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Rational design from structure-property relationships
Chemistry Material properties
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High-throughput screening

Material properties
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Intermolecular interactions across
chemical space

High-throughput thermodynamics
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7 )Preaicting the intermolecular energy landscape
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/7 )Preaicting the intermolecular energy landascape l

Nuclear charges
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Ziri} = U(1Zi, i)

j

Coordinates
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[ransterability challenges
{ZZ', I'f,;} — U({ZZ, I'Z})

Phase (e.g., gas vs. condensed)

Conformational (e.qg., cis vs. trans)

-
~

Compositional @ @
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for Polymer Research

AMOEBA polarizable force field & B3

- | perm ind
U=U bond T Uangle +U boT U o0p +U torsion ™ Uvdw T Ue Je T Uele
Water-sultate anion clusters Small molecule solvation free energies
| ' ' RMSD = 2.32 kcalimol
0 <Signed Difference> = +0.45
2 rCorrelation = 0.87 P
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P g 18-
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AG,, ., (Kcal/imol)

Phase and conformational transferability
Ponder et al., | Phys Chem B (2010)



. Strategies for energy landscape prediction

Zivif — U({Zi,rif)

1. Physics-based (force field)

2. Data-driven (machine learning)
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7 )Strategies for energy landscape prediction

Zi,vif — U({Zi,rif)

1. Physics-based (force field)
More parameters

Transferability
2. Data-driven (machine learning)

Extrapolation
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-xtrapolation In machine learning
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-xtrapolation In machine learning
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Machine learning; encoding physics &

0
_ 210
240 Data density
--+- Symmetry lines
’ 270 == DFT reference
— GDML .
: — sGDML !

0 0
otor angle (°) C-O rotor angle (°)

ani)laivx<xv qui) “Transform the configuration, and
A the prediction transforms with it”

Chmiela, Sauceda, Mller, Tkatchenko, Nat. Comm. 9:3887 (2018) ENANEE / I'T
K(Sp,§'p") = SK(p, p')S

Glielmo, Sollich, De Vita, Phys Rev B 95 (2017)
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Machine learning; encoding physics &

0 0
otor angle (°) C-O rotor angle (°)

%,
qu‘i)la_xlw@’ qui)

018)

Wishlist
* long-range interactions
* chemical-space transferabillity

Size of the interpolation-space?

THEORY
@60+ GROUP

™
M B

“Transform the configuration, and
the prediction transtorms with it

K(Sp,S'p)) = SK(p, p')S"*

Glielmo, Sollich, De Vita, Phys Rev B 95 (2017)
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Intermolecular interactions across chemical space
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¢+~ ) Intermolecular interactions across chemical space 2

Nuclear charges\
{ZZ', I‘Z'} — U({ZZ, I‘Z})

Coordinates ) K Potential energy

R
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-7 ) Intermolecular interactions across chemical space l

Nuclear charges‘\
{Z@, I'Z'} — U({ZZ, I‘Z})

Coordinates j k Potential energy

&

Any small molecule made of H, C, O, N N
neutral compounds o
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-7 ) Intermolecular interactions across chemical space l

Nuclear charges‘\
{Z@, I'Z'} — U({ZZ, I‘Z})

Coordinates j k Potential energy

Physics-based models

Machine learning

e Encode laws, symmetries
e | ittle chemical information

 Need to learn laws, symmetries
* [nterpolate across chemistry

Any small molecule made of H,C, O, N .
neutral compounds “"7}“.,
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Physics-based aspect
L ong-ranged Short-ranged

o Static electrostatics * Charge penetration
 Many-body dispersion * Repulsion
e Polarization e (Charge transter)

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
...TE'SSSE Comput. 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016) 12



Physics-based aspect
L ong-ranged Short-ranged

Perturbation theory Overlap models
o Static electrostatics * Charge penetration
 Many-body dispersion * Repulsion
e Polarization e (Charge transter)
1 qiq; 3
VCoulomb<T) — ’ Sij — /d rpi(r)pj (I‘)
dmeg T

. . .

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
...TESSSE Comput. 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016) 12




Physics-based aspect

L ong-ranged Short-ranged
o Static electrostatics * Charge penetration
 Many-body dispersion * Repulsion
e Polarization e (Charge transfer)

Use ML to predict atoms-in-molecules
properties

* Multipole moments
irshfeld ratios
tomic density widths/populations

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
...TE'SSSE Comput. 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016) 13



Physics-based aspect

Multipole moments

L ong-ranged / Short-ranged

o Static electrostatics * Charge penetration

 Many-body gfspersion<«—=Hirshfeld ratios * Repulsion
g\sfer)

. Po\arization/ e (Charge tr

Use ML to predict atoms-in-molecules
properties

Atomic density
widths/populations

* Multipole moments
irshfeld ratios
tomic density widths/populations

Van Vleet, Misquitta, Stone, and Schmidt, J. Chem. Theory Comput. 12 (2016); Vandenbrande, et al., J. Chem.
Theory Comput. 13 (2017); Grimme, J. Chem. Theory Comput. 10 (2014); Verstraelen, et al., J. Chem. Theory
...TESSSE Comput. 12 (2016); Metz et al, J. Chem. Theory Comput 12 (2016) 13



Static multipole electrostatics

1 q;q;
VCoulomb (T) — A ZT]
0

..,TE'ESSI Stone, The Theory of Intermolecular Forces 4



Static multipole electrostatics

1 q;q;
VCoulomb (T> — A ZT]
0

..,TE'ESSE Stone, The Theory of Intermolecular Forces y



Static multipole electrostatics

1 q;q;
VCoulomb (T> — A ZT]
0

..,TE'ESSE Stone, The Theory of Intermolecular Forces y



Static multipole electrostatics
1 qig;

VCoulomb (T> —

dmeg T

dipoles, quadrupoles rotate with the sample

..,TE'ESSE Stone, The Theory of Intermolecular Forces 4



kernel-ridge regression M:
Ka=7p > |
L,
= 0.01 -
Descriptor: ast AT 101102103 10% 10! 102103 104 10! 102103 10*
M" = [Z1,{p" (R)}, {p1” " (0)}] Atoms in training set
uang and von Lilienfeld, J. Chem. Phys. 145 (2016) i
uang and von Lilienfeld, arXiv:1707.04146, 2017 Easier to learn
THEORY H,O than C,N..
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monopole

dipole

guadrupole
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Pairwise
London dispersion: Casimir-Polder:
Co 3 [ . .
Eip = RéB Coap = ;/o dwa, (iw)ay (iw)

Need atomic polarizabilities
as Input parameters




1 X Max-Planck-Institut

fir Polymerforschung

al I _— O | S < rS | O | I Max Planck Institute
for Polymer Research

Pairwise
London dispersion: Casimir-Polder:
Co 3 [ . .
Eip = RéB Coap = ;/o dwa, (iw)ay (iw)

Need atomic polarizabilities
as Input parameters

Many-body dispersion

Coupled fluctuating dipole model: Atomic polarizabillities
e Quantum harmonic oscillators e Atom-in-molecule: Hirshfeld ratios

Donchey, | Chem Phys (2006) Tkatchenko et al,, Phys Rev Lett (2012)




1 X Max-Planck-Institut

fir Polymerforschung

al I _— O | S < rS | O | I Max Planck Institute
for Polymer Research

Pairwise
London dispersion: Casimir-Polder:
Coan | 3 [ . .
EAB — R6 ; C6AB — ;/O dwap(zw)aq(zw)

Need atomic polarizabilities
as Input parameters

Many-body dispersion

Coupled fluctuating dipole model: Atomic polarizabillities
e Quantum harmonic oscillators e Atom-in-molecule: Hirshfeld ratios

Donchey, | Chem Phys (2006) Tkatchenko et al,, Phys Rev Lett (2012)




for Polymer Research

| earning Hirshfeld ratios i P

1.1
®
46__)6 fl 0 V;ff free __ fdrrgwp(r)n(r) free
— 1 1C OCP ™~ \/free Oép - 3 ,free Oép
i . N Vp fdl‘l" np
», _
= Y
E 0.8 - Iraining: 12.3k atoms in 1k molecules
@ —_
= 0.1 MAE: 0.006
qé_S‘ 0.0 -
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Thole model
N point dipole polarizabilities placed in a homogeneous field F

Induced dipole moment at point p:

N
pp =0y | Bp — Z Lpqtiq
Q7P

qu - dipole field tensor

Fp given by static electrostatic interactions at site p

Thole, Chem Phys, 89, 341 (1981)



N N 1 Max-Planck-Institut

fir Polymerforschung

O al | z a | | Max Planck Institute
for Polymer Research

Thole model
N point dipole polarizabilities placed in a homogeneous field F

Induced dipole moment at point p:

N
pp =0y | Bp — Z Lpqtiq
Q7P

qu - dipole field tensor

Fp given by static electrostatic interactions at site p

Need atomic polarizabilities and

multipoles as input parameters
Thole, Chem Phys, 89, 341 (1981)
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H-bonded complexes:

7 parameters to cover chemical space mr"i ,L( T, K

of CHON intermolecular energies S

Polarization 1 TR T45% S5 we Sis
Many-body dispersion 2 T == = 2 =

i
C . I_l . O . N 1.53 3.28 2.35 4.46 274 1 7 573 f’(‘ 7.05
) ) )

Repulsion
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\/a||dat|on S66a8 &

0 (0 \
Angular-displaced

= _5 - nonequilibrium
= oU geometries

, -
—3 40

s
o —10 - QY D
= - 30 S
= —15 - 20)
&
= ey 10
—20 —f | | | O

—20 —15 —10 -5 O
E |kcal /mol|

Y GESE; Rezac, Riley, and Hobza, Journal of Chemical Theory and Computation, 7 (2011). 22

Error: 0.5 kcal/mol



Validation: 5SS &

30 2,200+ amino-acid
20 -
15 -

Eret fkeal /mol]

Ref: CCSD(T)/CBS

-15-10 -5 0 5 10 15 20 25 30
E [kcal /mol] Error: 0.4 kcal/mol

...TE'E,SSE Burns et al., J Chem Phys, 147 (2017). 23



P

DNA base pairs,
amino-acid pairs

Dimer ID
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-30—-30—-20-20-15-10 =5 0O 5 .
»,

E [kcal/ mol]

0o, 2585; Jure¢ka et al., Phys Chem Chem Phys 8 (2006) Error: 1.4 kcal/mg)
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Intermolecular interactions across chemical space

0.1\ o Qaﬂ
%%
0.01 1 T E
]
0.001 “ |

ol vl vl sl ol vl vl el ERTTT EEERE R BT ERETIT B R R ETT
101 10?103 10% 10* 102103 10* 10! 102 103 10%

Atoms in training set

® L
N ) ® -
. :
) (] aj -
L 40 o

30 :
20
10
0 =

-35-30-25-20—-15-10 -5 0 5
E [kcal/ mol]

Lessons learned
ML force fields can be
systematically improved
7 global * physical effects
parameters (perturbation theory at
short range)
* chemical groups
e provide data + ML model

®e. HEORY Bereau, DiStasio Jr., Tkatchenko, von Lilienfeld, JCP 148, 241706 (2018)
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Outline

Intermolecular interactions across
chemical space

High-throughput thermodynamics
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Flux of drug permeation

d membrane

[ol

across a |

28
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rug permeabllity

Flux of drug permeation
across a lipid membrane

THEORY
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Flux of drug permeation
across a lipid membrane

Fokker-Planck:
Smoluchoswki

Permeability coefficient

exp (AG(z)/ksT)
D.(z)

THEORY Swift & Amaro, Chem Biol & Drug
®e. GRoup Design 81 (2013)

Pt = [ dz

28



Drug permeabllity

Flux of drug permeation
across a lipid membrane

Fokker-Planck:
Smoluchoswki

Permeability coefficient

1 exp (AG(z)/ksT)
P = /dz D.(2)

THEAEY Swift & Amaro, Chem Biol & Drug
®e. GRoup Design 81 (2013)

P

Potential of mean force

AG(z)

28



Flux of drug permeation
across a lipid membrane

Fokker-Planck:
Smoluchoswki

C

Permeability coefficient

1 / exp (AG(z)/ksT)
P = [ dz
D.(z)
THEAEY Swift & Amaro, Chem Biol & Drug
®e. GRoup Design 81 (2013)

Drug permeabllity

AG(z)

force from computer
simulations

P

Potential of mean force

Sample the potential of mean




) Drug-membrane thermodynamics in silico
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) Drug-membrane thermodynamics in silico

"He

P~~~

P 3
g

PN N, ; 2
:“‘;""L\-" Aol m
¥ B0 T2 ), &

Sl % Y o
. ﬁ}&"f{ . =
O -3 ‘U-I.‘ﬁﬁ‘::‘: -

40 -20 0 20 40
z(A)

Chipot and Comer, Scientific Reports (2016)

- Manual force-field parametrization
- Sampling: 100,000+ CPU-hours
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7 )Drug-membrane thermodynamics in silico

"He

Ny

My ,_\' N :
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et OH /E::[ :£;J

cwjif:iié FijLJI::IALVA\/NW/,CI Tﬁ\ /

(J \

alprazolam atenolol chlorpromazine

OH OH OH

N
I

ibuprofen imipramine mannitol
S

Z @ND HO\/O/H & N

- Manual force-field parametrization o~ M & N

N |

- Sampling: 100,000+ CPU-hours '

promazine salbutamol salicylate theophylline

O. OH

Carpenter et al., Biophys J (2014)
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Automated coarse-graining: Martini

;
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Automated coarse-graining: Martini

\,
-\ | y |
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C@OO000 -

18 bead types: chemical fragments

Marrink, Tieleman, Chem Soc Rev 42 (2013)
Periole, Marrink, Biomolecular Simulations (2013)
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/ C@OO000 -

18 bead types: chemical fragments

Marrink, Tieleman, Chem Soc Rev 42 (2013)
Periole, Marrink, Biomolecular Simulations (2013)

Automated parametrization for small molecules
®e. LEORY Bereau & Kremer, J Chem Theory Comput 11 (2015)
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Jakobtorweihen et al. J Chem Phys 141 (2014); Bereau & Kremer, J Chem Theory Comput, 11 (2015)
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Solute insertion In the membrane
L TR I Al

(a) © " r
-0.5 3 | =3 ] S
2 EEEE
5 A0 — =
2 L5 el : L5
g 2 3 e
= 25 | = 05 R
x -3¢t = %
— S— 0 - i
~ 35! = . |
. AA Yooithonest = AA R
'5 - —15 1 1 1 1 1
0 0.5 1 1.5 2 2.5 3
2 [nml]

— Coarse-grained
— Atomistic

-7 0 05 1 ) [1m_:,1 | 2 2.5 3 ]C-I-G" i
Atomistic simulations: >100,000 CPU-hours T
Coarse-grained simulations: ~100 CPU-hours > ¢

...TE'ESSE Jakobtorweihen et al. J Chem Phys 141 (2014); Bereau & Kremer, J Chem Theory Comput, 11 (2015)



0.5 a..\ 4

F(z) [kcal /mol]

Carpenteretal. @
’ Leeetal. A i
m m - - L / | | | Macl Ca”um let al. | O {’r"““'f‘.’.‘i":?:;‘.f‘l'.‘l‘f.'f?
Atomistic simulations: >100,000 T, e, e
Coarse-grained simulations: ~100 log10 Peg

...TE'ESSE Jakobtorweihen et al. J Chem Phys 141 (2014); Bereau & Kremer, J Chem Theory Comput, 11 (2015)



Construct reduced chemical space &

We don't focus on specitic compounds, instead explore chemical diversity

Molecular
welight:

1

Q00O -«

~ 30-160 Da
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Construct reduced chemical space &

We don't focus on specitic compounds, instead explore chemical diversity

Molecular
welight:

1

Q00O -«

~ 30-160 Da

CG: combinatorial explosion is reduced

THEORY
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7 Jldentitying simple thermodynamic relations

G(z)

Interface

...TEESEE Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 33



7 )ldentitying simple thermodynamic relations

G(2)

Water
AGW—H
Interface

...TEESEE Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 33



-7 )Jldentifying simple thermodynamic relations
AGW—H + AG10 — AGw_o0 =0

G(z)

Water
AGW—H
Interface

...TEFESEE Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 33



AGW—H + AGi0 — AGw_o0 =0
G(2)

AGT_,M
N O N R OO O N

Water
AGW—H
Interface

...TEESEE Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017)

[dentitying simple thermodynamic relations

AGwy_,\ Lkecal/mol]

33




AGW—H + AG10 — AGw_o0 =0
G(2)

AGTI_ M
N O N R OO N

Water
AGW—H
Interface

...TEFESEE Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017)

[dentitying simple thermodynamic relations

AGwy_,\ keal/mol]

33




L
AGvw_, 01 kcal/mol]

E
—
av!
O
=zl
N
N
N—"
O

|
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|
00

0 0o 1 15 2 25 3 35 4

z [nm)|

Interface Only 1 independent variable: estimated
from water/octanol partitioning

..,TEESEE Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 33



PMF prediction from experimental value

High-throughput
coarse -grained l I }

Bulk
partitioning

Y 2585}( Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 34



PMF prediction from experimental value

High-throughput
coarse -grained l I }

Bulk
partitioning

450,000
compounds

Y 2585}( Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 34



PMF prediction from experimental value

High-throughput
coarse -grained l

Bulk
partitioning

450,000

compounds
Error across chemical space:

linear relations: 1.8 kcal/mol
coarse-grained: 1.4 kcal/mol

Y 3585}( Menichetti, Kanekal, Kremer, Bereau, J Chem Phys 147 (2017) 34
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Reduction due to limited ..O...

number of bead types

18 bead types: chemical fragments
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High-throughput coarse-graining scheme

Reduction of chemical space
according to size and
hydrophobicity

...TEESSE Menichetti, Kanekal, Bereau, ACS Cent. Sci. 5 (2019) 36



ish-throughput coarse-graining scheme

Reduction of chemical space Insertion of neutral and

according to size and charged compounds across
hydrophobicity embrane

...TEESSE Menichetti, Kanekal, Bereau, ACS Cent. Sci. 5 (2019) 36



ish-throughput coarse-graining scheme

Reduction of chemical space Insertion of neutral and
according to size and charged compounds across
hydrophobicity the membrane

S

Potential of mean force of
neutral and charged species

——__——
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4 | I s
1 I
| - 1
A W 4
A o ‘oo,
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P
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...TE'ESSE Menichetti, Kanekal, Bereau, ACS Cent. Sci. 5 (2019) 36



ish-throughput coarse-graining scheme

Reductlo(r;.of chen.ucal sc;)ace Insertion of neutral and Potential of mean force of Perme.ablllty surface across
according to S.IZ-e an charged compounds across neutral and charged species chemical space alc.>ng two
hydrophobicity the membrane molecular descriptors

T s < P A z
B 5 N o> " < == 4
» S .,.,._._\ ’ - 2

- ~ R\ Y
. \

...TE'ESSE Menichetti, Kanekal, Bereau, ACS Cent. Sci. 5 (2019) 36



Reduction of chemical space
according to size and

hydrophobicity

High-throughput coarse-graining scheme

Insertion of neutral and
charged compounds across

Potential of mean force of
neutral and charged species

the membrane

*
------

o P ’ f/
S
r\ F =} — e~ &
;g‘r,. Y o /“_,, ; o 5 N i N
O A/ NOND
S [P Sy yx = - N
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“)Boosting the database with machine learning

Kernel-based machine learning

AGKx) = ) aK(x*,x)

Training of machine learning model
on Monte Carlo dataset
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Force fields across chemical space
Physics encode long-range interactions

&,
4 - Symmetries reduce the interpolation
® U space
\‘ ﬂb )

| earning from QM (atomistic) or
ohysicochemical properties (CG)

High-throughput thermodynamics

- Coarse-graining reduces the size of
chemical space: fewer simulations

- Structure-property relationships: CG
suggests low-dimensional
representation
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