERRR Learned E B B Predict
EEEEEN boundaries I = . next base
Boundaries learned inside the model lllustrative

STORM 34



Benefits and Limitations

* Pretraining can provide useful starting features for several tasks
* Performance depends on training data, task, and biological context
* A useful embedding is not automatically a biological explanation

Reusable features _heck new contexts Test the function
Training ew context ‘ Predicted function J
/ Enhancer o
L o o ° i
— Binding site PY - O h
) ° ¢ O0000O0
\ o o0 ° 000000
[ . I/- M\ M\ ‘/\
Splice site o ¢ DOO0O0O0O0
lllustrative Experiment
Adapt per task llustrative feature space

Held-out evaluatiol Experimental evidence
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Al in Genomics

* DeepVariant: Identify variants from read evidence

* DNA language models: Learn reusable sequence representations
* AlphaGenome: Predict molecular activity and variant effects

STORM

AlphaGenome
DNA sequence
—] 1T+
}

[ AlphaGenome ]
'

Molecular tracks

_/\/\
M
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AlphaGenome: Sequence to Function

* Predict molecular measurements from about one million DNA bases
* Genome tracks describe activity along DNA in a tissue or cell type
* Outputs include expression, splicing, accessibility, and DNA contacts

DNA resi Illustrative tracks DNA contacts
region One tissue / cell type shown lllustrative map
About 1 Mb RNA coverage 0
W 5 g
o |
B .
) [F={"}=f= — | AlphaGenome } — DNA accessibility 4 ..
< O
Regulatory Gene _/\ VAN e = |
region . . I-
Splice junctions .
m DNA position
Position along DNA Pairwise contacts

STORM
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AlphaGenome: Sequence to Function

* Predict molecular measurements from about one million DNA bases
* Genome tracks describe activity along DNA in a tissue or cell type
* Outputs include expression, splicing, accessibility, and DNA contacts

DNA sequence (1 Mb)

Input
1 Sequence
¢‘WI¢IV_¢'*'¢‘V=partitioning
1 1 I I 1
Encoders
m m m m m m m
'mm.-ll-lllmms
M M M m M M M
Decoders

N

i i i i i i i . 2 S
Output types l : l i l i l i l i l E l i l Q\o@ ®o‘)% Qg?‘o\

RNA-seq I “. I - . - 667 173 1 bp
CAGE | 546 188 [14bp
PRO-cap | 12 0 1bp
DNase i Ai " 305 67 1bp
ATAC _ b PP | b 167 18 | 1bp
Histone modifications  Jufiage — _L 1,116 183 128 bp
TF binding A 1,617 127 128 bp
splicesites __|  11L| 4 N 4 4 [ibp
Splice junctions  NHHe——=—N A N 734 180 ["{bp
Splice site usage | J“”" 1 ul I, |l | 734 180 1bp
< Sty
contact n'?a,\rl)é = ﬂ‘r:i’yf,_ .’ > (“ ' 2 5 FakER

5,930 1,128

STO RM https://www.nature.com/articles/s41586-025-10014-0 38
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How AlphaGenome Works

* A base-by-base encoding feeds convolutional and transformer layers
* The decoder combines local detail with long-range context for prediction
* Training fits human and mouse experimental tracks

Skip connections preserve local features
One-hot bases P P

______________________ Predicted tracks
DNA A CGT | 1 __/\~/\
A ! _|  Encoder Transformer Decoder .| Output heads |_| N
C 1 Convolutions Long-range context Restore fine detail Track predictions
G 1 VAL
T 1 Local features 128-bp steps Up to 1-bp detail
[ Pair features ]—» DNA contacts

Training Measured tracks !
|

Human and mouse experiments

are —, Update model parameters

STORM 39



Predicting a Variant’s Effects

* Change the sequence and keep the trained model fixed
* Predict the same molecular tracks for reference and variant
 Compare the predictions to estimate the molecular effect

Same long DNA context =~ Same fixed parameters Predicted activity

— Referen — Variant
Reference eference

TACGAICCTGAA - —| Al haGenome}
{ g \
—>
Variant
- -

TACGATJCTGAA »[ AlphaGenome
‘ Position along DNA

One changed base lllustrative predictions

STORM

Difference

Variant - reference

J\

Y

Position along DNA
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An Insertion near TALI1

* A two-base insertion near TAL1 creates a binding motif for the MYB protein
* The model predicts increased accessibility near the insertion
* It also predicts increased TAL1 expression about 7,500 bases away

Published example Predicted change: variant - reference
Published tracks e Figure 6b
Reference
C REF: C
ALT: ACG
| TALT «TSS
Track: ¢ —
Variant RNA-seq 0.8 1
ACG 25 |
DNase _55 1

Accessibility increases near the insertion
‘ New MYB moti ‘ TAL1 expression increases about 7.5 kb away

CD34+ common myeloid progenitors

STORM 41



Using AlphaGenome Predictions

* Atlas stores about 9 billion human single-nucleotide variant (SNV) predictions
* Look up a variant to inspect predicted effects and prioritize follow-up

* Cell-type coverage and distant regulatory effects remain limitations

Reference base Three alternatives
A C
G
T

About 9 billion possible human SNVs

Single-nucleotide variants

STORM

Atlas

C __M
G _,_/\A

T _,/\_/\

Precomputed effects

E——

Selected variant

M Expression
’M Accessibility

[llustrative effects
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Next Week

e Hardware Accelerators for Genomics

STORM
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Fill One PairHMM Cell

* Each dynamic programming (DP) cell sums probabilities of incoming paths
* Weight predecessor states and add their contributions
* Apply the base emission probability to obtain the current cell

Chosen cell Previous states Transition weight Contributions Add alternatives
M[6,8]
M[5,7] X 0.999937 L 8990610 Incoming sum
. e-
Read RO7 i=6 1.8921e-10 > 5 6702e-07
ACGTAC|GTA
I[5,7] x 0.900000 Mismatch emission
Haplot H1 j=8 - > 2.8372e-07
aplotype Hi ) 3.1524e-07 | x (0. @@1 /3)
ACGTACG[TA
M[6,8
Base quality Q30 UL X 0.900000 > 2.8311e-07 l: ]
3.1457e-07 1.8901e-10
Probability space
Toy PairHMM core All three at [5,7] Rounded probabilities Current cell
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Learning from DNA

* |[dentify promoters, DNA regions that help start transcription

* Learn reusable features from genomic sequences
* Adapt the model to a task using labeled examples

>

)

Promoter Gene
| |
| |
lllustrative crop Learned features
ACGTACGATTAC NT-v2 S Task | Promoter
—> —> = (. > —>
CGTACGATGGCA Encoder 1 — - head ‘ Non_promoter
From a 300 bp input lllustrative

STORM
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From DNA to Model Inputs

* Group DNA into nonoverlapping six-base tokens
* Prepend <CLS>, a special token for classification
* Convert token IDs into learned embedding vectors

DNA crop 24 bp ACGTAC GATTAC CGTACG ATGGCA
lllustrative ! ! ! !
Tokens | <CLS> | | ACGTAC | | GATTAC | | CGTACG | | ATGGCA |
' ' ' ' '
Tokends | ImDcS | [ A | [ B | [ m™C | | DD |
Symbolic l l l l l
vectors | HNMEEEN | I i | ]

[llustrative

Embedding lookup
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The Transformer Encoder

* Repeated Transformer layers build sequence context
* Self-attention combines information across positions
* Feed-forward layers transform each position's vector

Token vectors NT-v2 encoder Contextual vectors
[llustrative [llustrative
<cLs> | EEVEN : 1 <CLS> (T T T
ACGTAC | N ; ) ACGTAC ] 0
GATTAC | [] > >  GATTAC [] ]
CGTACG M ] CGTACG H N []
ATGGCA /’ ATGGCA
O E L 12 layers ACE
8 of 512 shown
Self-attention Feed-forward
) ) ) ) - Position
— | RopE Layer
\\k\y — schematic
] J ] J ] ) ] ) ] )
[llustrative attention Per position
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Pretraining on DNA

* The original DNA supplies the training targets
* Predict hidden tokens from the surrounding sequence
* Prediction error guides updates to model weights

| ¢
| ACGTAC | | GATTAC || CGTACG || ATGGCA | Target | GATTAC |——

lllustrative crop

Masked input DNA token vocabulary

([ <CLS> |
I :
(_ ACGTAC | GATTAC 0.62
(_<MASK> p{ Embedding ]q NTv2 | | Token _, GACTAC N 0.23
[ CGTACG ) D prediction Other tokens [ 0.15
[ ATGGCA ] Illustrative probabilities
| |
Loss <

J

Update weights
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Reusing a Pretrained Model

* A checkpoint stores the learned model weights
* Load those weights to process a new DNA sequence
 Compute contextual embeddings separately for each input

Checkpoint Trained weights
Save
- ] = ] Contextual vectors
I /| Load lllustrative
Input A l I Input A
<CLS> | - L
ACGTACGATTAC - ’- —
: NT-v2 T
CGTACGATGGCA ™ | Embedding |— v I e e o
Encoder
Input B / Input B
<CLS> T T [
ACGTACGACTAC Same weights -
CGTACGATGGCA - B —
Illustrative crops 8 of 512 shown
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Promoter Classification

e Use the final contextual <CLS> vector
* A new classification head produces two class scores
* Softmax converts the scores into class probabilities

New classification head

Contextual '
<CLS> Two logits
NT-v2 _— 1.4
—> — | Dense + tanh |—| Dense |—
Encoder - 0.0
8 of 512

STORM

—P{ Softmax }—P

Promoter
]
0.80
Non-promoter
]
0.20

Illustrative
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Full Fine-Tuning

* Train with sequences labeled promoter or non-promoter
* Compare each prediction with its label to compute loss
* Update the pretrained model and the new head together

Label L Promoter J

300 bp input . y . \ Prediction
ACGTACGATTAC : NT-v2 Promoter
Embedd —> —> | Task h >
CGTACGATGGCA | | oo oome Encoder asichead 0.80
24 bp crop ) ’ ) A ’ llustrative
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Prediction and Evaluation

e Evaluate on sequences excluded from fine-tuning
* Inference uses trained weights without updating them
* Compare predictions with held-out labels

Held-out sequences Evaluation
Saved task model Promoter Non-promoter Known labels
' N
ACGTACGA i ) 0.80 0.20 —— Promoter ()
‘ NT-v2 Task
GATTACCG | — Encoder ||| head | [—> 915 ——— Non-promoter @
ATGGCACT @ Fixed weights 0.65 0.35 —— Non-promoter @
S J
Crops shown lllustrative probabilities
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Predicting the Next Base

* NT-v2 predicts masked tokens using both sides
* Evo 2 predicts the next base from the preceding sequence
* Append a predicted base and repeat to generate DNA

NT-v2 ’ l i ‘
ACGTAC | <MASK> | CGTACG ATGGCA
Masked token ’
GATTAC Token prediction
Prefix crop Next base
Evo 2 \
CGTACGATGGCA—P{ Convolution + }—» .
| - |
attention A C G T
I 0.10 ©0.60| 0.20 0.10

Append

— - GGCAC]

llustrative

Repeat

STORM
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