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The Ultimate Dream of a Computational Chemist

Challenges:

system complexity

e length scale

time scale
model accuracy



Quantum Mechanics 101

The Schrodinger equation was

—~ discoveredin 1926 by Erwin Schrodinger,
Hlp — Elp an Austrian theoretical physicist.
Itis an important equationthatis
fundamental to quantum mechanics.

E=f ( Rvector)
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Evolution of statistical modeling applications in computational chemistry

Input Output

First generation

Structure-property Structure —» Local optimization _ Property
calculation algorithm
Second generation Global Structure
Crystal structure Composition ——> optimization —> ropert '
prediction algorithm property
Third generation : Composition,
Statistically Cneg?{l:c;?g;:: —> Machine learning —> structure,
driven design Ty property

(i) Data collection (ii) Representation (iii) Type of learning (iv) Model selection

* Experiment e Optimize format  ® Supervised e Cross-validation
e Simulation * Remove noise e Semi-supervised ¢ Ensembles
* Databases * Extract features * Unsupervised * Anomaly checks

Butler KT, Davies DW, Cartwright H, Isayev O, Walsh A Machine learning for molecular
and materials science. Nature, 559, 547-555 (2018). DOI: 10.1038/s41586-018-0337-2



Neural Network molecular potential - training

Millions of
QM
energies
from small
molecules
(EP"T)

Neural Networks are
not Magic!

Currently available:

CHNOSFCI
P Si. Br, |, ...
Compute .
cost gradient IN Progress

¢ =%i(gg,xlj — o)’ ®wB97x/DZ (TZ soon)
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ANI Deep Neural Network
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Chem. Sci., 2017, 8, 3192-3203



ANAKIN-ME

Accurate NeurAl networK englNe for Molecular Energies

We want to train a padawan network to become a DFT jedi master
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Accuracy

Where do we fit?
(Spoiler alert!)

_ANI-1
ANI-leex Mtz - ‘_c_:g:_s_um__

--" DFT & HF

Semi-empirical QM

O(N?) O(N?) ~ O(N3) O(N’)
Computational Cost



« ANI requires TONS of data What do you need?

e For ANI-1 we run ~20M DFT data points @ wB97x/DZ. c:HNd

Extensibility

» Available to anyone!
* Molecules with 1 to 8 heavy atoms from the GDB database

o Qut-of-equilibrium geometry sampling with NMS, MD

 Train network on a fraction of available data, validate on ¢

. S CNO B ANI-1x (Train + Test)

Independent data m=8 DrugBank

I Tripeptides

e Test on ‘known sizes’ (Molecules with <= # max heavy atoms per molecule in

training set)

* Interpolation

e Test on “unknown sizes’ (Molecules larger than any in the training set) O b 28 39 40 = Rl 7 @b

Number of Atoms per Molecule
» Extrapolation



ANI-MD Benchmark // COMPG6

e 12 drug molecules and 2 proteins

e Mean size 75 atoms (max 312 atoms)
e 1ns of molecular dynamics (MD)

* Dynamics at 300K

e MD ran on ANI-1x potential
128 randomly sampled frames




Can we predict when the model is wrong?

Ensemble g
disagreement S o o
can drive data =

generation o)
E s
QO
-
al

Good data

coverage

Bad data

coverage Phase Space

JS Smith, O.Isayev, A. Roitberg; Journal of Chemical Physics, (2018), 148 (24), 241733



Active Learning - The Big Picture

An automated and self-consistent data generation framework
Ensemble of ANI networks

Non-equilibrium

Conformational J ais Check ensemble
data disagreement
sampler

Train network
ensemble

Molecule Sampling Compute ANI-1x Dataset

(e.g. GDB small molecule database, small (i.e. energies
vtides, drug like molecules Cluster = SIes,

forces, dipoles)
Structure Pools

S /
Computations with QM
JS Smith, O.Isayey, A. Roitberg; K J

Journal of Chemical Physics, (2018), 148 (24), 241733




ANI molecular potential - application

Molecular
Dynamics

Torsion
Profiles



Total energy correlation for ANI-1 vs. DFT

(External test of 131 molecules with 10 heavy atoms, 8200 total molecules +
conformations) [units: kcal/mol]

@®@ ANI-1 RMSE 1.7 kcal/mol Slope: 1.0 Int.: -9.51 r*: 1.0 TR

J. Smith, O. Isayev, A. Roitberg. Chem. Sci., 2017, 8, 3192-3203

—298500
— DoFT
ANI-1 RMSE 1.19 kcal/mol Slope: 0.999 Int.: -329.0 7% 1.0
—299050 ol cal/mol Slope n r
—299000
= —299100
£
mb
—299150}
~299500 | |- §
mU
—299200
—300000 |
. . —299250}
—300000 —299500 —299000 —29850
Eref
—360000F ‘ | —299300 | ‘ | , , ,
—360000 —340000 —32080 —299300 —299200 —299150 —299100 —299050
E-ref




\NH>\HN>\D y

73 total test structures
10 Heavy atoms

25 Total atoms

RMSE: 1.2 kcal/mol
(0.048 kcal/mol/atom)
DFT time: 1143.11s
ANI time: 0.0032s

357,000x speedup!
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Relative Energy correlation (30kcal/mol)
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Discovering a Transferable Charge
Assignment Model Using Machine

Learning
A.E. Sifain, N. Lubbers, B.T. Nebgen, J.S. Smith, A.

Log Count

Lokhov, O. Isayey, A. E. Roitberg, K. Barros, S. Tretiak.

J. Phys. Chem. Lett. 9, 2018, 4495-4501



Accurate IR spectra simulation with time-domain ML

5
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A.E. Sifain, N. Lubbers, B.T. Nebgen, J.S. Smith, AY. Lokhov, O. Isayev, A. E. Roitberg, K. Barros, S. Tretiak.
J. Phys. Chem. Lett. 2018. DOI: 10.1021/acs.jpclett.8001939



100 M}EH DATA TO/ANALYZE.

|

Can we go beyond DFT?

N

\
WE NEED T0 GO DEEPER




Accuracy

Where do we fit?
(Spoiler alert!)

_ANI-1
ANI-leex Mtz - ‘_c_:g:_s_um__

--" DFT & HF

Semi-empirical QM

O(N1) O(N?) O(N3) O(N’)
Cost



High Throughput CSDT(T)/CBS

Mean absolute deviation from

CPU-core hours CCSD(T)-F12 (kcal/mol)
Alanine Aspirin
(13atoms) (21 atoms) 566 wa-11
CCSD(T)/CBS 9.13 427.00 0.03 1.31
CCSD(T)*/CBS (this work) 1.44 7.44 0.09 1.46

CBS . [-CBS CBS cc—pVTZ _ pcc—pVTZ
Eiotar = Egr + Eypz + (E — Eyp2 )

ccSD(T)
ECC—PVTZ  pcc—pVTZ n (Ecc—pVDZ _ pee-pvDz
ccSD(T) ~ MNormal-DPLNO-CCSD(T) Tight—DPLNO—CCSD(T) Normal—-DPLNO—CCSD(T)

J.S. Smith et al. Outsmarting Quantum Chemistry Through Transfer Learning. Nature Comm. 2019. Accepted. 10.26434/chemrxiv.6744440



Transferring knowledge of CCSD(T)/CBS

Regenerate 10% of ANI-1x
training data (0.5M of 5M)

For high-level reference we use
CCSD(T)/CBS accurate QM
model

We only retrain 60k of 400k
neural network parameters

Results show clear
improvement over DFT trained
model

New models are exceeding the
DFT in accuracy

Dataset of
500k
CCSD(T)
energies

(EL.)

Transfer learning algorithm

dC

dw

|

Compute cost

gradient
L&
C = Mz(Efﬁ,’j — EJ-CC)2 Initialize training with DFT
7 pretrained parameters

J.S. Smith et al. Outsmarting Quantum Chemistry Through Transfer Learning. Nature Comm. 2019. Accepted. 10.26434/chemrxiv.6744440



Hydrocarbon reaction energy benchmark, DFT vs CCSD(T)

Benchmark HC7

a0 T o
E4 .
E1 (1) E2 (22) E3 (31) (Bicyclo[2.2.2]octane) S 10
-
=
m
R,
Units: kcal/mol = 20
) ANI-  CCSD(T)*/ y
Reaction . CBS ANI-1x wb97x L
1) E1 —> E2 143 15.6 13.8 346  28.2 u|.|
2) E1 - E3 25.0 27.7 23.1 483  39.7 30 -
3) Octane-a > Octane-b 1.9 0.4 1.3 2.7 1.7
4) 4CH, + C¢Hq4 — 5C3Hg 9.8 7.9 8.7 7.2 6.2 B wb97x-D3
5) 6CH, + CgHyg — 7C,H, 148 119 131 108 93 m ANI-1x
6) Adamantane — 3CH, + 2C,H, 1940 1962 1959 2368 2380| ] ANI-1ccx
7) E4 > 3CH, + 2C,H, 127.2 127.8 126.9 157.7 158.0 CCSD(T)*/CBS

Reference data: Peverati, R.; Zhao, Y.; Truhlar, D. G., J. Phys. Chem. Lett. 2011, 2 (16), 1991-1997. T T T T T T T
1 2 3 4 g o 7

ChemRxiv: 10.26434/chemrxiv.6744440 Reaction ID
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Can we go beyond
simple energies?




Rethinking Network Architecture: AIMNet

Atoms-in-molecules neural net I

Iterative “SCF-like” update for Y '
Embeddlng >+ >{ Embedding ] »(f, »{ Embedding 1
better accuracy and £
L Interaction —»{ Update W L Interaction J Update L Interaction

Long range interactions

AIM AlIM
Multimodal and
multi-task learning: gas phase //\ & &

energy, charges, atomic
volumes, continuum solvent

(SMD) Correction Deep NN network, AIMNet with T=3:
33 hidden layers, ~1M parameters

R. Zubatyuk, J.S. Smith, J. Leszczynski, O. Isayev, Accurate and Transferable Multitask Prediction of Chemical
Properties with an Atoms-in-Molecule Neural Network. ChemRxiv, 2018. Submitted.



Fast & Accurate Solvation Free Energies with AIMNet

5
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a) Experimental versus predicted with AIMNet solvation free energies (kcal/mol) for 414 neutral molecules
from MNSol database. b) performance of AIMNet and other solvation models on torsion benchmark of
Sellers et al.

R. Zubatyuk, J.S. Smith, J. Leszczynski, O. Isayev, Accurate and Transferable Multitask Prediction of Chemical

Properties with an Atoms-in-Molecule Neural Network. ChemRxiv, 2018. Submitted. 2/



Nature of Learned Atomic Embeddings

cl

4=  pPeriod

Group == x

R. Zubatyuk, J.S. Smith, J. Leszczynski, O. Isayev, Accurate and Transferable Multitask Prediction of Chemical
Properties with an Atoms-in-Molecule Neural Network. ChemRxiv, 2018. Submitted.



Example of Carbon and Hydrogen

R. Zubatyuk, J.S. Smith, J. Leszczynski, O. Isayev, Accurate and Transferable Multitask Prediction of Chemical

Properties with an Atoms-in-Molecule Neural Network. ChemRxiv, 2018. Submitted. 2



Major future developments



Toward Realistic Macromolecular Simulations

Mycobacterium tuberculosis (5MXV) in explicit water
Simulated with ANI-2 (CHNOSFCI)

-2

Cl

GSK1107112A
C,H,CIFN, 05,

~35K atoms
Explicit water
No ions

S, Fand Cl in ligand



ANI-2x time  Total time Steps per
per step per step day

Tesla V100 297ms 317ms 272k

GPU







Simulation of Complex Chemical Reactions

i ! m)?_ﬁ,.-t-.'; - tr.i““}“'ik; o R . ‘_'..‘ 't_".,x A .
= <4l A LATERG AL & 7.~ https://youtu.be/DRVMH5U8EAQ

Carbon nanoparticles/sheets nucleation [4000 atoms in 60A box at 2500K, 5ns MD simulation ]



academic labs:
e Stanford (Vijay Pande)

Users: - -
. 1. . e U Pitt (Geoff Hutchison)

Use the ANI-1x potential: + CMU MSE (Noa Marom)

ANI-1x interfaced to ASE Python library : E?I';U

Available at: https://github.com/isayev/ASE AN|

e Barcelona

ANI-1x implementation in PyTorch * Helsinki

Available at: https://github.com/aigm/torchani e Tel Aviv
Coming soon to AMBER, OpenMM & LAMMPS Government labs, companies etc.

Use the ANI-1 dataset:

ANI-1: A data set of 20M off-equilibrium DFT calculations for g LOS) Alamos r;}l |’,}|
organic mO|eCU|eS NATIONAL LABORATORY

Sci. Data, 2017, 4, 170193 DOI: 10.1038/sdata.2017.193

BERKELEY LAB

National Institutes

SOWIITNWLWININULIN

of Health
ANI Data set Python library O -BASF
Available at: https://github.com/isayev/ANI1_ dataset el . @

Genentech @Openf e

Scientific Software


https://github.com/isayev/ASE_ANI

” ” Mariya Popova Adrian Roitberg
UL Roman Zubatyuk Justin S. Smith
Daniel Korn Christian Devereux
THE UNIVERSITY - - - UNIVERSITY Of
of NORTH CAROLINA Kyle BOWIer KaVIndrI RanaSInghe FLORIDA
" at CHAPEL HILL Hatice Gockan
Funding:
Collaborators:
Den T T = | N Nicholas Lubbers
y 5 \, \I‘:]_l_ﬂ' E-.Sl[l-]..'\l.g.\'.‘i'[ ITUTE Ben Nebgen
y ‘ FOR INNOVATION Andrew Sifain
" Kipton Barros M\f
CHE-1802789 Sergei Tretiak : f
enter for
] Nonlinear Studies
HPC Computing: rnear o
X sLosAlamos

NATIONAL LABORATORY
EST.1943

Open Science Grid nVI DIA
(2]






	Slide Number 1
	The Ultimate Dream of a Computational Chemist
	Slide Number 3
	Slide Number 4
	Evolution of statistical modeling  applications in computational chemistry
	Slide Number 6
	ANI Deep Neural Network
	ANAKIN-ME�Accurate NeurAl networK engINe for Molecular Energies 
	Slide Number 9
	What do you need?
	Slide Number 11
	Can we predict when the model is wrong?
	Active Learning - The Big Picture�An automated and self-consistent data generation framework
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Slide Number 18
	Accurate IR spectra simulation with time-domain ML
	Can we go beyond DFT?
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Can we go beyond �simple energies?
	Slide Number 26
	Fast & Accurate Solvation Free Energies with AIMNet
	Nature of Learned Atomic Embeddings
	Example of Carbon and Hydrogen
	Major future developments
	Slide Number 31
	Slide Number 32
	Slide Number 33
	Slide Number 34
		Use the ANI-1x potential:��	ANI-1x interfaced to ASE Python library�	Available at: https://github.com/isayev/ASE_ANI��	ANI-1x implementation in PyTorch�	Available at: https://github.com/aiqm/torchani��Coming soon to AMBER, OpenMM & LAMMPS��Use the ANI-1 dataset:�ANI-1: A data set of 20M off-equilibrium DFT calculations for organic molecules�Sci. Data, 2017, 4, 170193 DOI: 10.1038/sdata.2017.193��	ANI Data set Python library�	Available at: https://github.com/isayev/ANI1_dataset�
	Slide Number 36
	Slide Number 37

