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1. Learning the language of viral evolution and
escape

2. Recovering evolutionary dynamics with
“evolutionary velocity”

3. Looking forward



1. Learning the language of viral evolution and
escape
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Viral escape is a big problem

Influenza

« 250K-600K
deaths a year

* Yearly vaccine
that is 20-50%
effective

HIV Env

AIDS

« 700K-1.2M deaths
a year

* No effective
vaccine



Viral escape is a big problem

Influenza A HA
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Influenza

« 250K-600K
deaths a year

* Yearly vaccine
that is 20-50%
effective

HIV Env SARS-CoV-2 Spike

AIDS COVID-19

« 700K-1.2M deaths * 4.9M+ deaths
a year * Questions about

* No effective durability of vaccine
vaccine protection



Small changes can have big semantic effects



Small changes can have big semantic effects

The boy pats the dog.



Small changes can have big semantic effects

The boy pats the dog.

VS

The boy eats the dog.



Single residue change enables viral escape

Influenza A fe s
hemagglutinin ‘
(WSN/1933)

—— — e

VTHS

C179 bNAb

From Doud, Lee, and Bloom. Nat. Comm. (2018)

H — S mutation means C179 no longer binds



Connection to biology

The language of viral escape

P>

The boy pats the dog.
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The language of viral escape
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Connection to biology

The language of viral escape
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Connection to biology

The language of viral escape

P> )

The boy pats the dog. The boy patx the dog.

= -

The boy pets the dog. The boy eats the dog.




Constrained semantic change search (CSCS)

* You're given a sequence of tokens from some language
* Goal: Find the single token change that:
1. Induces the largest semantic change

2. Is constrained by the rules/grammar of that language



Constrained semantic change search (CSCS)

* You're given a sequence of tokens from some language

For example:

A sequence of words from
an English sentence

Or

A sequence of amino acids
from a viral protein




Some real example changes...

Original headline:
australian dead in bali



Some real example changes...

Original headline:
australian dead in bali

Semantically closest:
aussie dead in bali




Some real example changes...

Original headline:
australian dead in bali

Semantically closest:
aussie dead in bali

CSCS proposed change:
australian ballet in bali



Some real example changes...

Original headline:
blast off of apollo 8

Semantically closest:
blast off of apollo 13

CSCS proposed change:
blast victims of apollo 8




Some real example changes...

Original headline:
excuse me you left a gorilla suit on the bus

Semantically closest:
excuse me we left a gorilla suit on the bus

CSCS proposed change:
excuse me you left a gorilla killer on the bus



Some real example changes...

Original headline:
winegrowers revel in good season

Semantically closest:
winegrowers revel in strong season

CSCS proposed change:
winegrowers revel in flu season



Some real example changes...

Original headline:
winegrowers revel in good season

Semantically closest:
winegrowers revel in strong season ~ [sfed ot

If you Want to see
more vids of

SMmash that
Subscripe,

CSCS proposed change: SHry -
winegrowers revel in flu season



A computational language model

On natural language sequences:

The American president
to Japan yesterday.

p("went") = 0.5
p("traveled") = 0.2
p("absconded") = 0.05

p("xylophone") = 0



A computational language model
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A computational language model , ;

0.1 --- 0.2 --- 0.01

On natural language sequences: T~

The American president
to Japan yesterday.

p("went") = 0.5 LILIL |
p("traveled") = 0.2 i ST ﬁﬁ
p("absconded") = 0.05
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Trained on thousands of sequences (or more)!




Train on viral protein sequence corpus

>gb:J082176 |ncbild:AAA43209.1|UniProtKB:P83454|0rganism:Influenza A vi
ubtype:HIN1 |Host : Human
MKAKLLVLLYAFVATDADTICIGYHANNSTDTVDTIFEKNVAVTHSVNLLEDRHNGKLCKLKGIAPLQL!
KCNITGWLLGNPECDSLLPARSWSYIVETPNSENGACYPGDFIDYEELREQLSSVSSLERFEIFPKESS
PNHTFNGVTVSCSHRGKSSFYRNLLWLTKKGDSYPKLTNSYVNNKGKEVLVLWGVHHPSSSDEQQSLYS
GNAYVSVASSNYNRRFTPEIAARPKVKDQHGRMNYYWTLLEPGDTIIFEATGNLIAPWYAFALSRGFES
IITSNASMHECNTKCQTPQGSINSNLPFQNIHPVTIGECPKYVRSTKLRMVTGLRNIPSIQYRGLFGAI
GFIEGGWTGMIDGWYGYHHQNEQGSGYAADQKSTQNAINGITNKVNSVIEKMNTQF TAVGKEFNNLEKRI
ENLNKKVDDGFLDIWTYNAELLVLLENERTLDFHDLNVKNLYEKVKSQLKNNAKEIGNGCFEFYHKCDN
CMESVRNGTYDYPKYSEESKLNREKIDGVKLESMGVYQILAIYSTVASSLVLLVSLGAISFWMCSNGSL
CRICI

>gb:CY021709 |ncbild:ABP49327.1|UniProtKB:A4U6V2 |Organism:Influenza A
HA|Segment: 4 |Subtype:H1N1|Host:Human
MKARLLVLLCALAATDADTICIGYHANNSTDTVDTVLEKNVTVTHSVNLLEDSHNGKLCRLKGIAPLQL
KCNIAGWILGNPECESLLSERSWSYIVETPNSENGTCYPGDFTNYEELREQLSSVSSFERFEIFPKESS
PKHNTTRGVTAACSHAGKSSFYRNLLWLTEKDGSYPNLNNSYVNKKGKEVLYLWGVHHPSNIKDQQTLY!
KENAYVSVVSSNYNRRFTPEIAERPKVRGQAGRMNYYWTLLKPGDTIMFEANGNLIAPWYAFALSRGFG
GIITSNASMHECDTKCQTPQGAINSSLPFQNIHPVTIGECPKYVRSTKLRMVTGLRNIPSIQSRGLFGA
AGF IEGGWTGMIDGWYGYHHQNEQGSGYAADQKSTQNAINGITNKVNSVIEKMNTQF TAVGKEFNNLEK
MENLNKKVDDGFLDIWTYNAELLILLENERTLDFHDSNVKNLYEKVKSQLRNNAKEIGNGCFEFYHKCN
ECMESVKNGTYDYPKYSEESKLNREKIDGVKLESMGVYQILAIYSTVASSLVLLVSLGAISFWMCSNGS
QCRICI

>gb:CY020285|ncbild:AB038@54.1|UniProtKB:A4GBW6 |Organism: Influenza A
HA|Segment:4|Subtype:H1N1|Host :Human
MKARLLVLLCALAATDADTICIGYHANNSTDTVDTVLEKNVTVTHSVNLLEDSHNGKLCRLKGIAPLQL
KCNIAGWILGNPECESLLSERSWSYIVETPNSENGTCYPGDFIDYEELREQLSSVSSFERFEIFSKESS
PKHNTTRGVTAACSHAGKSSFYRNLLWLTEKDGSYPNLNNSYVNKKGKEVLYLWGVHHPSNIKDQQTLY!
KENAYVSVVSSNYNRRFTPEIAERPKVRGQAGRMNYYWTLLKPGDTIMFEANGNLIAPWYAFALSRGFG
GIITSNASMHECDTKCQTPQGAINSSLPFQNIHPVTIGECPKYVRSTKLRMVTGLRNIPSIQSRGLFGA
AGFIEGGWTGMIDGWYGYHHQNEQGSGYAADQKSTQNAINGITNKVNSVIEKMNTQF TAVGKEFNNLEK
MENLNKKVDDGFLDIWTYNAELLVLLENERTLDFHDSNVKNLYEKVKNQLRNNAKEIGNGCFEFYHKCN
ECMESVKNGTYDYPKYSEESKLNREKIDGVKLESMGVYQILAIYSTVASSLVLLVSLGAISFWMCSNGS
QCRICI

Influenza A HA
NIAID Influenza Research Database
(https://www.fludb.org)

HIV-1 Env
LANL HIV Database
(https://www.hiv.lanl.gov)

SARS-CoV-2 Spike

Virus Pathogen Database angd Analysis Resource
(https://www.viprbrc.org/)

GISAID

(https://www.gisaid.org/)

NCBI GenBank
(https://www.ncbi.nlm.nih.gov/sars-cov-2/)



https://www.fludb.org/
https://www.hiv.lanl.gov/
https://www.viprbrc.org/
https://www.gisaid.org/
https://www.ncbi.nlm.nih.gov/sars-cov-2/

Results

Putting it all together to predict viral escape
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From Lee et al., eLife (2019)



Results

Unsupervised prediction of escape mutations
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Results

Enriched escape potential in HA head

Influenza H1 Influenza H3
Head &ifats b Head
Escape enrlchment pi RN Escape ennchment
P<1x10° e P<1x10°
Stalk Stalk
Escape depletlon Escape depletloné
P<1x10® P<1x10
Predicted Predicted
escape potential escape potential

- -+ -+

From Hie, Zhong, Berger, Bryson; Science, 2021



Results

Similar patterns for CoV-2 S1 versus S2

N-terminal domain _
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From Hie, Zhong, Berger, Bryson; Science, 2021



Results

Language model predicts SARS-CoV-2 variants

Validating across waves, forecasting

—— wave 3 aﬂaIz’SlS — Forecast—p»
| et
I - + + t t +
Jan Ju Sept. Nov Jan Apr
2020 2020 2020 2020 2021 2021

Spike language model predicts
mutations up to 4 months in
advance with AUC of 0.8

Cyrus Maher

From Maher et al.; medRxiv, 2021



Results

Language model predicts SARS-CoV-2 variants

Validating across waves, forecasting
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2. Recovering evolutionary dynamics with
“evolutionary velocity”



We can predict local evolution with LMs




We can predict local evolution with LMs

Big open question: What about > 1-residue mutations?



Idea

Understand global patterns using local predictions

;\ Fitness landscape
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Idea

Understand global patterns using local predictions

“RNA velocity”
(La Manno et al, Nature, 2018)

® ® Radial glia R B
® © Neuroblast

® © Immature neuron e
® ® Neuron




Idea

Understand global patterns using local predictions
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- Visser and Krug. Nat. Rev. Genetics (2014) Chou et al. Science (2011)



“Universal” protein language model

A I Y
01 - 0.2 -~ 0.01
/ \
T LI 1] ESM-1b by Rives et al. (PNAS, 2021):
| H F HOH | * Trained on 3 million sequences from
HEE L L UniRef50
1L L JOH | « Model has 650 million parameters
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UMAP 2

Velocity of influenza evolution
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From Hie, Yang, and Kim; b/oRxiv, 2021



Velocity of cytochrome c evolution

Cytochrome ¢
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From Hie, Yang, and Kim; b/oRxiv, 2021
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Velocity of ancient evolution
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From Hie, Yang, and Kim; b/oRxiv, 2021



3. Looking forward



Predicting drug resistance
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Evolving protein therapeutics
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From Hie and Yang; arXiv, 2021



Key takeaways

* Language models have the potential to improve evolutionary
models and prediction

 Sufficient training data is important!

* Successful implementation will require interdisciplinary
collaboration
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Thank you!
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