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Computers are Becoming Smarter

In the last two decades, every major game has fallen to some form of artificial

intelligence.

While Deep Blue was a played by computation, AlphaGo can be characterized as
an intelligence. AlphaGo plays games against itself to get better at Go.

Watson defeats Brad

Rutter and Ken AlphaGo defeats Lee
Deep Blue defeats Jennings atlJeopardy Sedol (later Ke Jie) at Go
Garry Kasporov at N A - 229,
Chess O Ve Al O NaGo
1997 2011 2016
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Overview

= ML for Energy and Force Prediction
* Active Learning
* Molecular Dynamics

= Singlet Triplet
 Charges
* IR spectrum

m Machine Learned Effective Hamiltonians
- Effective Hamiltonian Form
* Learning Parameters
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Accuracy

‘ Force fields

» Los Alamos
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Speed and Cost

Cost
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Structure of HIP-NN Neural Network

Typically results in ~10,000 different parameters.

Steepest gradient descent algorithms optimize W, V, s

Nicholas Lubbers Justin S. Smith, Kipton Barros “Hierarchical modeling of
molecular energies using a deep neural network” arXiv:1710.00017, 2017.
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Optimal Training Selection

Ensemble O
. — Network 2
disagreement — Network 3
. O ® QM
can drive data -3
: O
generation =
)
| -
al
Good data
coverage
Bad data Phase Space
Coverage Smith, J. S., Isayey, O., Nebgen, B., Roitberg, A. E. “Active

learning in bio-chemical space for the development of universal
machine learned molecular potentials” 148, 241733 (2018)
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Active Learning and Database Construction

New New
Configuration Conformation
Search Search

Initialize with Initial data set
ANI-1 Reduction

Terminate:

training set begin active — To Configuration
with 2% P——— learning Search
ik SIS = Dataset reduction cycles reduce the size of
training set | the initial dataset
o :
— o When o_nly a |OW percentage (5%) of dqte} IS
JdE = - | continuing to fail the accuracy check, it is
f|Ei — Ef*"| W Training M| percentage all added to the reduced training set
or remal_nl_ngl (<5%) dE <
-t . . .
) SSLCVAUCES w  All data is either accurately predicted or
part of the training set
Add 2% of . Being part of the training set does not guarantee
data where accurate prediction

dEi <
0.1kcal/mol

Smith, J. S., Isayeyv, O., Nebgen, B., Roitberg, A. E. “Active
learning in bio-chemical space for the development of universal
machine learned molecular potentials” In Preparation.
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Active Learning and Database Construction

New New
Configuration Conformation
Search Search

Initialize with Initial data set
ANI-1 Reduction

From Dataset .
Start: init.

Reduction _
4 with reduced , From Conformation
Train 5x

training set ANI models Search

to training
set

Sample new | LN To Conformation
configs. Conformer pto Search
(GDB, sampling conformer

ChEMBL21, N set(CSS) sampling

etc..) ot New geometries obtained

from other databases and
randomly generated

Calculate:
pi = o(E;) /N s Use Query by Committee to
| Determine configurations to
add to database
° h?&ﬁlgmpcm% UNCLASSIFIED Slide 9

Operated by Los Alamos National Security, LLC for NNSA [ l.‘b?@j
N AR



Active Learning and Database Construction

New New
Configuration Conformation
Search Search

Initialize with Initial data set

ANI-1 Reduction

= New Geometries
generated by normal
mode sampling

To Configuration End cycle:

SEEUGIIER ] Restart

configuration Is percent(p; <

sampling p) < 5% of
m Use Query by Committee sampled
o(E;) is the ensemble standard
deviation of energy prediction From Configuration || Skks Train 5x
i new ANI models
N is the number of atoms Search e o8| conformers o o

. ; from CSS | A . -
s Add new conformations until ' training training set }

less than 5% fail (p; < p)

Calculate: | Add p; < p |
to training

pPi =
o(E)/VN
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Accuracy Versus Active Learning Iteration

Count

I ANI-1x (Train + Test)
B DrugBank
[ Tripeptides

35 Tripeptide

o= F(keal x mol ")
30} o=s  AE(kcal x mol )
sl Flkeal x mol 'A~") ||
20f
10 <~
Shunnunnnunnnsanannnnennnsss P ug Ty
OaLT AL2 AL3 AL4 ALS AL6

Active Learning Version
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CCSD Transfer Learning

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

Recompute
CCSD(T)/CBS
level

340k
parameters
fixed, re-train
60k

Copy ANI-1x DFT
pretrained
parameters

107 faster than
DFT
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Predictions on molecules with 10-13 heavy atoms

ANI-1ccx predicts accurate forces compared
to MP2/TZ

0.20

GDB-10tol3 atomization energy error

; W wB97X-D30c=7.5
1 ANIl-1lccx o0=2.3

ANI-1ccx  ANI-1x ®wB97X- MP2/DZ

D3 »
MP2/TZ 3.4 4.7 3.7 4.6 5o
&)
Units: kcal/mol/A (error MAD) 0
N
ANI-1ccx predicts accurate relative TEu 0.10
energies compared to CCSD(T) =
=
0.05
MAD 1.5 1.8 2.0 1.4
Units: kcal/mol
0.00
'.JNLA?OSNA.IJE!R'}%SY UNCLASSIFIED
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-20 -10 0 10 20 20
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Isomerization Benchmark ISOLG6

Benchmark ISOL6
B b97x-D3

I 5| HEE ANI-1x
1) N\ o T o ANI-1ccx

- L CCSD(T)*/CBS
2) @ — M
2ot _ &% | ]
OO SIENCSeIEE N N 1 B

C ? Reaction ID

E — E,or (kcal/mol)
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Torsional Benchmark

Torsion benchmark (CHNO only)

4.0 1 o

359

3.0 1
25 This work

204

MAD AAEMethod +4 CCSD(T)/CBS (kcal/mol)
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Fast and Accurate Molecular Dynamics

1o - 2 I . & 2
fo S P Y - .5 wat 27 Y 2t - - 2
7 - .A e S ‘,‘ ’. - \\Q/“i ¢ = 1} -}d‘ L -' % ., .bv

Carbon nanoparticles/sheets nucleation [4000 atoms in 60A box at 2500K]

5ns MD simulation. 2 days on 1080-Ti. 800,000 atomic gradients / s
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Machines Learning Properties
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Different Networks for Different Applications

Network Layer 1 Layer 2 (3)

Name Distances  Cutoff Hard Number | Distances Cutoff Hard Cutoff Number of
(A) Cutoff (A) of Units (A) (A) Units

R=4.0 8 2.5 4.0 20 8 2.5 4.0 20

R=6.0 10 3.0 6.0 20 8 2.5 4.0 20

R=8.0 20 5.5 8.0 40 20 5.5 8.0 40

Able to generate different networks with different hyperparameters (distance
cut-off, atomic layers, distance bins, ect.)

Generally, the smaller the network the more generalizable but less accurate.

Difficulties associated with training large networks to databases of small
molecules due to untrained parameters.

Nebgen, B., Lubbers, N., Smith, J. S., Sifain, A., Lokhov, A., Barros, K., Tretiak,
T. “Transferable Charge Prediction for Molecular Systems Using Deep Neural
Networks” In Preparation.
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A network trained on a
small database is still able
to produce reasonable
results on larger
molecules.

Higher accuracy can be
achieved if desired.

» Los Alamos

NATIONAL LABORATORY
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Larger Databases
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Building IR Spectra

Hirshfeld

Relative Intensity

‘o

=

CM5
Methanol Methanol
= QM Charges
n —— ML Charges
Ethanal Ethanal
Acetamide Acetamide
Li—— - . e

/.
iy

IS

il

Dimethylacetamide

L,

4000 3500 3000 2500 2000 1500 1000
vicm~
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3

500
Y

3500 3000 2500 2000 1500 1000
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IR spectrum generated completely using ML. ANI generated a trajectory,
HIP-NN generated charges at each point.
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Charge Models Do Not Agree

CM5
0.043e

4
/

Hirshfeld
‘10.129 e
0.096 e

e
’
’
’

NBO
‘10198

ACA

CM5

Log Count

Hirshfeld
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Count

Training Directly to Dipoles

Log Count

Dipoles Quadrupoles
: ‘ : ‘ : : : 20.0 . . ‘ — 60.0 . : : - —
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0 10 20 30 40 50 60 70 S 0.0l 0.0l
Number of Atoms per Molecule <
I ANI-1x (Train + Test) -10.0t -30.0F
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IR Spectra on Larger Molecules

10 .
0.083D
Aspirin 50.066D .-
21,13 .
( ) 0 /
ﬂ& ‘! 5 102
105164 -
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(24, 14) —— Time-Domain ML /
~
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Learning Hamiltonians
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Hlckel Theory and Other Model Hamiltonians

Extended Huckel theory is one of the simplest methods for simulating the
electronic structure of Molecules.

1.75
Hij = T(Hi + H;)S;;

Hearbon,s = —21.4 eV; Hegrpon, p = —11.4 €V Hpyarogen,s = —13.6 eV
S Is overlap matrix

Solve the following equation
H{y = ESYy

Can we optimize the atomic site parameters to match DFT?
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Error Function

We need to quantify the error between Hlckel and DFT in order to optimize the
Hamiltonian.

Norp
Orbital Energy Error = Z (giDFT _ SlHillckel)z
i
Nparameter
Regularization = Z (HlHileel _ Hip'it)z
i
Nsites Nocc 2
Density Error = Z pPFT — Z qjiz,j
l J

L = W; X Orbital Energy Error + W, X Regularization + W5 X Density Error
Minimize L over space of all H;.

N,,, can be any number of valence and or virtual orbitals.
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Training Dataset

100,000 element database made of

molecules with 14 atoms or less (5 heavy

atoms or less)

Small Database because diagonalization

required at every computation
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Interesting Orbital Properties are Still Captured

Orbital Energy for Methane

. -10
Eigenvalues across methane X DFT
. . e kel
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Mulliken charge
contribution from each
orbital plotted against
the methane bond
dissociation.

ML Is able to attribute

the correct state
character to each MO.
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MO energies (eV)

Occupied Orbitals

Ring Cyclization
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Virtual Orbitals
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Qualitative orbital character is easier than energies

Orbital 1 Density Orbital 3 Density
o404
0.35
0.30 -
0.25 -
= ey
2 @ 0.20
8 i
0.15
0.10
0.05 -
0.00 -
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Distance (Ang) Distance (Ang)
040 Orbital 2 Density Orbital 4 Density
0.35 -
0.30 -
0.25
>
@ 0.20
c
[
= 0.15 |
0.10
0.05
0.00 -
0 0 20 30 40 50 60 70 0 0 20 30 40 50 60 70
Distance (Ang) Distance (Ang)
» Los Alamos
NATIONAL LABORATORY UNCLASSIFIED Slide 31

EST.1943

Operated by Los Alamos National Security, LLC for NNSA ‘D Q.
;i” WA A



Thank you for listening

» Los Alamos
NATIONAL LABORATORY UNCLASSIFIED Slide 32

EST.1943

Operated by Los Alamos National Security, LLC for NNSA

") e
AT\~



