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Biomedical research in the age of Al
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Scientific discovery in the age of Al, Nature 2023
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Biomedical research in the age of Al

Therapeutic matching

HOW RESEARCHERS USE LARGE LANGUAGE MODELS

Q: What do you use generative Al tools (such as ChatGPT and other large language

models) for? (Choose all that apply.)

For creative fun not related

L

&

i

|
4

to my research
Diagnostic | |
To help write code odyssey I 1
To brainstorm 5-7 yrs of clinical
research ideas
workups
To help write research
manuscripts 4-8 medical Al
To help do research referrals
~ Toconduct 2-3 misdiagnoses
literature reviews
|

Within scientific
search engines

NeurlPS 2023; NeurlPS 2022; Nature Methods 2024

To help fill out work-related
administrative e-mails

I I
X S |
v X

To help write presentations Generative Al tO v x
To help wite rant design biomolecules medRxiv 2023
applications
To help review research <Q"@\¢‘R
manuscripts High
To help create )
graphics or pictures 3
- % -> ; -> % ->
To help write coursework 4
or exam questlons Encoder ?.u' L Low Decoder
Other ﬁ(:'
Continuous :
59?‘7 hypothesis space Library

Nature Chemical Biology 2022

Al is used to augment research, providing insights that might
not have been possible using traditional methods alone

Generative Al is changing the
way science is done

Scientific discovery in the age of Al, Nature 2023
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Potential for Al in drug design

Treatment Organization Description Phase Lead indication

REC-2282 Recursion Small molecule pan-HDAC inhibitor 2/3 Neurofibromatosis type 2

REC-994 Recursion Small molecule superoxide scavenger 2 Cerebral cavernous malformation
REC-4881 Recursion Small molecule inhibitor of MEK1 and MEK?2 2 Familial adenomatous polyposis
INSO18_055 InSilico Medicine Small molecule inhibitor 2 Idiopathic pulmonary fibrosis

BEN-2293 BenevolentAl Topical pan-tyrosine kinase inhibitor 2a Atopic dermatitis

EXS-21546 Exscientia and Evotec A,, receptor antagonist 1b/2 Solid tumors carrying high adenosine signatures.
RLY-4008 Relay Therapeutics Inhibitor of FGFR2 1/2 FGFR2-altered cholangiocarcinoma
EXS-4318 Exscientia PKC-6 inhibitor 1/2 Inflammatory and autoimmune conditions
BEN-8744 BenevolentAl Small molecule PDE10 inhibitor 1 Ulcerative colitis

Undisclosed Recursion Small molecular inhibitor of RBM39, a Pre-clinical HRD-negative ovarian cancer

CDK12-associated protein

Inside the nascent industry of Al-designed drugs, Nature Medicine 2023



Geometric learning

y a/'o’b\a
o

Geometric prior

i E(O‘ﬂii

|

l Graph abstraction

Tat

https://zitniklab.hms.harvard.edu

Self-supervised learning
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l Mask parts out
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l Extract embeddings
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Message

Target discovery,
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modeling, DNA, RNA,

passing l Predict the
masked parts
Atom-level molecular AA sequence
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Scientific discovery in the age of Al, Nature 2023

Al in drug design: Key innovations

Generative Al
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Our vision: Lay the foundations for Al to enhance the understanding of
medicine and drug design, eventually enabling Al to learn on its own

Predict and
optimize protein
targets

Match therapies to Generate, and

patient benefits

refine therapeutic
candidates

Find relevant
disease, patient
and cell type
contexts
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LLMs + Graphs

Transfer learning

Methods: Geometric deep learning, LLMs + graphs, transfer learning

Geometric deep learning

Thirty years of brain imaging research has converged to define
the brain's default network—a novel and only recently
appreciated brain system that participates in internal modes of
cognition. Here we past observations to provide
strong evidence that the default network is a specific,
anatomically defined brain system [N hen
individuals are not focused on the extemal environment.
Analysis of anatomy in the monkey supports the
presence of an interconnected brain system. Providing insight
into function, the default network is active when individuals are

Pre-iraining graph

Pre-lraining dataset

P SIPT induces the
: g structure of pre-training
graph in the latent space
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Input: an intermolecular patch, comprised of 3D
coordinates the atoms of two interacting molecules

engaged in internally focused tasks including autobiographical
memory retrieval, envisioning the future, and conceiving the
perspectives of others. Probing the anatomy of the
network in detail reveals that it is best understood as multiple
interacting subsystems. The medial temporal lobe subsystem
provides from prior experiences in the form of
memories and associations that are the building blocks of
mental simulation. The medial prefrontal subsystem facilitates
the flexible use of this information during the construction of self-
relevant mental These two subsystems converge
on important nodes of integration including the posterior
cingulate cortex. The implicati of these functional and
anatomical observations are discussed in relation to possible
adaptive roles of the | for using past experiences
to plan for the future, i social i i and imi;
the utility of moments when we are not otherwise engaged by -traini

the external world. We [IBllby discussing the relevance of Pre-training dataset
the default network for understanding mental disorders including X ‘[CLS]Inthe past dec...”
autism, schizophrenia, and Alzheimer's disease.
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* Multimodal LLMs to leverage multimodal biological
sequences and scientific knowledge
Knowledge-graph based models that train self-supervised

models on broad data at scale without pre-defined labels
Geometric and generative Al models that create action
plans for experiments and produce new designs such as
small molecule drugs and proteins from experimental data

Scientific discovery in the age of Al, Nature 2023

Generative Al: Better drug design, molecule optimization,
guiding high-throughput perturbation & interaction screening

)‘ﬁgﬁi‘ Higher ﬁh&
ﬁ(ﬁ % _ Lower QQ} jf\:k

----» Exploration route * Objective

Li et al., Nature Methods 2024; Extefaie et al., Nature Mach Intel 2023; McDermott et al., Nature Mach
Intel 2023; Li et al., Nature Biomed Eng 2022; Zhang et al., ICLR 2022; Zhang et al. NeurIPS 2022; Agarwal
et al., NeurIPS 2022; Huang et al., NeurIPS 2021; Alsentzer et al., NeurIPS 2020; Zhang et al., NeurlPS 2020;
Huang et al., NeurlPS 2020; Queen et al., NeurIPS 2023, He et al.; ICML 2023; Jiali et al.; ICLR 2023; Zhang
et al., NeurlPS 2023; Scott et al., Nature Mach Intell 2023; Sanders et al., Nature Mach Intell 2023;
Agarwal et al., AISTATS 2022; Zhong et al., CVPR 2024
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“apple” is a polysemic word...

Google

O_ grow an apple Q. buy an apple

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

10
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... whose particular meaning is resolved via sentence context

0

grow an apple

jo)

grow an apple tree

jo

grow an apple tree from seed

jo

grow an apple tree in a pot

jo

grow an apple tree indoors

Google

buy an apple|

buy an apple watch
buy an apple gift card
buy an apple tv

y

Sparse Dictionary Learning Recovers Pleiotropy from Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

11



H2AFX is a pleiotropic gene...
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Sparse Dictionary Learning Recovers Pleiotropy frqr;p Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)



... whose particular function is resolved via cell context
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Sparse Dictionary Learning Recovers Pleiotropy frqgn Human Cell Fitness Screens, Cell Systems, 2022
Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)



Can we develop models that dynamically

adjust their outputs to biological
contexts in which they operate?




PINNACLE Al

Precise and cell-type
specific protein
representation learning

Providing outputs tailored to biological contexts is essential for broad use of
foundation models in biology

PINNACLE models support a broad array of tasks:

/" Enhance 3D structural protein representations

» Study effects of drugs across cell-type contexts

& Nominate therapeutic targets in cell-type specific manner
2 Zero-shot retrieval of tissue hierarchy

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)
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PINNACLE: Geometric deep learning for precise protein representation
learning and cell type- and state-specific prediction

Data: Protein networks and Model: Self-supervised contextual GNN
single-cell transcriptomic data (5] P stenion

cell type specificity

V 4

Multiple-organ single cell transcriptomic atlas of humans

i,
t

Average expression of each

177 celltypes gene in the

M < DR g S . B
pih 2 e D S35 A g 7

Meta-graph level attention on cellular
interactions and tissue hierarchy

15 donors 24 483,152 cells of rest of the
tissues/organs cells interest cells

Celltype specific PPl network construction

Celltype 1 goo g 838 1 2 3

i Global reference Extracted activated Celltype specific

Celltype 5 OC)OQ g 8388 PPI network genes PPI network

Attention bridge between protein and
cell type representations

* 2,530.5 + 676.8 proteins per celltype specific PPI network.
Output » 156 celltypes with high quality celltype specific PPI
networks spanning 62 tissues of varying hierarchical scales.

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press) 16
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PINNACLE: Building our intuition

afsf 2

Protein networks across 156 cell type
contexts spanning 62 tissues of
varying hierarchical scales

Protein
embedding
Protein _
embedding region of C1
region of C2
\ .X \ ¢
m T3
Unified embedding space

Self-supervised learning to learn a general encoder
of protein embeddings tailored to cellular contexts

Contextual Al Models for Single-cell Protein Biology, Nature Methods (in press), 2024

17
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PINNACLE produces context-specific protein representations
that are tailored to biological contexts, cell types and cell states

o fE 2

Protein networks across 156 cell type

contexts spanning 62 tissues of
varying hierarchical scales

Protein Embedding Region of Medullary
Thymic Epithelial Cell Context

>rotein Embedding Region of Bronchial Cc
Vessel Endothelial Cell Context

Protein Embedding Region of
esenchymal Stem Cell Context

PINNACLE

Mean SAFE NES = 51.27 + 7.72
Max SAFE NES = 57.57
SAFE Enriched Neighborhoods = 181

Protein Embedding Region of Lung
Microvascular Endothelial Cell Context

Mean SAFE NES = 19.39 + 7.44
Max SAFE NES = 30.48
SAFE Enriched Neighborhoods = 369

Protein Embedding Region of Kidney
Epithelial Cell Context

Mean SAFE NES = 43.72 + 17.50
Max SAFE NES = 65.60
SAFE Enriched Neighborhoods = 174

“ ~ ein Embedding Region of Fibroblast

of Breast Context

P2
T
P1
c1 I
\ T2
P4 c2
P3 \
T3
c3
Mean SAFE NES = 43.50 + 8.48 Mean SAFE NES = 56.20 + 13.79 Mean SAFE NES = 52.62 + 3.84
Max SAFE NES = 51.01 Max SAFE NES = 65.49 Max SAFE NES = 62.46
Legend P5 SAFE Enriched Neighborhoods = 216 SAFE Enriched Neighborhoods = 129 SAFE Enriched Neighborhoods = 208

Attract
®—® Repel

O Latent protein region Self-superVised Iearning to Iearn a general enCOder
aecameecnet of protein embeddings tailored to cellular contexts

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

500,000 protein latent representations
contextualized to 156 cross-organ cell types
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PINNACLE enables contextualized, precise predictions of
drug effects across cell types and cell states

Protein representations

Cell type contexts
(e.g., astrocytes, subsets of
inhibitory neurons)

Major cell types

Multi-modal deep learning to identify
changes at the single-cell level predictive of
cognitive and behavioral phenotypes

Cell type Cell type Cell type
context context context

Low AD pathology

G
S5

PINNACLE:
Sl S

C1 c2 ©3 | C1%

T T2 I3 T64

Transfer learning across cellular
contexts to predict if candidate drugs
affect disease-relevant cell types

Protein m Cell type

=

Prior work:

X Not available

X Not available

Functions: synaptic signaling, lipid metabolism,
mitochondrial function, lipid and cholesterol biosynthesis

High AD pathology

Identify molecules that are most
effective at modulating astrocytes

§-

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press) 19
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Contextualized prediction: Setup

Cell Type 1 Cell Type 2
o
9'
o '\
\\\\ .
SS \,
Sso AN
£ S A
S
5 PINNACLE
& 1 1 1
' ' '
1 1 1
! ! !
o
S
® Predictor Module
<
i
| | |
! 1 1
0.9 05 e 0.7
Cell Type
1 2 ... N
Protein1 § 09 05 ... 0.7
Protein2 § 0.3 04 ... 0.1
ProteinM | 0.6 0.8 ... 0.2

Cell Type N

| uleloid

Downstream task: Is a given
protein a strong candidate for
a therapeutic area of interest?

Output: Predicted probability
of Protein 1 in Cell Types 1, 2,
..., N being a target for the
therapeutic area of interest?

Additional insights: Which

cell type is highly predictive to
examine therapeutic targets?

§-8

o ‘..:

Druggable proteins in PPIN Proteins from clinical

trials >= phase 2

Proteins investigated

Druggable proteins in PPIN not in clinical trials

studied in a therapeutic area

Proteins studied in a

Negative training examples therapeutic area

Proteins from clinical trials
>= phase 2 in PPIN

Positive training examples

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press) 20
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Dataset & experimental setup

(seed f:lisea§e and its descendants Ulcerative
in a disease ontology) proctosigmoiditis

Colitis

Psoriatic arthritis Ankylosing Ulcelrf[‘j“ve
spondylitis COlitiS
2. Curate clinical trials for diseases Micr0§90pic
(at least one completed clinical colitis
phase Il or more)
Lymphocytic
colitis Collagenous
colitis
Clinical  Unique Unique Clinical  Unique
3. Curate list of candidate targets phase  drugs  proteins phase  drugs
(proteins targeted by a drugin a 2 81 110 2 41
clinical trials) 3 27 26 3 21
4 94 49 4 59

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

L Open Targets

Rheumatoid Inflammatory bowel
1. Specify therapeutic area arthritis (RA) disease (IBD)

Proctitis

disease Appendicitis

Crohn’s
colitis

Small bowel
Crohn’s disease

Unique
proteins

67
26
46

21



PINNACLE

RA Model
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156 contexts
outperform Random Walk
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PINNACLE accurately nominates therapeutic targets for RA and IBD in a
cell-type specific manner, whereas existing data integration models
conflate cell-type specific information, leading to poor performance

0.0

0.2

0.4

APR@5

0.6

0.8

1.0

I © ©
o0 g0 O 00 (K J o I¢)
oo...ooo.::o .o..o.ooo ® o ©
PNNACLE 188€00€ €065.200.% % % %°® %2% ¢, ¢¢e o o0 oo o o
o0 © o 9% .9 o e
se e *%
BIONIC -
()
©
O
=
Q 57 contexts
9 CAT . outperform GAT
Random _|. 152 contexts
Walk outperformRandom Walk
OfO 012 0?4 0?6 0?8 170
APR@5

PINNACLE’s representations predict drug targets for RA and IBD significantly better than context-free

Contextualizing Protein Representations Using Deep Learning on Protein Networks and Single-Cell Data, Nature Methods, 2024 (in press)

methods. PINNACLE also finds most predictive cell type contexts for investigating protein targets. PINNACLE
supports the study of drug effects across cell type contexts.

22
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Bngham and Women’s Hospital

PINNACLE considers core disease processes in rheumatoid
arthritis to identify candidate targets in cell type-specific manner

APR @5

1.0 1 CD4+ helper T cell
Classical monocyte - e 0973
oo ol NAMPT neutrophil - e 965
CD1 loid Intermediate monocyte - e 951
C+ myelol
0.8 - dendriticycell Mesenchymal stem cell - 91.1
Gut endothelial cell Regulatory T cell ° 91.0
/ Jrendometatee Naive regulatory Tcell { 8.3
0l Ee— Regulatory T cell Radial glial cell - 6.3
' e <\ CD141+ myeloid Myeloid cell e 3.1
',' dendritic cell Non-classical monocyte e 2.1
(]
« B cell Skeletal muscle satellite stem cell - 2.0
————— | — — w - e e e e e e e e e e e e e T T Ll T T
0.4 4 Pancreatic . 0 20 40 60 80 100
: Mature NK
acinar cel / ':'«.,,\ Toel ooV Percentile of IL6R
CC[;?(;;LF?: ?Il'_ctzgltla P ¢ / hepatic sinusoid
0 fomm—mmm—m = - _\:_ — -t - G = mmmmFmmmmmmmmm e APR@K = Z Precision@k - rel(k)
. Naive regulatory | @ / Hepatocyte Duodenum "= /
T cell DN3 @ e, («« glandular cell /
Type | NK thymocyte / ‘e, . Total number of ;:I>Sret2|i :l(gr]]
0.0 - T cell Epithelial cell b, creatic f e (€ Qe reIe;/k?:’f[(ljterzs " relevant?
of uterus alpha cell p
How many of the top

Cell Type Context

k predictions are
relevant?

® Epithelial context ® Endothelial context Immune-Stromal context

PINNACLE
)

Stromal context ®  Immune context Stromal-Epithelial context

== GAT on global PPI network

Germ line context
== BIONIC
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PINNACLE considers core disease processes in inflammatory bowel disease

APR @ 5

to nominate candidate targets in cell type-specific manner

CD4+ alpha-beta

= memory T cell
1.0 Ey S Regulatory T cell - o 96.8
— __ Enterocyte of epithelium s i
“— Troliou of large intestine Dendritic cell L 90.3
officuiar Myeloid dendritic cell - e 88.8
helper cell
0.8 - Granulocyte - ° 88.3
' : Plasmablast .
‘\ CD8+ af cytotoxic T cell - o 86.2
\ Myeloid dendritic cell CD1c+ myeloid dendritic cell - o 16.8
% Large intestine goblet cell Monocyte 4 e 11.0
061 _ 7/: —'; ——————————————————————— Type | natural killer Tcell { e 10.8
B cell @ «— ntestinal tuft cell Plasmacytoid dendritic cell { e 6.1
o .
Regulatory n’ — Natural killer cell T | | | | | 1.6
0.4 1 T cell @ Transit amplifying cell 0 20 40 60 80 100
. - - .
Type | NK /}' W~ oflarge intestine Percentile of ITGA4
T cell « < Naive regulatory | K
Goblet cell % T cell _ o
02+ / ol "(m,m"_ ___________________________ Limbal APR@K = " kz_; Precision@k - rel(k)
CD4+ helper R ) . stem cell = /‘
T cell e /
CD141+ myeloid (@, Is the kth
dendritic cell e Total number of dicti
Intestinal crypt stem cell “w we relevant items in prediction
0.0 - of small intestine > W Q@ @ «e the top K relevant?
How many of the top
k predictions are

PINNACLE

[ ® Epithelial context ® Endothelial context Immune-Stromal context Germ line context ] == GAT on global PPI network

Stromal context ®  Immune context Stromal-Epithelial context == BIONIC
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Contextualized predictions by integrating
PINNACLE with 3D structures

B . o X% .38 1.00 1
b & & %
® @ Binding proteins
_.‘!‘ Maximize the gap ‘_‘ . X o )
‘Q """ betweenbinding and  {.% ---=-- 0.99 Non-binding proteins
non-binding proteins '
Binding proteins Non-binding proteins
0.98 4 0.006 °
® ] 0.003
o
9 0.015
® ¢
0.97 A
&

Context-free proteinrepresentation

- TR TR A R
+ feeecciciege s 0.011
Sy 0 LLLRRIRRINNINL O niriiliiililig .
h_

-4 3D protein structure ~ Concatenate N cell type context 0.96 -
(MaSIF)
& Contextualized protein representation 0.95 . . : .
Ao . s PD-L1 CTLA-4 PD-L1 CTLA4
3D protein structure Cell type context "
. P (MaSIF) (plmACLE) Context-free Contextualized

representations representations

PINNACLE’s representations enhance 3D structure-based protein representations for important protein
interactions in immuno-oncology (PD-1/PD-L1 and B7-1/CTLA-4)

Contextual Al Models for Single-cell Protein Biology, Nature Methods (in press), 2024 o5
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Generative sequence-structure models enable atom-level
predictions of ligands binding to biological targets

. . [ —— (EBSM-Z 158 = gé;:(“?'m == ZXYJAN Or'g'nal — :::.;:':thll

Generative models: ) m{ L = =

t ESM-2 150M —— dyMEAN
« co-design of protein pocket sequence :* conzan | " I
&% ® g 8
and 3D structure :
= = 40 dey MEAN - |
» selective small molecule ligands : ' =
Numbers of total parameters (millions) CrossDocked MOAD Vina Score {kcalimol)

* Opt|mlzed PPI Interfaces Iterative refinement based on side- 10x faster than current Al, 45% better hit rate than
chain effects, ligand flexibility, and 15% better accuracy (AAR, current Al, need to generate
sequence-structure consistency RMSE, docking score) fewer molecules to find a hit

sgred g, Prske) Molecula.r property
s predictors

-3.00 0.00 3

o

0

¢ P-value <0.05
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) . DHCR7
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[(rmoor of—ry J_‘i pr——
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@ i 1_ SCAMOL®
Mewalonic acid-5P Lanosterin CYP51A1
PMVK

Mevalonic acd 5-pyrophosphate ‘ (S)2 3-Epaxysqualene ‘

)

|

isopentenyl pyrophosphate Squalene

Dimethylallyl PP
Geranyl-PP famesyl pyrophosphate l

Key disease mechanisms, shared
effects, interaction effects

i*

Unified Representation

Generative sequence-structure

models

LSS-MSMO1 binding
HMGCR-targeted
PROTAC comprising
a VHL ligand

Predictions

Priority lists of generated
molecular structures

Gysi et al., PNAS 2021; Ruiz et al., Nature Communications 2021; Full-Atom Protein Pocket Design via Iterative Refinement, NeurlPS 2023;
PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024
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Sequence-structure co-generation of protein pockets

= Generating high-fidelity protein
pockets —an area where a protein
interacts with a ligand molecule

» Complex interactions between ligand
molecules and proteins

= FHexibility of ligands and AA side
chains

= Complex sequence-structure
dependencies
» PocketGen generates residue
seqguence and full-atom structure
within protein pocket region

Full-Atom Protein Pocket Design via Iterative Refinement, NeurlPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024
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Iterative refinement of both sequence and structure in the protein pocket
to maximize binding affinity with small molecule ligand

Ligand Protein
Molecule Bilevel Graph
Structural Transformer
( Initialization
//( Sequence
Refinement

————— 4 \
, N 7" . 22x3 7 ) ] N
X €RYD, 1 \‘ 2 o4 rgg‘@ :, : iim‘; | Residue/ligand-level Atom-level | [ \I
H e RO\ 1 \ M o : Interaction Interaction | : p N
NERZEVES ) | o aylp) | AN
] \ , -, ~ N , , ~ N I , 4 | JW 1 I
Bilevel Graph \ i \ | \ / WAL | AR
/ 7
Transformer L= : L AN | By 0¢ o : < —~— N "
\ \ /7 (4] / I llllllllll S 7
/ © \ ~ 4 N © / I
&0 1 x R4 I Bij ~-=7 ~-=7 I /

[ i€ . J Updated Features
\\ (4] . o/, b2 = R14><c1 l \ / atomp I I I P I
N \O_ - Z ! ~ - - - / ~N /

Unified Representation Bilevel Attention Feature and Coordinate Update

Full-Atom Protein Pocket Design via Iterative Refinement, NeurlPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024
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Iterative refinement of both sequence and structure in the protein pocket
to maximize binding affinity with small molecule ligand

Ligand Protein
Molecule €Sq " Bilevel Graph
\‘ Structural Transformer
OH \ ., . . .
/\/ Pocket | Initialization
/< > Sequence
/ o -
\ﬁ) Refinement
...FDGK??7???7??FPP... ...FDGKDGLLAHAFPP...
4 ...FDGKDGLLAHAFPP...
' t
Bottlenecked FFN Sequence Decoder ———
\ Up Project / 7~ N
Sequence : T | Structural Adapter Layer
i i +
Refinement / Down Projoct \ L Multi-head ATTN+FFN )
l ( Transformer L A
Multi-Channel Structure Features . Tansiormer Layer "
Transformer Multi-head ATTN+ROPE L Multi-head ATTN+FFN ) N
4
| f
Sequence Features
..FDGK??7??7???FPP.

Full-Atom Protein Pocket Design via lterative Refinement, NeurlPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024
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PocketGen generates protein pockets with higher binding affinity
and structural validity than existing models

| PocketOpt DEPACT dyMEAN FAIR RFDiffusion PocketGen
Top-1 generated protein pocket
Vina score () -9.216 -8.527 -8.540 -8.792 -9.037 -9.655
Success Rate (T) 0.92 0.75 0.76 0.80 0.89 0.97
RMSD () - 1.47 1.44 1.39 1.13 1.21
pLDDT (1) - 82.1 83.3 83.2 84.5 86.7
scTM (T) - 0.901 0.906 0.899 0.924 0.937
Top-3 generated protein pockets
Vina score () -8.878 -8.131 -8.196 -8.321 -8.876 -9.353
RMSD () - 1.45 1.43 1.40 1.18 1.24
pLDDT (7) - 81.9 82.8 83.1 84.6 86.2
scTM (T) - 0.896 0.892 0.897 0.929 0.934
Top-5 generated protein pockets
Vina score () -8.702 -7.786 -7.974 -7.943 -8.510 -9.239
RMSD () - 1.46 1.45 1.42 1.25 1.22
pLDDT (1) - 82.2 82.9 83.3 84.3 86.1
scTM (T) - 0.892 0.903 0.886 0.926 0.935
Top-10 generated protein pockets
Vina score () -8.556 -7.681 -7.690 -7.785 -8.352 -9.065
RMSD (]) - 1.53 1.44 1.41 1.26 1.28
pLDDT (1) - 81.5 82.7 83.0 84.2 85.9
scTM (1) - 0.895 0.896 0.884 0.924 0.931

Improved structural validity, amino

acid sequence recovery, and affinity

Full-Atom Protein Pocket Design via Iterative Refinement, NeurlPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024

with target ligands

Runtime (s)

Model CrossDocked Binding MOAD
L AAR (1) RMSD (]) Vina (]) AAR (1) RMSD () Vina (])

Test set - - -7.016 - - -8.076
DEPACT 31.52+3.26%  1.59+0.13 -6.632+0.18 35.30+2.19% 1.52+0.12 -7.571+0.15
dyMEAN 38.71+2.16% 1.57+0.09 -6.855+0.06 41.22+1.40% 1.53+0.08 -7.675+0.09

FAIR 40.16+1.17% 1.46+0.04 -7.015+0.12 43.68+0.92% 1.37+0.07 -7.930+0.15
RFEDiffusion 46.57+2.07% 1.44+0.07 -6.936+0.07 45.31+2.73% 1.45+0.10 -7.942+0.14
PocketGen  63.40+1.64% 1.36+0.05 -7.135+0.08 64.43+2.35% 1.32+0.05 -8.112+0.14
. mEm PocketOpt WS dyMEAN as | —
10 | DEPACT FAIR ESM-2 650M
RFDiffusion PocketGen PockEtRER ESM-1b 650M
60| ESM-2 150M
o Proportion
l S I to trainable
ol l I gz; 55 ESM-2 35M BBrEMS
8 ()
g 50! 1%
m -
RFDiffusion .
45¢
2| 100%
10 I I 40+ FAIR
I I quEAN ‘ . . .
6 7 8 9 10
10 10 10 10 10

CrossDocked MOAD

Better generation
efficiency

Numbers of total parameters (millions)

Performance wrt
protein LM size
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PocketGen can redesign pockets of antibodies, enzymes,
and biosensors for target ligand molecules

Cortisol (HCY)
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Full-Atom Protein Pocket Design via Iterative Refinement, NeurlPS 2023; PocketGen: Generating Full-Atom Ligand-Binding Protein Pockets, bioRxiv 2024
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Algorithmic innovation and advances in therapeutic science

R

Biomedical
scientists

Global initiative to access and evaluate Al across therapeutic modalities and stages of drug discovery

270,000 active use cases of Al for drug design and therapeutic use prediction / 90,000 users worldwide
Ongoing collaborations with drug designers in immuno-oncology, rare genetic diseases and neurodegenerative diseases
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We develop Therapeutics Commons, a data and Al model hub across

therapeutics modalities and stages of discovery
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270,000 active use cases of Al for drug design and therapeutic use prediction / 90,000 users worldwide .
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Hit & Lead Clinical
Discovery Trial

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS 2021; Artificial Intelligefite
Foundation for Therapeutic Science, Nature Chemical Biology 2022; Scientific discovery in the age of Al, Nature 2023
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Capabilities of the Commons

Generative Al:

= Biological target nomination = Mutation effect prediction

» Target validation » Binding of ligands to targets

= Molecular interaction screening = Molecular design and optimization

Designed (2pc8)

Predictive Al:

Reference (2pc8) Designed (6p7r)

Reference (6p7r)

Z%ng;/ / ?‘f

1

1

1

1

|

1

1 & =2
: C \f‘/ K ‘
:

1

1

1

:

1

| want to generate a highly potent compound that
effectively binds a therapeutic target.

N
' 4
Input Answer
" Ly Pocket Seq: EYHNNEYFQW Pocket Seq: DEHNDYYEQW Pocket Seq: YYFKVKM Pocket Seq: FYMKGKM
Machine M'D Vina Score: -5.98 Vina Score: -7.12 Vina Score: -7.33 Vina Score: -7.74
l E> learning E:} whd § LT
model _ CrossDocked Binding MOAD
% Aég::z[‘a;gd Model AAR(T) _RMSD ()  Vima Q) AAR(T)  RMSD()  Vima ()
Therapeutic target PocketOptimizer ~ 27.89+14.9%  1.75+£0.08 -6.9054+2.39 28.78+11.3%  1.68+0.12 -7.8294+2.41
DEPACT 22.58+8.48% 197+0.14 -6.670+2.13 26.12+897%  1.76+0.15  -7.526+2.05
HSRN 31.62+104%  2.15+0.17 -6.565+1.95 33.70+10.1% 1.83+£0.18 -7.349+1.93
: _ : : : Diffusion 34.62+13.7% 1.68+0.12 -6.725+1.83 36.94+12.9%  147+0.09 -7.724+236
Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, MEAN 35.46+8.15% 1.76+0.09 -6.891+186  37.16+14.7% 1524009 -7.651+1.97
NeurlPS 2022; Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical FAIR WITE16% 1A2L087 0Ll BI5E152% 1355000 9781191

Biology 2022; Full-Atom Protein Pocket Design via lterative Refinement, NeurlPS 2023
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Therapeutics Commons is a hub of unified datasets, Al models, and

O@o Formulating Meaningful
% Therapeutics ML Tasks

[E, Sourcing & Processing
- Biomedical Datasets

Developing Powerful
@3 Machine Learning

Models

Evaluating Realistic
=%} Model Performance

Comparing with the
State-of-the-art

Al tasks and curated
benchmarks

benchmarks across therapeutic modalities

Propose a compound with similar
properties to the drug Dasatinib.
Find a few compounds with the
same MOA/target, and modify
them to make a novel (not
patented) compound

TDC benchmarks provide datasets, dataset splits,

and performance metrics to evaluate Al methods
Team 1 Ho J<°'1’" D Synthesizability

Ho-RC Fow Diversity
. Training D Molecular novelty
Docking score
] AUPRC Large Al
Validation {(__) MSE model
Testing {D
TDC dataset TDC split TDC evaluator

Team N l

One compound with a similar
MOA/target as Dasatinib is
AZDO0530, which also inhibits Fyn

kinase ...

Leaderboards with best-in-class
methods for therapeutic tasks

Pre-trained language models
for key therapeutic tasks

Interactive human-Al design
to close the feedback loop

Therapeutics Data Commons: Machine Learning Datasets and Tasks for Therapeutics, NeurlPS 2021
Artificial Intelligence Foundation for Therapeutic Science, Nature Chemical Biology 2022
Scientific discovery in the age of Al, Nature 2023
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