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Q
uantum

 physics/chem
istry today

Properties: Energy, polarizability, H
O

M
O

, LU
M

O
, …

D
ynam

ics: Therm
al properties, spectroscopy, ... 

D
FT

M
P2

C
C

SD
(T)

...



Q
uantum

 physics/chem
istry tom

orrow
?

Insights:

● Structure of 
chem

ical space

● R
eactivity 

trends, 
arom

aticity, 
“new

” chem
istry

● M
olecular 

design through 
m

ulti-property 
optim

ization

● ...

Training data: 
m

olecular properties

M
L



M
achine Learning in a nutshell

Slide by K
laus M

ueller – TU
 Berlin

fit



K
ernel Learning



R
egularized K

ernel R
idge R

egression



N
eural N

etw
orks



B
ig D

ata for M
olecules and M

aterials
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M
olecular D

ata in this Talk

G
D

B m
ol graphs: J. L. R

eym
ond (U

. B
ern)

http://gdb.unibe.ch/dow
nloads/

Q
M

7/Q
M

9 datasets: H
ybrid D

FT 
calculations by von Lilienfeld's group
(Sci. D

ata 2014) and m
y group (PR

L 2012).

M
D

17/ISO
17 datasets: M

olecular 
dynam

ics trajectories from
 m

y group 
(D

FT and C
C

SD
(T) levels) 

w
w

w.quantum
-m

achine.org



M
olecular big data

● G
raph theory: 

com
binatorial explosion

● A
t least 10

60 sm
all drug 

candidate m
olecules

● Finding needles in a 
haystack

{R
i , Z

i } m
aps to {P

1 , P
2 , P

3 , P
4 , ...}



● D
escriptor: w

hat's a good 
representation of a m

olecule?

● M
etric: how

 to define distance 
betw

een tw
o m

olecules?

● D
ata selection: W

hich 
m

olecules to use for training?

● Properties: w
hich set of 

properties uniquely defines a 
m

olecule?

● D
egrees of freedom

: 
com

position vs. conform
ation

M
achine learning for m

olecular big data

{R
i , Z

i } m
aps to {P

1 , P
2 , P

3 , P
4 , ...}



C
hem

ical C
om

pound Space: Freedom
 of design

G
. M

ontavon, M
. R

upp, V. G
obre, A

. Vazquez-M
ayagoitia, K

. H
ansen,

A
. Tkatchenko, K

.-R
. M

ueller, A
. von Lilienfeld, N

ew
 J. Phys. 15, 095003 (2013). 



Predicting M
olecular Properties: 

D
escriptors From

 “D
ressed A

tom
s” to B

ag-of-B
onds 

K
. H

ansen, F. B
iegler,

R
. R

am
akrishnan, W

. Pronobis,
O

. A
. von Lilienfeld, 

K
.-R

. M
ueller, and A

. Tkatchenko, 
J. Phys. C

hem
. Lett. 6, 2326 (2015). 



Predicting M
olecular Properties: Q

M
7 dataset 

K
. H

ansen, F. B
iegler, R

. R
am

akrishnan, W
. Pronobis, O

. A
. von Lilienfeld, 

K
.-R

. M
ueller, and A

. Tkatchenko, J. Phys. C
hem

. Lett. 6, 2326 (2015). 



Predicting M
olecular Properties: Q

M
7 dataset 

W
. Pronobis, A

. Tkatchenko, and  K
.-R

. M
ueller, J. C

hem
. Theory C

om
put. (2018). 

2+3body m
any-body expansion                                 0.8



B
ag-of-B

onds (B
oB

): N
on-L

ocality in C
hem

ical Space

G
aussian

Laplacian



Q
M

9 dataset: E
volution from

 C
oulom

b M
atrix to 

M
any-B

ody R
epresentation

W
. Pronobis, A

. Tkatchenko, and K
.-R

. M
ueller, J. C

hem
. Theory C

om
put. (2018). 

2011

20152018 Q
M

9 dataset:
131k m

olecules



Q
M

9 dataset: E
xtensive and Intensive Properties

W
. Pronobis, A

. Tkatchenko, and  K
.-R

. M
ueller, J. C

hem
. Theory C

om
put. (2018). 



Zoo of D
escriptors for M

olecules and Solids



Learning the R
epresentation: 

D
eep Tensor N

eural N
etw

orks (D
TN

N
)



D
eep Tensor N

eural N
etw

orks (D
TN

N
)

K
. T. Schuett, F. A

rbabzadah, S. C
hm

iela,  K
.-R

. M
ueller, and A

. Tkatchenko, 
N

ature C
om

m
un. 8, 13890 (2017). 



D
eep Tensor N

eural N
etw

orks (D
TN

N
)

K
. T. Schuett, F. A

rbabzadah, S. C
hm

iela,  K
.-R

. M
ueller, and A

. Tkatchenko, 
N

ature C
om

m
un. 8, 13890 (2017). 



M
olecular D

T
N

N
: W

hat D
id it L

earn ?



Q
uantum

 C
hem

ical Insights: A
rom

aticity



Learning Full C
hem

ical Space w
ith D

T
N

N
?

A
ccurately representing B

O
TH

 com
positional and conform

ational degrees
of freedom

 is difficult. 

For C
7O

2H
10 isom

er and M
D

 data, the error grow
s to > 1.0 kcal/m

ol 

K
. T. Schuett, F. A

rbabzadah, S. C
hm

iela,  K
.-R

. M
ueller, and A

. Tkatchenko, 
N

ature C
om

m
un. 8, 13890 (2017). 



Beating the H
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ata:
G

radient-D
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ain M
achine L
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D

M
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Beating the H
ell out of D

ata:
G
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ain M
achine L
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M
L
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S. C
hm

iela, A
. Tkatchenko, H

. Sauceda, I. Poltavsky, K
. T. Schuett, K

.-R
. M

ueller, 
Science A

dv. 3, e1603015 (2017). 
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.-R
. M

ueller, 
Science A

dv. 3, e1603015 (2017). 



Beating the H
ell out of D

ata:
G

radient-D
om

ain M
achine L

earning (G
D

M
L

)

S. C
hm

iela, A
. Tkatchenko, H

. Sauceda, I. Poltavsky, K
. T. Schuett, K

.-R
. M

ueller, 
Science A

dv. 3, e1603015 (2017). 

W
rong

B
etter

Error



Sym
m

etrized G
radient-D

om
ain M

achine Learning: 
Tow

ards E
xact M

olecular Force Fields

S. C
hm

iela, H
. Sauceda, K

.-R
. M

ueller, and A
. Tkatchenko, N

ature C
om

m
un. 9, 3887 (2018). 

G
lobally accurate force field from

 only 100s of conform
ations 



Em
barrassingly Q

uantum
 M

D
 for M

olecules:
Q

uantized E
lectrons [C
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SD

(T)] and N
uclei [PIM

D
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. Tkatchenko 
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ature C
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un. 9, 3887 (2018). 



A
m

brosetti, Ferri, D
iStasio Jr., and Tkatchenko, Science (2016).



●
W

hat is chem
ical space: descriptors of m

olecules and 
m

aterials, m
etric?

●
H

ow
 to learn intensive properties: energy levels, 

excited states, spectra?
●

H
ow

 to com
bine M

L w
ith physical law

s (sym
m

etries) 
and interaction m

odels?
●

C
an w

e learn (approxim
ate) H

am
iltonians?

●
C

an M
L suggest better approxim

ations for             ?
●

M
ore and better (big) data

Tow
ards rational design of m

olecules and m
aterials in 

chem
ical space

G
rand C

hallenges for M
achine L

earning 
in Physics/C

hem
istry


