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Many of the most relevant chemical properties of matter depend explicitly on atomistic and electronic
details, rendering a first principles approach to chemistry mandatory. Alas, even when using
high-performance computers, brute force high-throughput screening of compounds is beyond any capacity
for all but the simplest systems and properties due to the combinatorial nature of chemical space, i.e. all
compositional, constitutional, and conformational isomers. Consequently, efficient exploration algorithms
need to exploit all implicit redundancies present in chemical space. | will discuss recently developed
statistical learning approaches for interpolating quantum mechanical observables in compositional and
constitutional space. Results for our models indicate remarkable performance in terms of accuracy, speed,
universality, and size scalability.
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Chemistry?

Millennium Essay by V. smi

“What is the most important invention of the twentieth century? Aeroplanes,
nuclear energy, space flight, television and computers will be the most common
answers ... Yet none of these can match the synthesis of ammonia from its
elements. ”
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Friedrich Wohler (1800-1882)

1828: Urea from ammonia and cyanate (in solution+heat)
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Chemistry on a computer? Predict outcomes!

Phase Diagram of iAMOEBA Water
16000

iAMOEBA ——
Experiment  #
14000 |-

12000

10000

| Structure

8000

Pressure (bar

6000 -

4000 -

2000 F

Ih

1 1 1 1 1 1 1
120 140 160 180 200 220 240 260 280 300
Temperature (K)

Pande et al, J. Phys. Chem B (2013)



Chemistry on a computer? Predict outcomes!

Phase Diagram of iAMOEBA Water
16000

iAMOEBA'

Experiment  #

- Structure

10000

8000

Pressure (bar)

Reactions .

N .

Fe based catalyst for water oxidation _M > .
—ZNe \\\ \ /
EA T ':\\‘\‘“\Q )
TN X )

*! \
2000 F e - S
T : E [
0 I 1 1 I 1 1 \ 1 b = N
120 140 160 180 200 220 240 260 280 300
R \\/ E
r

6000 -

4000 -

Temperature (K)

Pande et al, J. Phys. Chem B (2013)

P Okamura et al, Nature (2016)



Pressure (bar)

Chemistry on a computer? Predict outcomes!

Phase Diagram of iAMOEBA Water

16000 T T T T T T T
IAMOEBA
Experiment  #
14000
12000
10000
8000

6000 -

4000

2000

0 L 1 I | 1 I 1
120 140 160 180 200 220 240 260 280 300

Temperature (K)

Pande et al, J. Phys. Chem B (2013)

Properties

Structure

Reactions .
@

Fe based catalyst for water oxidation /)P\ ,

EA\ T &5 4

\/

[+ \?*:\ﬂ:\

r Iron ion Organic ligand

P Okamura et al, Nature (2016)

OLEDs

g F
o o F

Coumarin derivative A Dapoxyl
450 mm 495 nm

k..;.s-kva

y & 3P o A o
Y\_/L m »-‘..'0 h II‘WN

Y d g g7 "I &

Chailcone derivative
555

Cy5 (l:‘j"ﬂl'l ne durlvnllve} h‘icarhocyanina derivative

577 nm

490 nm 515 nm
Xanthone derivative Green BODIPY Rosamine derivative Oranga BODIPY nza. BODIPY

Zwitterionic trinarh-ocyanine

i ) &
0 g D w %
YO < TR

" i

“«.\ seH S:’ -} o ‘JJJ,-_J(J H‘&CN;,



Chemistry on a computer? Predict outcomes!

Phase Diagram of iAMOEBA Water

16000 T T T T T T T
iIAMOEBA
Experiment  #
14000
Structure
__ 10000
3
o
@
£ 8000 |-
2
@
o

6000 -
4000

Jof |

2000

0 L 1 I | 1 I 1
120 140 160 180 200 220 240 260 280 300

Temperature (K)

Pande et al, J. Phys. Chem B (2013)

Properties

OLEDs

We suck!

Reactions _

O
Fe based catalyst for water oxidation \/;)\ ,
T .

g

<

\ Pl
m / -
<

@

Iron ion

/ M\
\3’*\:\/\,7

Organic ligand

480 nm 515
Xanthone dmvath.le Green BODIPY Rcsamlnu derivative  Orange BODIPY nza. BODIPY

P Okamura et al, Nature (2016)

LI o 1o
i gl Cyom T Q‘i,\é/\;ti

Chalcone derivative Cy5 (l:yanlne derivative) h‘icarhocyanine derivative
5

nm

590

Zwitterionic trinarh-ocyanine

Cjﬁ““” f; ? ;%Hg Q @



“The greatest shortcoming of the human race is our

inability to understand the exponential function”
Al Bartlett, U of Colorado Boulder

=h
o
wr
|
¢

GDB size

—a— Graphs
—e— Molecules (C,N,QO)
—o— CI/S set

No. Structures

No. Heavy Atoms

1 2 3 4 5§ 6 7 8 9 10 11 12 13
J.-L. Reymond and coworkers, J Am Chem Soc (2009) and ff



. g M| ] 1
COmDOSItlon 4 4 I_I_I Young-Ferrers

p(N)
il
OO

3 4 Lﬁ

I* . ﬂ'b.h kidhaall

| Mﬁd
M&-- it I

il | el
i ‘ OAVL, Int J Quant Chem, (2013)

il
II \




Composition
10 protons

,
g {9 10
118 of J ] v

16 17 18 (

OAVL, Int J Quant Chem, (2013)




Spatial configuration

Carbon allotropes




CCS >> 10°°
“Chemical Space”, by
Kirkpatrick and Ellis,
Nature (2004)
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Accuracy & Universality
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log(E)
The bigger the data the better ...

Vapnik, V., The Nature of Statistical Learning Theory,
Springer (1995)

Error ~ a/N?

= O == m

— log(Error) = log(a) - blog(N)
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log(E)
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Vapnik, V., The Nature of Statistical Learning Theory,
Springer (1995)
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BAML
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6k constitutional isomers of C_.O_H

Huang, OAvL, J Chem Phys (2016)
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Atom in a Molecule
llAM_On”

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



Atom in a Molecule
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Atom in a Molecule
llAM_On”

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



an atom in a molecule: “AM-on”

remove H’
Molecule 3| graph G, B
SMILES string, generate | .
e.g., cloccc1CC subgraph| 100p g, in {g;} e .
set {g.} ' :
A Y no . :'f .\. '
connected? ——» reject ... :

ves
v

oH @C @ (Q | [local chemical

. | environments no > reject
"|_retained? r__C
~<1 |
keep coordinates
Y N
rectify & geometry 1 3 57
yes optimization 108 — AT 10"
o v 102 100
reject 4+—— connected? 10" 1
= 10°
(5]
g 10° .
3 10" 5
©-10" @
= 100
o -10° w
1
. yes [ local geometries -10' -10
‘_
reject changed too much? 102 . 102
v O 10 101 102
accept D N,

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



I
A 1 23 5 7
I 1 I | L
— 2| i
g 10 F E
©
2
o 10 .
i E
s
100 b oo
10° 10" 102

Ii/13

=
< (.081
=

0.045

0.025f |
12.5k 25k

E (kcal/mol)

0.26
0.15

L)

-13716.2
-13718.6
-13721.0
-13723.4

-13725.8

E

P
8 %o e
e - T -
» *
L 23
* $
4 .
»

/13

50k 100k
N

log(E) -

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



>
—_—
4N
4w
&
N

MAE [kcal/mol]
SA
I
1

RN
o
N
I
|

0.26
0.15

= .
< (.081
=

0.045

100 k- oo

0.025}f

12.5k 25k

-13716.2
-13718.6
3
£
= -13721.0
Q
<
S|
-13723.4
-13725.8

50k 100k

N

Error [kcal/mol]

10% —

-_—
O—\

—_
o
o

log(E) -

log(N)

~O-random (MAE) _
—Q—selected (AE) for each red scatter point
std: ~8 kcal/mol

error averaged over 100 random samplings |

3

number of
heavy atoms

7

P S S S S S S SR S S S A S AR

20 30 40 50 60 70 8090

Training instances
Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



A 1 23 5 7
I 1 I | L

— 2_ i
E 10
©
2
o 101k
<
s

100 b e

10° 10" 102
N,

Ii/15

-
%
©
) ¥ ¥
- o~ -
s -t PR T g N

o 7
ek

Ip/13

1 S 1 5
5 g 2 0" >
107k 110% [
4 RS
10'2E 3103 A,\;-M:%
e E E m,\\”/k}
10°g 4102 S L L
4 IPPCRrg .
10 _E 10 '.i‘: o
- gty
51 o=
-13716.2 10 :
—O-random (MAE)
-13718.6 —Q—selected (AE)
3
g
§ -13721.0
-
@
137234
-13725.8

Error [kcal/mol]

3

I B I R R R RS RARARRAAS LALLM Lt s

for each red scatter point
std: ~8 kcal/mol |
error averaged over 100 random samplings

number of
heavy atoms

7

30 40 50 60 70 8090

Training instances
Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146




>
N
1N
4 W
a
N
VY
N
N
o
¢,

—
o
N
I
|
N
o
IS
_:</

N
o
N

—
o
-—
—
<
w
povnd vvvomd vovvomd vl
—
o
w
N
|
F
Fd

MAE [kcal/mol]

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



E™" [kcal/mol]

O
~

-10k

, duloxetine

'. vitamin B2

vitamin B5

® N, =1(2264.6 kcal/mol)
¢ N, =2 (246.6 kcal/mol)
= N, =3 (28.8 kcal/mol)

> N, =5 (9.4 kcal/mol)

v N, =7 (1.0 kcal/mol)

-10k -9k
E "' [kcal/mol]

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146




>

AE [kcal/mol]

# monomers

104 Polymer
103 Polyethylene (PE)
o Polyacetylene (PA)
10 Polyalani
yalanine
10" Polylactic acid (PLA)
10° Polysulphone (bQAPS)
107
10°
Accuracy
topological = 3
qualitative = Coarse
qualitaiive - =—p=—o0pHornHHH—n———-—r— -.lf.r '# gramEd
.‘n., |"-"": "::. o]
G4kl - % £ empirical
0.0001ev "1 9 DI'__I_' Tight binding Picture from
Gabor Csanyi
| | | l -
1 I 1 I 3
100 1000 1,000,000 10
ps ns ps ms

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146

28
15
10
10
3



AE [kcal/mol]

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



5 102
£
=
L .0
=10
<

—
<
N

K aaa s s va s s sy
e tata sl et e s e gl

a

/ QO OO oYY & v
BRRRRARRRAR

12x12 C,Au-hBN

BRBEBEREE RN
BRRRAARARNE N

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146



[wore/jowy|eoy] Iy

-100 |

-105

[woye/jow/|eoy]

-110

52 54 56 58 6.0

lattice constant [A]

Si18H36

Huang, von Lilienfeld, https://arxiv.org/abs/1707.04146






! Eq = (Uq|H[Tg)

log(E) O, = (T,|0|,)

K~WY
a~0

—> Ramakrishnan, OAvL, CHIMIA (2015)




log(E)

Eq — <\I’qA|ﬁ|\I’q>
Oq — <\I'q|o|\11q>

K~WY

a~ 0O

Ramakrishnan, OAvL, CHIMIA (2015)

CM BOB
o0 ¢ W A
64-Q\JH R s T
fmomo =) ZPVE
¥ oo
4 [ 1 4-'l 1 L
100 1k 10k 100 1k 10k
32
16
8¢
ab
100 1k 10k 100 1k 10k

Ramakrishnan, OAvL, CHIMIA (2015)



Final remarks
correlations (inductive) vs. laws (deductive)

H({Z;,R1})¥(r) = E¥(r)

|\
H ( { Z )i . RI } ) '_> E Chang, von Lilienfeld, CHIMIA (2014)
(Z1,R;} »= E

Rupp, Tkatchenko, Muller, von Lilienfeld, Phys Rev Lett (2012)



Final remarks
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Outlook: Forces

Initial Converged

RMSD = 0.21 A RMSD = 0.07 A

Christensen et al, in prep (2017)
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