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- Intro to protein design
13:40-15:10 - Protein backbone design using RFdiffusion
- Protein sequence design using ProteinMPNN
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Al-based protein structure prediction and design
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Curriculum Vitae

Speaker Name: Minkyung Baek, Ph.D.

» Personal Info

Name Minkyung Baek
Title Assistant Professor
Affiliation Seoul National University

P Contact Information

Address 504-523, 1 Gwanak-ro, Gwanak-gu, Seoul 08826
Email minkbaek@snu.ac kr

Phone Number  02-880-6755

Research Interest
Structural bioinformatics, computational biology, protein structure prediction, artificial intelligence

Educational Experience
2013 B.S. in Chemistry, Seoul National University, Korea

2018 Ph.D. in Chemistry, Seoul National University, Korea

Professional Experience

2018-2019 Postdoctoral researcher, Seoul National University
2019-2022 Postdoctoral scholar, University of Washington, USA
2022- Assistant Professor, Seoul National University

Selected Publications (5 maximum)

1. Minkyung Baek, et al, Accurate prediction of protein structures and interactions using a
three-track neural network, Science, 373 (6557), 2021.

2. lan R. Humphreyst, Jimin Peit, Minkyung Baekt, Aditya Krishnakumart, et al., Computed structures
of core eukaryotic protein complexes, Science, 374 (6573), 2021. (tco-first authors)

3. Minkyung Baek, Ivan Anishchenko, Hahnbeom Park, lan R. Humphreys, and David Baker,
Protein oligomer modeling guided by predicted inter-chain contacts in CASP14, Proteins:
Structure, Function, and Bioinformatics, 89 (12), 2021.

4. Ilvan Anishchenkot, Minkyung Baekt, Hahnbeom Parkt, et al, Protein tertiary structure
prediction and refinement using deep learning and Rosetta in CASP14, Proteins: Structure,
Function, and Bioinformatics, 89 (12), 2021. (tco-first authors)
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Anfinsen’s experiment

Native
ribonuclease

Reduced
ribonuclease

Heating or
addition of
urea

Unfolded
ribonuclease

Christian B. Anfinsen

(= HolsHA 1972)
“EHYE o] =
THHE o] A Hoj of8) A ECL
C}HH XI A

Protein folding simulation with physical principle

The view of chemist: The most stable (Free Energy minimum) state

‘ﬂc*

Protein Folding MD simulation

Only works for very small proteins (<50 aa)
Too slow (days to months)
Energy function (force field) also has errors




Protein structure information in evolutionary

Structure of Myoglobin

Loss of Normal Maintain
function Protein its function

Protein structure information in evolutionary

Restraints to maintain

Structure of Myoglobin
< its function & structures
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Structural patterns in MSA
“Coevolution” of residue pairs




Coevolution-guided protein structure mode
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Database of

sequences
Slide credit: Sergey Ovchinnikov
citations: tinyurl.com/coevopapers

Coevolution-guided protein structure mode

Y
Mathematical modeling to infer Coevolution (e.g. covariance) ]f"i

X YIg)( Y[*§%X

cov(X,Y)>0 cov(X,Y)=0 cov(X,Y)<0

)

Structure

Slide credit: Sergey Ovchinnikov
citations: tinyurl.com/coevopapers




Coevolution-guided protein structure mode

Residue-residue interaction

Multiple sequence alignments (contact map)

3D atomic coordinates f
|

T 2RO G
S<mmMmMUODOD

|

correlated

Y: Y Y
Mathematical modeling fg @ %
to infer coevolution strength Y . . ”

(e.g. Covariance)
cov(X,Y)>0 cov(X,Y)=0 cov(X,Y)<0

A

. XRAY Contacts

How to read a contact map?

50S ribosomal protein L6

Slide credit: Sergey Ovchinnikov




How to read a contact map? ‘

. XRAY Contacts

Slide credit: Sergey Ovchinnikov

Coevolution-guided protein structure mode

Residue-residue interaction
(contact map)

Multiple sequence alignments 3D atomic coordinates f
|

TERNRAWOR
<S<mmEmmOODO

|

correlated

Y Y Y
Mathematical modeling i?‘? @ %
to infer coevolution strength ¥ . % a2

(e.g. Covariance)
cov(X,Y)>0 cov(X,Y)=0 cov(X,Y)<0
Replace with AI? (mid 2010s)




Applying Al to protein structure prediction

G, — SEFFL —

Feature extraction + Classification Output

+ Al tries to mimic human’s learning/thinking process

e Better implementation of human’s intuition = better performance!

» Exceptionally effective at learning patterns
« If you provide the system tons of training examples, it begins to understand hidden patterns in

data and respond in useful ways

Early attempt: Contact prediction = Image pro

i Contacts
Covariances

(or distances)
7
'} .
G G - .‘-.'.- ;' .
.m Contact/distance «
A e 2 G P
LS CHW TR ST prediction g b
5 vy
Protemlength N “;, . ‘.'
N

(.:OV‘ (D.K)=Prob(Dati& Katj) -
Prob(D at i)*Prob(K at j)

INPUT

Al-based

image processing
CNN, ResNet

-10 -



The beginning of legend: AlphaFold (2018)

Distance Wi ]

Covariation features ResNet EEEEn ElEs Traditional ResNet-based Native contact

r

L x L 2D covariation features

&/ "

= Protein structure 50

g [ ¢ prediction w0

Pl = performance %
7 in CASP13 (2018) »
220 residual convolution blocks N 10

80 + ?2?2??

60

CASP14 (2020)
other competitors

== CASP13 (2018)
== CASP12 (2016)

+ Early Al methods
(mainly ResNet)

Global distance test %

20 — Improvements in
== CASP5 (2002) traditional methods
; == CASP1 (1994) + Coevolution
Easy Difficult

Difficulty of protein structure prediction

ice, Robert F. “The game has changed.’Al triumphs at protein folding." (2020): 1144-1145.

-11 -



From MSA to 3D structures with Al

Residue-residue interaction . i
3D atomic coordinates

Multiple sequence alignments (contact/distance map)
.

N-OO@CO00000® 0000
ATRI I AKKDGE
TRI LTAKKD
I' R I LTAKEKD
K T A K E P ¥
W I AKEKY

100
0

N/

Covariance features
Y Y Y
# e %
X X

cov(X,Y)>0 cov(X,Y)=0 cov(X,Y)<0

X 231 K144 mkIRERG H
y T

There is more structural information
besides coevolution

correlated
mutation

L - Ll
CLKCKYTHCYEVCPVE CALCEPEC
PENCIKCKYQHCYRVEPVD ez
(CQECEGVRDQECYEVEPVE: GACVPAC
o e e
. P CUDVLD! ’!E:-. CEPVE]
- L1
srvmcfecs. e s
AYKITDCCR! E#E DCGACANTCP
_J AHIITDECESCG. . ACAAEC?Y DCGACEAVCP
AYVINDECKSCG. . i:i" DCGACAGVCP
AYKILD '8CG. . ‘ a D DCGNCANRVCP
AYVINEACISCG. . ;;ﬁ- DCGACAGVCP
«+.I¥YD GC. . 4] CPTD GOl CP
ALMITDCRINCNV. ig-" G CVQCVEVCP
AYEIEEICISCG. . ACAAEC DCGNCANVCP
- .VDWDCCEADG. . ACHDVCPY FCMACESVCP
conserved subfamily-dependent
position conserved

position

-12 -



From MSA to 3D structures with Al

Residue-residue interaction
(contact/distance map)

Multiple sequence alignments 3D atomic coordinates

N-OO® 000000060000 0

T 2RO

|

S<mmMmMUODOD

100
0

correlated \ /

Covariance features .
AIZfMSA S & E &/ 0fsffAf
Y] % residue AFO] 72 £ O =5} 7 o}

e, 1o, 18,

cov(X,Y)>0 cov(X,Y)=0 cov(X,Y)<0

Finding a similar, but simpler problem

Residue-residue interaction
(contact/distance map)

Multiple sequence alighments
N-O-OE 000000080000 Cc

EIRNADOND

[

<<mmmOOO

correlated

Mike is surprised at the duck.
The duck is standing on the grill.
Jenny is running towards Mike
and the duck. There is yellow
table between Mike and Jenny.

-13 -



Analogy to text-to-image generation?

Mike is surprised at the duck. Mike is surprised at the duck. Mike is surprised at the duck.
The duck is standing on the The duck is standing on the The duck is standing on the
grill. Jenny is running towards grill. Jenny is running towards ||» grill. Jenny is running towards
Mike and the duck. There is Mike and the duck. There is Mike and the duck. There is
yellow table between Mike yellow table between Mike yellow table between Mike
and Jenny. and Jenny. and Jenny.

. &
Y
of”

Y

4

From MSA to 3D structures with Al

Extract structural information from
MSA

A OO OO O O O OO O €

Transformer-based network
to understand information in MSA

VAVAVAL,

Transformer-based network
to refine contact signal
& get better distance prediction

EERMANN DS
csmmmoOOO

e[

30

- 14 -



Al architecture of AlphaFold2

Structure
module
(8 blocks)

RoseTTAFold: A tighter connection of 1D, 2D, and 3D i

x 36 times

Attention

...... §§ \‘.\
2D features §§
from template §L§ Refinement

: o layers

:. 4 # — w/ SE(3)-

....... Transformer

Template

coordinates

| e
: ;{&\\ ss(a)-Tmnsfom:;r;%:-\ﬁ T ﬁ
I M\

R ing Final model

o

Saence:
DndsS

o L5Y)

SDR

/‘%:‘“J
NS R
OH‘

Baek, M., et al, Science (2021) .’;&;“ =

STRUCTURES

Baek, M. et al, Under revision
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High accuracy protein structure prediction usi

Free modeling accuracy in CASP14

OO - eemeemrrmmr s
90 AlphaFold 2~

Y

is considered roughly

G _—
S8 70 equivalent to the =y
§ § 60 experimentally ...
Sm©
B s 50
s P
E '_I 40 ...................
3 30BN BB T1037 / 6vra T1049 / 6y4f
D= 90.7 GDT 93.3 GDT
204 B B BaE B gem el : (RNA polymerase domain) (adhesin tip)
- - . ® Experimental result
2006 2008 2010 2012 2014 2016 2018 2020 & iR SE L, B RE RS
Contest year

©onature

TR =0t &H KL

QI Z 0l M
Quto] Bl EHE|E Er

o THZ0

EH S Y E

34

-16 -



CH ol R @

E|L}?

2 M Z0f| A

Qo] Bo| WHlE| s T

o THZ0

EAots Y E

35

Protein-protein interaction prediction
with protein structure prediction Al

paired MSA
Proteln A RS AR 10
_ Templates
}_.', : = (optional)
i i Compute
O complex
Protein B in 3D
Protein A Protein B
e s , RoseTTAFold
e QA D——— b O e—)e— species 1
QPP — e » OO m— species 2 (or AIphaFoId)
O Qum » O De————e species 3
I Pr—— b O —C
QP Qe v e —y—
QRO Qe O —
s QOO — O — O m—
_— - i 0 1) Do A and B interact?

2) What is the structure of AB?

Co-evolving sites

-17 -



Protein-protein interaction prediction
with protein structure prediction Al

08

i 06
04

02

PPI prediction performance

— DCA 10
— RF2t 09
—— RF21+

08

07
806
o

05

00

04
03

—— RF2t+ and AF

02,

04 05

0.00

paired MSA
/| 1Fi

Templates
(optional)

005 010 015 020 025 030
Recall

RoseTTAFold
(or AlphaFold)

Tryptophan synthase

1) Do A and B interact?

2) What is the structure of AB?
TM-score: 92

Humphreys, I.R., Pei, J., Baek, M., Krishnakumar, A., et al, Science, (2021)

Mitosis,

Meiosis, &

47 DNA Damage
P

Yeast GPI-T
(our prediction, Oct 2021)

Human GPI-T
(PDB: 7W72, published Feb 2022)

Humpbhreys, I.R., Pei, J., Baek, M., Krishnakumar, A., et al, Science, (2021)

-18 -



But, some interactions are still hard to pred

(b) Complex category ( C) Protein origin
AlphaFold ZDOCK T25 AlphaFold ZDOCK T25
100% 100% 0% 100% Accuracy
I Acceptavle
75%) 75% 75% W Vedum
B Hion
K] 2 = =
£ 50%) [ S 50% o 50% Complex category
2 2 2 2 AA = Antibody-Antigen
8 8 § g El = Enzyme-Inhibitor
@ 25% 3 @a 25% 3 25% ES = Enzyme-Substrate
ER = Enzyme complex with a
I regulatory or accessory chain
0% 0% 0% OG = Others, G-protein containing
) S HE e U [ OR = Others, Receptor containing
(0 < &OQ‘O.‘- “g‘«’ &OQ\O*. SE SEENE. N SE SBIME MM OX = Others, miscellaneous

El ER ER OG OR OX

Protein origin {

Protein origin
SE = Single, Eukaryotic
8B = Single, Bacterial

0.25 0.50 0.75 1.00
Proportion Proportion

000 025 050 075 100 wm = Multiplo, Mix

ME = Multiple, Eukaryotic

R. Yin (2023), Protein Science

Let’s do some prediction with Co

labFold!

-19 -



ColabFold: Anyone can use protein structure prediction

https://github.com/sokrypton/ColabFold (Credit: Sergey Ovchinnikov, Martin Steinegger)

Making Protein folding accessible to all via Google Colab!

Notebooks monomers complexes mmseqs2 jackhmmer templates
AlphaFold2_mmseqs2 Yes Yes Yes No Yes
AlphaFold2_batch Yes Yes Yes No Yes
AlphaFold2 (from Deepmind) Yes Yes No Yes No
relax_amber (relax input

structure)

ESMFold Yes Maybe No No No

ColabFold: Anyone can use protein structure prediction

https://github.com/sokrypton/ColabFold (Credit: Sergey Ovchinnikov, Martin Steinegger)

~ ColabFold: AlphaFold2 using MMseqs2

Easy to use protein and plex prediction using AlphaFold2 and Alphafold2-multimer. Sequence

g p are g d through MMseqs2 and HHsearch. For more details, see bottom of the
notebook, checkout the ColabFold GitHub and read our manuscript. Old versions: v1.0,v1.1,v1.2,v1.3

Mirdita M, Schiitze K, Moriwaki Y, Heo L, Ovchinnikov S, Steinegger M. ColabFold: Making protein folding
accessible to all. Nature Methods, 2022

-

Input protein sequence(s), then hit Runtime -> Run all

[>] query_ PIAQIHILEGRSDEQKETLIREVSEAISRSLDAPLTSVRVIITEMAKGHFGIGGELASK

« Use : to specify inter-protein ch ks for modeli ! (supports homo- and hetro-olig ). For ple PI...SK:PI...SK for a homodimer

jobname:  test

use_amber:

template_mode: none

« "none”’ = no template information is used, "pdb70" = detect templates in pdb70, "custom® - upload and search own templates (PDB or mmCIF format, see notes below)

Show code
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How to interpret prediction results

1. Quality of MSAs: 2. Quality of predicted structure:
# of sequences, diversity, etc global pLDDT, pTM, residue-wise pLDDT, pAE b

Sequence coverage

. Global pLDDT=58.2 / pTM =0.611
- cf) Actual LDDT value to experimental structure = 52.8
§
" o.sg Colored bv pLDDT 9
E g
-4
04 § 100 20
§
02 10
200
0.0
Fositions 0
. . plDOT. WM Very low (<350) Low (60) W= OK (70) W= Confident (80) NN Very high (>90)
Too shallow MSA, less diversity Do Not believe

- Less reliable prediction

orientation of
N-terminal region

#1 PEZYFoldings AF2-based. Diverse MSAs. Custom,

#2 UM-TBM Diverse MSAs. Threading then AF2 predictions
guide I-TASSER REMC

B

fine-tuned AF2 refinement .
The CASP15 rankin
#3 Yang-Server Diverse MSAs. AF2
predictions fed to trRosettaX2 ’
_cj i |
ColabFold and NBIS-af2-standard Egypﬂ:ffi&q:;:ﬁz:gce
this metric
® || = SN et
§ £
4o

5

ThFald

MULTICOM rafivw
MULTICOM Puman
MULTICOM egrn
GuijurLab-Rocket
Marsf oid sery
Fas1688
Wenciovas
ECompiex

Th_meodel_prediction -

Nchemy LIGE ==

g'
i

s from CASP15 assessment talk given by D. Rigden
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Tips & tricks to improve your prediction

- When your MSA is shallow...
« More recycling (e.g. num _recycles = 12)

num_recycles=3 num_recycles=12
Global pLDDT =58.2 / pTM =0.611 Global pLDDT=61.4 / pTM =0.64
cf) Actual LDDT value to experimental structure = 52.8 cf) Actual LDDT value to experimental structure = 53.6

Tips & tricks to improve your prediction

- When your MSA is shallow...
« More recycling (e.g. num recycles = 12)
«  Custom MSA search (utilize more sequence DB)

Number of seqs in MSA =9 Number of seqs in MSA = 16
Global pLDDT=61.4 / pTM=0.64 Global pLDDT=70.1 / pTM =0.717
cf) Actual LDDT value to experimental structure = 53.6 cf) Actual LDDT value to experimental structure = 67.9
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Tips & tricks to improve your prediction

- When your MSA is shallow...
- More recycling (e.g. num_recycles = 12)
- Custom MSA search (utilize more sequence DB)

- When your target protein has multiple domains

« Split targets into domains & perform domain-wise MSA search
* Merge domain-wise MSAs & do structure modeling

Color by pLDDT (red is high, blue is low)

Tips & tricks to improve your prediction

- When your MSA is shallow...
- More recycling (e.g. num _recycles = 12)
« Custom MSA search (utilize more sequence DB)

- When your target protein has multiple domains

« Split targets into domains & perform domain-wise MSA search
* Merge domain-wise MSAs & do structure modeling

- When you predict complexes
-« Try predictions w/ paired MSA as well as w/ unpaired MSA
- More sampling (e.g. num_seeds =5 ) — pick one having highest pTM or ipTM
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Take home messages

Alphafold
is not a god-

il Alphabflod can
| be be wrong.

- e X OIF A= TIEHE Hof| 2| &)
« ZBEEE ZE =L (shallow MSA)
> x| F0| EE 71590l =Lt
« Z7}X 92l sequence DB, MSA search tool=
2835l= A0l =Z0| E 5= ULt

« pLDDT, pTM, pAE S 0f|= Z1}of| CHst
confidence metricS BFEA| X| 2 51X}
« [ Z confidence?t 22 =Y =& UCt.
TR 20| F S0CHEXS,

0] 2122 "AlphaFolds= 410] OFL|CE AlphaFold= §& 4 USLICH2H= 278 HEXc2 B
SBILICE AlphaFold AIZH S8 7|A| 2 LIERL Ql20], 28Xt 8 LIERE $&0| ZXE
CHYE R F BA8HD UELICE 0 F2HE AlphaFold7t 2218t =70l 8780 HH3IX|
o QiZte| ZA%0| HREE ZRLICH
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Protein Design with Al

50
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Protein Design

GENE AMINO ACID FOLDED
SEQUENCE PROTEIN
Protein structure |:> ::>
prediction

NEW
DESIGNED AMINO ACID
PROTEIN SEQUENCE

SYNTHETIC
GENE

Protein design

— =

51

rv..:-?-\

Protein design before Al era

NEW
DESIGNED AMINO ACID SYNTHETIC
PROTEIN SEQUENCE GENE

Protein Design ? |::> |:>

1. Sample backbone structures to have a desired function

2. Amino acid sequence design on sampled backbone structures

3. Filter designs (whether it will have designed structure, have low enough energies,
etc)

4. Select candidates for experimental validation

Experimental validation (feedback & iteration)
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Protein binder design before Al era

Binding motif sampling > find protein scaffold to accommodate motif = scoring/re

a Target RifDock Interfaga sequ?nce design Experimental
) characterization
uﬂ» A A 4
\Y — ‘;e.ec 'i e !‘A‘

(\4)\ Interface motif
extraction

Miniprotein ) ) i -.i L g Motif clustering

scaffold and
library selection

xing, et al. "Design of protein-binding proteins from the target structure alone." Nature 605.7910 (2022): 551-560.

Protein binder design before Al era

Binding motif sampling = find protein scaffold to accommodate motif = scoring/refinin

]
Qi & 8

Define ligand binding interactions Place igand and interacting residues Select pre-organized sites with
in scaffolds and design binding site sequence high shape complementarity

et al. "Computational design of ligand-binding proteins with high affinity and selectivity." Nature 501.7466 (2013): 212-216.
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Protein sequence design before Al era

~

~
4

Find a best combination of
amino acids and rotamers
having the lowest energy

Selection criteria (filters) for protein des

Folding energy landscape
(for monomers / scaffolds) For binders..

B T Conformations
Docking energy landscape

Binding energy (ddG) calculation

Buried interface area

Unsatisfied polar groups

sy W g EES () -
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Protein design in Al era

NEW
DESIGNED AMINO ACID SYNTHETIC
PROTEIN SEQUENCE GENE

—

Protein Design

Sample backbone structures to have a desired function using Al
Amino acid sequence design on sampled backbone structures using Al
Filter designs using Al

Select candidates for experimental validation

Experimental validation (feedback & iteration)

1.
2.
3.
4.
5.

Utilization of protein structure prediction Al as

" Single-sequence-based -
prediction using RoseTTAFold
\ ~—— Natural L2 j X
,l —— Design
| | L
%‘ | rm.s.d.:09A rms.d.:1.1A
g |
il

0.0 25 50 7.5 10.0 125 15.0 17.5 20.0
r.m.s.d. (A) rmsd:1.2A rmsd.:16A
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Backbone sampling using protein modeling
Network Hallucination

structure prediction

amino acid dizlggn?;e " ap
sequence(s) —— x —— 'dc -A

structure prediction network

protein design by network hallucination

random blurry sharp ~ D
amino acid distance distance [—» - g
sequence map map ~

MCMC sequence optimization

Maximize
difference

z
§| i
o

Q;

" P(str,seq) = P(str|seq)P(seq)  F = DKu(P wyouc ||@rackgroma) = D £l D

Residue pair coordinate x;

Anishchenko, I., Pellock, S., et al. Nature (2021)

random emergence of structure optimized

sequence S sequence

step 0 1,000

T

mixed a and B

fé

>
@
o
=
Q all-a
3
w
8 : -
L 5 0 dmo predicted probability of
Ll C,-C, distance < 10A
-
0 1

Anishchenko, I., Pellock, S., et al. Nature (2021)
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0515 . .
o | ST Structures of 3 hallucination
1.82 A bb AMSD over 100 aa o .
- were confirmed experimentally
Hallucination/Crysial

iR e =

Hallucination/Crystal Hallucination/Crystal

1.32 A bb AMSD over 53 aa 2.17 A bb AMSD over 43 aa
Hallucination/Crysta

253 A bb RMSD over 100 aa

Anishchenko, I., Pellock, S., et al. Nature (2021)

Functional protein design based on motifs

Epitope Viral Receptor 3 . Protein-Protein
Presentation Traps Active Sites Interactions

\ 3
PO

Design proteins
scaffolding a given functional motif

- 30 -



Constrained hallucination:
Design a new protein having a given functional mo

Sequence Predicted Final Sequence Predicted Final
structure design structure design
Neural network - %ﬁ'@ Neural network
MCMC or u
gradient h;?;;lgnlzr Loss function
Gpdate update - Hallucination
- Hallucination - Motif
- Problem-specific

Free hallucination: Dzi%dﬁif
generate novel protein folds

Constrained hallucination:
generate scaffolds harboring
pre-specified functional sites

Wang, J., Lisanza, S., Juergens, D., Tischer, D., Watson, J., Science (2022)

Protein design via inpainting

Formulate motif-based protein design as information completion (or inpaint

Partial Completed
sequence sequence
LEAF??7?7?KEM LEAFEKATKEM

Neural network
RoseTTAFold

Fine-tune 5
/ RoseTTAFold
to learn
Partial P(str,seq | motif) Completed
structure structure

Wang, J., Lisanza, S., Juergens, D., Tischer, D., Watson, J., Science (2022)
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Design PD-L1/PD-1 binding inhibitor

PD1/PD-L1 Interface only Inpainted binder

Remove
non-interface

—

Inpainting +
refinement

Wang, J., Lisanza, S., Juergens, D., Tischer, D., Watson, J., Science (2022)

Pros/Cons of hallucination & inpainting app

Hallucination InEaintinﬁ

* No further *  Slow (1k~10k * Fast * Need further
training structure * Can design training for
* Cansolve prediction per larger protein each design
diverse design design) problem
problem *  Unusual * Unusual
sequences sequences
e.g. poly P * Hard to get
diverse
structures

- 32 -



Al-based protein sequence design: Protein

A chainA Chain B )
i o ProteinMPNN \
I / Backbone Encoder \ / Sequence Decoder\

Update ..l+ - -, Probabilities
nodes e !
Ll : Iterative
Random P decoding
decoding :
order v
Input: protein EHE OO W 6iics
backbone o i
coordinates i

B Fixed left to right decoding

s 5 autoregressive decoding order

Chain ==~ -fixed amino acids (context)
" . 5 uence context not used
ProteinMPNN decoding . muenm contextised

ChainA

Robust deep learning—based protein sequence design using ProteinMPNN, Science (2022)

MPNN: Message Passing Neural Network

« Graph Neural Network S
INITIALIZE
* NOde: RESIdue MESSAGE PASS NODE UPDATE
» Edge: neighboring e

residue pairs

« Each node has
information (message)

my3 mo3
h e _ b
134 xL
p €3 Lo . ['R(h."‘ ho)
may J he ey .
Mg\ /M h¢
myy

mgt =M (b, b, ey h#*! = Uy(h m*?
mi*t= zv,eu(v,)ml'm

» Messages are updated
using information from
direct neighbors
connected by edges
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What information is important for Protein

/ ProteinMPNN \
/ Backbone Encoder / Sequence Decoder \
[ Vo
Update e + o-- Probabilities
e L LB : Iterative
Eandom 31| [\decoding
decoding : =
L.t i,
i “Sequence
Output: protein
sequence
Noise level Number of AlphaFold
when training:  Modification ae:u” “‘(t%) "DB;‘;’ model
0.00 A70.02 A in millions ey perpk accuracy (%)
Baseline model None 1.381 41.2/40.1 6.51/6.77 41.4/414
Experiment 1 Add N, Cq, C, CB, 1430 4907461  5.03/554  45.7/47.4
0 distances
Experiment 2 Update encoder edges 1.629 431/420 612/637  433/43.0
Experiment 3 Combine 1 and 2 1.678 50.5/47.3  4.82/536  46.3/47.9
Experiment 4 Experiment 3 with 1678 50.8/47.9  474/525  46.9/485
random decoding
Robust deep learning—based protein sequence design using ProteinMPNN, Science (2022)

ProteinMPNN generates highly probable seq

A 0.95 B 0.8
> 0.85 4 =®= Rosetta
$ 0.75 1 == ProteinMPNN | & 0.7 A I\ /-
8 0.65 == = Fraction § 0.6 - :
© 0.55 | e
8 0.45 4 8 051
$ 0354 c
2 0.25 1 g S 0.4+
) 4 7 o
» 015 /7 ~ B 0.3 - ; Interface o
0.054 = - : residues
T T T —
5.2 6.0 6.8 7.6 8.4

% 3 Monomers  Homomers ~ Heteromers
Average CB distance for 8 closest neighbors, A

Crystal structure
Design model

90°

Robust deep learning—based protein sequence design using ProteinMPNN, Science (2022)
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Pros/Cons of hallucination & inpainting app

Hallucination

(@)

®

Pros Cons

* No further e Slow (1k~10k
training structure
* Cansolve prediction per
diverse design design)
problem + Unusual
seguences
e.g. poly P

Inpainting

O

®

Pros Cons

* Fast * Need further
* Can design training for
larger protein each design
problem
+ Unpusual
seguences
* Hard to get
diverse
structures

Can we make a “generative Al” for protein

» Goal: Generate diverse structures having desired function
« Cutting edge Al technology: Image generation w/ “Diffusion Model”

a painting of a fox

in the style

of Starry Night

Diffusion Model

Forward SDE (data — noise)
dx = f(x, t)dt + g(t)dw ——)@
score function
dx = [f(x,t) - yz(t>|vx log i ( x)l] dt + g(t)dw

Reverse SDE (noise — data)




Diffusion Model
Forward (Noising) Process
(—

Generative model for protein design (RFd

NOD ¥ . ¥
shale .
Gaussian ~ %  sei v 1_,\1‘,‘ S, Protein
Noise SN Jﬁiﬁi‘; . Structure
. N T
Xr A Xt Xy \AX,
Reverse (Generative) Process
RoseTTAFold RFdiffusion
Masked Input
Sel(;f:rfce MADHTI?DTREE Sequence
Homologous - X e
Templates % condrt:onmg}
iti Predicted L
Initial/Recycled . o
Coordinévtes Structure Cgclaﬁiirfalgs .
Watson, J., Juergens, D., Bennett, N., Trippe, B., Yim, J., Eisenach, H., Ahern, W., Nature (2023)

Generative model for protein design (RFd

RFdiffusion Benefits from
RoseTTAFold Pre-Training

RMSD AlphaFold2 vs Design (1)

Diffusion Model
Forward (Noising) Process
-

¥ ¥

N(0,1) y 25
single
step | 45

Gaussian ~
Noise }

£ el
£ TNIIET e e
N e X —> e
« A2 W

Protein
Structure

O
s §§N
N

RMSD (A)
I

ﬁ

i

Coordinates

10
Xr  \AX, X \AXp
5
Reverse (Generative) Process & o
70 100 zoo 300 mw 5IUS STPN 6EXZ
Unconditi gth) Functional-site Sc
Mean AlphaFold2 pAE (4)
- - -
RoseTTAFold RFdiffusion = =3 Random Noise
fiasied Input NN Outputs without Pre-Training
20 [0 Outputs with Pre-Training
Input MADHTI?DTREE Sequence
Sequence Z
] 15
t+1 2
Homologous - X ;‘; 10
Templates c"“ condmonmg} <
e 4B -
- Predicted L
Initial/Recycled Structure Diﬁ sed A

Coordinates ~ °

70 100 200 300 1PRW 5lUS STPN 6EXZ
Unconditional (length) Motif Scaffolding

Watson, J., Juergens, D., Bennett, N., Trippe, B., Yim, J., Eisenach, H., Ahern, W., Nature (2023)

- 36 -



Functional motif scaffolding w/ RFdiffusion

Functional Motif Motif Scaffolding

Designed
antiviral proteins

SARS-CoV-2
Spike protein

Kp=0.7nM Kp=0.5nM

Watson, J., Juergens, D., Bennett, N., Trippe, B., Yim, J., Eisenach, H., Ahern, W., Nature (2023)

Protein binder design w/ RFdiffusion

Binding Target Binder Design

RFdiffusion has orders-of-magnitude
higher experimental success
rates than previous methods

mmm Rosetta Design
" Diffusion

w
S

N
w

N
=)

-
w

Experimental Success Rate (%)

Insulin Receptor
0.08% 0.07%l

PD-L1 TrkA

Watson, J., Juergens, D., Bennett, N., Trippe, B., Yim, J., Eisenach, H., Ahern, W., Nature (2023)
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Current state-of-the-art protein design pipe

Generation of backbone Design of protein
structures that may sequence for given
have desired function backbone structures

Computational &
experimental validation

DEEPIYVlyll;llD

200

)
Al-based filters
e.g. Interchain PAE < 10

2,
SLREYLLWY YNE ... N. Bennett, et al, Nat. Comm., 2023

00
Q000

ALK at 500nM Binder Concentration
=]

ProteinMPNN

J. Dauparas et al, Science, 2022

RFdiffusion

:_J'.':Watson et al, Nature, 2023

SUHEEY FLEEELEE S

4 EHYE AfO[Sf A ST}E 0=
o/2xl= 7/H} .
s lE e =
EFey R/ 1% g : |
g;ﬁ%’;‘% £ ’3':'.;;:, : 3

4 OIZX|& 7|6t EFY E ) x}ol N\

NEW
DESIGNED AMINO ACID
_ PROTEN SEQUENCE

— .
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Remaining challenges

* Mutation effect prediction
* Better understanding on diseases / Protein engineering

= #5105 M

‘ Structural changes

Stability changes

Activity changes

Wl AlphaFold2: BRCT WT
W AiphaFold2: BRCT A1708E

Remaining challenges

e Mutation effect prediction
* Multi-state modeling

B [}
Inactive GPCR Active GPCR G protein—bound GPCR

v;\gonisl binds
%)

Extracellular

GPCR
activation
) _}

A Signalling Membrane transport lon conduction
EGF-Receptor

Goprotein \

Glycine
Receptor S ' Intracellular
¥ o signaling
3jof
Gly-ivermectin lnhlbnor bound

Partially open Closed
4ybq 4yb9

Outward  Inward 3jae
gl . o Open  Open - Gly-bound
Fab) Sugar]

Unbound EGF-bound &) F) e

Kinase & Oncogenic Activity Galactose Transport Electrophysiology
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Remaining challenges

* Mutation effect prediction

* Multi-state modeling

* Interaction with other molecules

* Antigen-antibody, host-pathogen (no coevolution)
* Protein-DNA/RNA/small molecules
* Lack of dataset

Let’s do some design
using Rfdiffusion & ProteinMPNN!
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Tutorial: Designing novel GLP-1 ligand

» Semaglutide (Ozempic) is
an antidiabetic
medication used for the
treatment of type 2
diabetes and an anti-obesity
medication

* lts maker, Novo nordisk,
became the most valuable
company in Europe

» Market cap over $400bn

¢ More than total GDP of
Denmark

R e

:aﬁable appetite ER

GLP-1* sales, $bn

M Outside United States FORECAST

Within United States
1 for obesity
W for diabetes

2013 15 20 25 31
Source: Jefferies *Glucagon-fike peptide-1 receptor agonist

The Economist

Q

novo nordisk’

The Company Behind Ozempic Is On The
Brink Of Becoming Europe's Most Valuable

$500bn

Market Cap. OF Europe’s Most VI LMH 2408+

" Valuable Companies [Top 5", duiy] W e
$400bn N

$100n G

S0t - . :
208 2019 2020 2021 202 2023

chart

1
A

e Goal 1

ProteinMPNN
e Goal 2

Goals of this tutorial

* Redesign alternative peptide sequences based on the
GLP-1:GLP-1 receptor complex crystal structure using

* Binder design of GLP-1 receptor using RFdiffusion

- 41 -




Background: Mechanism of GLP-1

GLP-1 receptor activation in the beta cell

* GLP-1 receptor activation leads to increase in insulin release
* Promote brown adipose tissue activation

* Promotes resting metabolic rate, fatty acid clearance & thermogenesis

Andersen, A., Lund, A., Knop, F.K. et al. Nat Rev Endocrinol 14, 390—403 (2018)

¢ GLP-1 is a natural hormone, a peptlde Wu, F,, Yang, L., Hang, K. et al. Full-length human GLP-1 receptor

Background:
The complex structure of GLP-1 and GLP-1 rece

:«-h =
Appetite
Musele Hear
T Glycogen Tsatity 4 Blood pressure
T Glucose oxidation ] THeaet rate.
( T Myocardial contractility
GLP: T Diastoli function
xumG\ EREEREIRR
et T Endothelial function
»
CONH,
I ihmu\uﬂlulnm
Adipose Gastric emptying
f[b’*:““ d Acid secretion £
e Pancreas — 7
T Glucose uptake: Thasvlin secreson c Y= 1
lﬂﬁwﬂm‘?‘
[+ cteiray Physiological levels of GLPL 1 Pre-<linical studies

structure without orthosteric ligands. Nat Commun 11, 1272 (2020)
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Target PDB: 6X18

GLP-1 peptide hormone bound to Glucagon-Like peptide-1
(GLP-1) Receptor

* Receptor domain: R chain

* Peptide domain: P chain

- 43 -





