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DESIGNING REAL DRUG CANDIDATES
IS CHALLENGING

Target Product Profile (TPP) for oral SARS-CoV-2 main viral protease (Mpro) inhibitor Ed Griffen

Property Target range Rationale Medchemica

protease assay ICs50 < 10 nM Extrapolation from other anti-viral programs

viral replication assay ECso < 5 uM Suppression of virus at achievable blood levels

plaque reduction assay ECs0 < 5 uM Suppression of virus at achievable blood levels

route of administration oral bid/tid - compromise PK for potency if pharmacodynamic effect achieved

solubility > & Mg/l Aim for biopharmaceutical class 1 assuming <= 750 mg dose

half-life > 8 h (human) est from rat and dog Assume PK/PD requires continuous cover over plague inhibition for 24 h max bid dosing
Only reversible and monitorable toxicities No significant toxicological delays to development
No significant DDI - clean in 5 CYP450 isoforms  DDI aims to deal with co-morbidities / therapies,

safet hERG and NaV1.5 ICso > 50 uM cardiac safety for COVID-19 risk profile

y No significant change in QTc cardiac safety for COVID-19 risk profile

Ames negative Low carcinogenicity risk reduces delays in manufacturing

No mutagenicity or teratogenicity risk Patient group will include significant proportion of women of childbearing age


https://covid.postera.ai/covid

TO GET THERE, DRUG DESIGN INVOLVES MAKING A LOT OF DECISIONS
ABOUT WHICH MOLECULES WILL ACHIEVE CERTAIN OBJECTIVES

assay purpose

Does it inhibit the target? How does it bind?
Does it work in cells?

Does it have a chance of working in humans?

Does it kill the virus in cells?

Could it cause bad side effects?

Can oral dosing deliver sufficient drug?
Does it actually work against the disease?



MUCH OF THE TIME IS SPENT IN PREDICTING COMPOUNDS
THAT WILL IMPROVE OR MAINTAIN POTENCY
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STRUCTURAL DATA IS NOW AN ABUNDANT
RESOURCE FOR DRUG DISCOVERY
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WE CAN LEVERAGE STRUCTURE TO MAKE DECISIONS BETWEEN
MANY RELATED SYNTHETICALLY FEASIBLE ANALOGUES

parent compound
Can we engage S4 from this 5,000-compound virtual synthetic library varying R3?

Top free energy calculation compounds and experimental affinity measurements:

top compounds from free energy calculations

COVID Moonshot: [Moonshot] [Fragalysis] [Dashboard]



http://postera.ai/covid
https://fragalysis.diamond.ac.uk/viewer/react/projects/765/559
https://fah-public-data-covid19-moonshot-sprints.s3.us-east-2.amazonaws.com/dashboards/sprint-5-dimer/sprint-5-dimer-x11498-dimer-neutral/index.html
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ALCHEMICAL FREE ENERGY CALCULATIONS HAVE PROVENTO BE A
USEFUL WAY TO EXPLOIT STRUCTURAL DATA TO PREDICT AFFINITIES

AGbind
P+L—> PL
l thermodynamic TAGl AN
cycle

Pro—> Po

o

simulations of alchemical intermediates with attenuated interactions

restraint imposition discharging steric decoupling noninteracting

Includes all contributions from enthalpy and entropy of binding to a flexible receptor

AC;'O 1 — _kBT In— = _kBT In = N . .. N
— ZO Z/\l Z)\.Z Z/\*\'—l

Zn — /dﬂf 6_5[]'”’ (:E) partition function

Pioneering work from many: McCammon, van Gunsteren, Kollman, Jorgensen, Chipot, Roux, Boresch, Fujitani, Pande, Shirts, Swope, Christ, Mobley, Schrédinger, and many more
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CURRENT ACCURACIES ARE SUFFICIENT TO ACCELERATE

DISCOVERY, BUT HOW CAN WE GO FURTHER?
RELATIVE ABSOLUTE

AAG RMSE ~ 1.4 kcal/mol

for well-behaved™
proteins/chemistries:
3-5x reduction
in molecules synthesized

AAG

Wang et al. (Schrédinger) JACS 137:2695, 2015

. . * -
https://doi.org/10.1021/ja512751q best-case scenarios! Aldeghi et al. JACS 139:946, 2017.
Reanalysis: http://github.com/jchodera/jacs-dataset-analysis https://doi.org/10.1021/jacs.6b11467



https://doi.org/10.1021/ja512751q
http://github.com/jchodera/jacs-dataset-analysis
https://doi.org/10.1021/jacs.6b11467

ALCHEMICAL FREE ENERGY CALCULATIONS HAVE A
BROAD DOMAIN OF APPLICABILITY IN DRUG DISCOVERY

driving affinity / potency
Schindler, Baumann, Blum et al. JCIM 11:5457, 2020
https://doi.org/10.1021/acs.jcim.0c00900

driving selectivity
Moraca, Negri, de Olivera, Abel JCIM 2019
https://doi.org/10.1021/acs.jcim.9600106

Aldeghi et al. JACS 139:946, 2017.
https://doi.org/10.1021/jacs.6b11467

predicting clinical drug resistance/sensitivity

Hauser, Negron, Albanese, Ray, Steinbrecher, Abel, Chodera, Wang.
Communications Biology 1:70, 2018

https://doi.org/10.1038/s42003-018-0075-x
Aldeghi, Gapsys, de Groot. ACS Central Science 4:1708, 2018
https://doi.org/10.1021/acscentsci.8b00717

optimizing thermostability

Gapsys, Michielssens, Seeliger, and de Groot. Angew Chem 55:7364, 2016
https://doi.org/10.1002 /anie.201510054



https://doi.org/10.1002/anie.201510054
https://doi.org/10.1021/acs.jcim.9b00106
https://doi.org/10.1021/jacs.6b11467
https://doi.org/10.1038/s42003-018-0075-x
https://doi.org/10.1021/acscentsci.8b00717
https://doi.org/10.1021/acs.jcim.0c00900

...AND HOLD THE POTENTIAL FOR EVEN BROADER
APPLICABILITY AS MORE STRUCTURAL DATA EMERGES

partition coefficients (logP, logD) and permeabilities /P/?}?/?/f&/?/ﬁ?/%
(

structure-enabled ADME /Tox targets

hERG CYP3A4

porin permeation

crystal polymorphs, etc.
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FREE ENERGY CALCULATIONS (AND MUCH OF COMP CHEM)
CURRENTLY RELIES ON MOLECULAR MECHANICS FORCE FIELDS

typical class | molecular mechanics force field

Shan, Kim, Eastwood, Dror, Seeliger, Shaw. JACS 133:9181, 2011
Durrant, McCammon. Molecular dynamics simulations and drug discovery. BMC Biology, 2011
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FORCE FIELDS HAVE TRADITIONALLY BEEN
HEROIC PRODUCTS OF HUMAN EFFORT

experimental data
quantum chemistry
keen chemical intuition

!

heroic effort by graduate
students and postdocs

a parameter set we

desperately hope someone g ———

actually uses



FORCE FIELDS HAVE TRADITIONALLY BEEN
HEROIC PRODUCTS OF HUMAN EFFORT

proteins
post-translational modifications

water
ions

small molecules

nucleic acids

lipids

carbohydrates

Amber20 recommendations

J. A. Maier; C. Martinez; K. Kasavajhala; L. Wickstrom; K. E. Hauser; C. Simmerling. ff14SB: Improving
the Accuracy of Protein Side Chain and Backbone Parameters from ff99SB. J. Chem. Theory Comput.,
2015, 71, 3696-3713.

W. D. Cornell; P. Cieplak: C. I. Bayly; I. R. Gould; K. M. Merz, Jr.; D. M. Ferguson; D. C. Spellmeyer;
T. Fox; J. W. Caldwell; P. A. Kollman. A second generation force field for the simulation of proteins, nucleic

acids, and organic molecules. J. Am. Chem. Soc., 1995, 117, 5179-5197.
N. Homeyer; A. H. C. Horn; H. Lanig; H. Sticht. AMBER force-field parameters for phosphorylated amino

acids 1n different protonation states: phosphoserine, phosphothreonine, phosphotyrosine, and phosphohisti-

dine. J. Mol. Model.. 2006. 12. 281-289.
H. W.Hormn; W. C. Swope; J. W. Pitera; J. D. Madura; T. J. Dick; G. L. Hura; T. Head-Gordon. Development

of an improved four-site water model for biomolecular simulations: TIP4P-Ew. J. Chem. Phys., 2004, 120,
9665-9678.

[. S. Joung; T. E. Cheatham, III. Molecular dynamics simulations of the dynamic and energetic properties
of alkali and halide ions using water-model-specific ion parameters. J. Phys. Chem. B, 2009, 113, 13279~

13290.
P. Li; B. P. Roberts; D. K. Chakravorty; K. M. Merz, Jr. Rational Design of Particle Mesh Ewald Compatible

Lennard-Jones Parameters for +2 Metal Cations in Explicit Solvent. J. Chem. Theory Comput., 2013, 9,
2733-2748.

J. Wang; R. M. Wolf; J. W. Caldwell; P. A. Kollamn; D. A. Case. Development and testing of a general
Amber force field. J. Comput. Chem., 2004, 25, 1157-1174.

R. Galindo-Murillo; J. C. Robertson; M. Zgarbovic; J. Sponer; M. Otyepka; P. Jureska; T. E. Cheatham.
Assessing the Current State of Amber Force Field Modifications for DNA. J. Chem. Theory Comput., 2016,

17 41144177
A. Perez; I. Marchan; D. Svozil; J. Sponer; T. E. Cheatham; C. A. Laughton; M. Orozco. Refinement of the

AMBER Force Field for Nucleic Acids: Improving the Description of alpha/gamma Conformers. Biophys.
J., 2007, 92, 3817-3829.

M. Zgarbova; M. Otyepka; J. Sponer; A. Mladek; P. Banas; T. E. Cheatham; P. Jurecka. Refinement of the
Cornell et al. Nucleic Acids Force Field Based on Reference Quantum Chemical Calculations of Glycosidic
Torsion Profiles. J. Chem. Theory Comput., 2011, 7, 2886-2902.

A. Skjevik; B. D. Madej; R. C. Walker; K. Teigen. Lipidl1: A modular framework for lipid simulations
using amber. J. Phys. Chem. B, 2012, 116, 11124-11136.

C. J. Dickson; B. D. Madej: A. A. Skjevik; R. M. Betz; K. Teigen: I. R. Gould; R. C. Walker. Lipid14: The
Amber Lipid Force Field. J. Chem. Theory Comput., 2014, 10, 865-879.

K. N. Kirschner; A. B. Yongye: S. M. Tschampel; J. Gonzilez-Outeirino; C. R. Daniels; B. L. Foley: R. J.
Woods. GLYCAMO6: A generalizable biomolecular force field. Carbohydrates. J. Comput. Chem., 2008,
20 A7 _ASK



FORCE FIELDS HAVE TRADITIONALLY BEEN
HEROIC PRODUCTS OF HUMAN EFFORT

proteins ' AmbefQO rgcommendétiqn§
Quickly adds up to >100 human-years

., 2004, /120,

IC properties

Intended to'be compatible, but not co-parameterized
| Compatible

Significant effort is required to extend to new areas . 013,
(e.g. covalent.inhibitors, bio-inspired polymers, etc.)

o ® ° ° {. Cheatham.
Nobody is going to want to refit this based on some new data mput. 2016

»ment of the
'rs. Biophys.
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How can we bring this problem into the modern era?

I simulations
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Woods. GLYCAMO6: A generalizable biomolecular force field. Carbohydrates. J. Comput. Chem., 2008,
20 ADD_ASS



AS DRUG DISCOVERY EXPLORES NEW PARTS OF
CHEMICAL SPACE, HOW CAN FORCEFIELDS KEEP UP?

The Generalized Amber Forcefield (GAFF) only understands this space of chemistries:

\Y/4
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0 0 3 c3
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GAFF 1was finished in 1999, still awaiting GAFF 2 completion ®
Extension to new chemical space is nontrivial
Parameter fitting code was never released

Atom types have introduced numerous errors
Wang J, Wolf RM, Caldwell JW, Kollman PA, and Case DA. J Comput Chem 25:1157, 2004.



CAN WE MAKE BUILDING BIMOLECULAR FORCE FIELDS
AS EASY AS TRAINING A MACHINE LEARNING MODEL?

training a neural network
import your tools

grab a standard, curated dataset
define a novel model architecture
declare your objectives in training it

fit it
use It

https://www.tensorflow.org/overview



https://www.tensorflow.org/overview

CAN WE MAKE BUILDING BIMOLECULAR FORCE FIELDS
AS EASY AS TRAINING A MACHINE LEARNING MODEL?

training a neural network fitting a force field

https://www.tensorflow.org/overview



https://www.tensorflow.org/overview



http://openforcefield.org
http://openforcefield.org

AIMS TO BUILD A
MODERN INFRASTRUCTURE FOR FORCE FIELD SCIENCE

@ Open source Python Toolkit: use the parameters in most simulation packages

Open curated QM / physical property datasets: build your own force fields
MolSSI QCArchive quantum chemical data: http://qcarchive.molssi.org

Open source infrastructure: for improving force fields with in-house data

Open science: everything we do is free, permissively licensed, and online

http://openforcefield.org



http://openforcefield.org
http://qcarchive.molssi.org

WE’VE MADE RAPID AND SIGNIFICANT PROGRESS IN ACCURACY,
BUT WE’'RE STILL STICK WITH SLOW GENERATIONS

Open Force Field Initiative

GAFF 1 OPLS2.1 GAFF 2 smirnoff99Frosst openff 1.0
(1999) (2015) (2016) (2018) (2019)

"parsley”

thrombin X5 % 7
PDB101: 1PPB (¢, $r D

HANNAH BRUCE MACDONALD

MSKCC http://github.com/choderalab/perses = ! y DOMINIC RUFA



http://github.com/choderalab/perses

NEW GENERATIONS OF MACHINE LEARNING MODELS
ARE PARTICULARLY WELL-SUITED TO CHEMISTRY

molecule bond atom
predict \ T /
properties

arXiv:1706.09916

e,(fﬂ) = ¢° (e,(f), Z \'"29 u(t)), (edge update)

égtﬂ) = pG*”(EZ.(tH)), (edge to node aggregate)

V,Et_H) — gb”(éz(-t“), V,gt), ult)), (node update)
elttl) — pemu(pl+l)y (edge to global aggregate)
v+l — pr=u () (node to global aggregate)

ulttt) = gu(elt+l) g+ 1), (global update)



NEW GENERATIONS OF MACHINE LEARNING MODELS
ARE PARTICULARLY WELL-SUITED TO CHEMISTRY

molecule bond atom

e~ 1

properties —7\&'2‘ Learns electronegativity (e;) and hardness (s;)
/) | subject to fixed charge sum constraint:

1,
{QZ} argmlnzez% | 9 ZQi

Zqz Zqz—

arXiv:1706.09916 control experiment:
direct prediction of charges: RMSE 0.2800 e
e,(fﬂ) = ¢° (e,&t), Z \'"29 u(t)), (edge update)
€N
K YUANQING
égtﬂ) = pe_”’(Ez.(tH)), (edge to node aggregate) WANG
V,gt_H) — gb”(égtﬂ), V,Et), ult)), (node update)
SlHHD) e (D)) (edge to global ageregate) Graph Inference on MoLEcular Topology
vt — prore(y ), (node to global aggregate) preprint: https://arxiv.org/abs/1909.07903

ultt) = gy (et i+l b)), (global update) code: http://github.com/choderalab/gimlet



https://arxiv.org/abs/1909.07903
http://github.com/choderalab/gimlet

espaloma: extensible surrogate potential of ab initio
learned and optimized by message-passing algorithm

use of only chemical graph
means that model can generate
parameters for small molecules,
proteins, nucleic acids, covalent
ligands, carbohydrates, etc.

YUANQING
JOSHFASS  WANG

preprint: https://arxiv.org/abs/2010.01196
code: https://github.com/choderalab/espaloma



https://arxiv.org/abs/2010.01196
https://github.com/choderalab/espaloma

espaloma: extensible surrogate potential of ab initio
learned and optimized by message-passing algorithm

entire model is end-to-end
differentiable so can be fit to
any loss function by standard
automatic differentiation
machine learning frameworks

YUANQING
JOSHFASS  WANG

preprint: https://arxiv.org/abs/2010.01196
code: https://github.com/choderalab/espaloma



https://arxiv.org/abs/2010.01196
https://github.com/choderalab/espaloma

espaloma: extensible surrogate potential of ab initio
learned and optimized by message-passing algorithm

modular and extensible
handling of potential terms:
charge model parameters,
point polarizabilities,
alternative vdW formes,
special 1-4 parameters, etc.

YUANQING
JOSHFASS  WANG

preprint: https://arxiv.org/abs/2010.01196
code: https://github.com/choderalab/espaloma



https://arxiv.org/abs/2010.01196
https://github.com/choderalab/espaloma

ESPALOMA MAKES BUILDING A NEW FORCE FIELD EASY

building a new force field
espaloma architecture

(implemented in pytorch)

http://github.com/choderalab/espaloma

YUANQING WANG


http://github.com/choderalab/espaloma

ESPALOMA CAN LEARN TO REPRODUCE LEGACY MM FORCE FIELDS
WITH LOW RMSE ERROR IN CONFORMATIONAL ENERGIES

conformer energies force field parameters

preprint: https://arxiv.org/abs/2010.01196 reference force field: GAFF 1.81 [https://doi.org/10.1002/jcc.20035]
code: http://github.com/choderalab/espaloma dataset: PhAIkEthOH [https://dx.doi.org/10.1021/acs.jctc.8600640] YUANQING WANG



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
https://doi.org/10.1002/jcc.20035
https://dx.doi.org/10.1021/acs.jctc.8b00640

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY

AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

(a) dataset

# mols #trajs # snapshots

Espaloma RMSE

Legacy FF RMSE (kcal/mol) (Test molecules)

Train Test OpenFF 1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.8656).°.  1.139823%2 1.6071;20> 172677720 1.7406; 833
OpenFF Gen2 Optimization (druglike) 3977 23748 0.7413)72%  0.76008¢% 2.176822°% 2.42742207 2.5386255%
VEHICLe (heterocyclic) 24867 24867 234326 0.4476)3>°  0.423304°. 8.0247529 8.0077323  9.4014,5¢
PepConf (peptides) 7560 22154 1.271413616 ~ 1.8727197%  3.614337288 4444617738 433561451 3.15027 0"
joint OpenFF Gen2 Optimization 1598 11537 45902 0.8264)707  1.8764,2.% 2.17682°% 2.427437207 253862990 e
: 1.8439 7288 4.5738 4.464 - %
PepConf 1.2038130%6 17307 3.614337288 4444645738 43356441 315027

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma

YUANQING WANG


https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY
AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

(a) dataset 4 mols  #trais  # snapshots Espaloma RMSE Legacy FF RMSE (kcal/mol) (Test molecules)
J P Train Test OpenFF 1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036  0.865609131 1.1398!232 1607119915 172671735 1.7406!8148

PhAIKEthOh: Phenyls, Alkanes, Ethers, and alcohols (OH)

(a low-complexity chemical space)

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma PhAIKEthOH doi: https://dx.doi.org/10.1021/acs.jctc.8b00640 YUANGQING WANG



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
https://dx.doi.org/10.1021/acs.jctc.8b00640

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY
AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

(a) dataset #mols  #trais  # snapshots Espaloma RMSE Legacy FF RMSE (kcal/mol) (Test molecules)
J P Train Test OpenFF1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.8656).°.  1.1398232 1.6071;20> 172677720 1.7406; 833
OpenFF Gen2 Optimization (druglike) 792 3977 23748 0.7413)72%  0.76000 5% 2.176822°% 2.42742207 2.5386255%

OpenFF Gen2 Optimization set: Diverse druglike fragments challenging for force fields
(a moderate-complexity chemical space)

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma

OpenFF Gen2 QM data doi: https://doi.org/10.1021/acs.jctc.1c0057 1 YUANOQING WANG



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
https://doi.org/10.1021/acs.jctc.1c00571

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY
AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

(a) dataset 4 mols  #irais  # snapshots Espaloma RMSE Legacy FF RMSE (kcal/mol) (Test molecules)
J P Train Test OpenFF 1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.8656).°.  1.139823%2 1.6071;20> 172677720 1.7406; 833
o . . . 0.7920 .8805 2.3388 2.5207 2.6640
OpenFF Gen2 Optimization (druglike) 792 3977 23748 0.7413, 7% 0.76007¢2)> 2.17687 - 242742250 2.5386500
VEHICLe (heterocyclic) 24867 24867 234326 0.4476)3>°  0.423304°. 8.0247529 8.0077323  9.4014,5¢

VEHICLe: Virtual exploratory heterocyclic drug scaffold library

(aromatic bicyclic heterocyclic compounds containing C, N, O, S, H)

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma VEHICLe doi: http://doi.org/10.1021/jm8015137 YUANQING WANG



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
http://doi.org/10.1021/jm801513z

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY
AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

(a) dataset # mols #trajs # snapshots

Espaloma RMSE

Legacy FF RMSE (kcal/mol) (Test molecules)

Train Test OpenFF 1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.8656).°.  1.139823%2 1.6071;20> 172677720 1.7406; 833
imi H i 0.7920 0.8805 2.3388 2.5207 2.6640
OpenFF Gen2 Optimization (druglike) 792 3977 23748 0.7413; 7, 0.7600 ;> 2.17687 - 242742250 2.5386500
i 0.4690 0.4414 8.2456 8.2313 9.6434
VEHICLe (heterocyclic) 24867 24867 234326 0.4476.°°>77  0.42330241 8.02472 22 8.007752°  9.4014,5 %
Comparison with QCArchive data
initial QM minimized

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma

DFT B3LYP-D3(BJ) / DZVP

YUANQING WANG


https://arxiv.org/abs/2010.01196
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ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY
AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

(a) dataset #mols #trais # snapshots Espaloma RMSE Legacy FF RMSE (kcal/mol) (Test molecules)
Train Test OpenFF 1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.8656).°.  1.139823%2 1.6071;20> 172677720 1.7406; 833
OpenFF Gen2 Optimization (druglike) 792 3977 23748 0.7413)72%  0.76000 5% 2.176822°% 2.42742207 2.5386255%
VEHICLe (heterocyclic) 24867 24867 234326 0.4476)3>°  0.423304°. 8.0247529 8.0077323  9.4014,5¢
PepConf (peptides) 736 7560 22154 1.271413616 ~ 1.8727197%  3.614337288 4444617738 433561451 3.15027 0"

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma VEHICLe doi: http://doi.org/10.1021/jm8015137 YUANQING WANG



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
http://doi.org/10.1021/jm801513z

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY

AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

Espaloma RMSE

Legacy FF RMSE (kcal/mol) (Test molecules)

() dataset #mols  #trajs  #snapshots i, Test ~ OpenFF1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.865602131  1.13981232  1,60711%15 172671733 1.7406!8148
OpenFF Gen2 Optimization (druglike) 792 3977 23748 0.7413)72%  0.76000 5% 2.176822°% 2.42742207 2.5386255%
VEHICLe (heterocyclic) 24867 24867 234326 044760490 0.423304414 802478246 800773213 9.4014954
PepConf (peptides) 736 7560 22154 1.271413616 ~ 1.8727197%  3.614337288 4444617738 433561451 3.15027 0"
joint OpenFF Gen2 Optimization 1598 11537 45902 0.8264)707  1.8764,2.% 2.17682°% 2.427437207 253862990
PepConf 1.2038190%0  L7307;¢%3  3.61433088 44446708 43356100 3.15027

Tyk2 from OpenFF benchmark set

espaloma joint model
+ TIP3P water

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma

YUANQING WANG

Tyk2 benchmark doi: https://doi.org/10.1021/ja5127519g



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
https://doi.org/10.1021/ja512751q

ESPALOMA OUTPERFORMS CURRENT FORCE FIELDS IN M ACCURACY

AND CAN BE EASILY TRAINED FOR HETEROGENEOUS SYSTEMS

Espaloma RMSE

Legacy FF RMSE (kcal/mol) (Test molecules)

() dataset #mols  #trajs  #snapshots i, Test ~ OpenFF1.2.0 GAFF-1.81 GAFF-2.11 Amber ff14SB
PhAIKEthOH (simple CHO) 7408 12592 244036 0.865602131  1.13981232  1,60711%15 172671733 1.7406!8148
OpenFF Gen2 Optimization (druglike) 792 3977 23748 0.7413)72%  0.76000 5% 2.176822°% 2.42742207 2.5386255%
VEHICLe (heterocyclic) 24867 24867 234326 044760490 0.423304414 802478246 800773213 9.4014954
PepConf (peptides) 736 7560 22154 1.271413616 ~ 1.8727197%  3.614337288 4444617738 433561451 3.15027 0"
joint OpenFF Gen2 Optimization 1598 11537 45902 0.8264)707  1.8764,2.% 2.17682°% 2.427437207 253862990
PepConf 1.2038190%0  L7307;¢%3  3.61433088 44446708 43356100 3.15027

Tyk2 from OpenFF benchmark set

espaloma joint model
+ TIP3P water

preprint: https://arxiv.org/abs/2010.01196
code: http://github.com/choderalab/espaloma

YUANQING WANG

Tyk2 benchmark doi: https://doi.org/10.1021/ja5127519g



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
https://doi.org/10.1021/ja512751q

ESPALOMA SMALL MOLECULE PARAMETERS PERFORM AS WELL OR
BETTER THAN MODERN BIOMOLECULAR FORCE FIELDS

HENRY

OpenFF 1.2.0 small molecule  espaloma “joint” 0.2.2 small molecule
Amber ff14SB protein Amber ff14SB protein

TIP3P water TIP3P water IVAN
PULIDO

VY
ZHANG

DOMINIC
RUFA

HANNAH
BRUCE
MACDONALD

preprint: https://arxiv.org/abs/2010.01196 YUAw:g
code: http://github.com/choderalab/espaloma

free energy calculations with http://github.com/choderalab/perses



https://arxiv.org/abs/2010.01196
http://github.com/choderalab/espaloma
http://github.com/choderalab/perses

experimental hydration
free energies from FreeSolv

https://github.com/MobleyLab/FreeSolv

loss function°

(D AGExP]?
L(®yy) — Z NN) P

n

Here, AG estimated via one-step free energy perturbation,

but can easily differentiate properties through MBAR

YUANQING
JOSHFASS  WANG

preprint: https://arxiv.org/abs/2010.01196
code: https://github.com/choderalab/espaloma

ESPALOMA CAN ALSO FIT
EXPERIMENTAL FREE ENERGIES

OBC?2 GBSA FreeSolv RMSE
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https://arxiv.org/abs/2010.01196
https://github.com/choderalab/espaloma
https://github.com/MobleyLab/FreeSolv

A NEW GENERATION OF QUANTUM MACHINE LEARNING (QML)
POTENTIALS PROVIDE SIGNIFICANTLY MORE FLEXIBILITY IN
FUNCTIONAL FORM, THOUGH AT MUCH GREATER COST

ANI family of guantum machine learning (QML) potentials

radial and angular features deep neural network for each atom excellent agreement with DFT
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all atoms ‘ \2 :
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OLEXANDR ADRIAN
ISAYEV ROITBERG

Smith, Isayev, Roitberg. Chemical Science 8:3192, 2017.
http://doi.org/10.1039/c6sc05720a



http://xlink.rsc.org/?DOI=c6sc05720a

HYBRID QUANTUM MACHINE LEARNING 7/ MOLECULAR MECHANICS
(@ML/MM) FREE ENERGY CALCULATIONS CUT ERROR IN HALF

Rufa, Bruce Macdonald, Fass, Wieder, Grinaway, Roitberg, Isayev, and Chodera.
preprint: https://doi.org/10.1101/2020.07.29.227959
code: https://github.com/choderalab/gmlify
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COMPUTATIONAL BOTTLENECKS IN CURRENT QML
MODELS CAN BE SPED UP WITH CUSTOM GPU KERNELS

— | —> —>E

i

atomic feature NN energy/force tensor cores

coordinates computation computation accumulation

We can speed this up with
OpenMM GPU kernels

using common pairlists, etc.
(e.g. for ANI models)

TensorFlow/PyTorch do this
efficiently, and hardware will
keep getting better for this step



COMPUTATIONAL BOTTLENECKS IN CURRENT QML
MODELS CAN BE SPED UP WITH CUSTOM GPU KERNELS

OpenMM TorchANI OpenMM
# heavy atoms ns/day QML/MM ns/day QML/MM* ns/day

(4 fs timestep) (2 fs timestep) (2 fs timestep) NNPOPS |ibra ry
328 48 436 10.4 96.5/50.8  https://github.com/openmm/nnpops
286 50 430 2 93 96.8 / 4.8 CUDA/CPU accelerated kernels
* APl forinclusion in MD engines

198 64 547 9.12 101/44.6 * Ops wrappers for ML frameworks

108 75 666 9.19 101/ 40.7 (PyTorch, TensorFlow, JAX)

* ANl ensemble size: 1/8 COmmunlty_drlven’ paCkage agnOStIC

(~2.5x slower than GPU MD right now, but need 2x smaller timestep)
model distillation will become important in building single models
that are efficient on hardware

paper: https://arxiv.org/abs/2201.08110
code: https://github.com/openmm/nnpops



https://github.com/openmm/nnpops
https://arxiv.org/abs/2201.08110
https://github.com/openmm/nnpops

OPENMM 8 WILL MAKE QML/MM
SIMULATIONS INCREDIBLY EASY

OpenMM 8 beta should be out next week!

https://github.com/openmm/openmm-ml



https://github.com/openmm/openmm-ml

WE NEED A ML MODEL STANDARD AND REPOSITORY
TO MAKE THEM EASIER TO DEPLOY AND USE

The OpenMM team has submitted an NIH proposal aiming to define portable standards:

A well-defined portable QML standard would make it easier to build and deliver
QML force fields to multiple simulation packages.



PURE QUANTUM MACHINE LEARNING (QML) POTENTIALS CAN BE USED
TO COMPUTE FREE ENERGY DIFFERENCES BETWEEN CHEMICAL SPECIES

Potentials are free of singularities, so simple linear alchemical potentials
can robustly compute alchemical free energies

Simple atomic restraints can be used to improve efficiency

by preventing atoms from flying away

MARCUS

JOSH FASS WIEDER

ANI-2x
preprint: https://doi.org/10.1101/2020.10.24.353318
code: https://github.com/choderalab/neutromeratio



https://doi.org/10.1101/2020.10.24.353318
https://github.com/choderalab/neutromeratio

PURE QUANTUM MACHINE LEARNING (QML) POTENTIALS CAN BE USED
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Potentials are free of singularities, so simple linear alchemical potentials
can robustly compute alchemical free energies

Simple atomic restraints can be used to improve efficiency

by preventing atoms from flying away

MARCUS

JOSH FASS WIEDER

ANI-2x
preprint: https://doi.org/10.1101/2020.10.24.353318
code: https://github.com/choderalab/neutromeratio



https://doi.org/10.1101/2020.10.24.353318
https://github.com/choderalab/neutromeratio

OML POTENTIALS CAN LEARN FROM EXPERIMENTAL
DATA TO IMPROVE PHYSICAL MODELS

physical models are data-efficient: retraining on small number of experimental

measurements improves accuracy and generalizes well

train: 221 tautomer pairs
validate: 57 tautomer pairs
test: /2 tautomer pairs

MARCUS

JOSH FASS WIEDER

preprint: https://doi.org/10.1101/2020.10.24.353318
code: https://github.com/choderalab/neutromeratio



https://doi.org/10.1101/2020.10.24.353318
https://github.com/choderalab/neutromeratio

OpenMM and the Open Force Field Initiative
are working closely with MolSSI to expand the
QCArchive to support the construction of
next-generation machine learning force fields

http://qgcarchive.molssi.org

https://github.com/openmm/spice-dataset



http://qcarchive.molssi.org
https://github.com/openmm/spice-dataset

CAN WE CHANGE PRACTICE IN STRUCTURE-ENABLED DRUG
DISCOVERY BY LEVERAGING DATA WE GENERATE?

week 1 week 2
2 o 2 1 p:l:j:f::/ synthesis new data p:i:;:ft?:/ synthesis new data
using published force field model using the same published force field model!
we haven’t learned anything from the data
week 1 week 2
2025
designs/ designs/
predictions synthesis new data build model 2.0! predictions synthesis
1.0 2.0
using force field model using new model tuned to target

built from public + private data from first week’s data
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WE HAVE AN OPPORTUNITY TO TRANSFORM DRUG DISCOVERY

Quantum machine learning (QML) will replace QM pretty much everywhere,
bringing a revolution in accuracy—if we can make them easy to build, use, and share
QML/MM hybrid simulations will bring a revolution in the accuracy and utility of
structure-based design—if we can make them fast enough

QML/MM free energy calculations can learn from project data, enabling biotech to
extract much more value from their data—if we can make them easy to train

Hybrid combinations of ML for short-range and MM for long-range will deliver
significant systematic accuracy improvements—if we can make them practical

ML collective variables will drive a revolution in sampling—if we can make it easy to
go between MD and ML frameworks

ML potentials are a solution for multiscale simulations—if we can facilitate exchange
between MD and ML frameworks



The open science COVID Moonshot produced a novel noncovalent, non-
peptidomimetic oral antiviral from a fragment screen in just 18 months

COVID Moonshot structures and data: http://postera.ai/covid
preprint: https://www.biorxiv.org/content/10.1101/2020.10.29.339317v3.abstract
history: https://www.nature.com/articles/d41586-021-01571-1



http://postera.ai/covid
https://www.biorxiv.org/content/10.1101/2020.10.29.339317v3.abstract
https://www.nature.com/articles/d41586-021-01571-1

We are negotiating a straight to generics route with multiple
generics manufacturers

We
to enable g

nave a path to go “straight to generics” (potential

y entirely free of patents)

obal, affordable, and accessible access to meet -

he needs of underserved LMICs



The Moonshot team has been funded as an NIH Antiviral Drug Discovery (AViDD)
Center to pursue the same strategy to produce novel antivirals for future pandemics

Warm start targets: PLpro nsp3-Mac1 N-protein Mpro
nsp13 nsp14 nsp16 ns2b/3
PROJECT 1 PROJECT 2 PROJECT 3 PROJECT S5 PROJECT 6
Fragment-to-lead
coronaviruses a“?‘ tar_get
Antiviral targeting validation Preclinical
. Target Lead
flaviviruses to suppress drug enablement optimization development and
resistance PROJECT 4 translation
Covalent targeting
strategies
D A DS DSBA D S B A D A
NV NV NV N NV
OPEN SCIENCE resistance-robust 10 target-enabling 9 early lead packages with 6 lead optimization 3 INDs
OUTPUT BY targets packages (TEPs) broad antiviral activity campaigns with public preclinical data
YEAR 5: (data disclosed in real time) (data disclosed in real time) (data disclosed in real time) packages
P1: Karla Kirkegaard (Stanford) P2: Frank von Delft (Diamond Light Source)  P3: Alpha Lee (PostEra) P4: Nir London (Weizmann) P5: Ed Griffen (Medchemica) P6: Ben Perry (DNDi)
Matt Bogyo (Stanford) Martin Walsh (Diamond Light Source) John Chodera (MSKCCQC) Matt Bogyo (Stanford) Ben Perry (DNDi) Laurent Fraisse (DNDi)
Jesse Bloom (Fred Hutch) Oxford CMD SRF [service facility] Frank von Delft (Diamond) Alpha Lee (PostEra) Annette von Delft (Medchemica)
Ed Griffen (Medchemica) John Chodera (MSKCC)
Nir London (Weizmann)
Karla Kirkegaard (Stanford)
Martin Walsh (Diamond)
SUPPORTING LETTERS D S B A
ADMINISTRATIVE
CORE
John Chodera (MSKCC) Alpha Lee (PostEra) Frank von Delft (Diamond Light Source) Nir London (Weizmann) Kris White (Mount Sinai)
Ben Perry (DNDi) Pls Matthew Robinson (PostEra) Daren Fearon (Diamond Light Source) Haim Barr (Weizmann) Adolfo Garcia-Sastre (Mount Sinai)
Alpha Lee (PostEra) Frank von Delft (Diamond) Martin Walsh (Diamond Light Source) Randy Albrecht (Mount Sinai)
Administrative Director John Chodera (MSKCC) Johan Neyts (Leuven) [service facility]

Project Coordinator

ASAP Discovery website: http:/asapdiscovery.org



http:/asapdiscovery.org

PREPRINTS AND CODE

gimlet: graph convolutional networks for partial charge assignment

preprint: https://arxiv.org/abs/1909.07903
code: http://github.com/choderalab/gimlet

espaloma: end-to-end differentiable assignment of force field parameters
preprint: https://arxiv.org/abs/2010.01196
code: https://github.com/choderalab/espaloma

gmlify: hybrid QML/MM alchemical free energy calculations for protein-ligand binding

preprint: https://doi.org/10.1101/2020.07.29.227959
code: https://github.com/choderalab/gmlify

neutromeratio: alchemical free energy calculations with fully QML potentials for tautomer ratio prediction
preprint: https://doi.org/10.1101/2020.10.24.353318
code: https://github.com/choderalab/neutromeratio



https://arxiv.org/abs/1909.07903
http://github.com/choderalab/gimlet
https://arxiv.org/abs/2010.01196
https://github.com/choderalab/espaloma
https://github.com/choderalab/qmlify
https://doi.org/10.1101/2020.10.24.353318
https://github.com/choderalab/neutromeratio
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