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) Project guideline //4 ) resraxe,

Course project report and discussion @ final:

Give a presentation (15min) that
A Formulates the problem in terms of the 5 questions before, each with one slide.

A Then detail the proposed method (3-4 slides) that uses an Al technique to solve the problem.
A Then report the main experiment results (3-4 slides)

Submit a project report that summarize the project.

15 Course Project Reporting and Discussion (1) Thur, 5/29 Tailin Wu
16 Course Project Reporting and Discussion (2) Thur, 6/05 Tailin Wu
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D Video: The inner life of the cell /AT Ry




»» Biological processes and central dogma // Eﬁj NESTLAKE
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»>» Omics in Life Science and Biomedicine //@ WESTLAKE
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D> Life science: Big questions // W) ORrersiry

Protein structure prediction and design Drug discovery

Single cell and spatial omics
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D> Life science: Big questions // @ ey

Neuroscience and brain research Microbiology and infectious disease research
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Outline

=4 Al for protein structure prediction and design
=4 Al for genetic computation and regulation

= Al for spatial omics

Al agent for scientific research

Al Virtual Cell (AIVC)



D Scope of Al + Life Science /AT Ry

Tasks Neural architecture

ﬁ Multilayer perceptror“

A Graph Neural

Classification/

regression
_ _ Networks
Simulation _
_ A Convolutional Neural
Inverse design/ NE ke

inverse problem
A Transformers

Control/planning / \ /

Application (Science)

Learning paradigm

/A Supervised learning \

A Generative modeling
A Foundation models

A Reinforcement learning
A Evolutionary and multi-

K objective optimization /

A Life science

e e 3 )
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Al for protein
structure prediction

and design

WESTLAKE 3
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1. AlphaFold 2 & 3: Protein structure prediction
2. Protein design
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D> Nobel prize in chemistry 2024 // () Lesraxe,

) NOBELPRISET | KEMI 2024 (5% VETENSKAPS
THE NOBEL PRIZE IN CHEMISTRY 2024 &2/ AKADEMIEN

David Baker Demis Hassabis John M. Jumper
University of Washington Google DeepMind Google DeepMind
USA United Kingdom United Kingdom

"fér datorbaserad proteindesign” for proteinstrukturprediktion”

“for computational protein design” “for protein structure prediction”




»Y» Protein sequence, structure, and function // EU] WESTLAKE

UNIVERSITY

Protein structure prediction

—

Structure Function

Sequence

MKIAEIQLFQHDL
PVVNGPYRIASGD

VWSLTTTIVKIIA Modeling

EDGTIGWGETCPV
GPTYAEAHAGGAL
AALEVLASGLAGA
EALPLPLHTRMDS
I 0

Al

Protein design
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»> AlphaFold 2: Highly accurate protein structure prediction // LUJ WESTLAKE

Article

Highly accurate protein structure prediction
with AlphaFold

https://doi.org/10.1038/s41586-021-03819-2

Received: 11 May 2021

Accepted: 12 July 2021

Published online: 15 July 2021

Open access

M Check for updates

John Jumper'**, Richard Evans'*, Alexander Pritzel'*, Tim Green'*, Michael Figurnov'*,
Olaf Ronneberger'#, Kathryn Tunyasuvunakool'#, Russ Bates'*, Augustin Zidek'*,

Anna Potapenko'4, Alex Bridgland'#, Clemens Meyer**, Simon A. A. Kohl*?,

Andrew J. Ballard'*, Andrew Cowie'?, Bernardino Romera-Paredes'*, Stanislav Nikolov'4,
Rishub Jain'*, Jonas Adler', Trevor Back', Stig Petersen’, David Reiman’, Ellen Clancy’,
Michal Zielinski', Martin Steinegger®®, Michalina Pacholska', Tamas Berghammer',
Sebastian Bodenstein', David Silver', Oriol Vinyals', Andrew W. Senior', Koray Kavukcuoglu’,
Pushmeet Kohli' & Demis Hassabis"**

Proteins are essential to life, and understanding their structure can facilitate a
mechanistic understanding of their function. Through an enormous experimental
effort™*, the structures of around 100,000 unique proteins have been determined’, but
this represents a small fraction of the billions of known protein sequences®”’. Structural
coverage isbottlenecked by the months to years of painstaking effort required to

John jumper

> =

Demis Hassabis

Jumper, John, et al. "Highly accurate protein structure prediction with
AlphaFold." nature 596.7873 (2021): 583-589.

13



D Problem definition /AT Ry

Input: Primary amino acid sequence Target: 3D coordinates of all heavy atoms
(sequence of 20 types of amino acid) (including the side chain)
MKIAEIQLFQHDL

PVVNGPYRTIASGD
VWSLTTTIVKITIA
EDGTIGWGETCPV
GPTYAEAHAGGAL
AALEVLASGLAGA
EALPLPLHTRMDS

1k o

Residue 7

Side Chain

lllustrations of protein structure: Each amino acid contains nitrogen (0 ), alpha-carbon (0, ),
carbon (0), and oxygen (0) atoms, as well as atoms in the side chain (known as R-group)

14



Y Significance and difficulty //4 ) resraxe,

Significance:

Proteins are essential to almost all processes in life. Understanding their structure can
A Facilitate a mechanistic understanding of their function

A Design better drugs

Difficulty:
A Combinatorial complexity:  Proteins are composed of amino acids that can rotate around
bonds, creating an astronomical number of possible conformations.

A Energy landscape challenges: The energy landscape is rugged, with many local minima.

A Dynamic and disordered regions:  Proteins are dynamic, often adopting multiple
conformations or containing intrinsically disordered regions that lack a fixed structure.

15



> Limitation of prior methods /AT Ry

Experimental methods: B  crystal

A X-ray crystallography and cryo-EM can provide structural data, but y‘
they are resource-intensive and not always feasible.

A For billions of know protein sequences, the structure of only - S diffraction
~100,000 unique proteins have been determined. . o Pottem

Computational methods:

A Physics -based simulations : Require immense computational power,
even for small proteins. For example, molecular dynamics (MD)
simulate on the time scale of p 1 s, but some protein dynamics
happen on the time scale of p 1T s.

. electron

Srie -
density map
L

refinement

A Evolutionary methods : Derive constraints on protein structure from atomic
bioinformatics analysis of the evolutionary history of proteins. But they
have difficulty in due to lack of templates when dealing with novel folds.

They are far short of experimental accuracy. Workflow for X-ray crystallography

16



) Key result of AlphaFold 2 //4 ) resraxe,

In CASP14 assessment, AlphaFold
structures were vastly more accurate than
competing methods:

A AlphaFold: 0.96 Ar.m.s.d.q:
A Next best method: 2.8 A r.m.s.d.q:

Median Co. r.m.s.d.q (A)

NT OODNONOOWWWOOTNMWO
AN ONANOMANDOD®O©N WL T
T O r-—SOSTIITOMNOANN
O OCOCOCOOCGCOO0O0GC0OO0O0

o —
|
AlphaFold

r.m.s.d.qs: Cy root-mean-square deviation at 95%
residue coverage 17



»> Key result of AlphaFold 2 //El.jj

Accurate prediction compared with experiment:

b Cc

N terminus

WESTLAKE
UNIVERSITY

AlphaFold Experiment AlphaFold Experiment AlphaFold Experiment
r.m.s.d.qs = 0.8A; TM-score = 0.93 r.m.s.d. = 0.59 A within 8 A of Zn r.m.s.d.q5 = 2.2 A; TM-score = 0.96
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»» Main pipeline of AlphaFold 2 //@
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»> AlphaFold 2: Evoformer // W) ORrersiry

EVOfO rmer: / 48 blocks (no shared weights) \
§ .
@ MSA wise Tran- @ MSA
g§ representation | — . gated e | representation
‘ attention sition D
, (s.r0) with bair self- 3 (s.r,c)
Q‘? bia‘; attention R‘?
Outer
product
mean
Triangle Triangle Tr:saer;gle Tr:gllfg-le
Pair Y, Update Update attention attention Tran- Pair
representation using using e —»  representation
(r,r,c) outgoin incomin i L Sl (r,r,c)
"R o dg esg od esg starting ending "R
\ 9 9 node node /
| J
1
Graph and its update: ‘
c Triangle multiplicative update Triangle multiplicative update Triangle self-attention around Triangle self-attention around
b Pair representation Corresponding edges using ‘outgoing’ edges using ‘incoming’ edges starting node ending node
(r,r,c) in a graph

=:
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»>» Main pipeline of AlphaFold 2 // U)J (ESTLake,
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»>» AlphaFold 2: IPA module //LUJ

Invariant point attention (IPA)

module predicts 3D structure:

Pair

representation
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d ~
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/\
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» AlphaFold 2: Predicting 200 million protein structures |U) fesreaxe

UNIVERSITY

Later, using AlphaFold 2, DeepMind has determined the structure of over 200 million protein structures
from 1 million species, covering almost every known protein on the planet.

nature

Explore content v  About the journal v  Publish with us v Subscribe

nature > news > article

NEWS | 28 July 2022 | Correction 29 July 2022

‘The entire protein universe’: Al
predicts shape of nearly every
known protein

DeepMind’s AlphaFold tool has determined the structures of around 200 million
proteins.

24



»» AlphaFold 3: Structural prediction of biomolecular interactions // W)

Article

Accurate structure prediction of
biomolecular interactions with AlphaFold 3

https://doi.org/10.1038/s41586-024-07487-w  Josh Abramson'’, Jonas Adler"’, Jack Dunger"’, Richard Evans'’, Tim Green"’,

. Alexander Pritzel'’, Olaf Ronneberger'’, Lindsay Willmore'’, Andrew J. Ballard',
Received: 19 December 2023 Joshua Bambrick?, Sebastian W. Bodenstein', David A. Evans', Chia-Chun Hung?,
Accepted: 29 April 2024 Michael O’'Neill’, David Reiman', Kathryn Tunyasuvunakool', Zachary Wu', Akvilé Zemgulyté',
Eirini Arvaniti®, Charles Beattie®, Ottavia Bertolli®, Alex Bridgland®, Alexey Cherepanov®,
Miles Congreve’, Alexander I. Cowen-Rivers®, Andrew Cowie?, Michael Figurnov?,

Open access Fabian B. Fuchs®, Hannah Gladman?, Rishub Jain®, Yousuf A. Khan®%, Caroline M. R. Low?,
Kuba Perlin®, Anna Potapenko?®, Pascal Savy*, Sukhdeep Singh?®, Adrian Stecula®,

Ashok Thillaisundaram?, Catherine Tong*, Sergei Yakneen®, Ellen D. Zhong?¢,

Michal Zielinski®, Augustin Zidek®, Victor Bapst'®, Pushmeet Kohli'®, Max Jaderberg®®™,
Demis Hassabis"*** & John M. Jumper"®*

Published online: 8 May 2024

M Check for updates

The introduction of AlphaFold 2' has spurred arevolution in modelling the structure
of proteins and their interactions, enabling a huge range of applications in protein
modelling and design’®®. Here we describe our AlphaFold 3 model with asubstantially
updated diffusion-based architecture that is capable of predicting the joint structure

WESTLAKE
UNIVERSITY
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>)) AlphaFold 3: Structural prediction of biomolecular interactions // @ WESTLAKE

UNIVERSITY

AlphaFold 3 can predict the joint structure of complexes including
proteins, nucleic acids, small molecules, ions and modified residues

Bacterial CRP/FNR family transcriptional Human coronavirus OC43 spike protein, 4,665 residues,
regulator protein bound to DNA and cGMP heavily glycosylated and bound by neutralizing antibodies

26



>)) AlphaFold 3: Structural prediction of biomolecular interactions // Eﬁj WESTLAKE

UNIVERSITY

Pipeline of AlphaFold 3:
It consists of a diffusion module for predicting the 3D structure.

Template § &
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s nputs >
Genetic | === P 1 1 3 > module
search =5 1 l (4 blocks)
i Input Template MSA v
Coinarher a@ e {E)—» module module . o
neration '*W (3 blocks) | pair (2 blocks) (4 blocks) Pairformer Diffusion
Sequences, 9 / : (48 blocks) module e
ligands, I 2 R (3 + 24 + 3 blocks) ~“X
cgvalcclant Single | A | '
onds
Recycling

Diffusion iterations
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Al for protein
structure prediction

and design

WESTLAKE 3
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1. AlphaFold 2 & 3: Protein structure prediction
2. Protein design
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UNIVERSITY

>)) RFDiffusion: De novo design of protein structure & functi 0/7 LUJ WESTLAKE

Article

De novo design of protein structure and
function with RFdiffusion

https://doi.org/10.1038/s41586-023-06415-8

Received: 14 December 2022

Accepted: 7 July 2023

Published online: 11 July 2023

Open access

% Check for updates

Joseph L. Watson'2"5, David Juergens'?*'°, Nathaniel R. Bennett'23', Brian L. Trippe®*°'5,
Jason Yim>'5, Helen E. Eisenach'*'5, Woody Ahern'>*'S, Andrew J. Borst'?, Robert J. Ragotte'?,
Lukas F. Milles"? Basile I. M. Wicky'?, Nikita Hanikel?, Samuel J. Pellock? Alexis Courbet">2,
William Sheffler'?, Jue Wang'?, Preetham Venkatesh'??, Isaac Sappington*>®,

Susana Vazquez Torres"%>?, Anna Lauko"??, Valentin De Bortoli, Emile Mathieu™,

Sergey Ovchinnikov"?, Regina Barzilay®, Tommi S. Jaakkola®, Frank DiMaio"?, Minkyung Baek®
& David Baker'2"*>

There has been considerable recent progress in designing new proteins using deep-
learning methods' . Despite this progress, a general deep-learning framework for
protein design that enables solution of a wide range of design challenges, including
denovo binder design and design of higher-order symmetric architectures, has yet to
be described. Diffusion models'®" have had considerable successinimage and

' ih“ ¥

David Baker
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»>» Protein design: Problem definition // WUJ 5ensisy

Unconditional design: Generate new samples of protein structures
@ Dn(w )

Conditional design: Generate new samples of protein structures given
conditions

W D n(® W€ 9 0

30



»>» Protein design: Problem definition //Ejj WESTLAKE

Forward (noising) process

M0,1) m Single m

Gaussian
noise

& Protein
A\ structure

Reverse (generative) process

31



»» Diffusion models: Training and inference //@ WESTLAKE

UNIVERSITY

 dfraining data
W : training data with 0 steps of added noise
T ddenoising network to be learned

Training: Inference (sampling):
Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: X ~ N(O, I)
2: xowq(xo) 2: fort=1T,...,1do
i- tNIJ{/I}(ICf}OIiI)H({la---,T}) 3: z~N(0,I)ift > 1,elsez=0
I € : o
5: Take gradient descent step on 4 X1 = \/La—t Xt — \}ﬁeﬁ'(xht)) + o1z
Vo ||e — €g(varxo + V1 — c‘zte,t)HQ 5: end for
6: until converged '\ 6: return xo denoise step-by-step

input: data with 0 steps of added noise
predict: the noiseT added For conditional generation, replace

" (why) by (0hoé D

[1] Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic
models." Advances in neural information processing systems 33 (2020): 6840-6851.
32



»» RFDiffusion: Conditional generation
X, NCNCONCONCONCONC N

Unconditional

RFDiffusion can design proteins
based on conditioning information:

A Partial sequence

A Binding target

A Fold information

A Functional-motif coordinates

/4T

WESTLAKE
UNIVERSITY
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>)) ESM3: Jointly generate sequence, structure, and functio // LUJ WESTLAKE

UNIVERSITY

Masked decoding: . o~

alpha/beta hydrolase t=0

Hayes, Thomas, et al. "Simulating 500 million
years of evolution with a language
model." Science (2025): eads0018.
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»» Biological processes and central dogma // Eﬁj NESTLAKE
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»> Gene perturbation // @ NESTLAKE

nNWe still cannot predict how a cell wil
previously unstudied gene. o
-- Molecular Biology of the Cell

40



