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Many of the most relevant chemical properties of matter depend explicitly on atomistic details, rendering a first principles
approach 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
guantum mechanical observables in compositional and constitutional space.
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How do we do physics?

1. Guess alaw

2. Ifit doesn’'t compare to experiment it’'s wrong

Feynman




Theory to understand chemistry ... to help design experiments

— predictions that can be falsified

1. " ... when you cannot measure it, when you cannot express it in numbers, your
knowledge is of a meagre and unsatisfactory kind.” Lord Kelvin

2. . we understand a molecule when we can predict its properties with a degree
of accuracy considered quantitative.” M. Quack, ETHZ (2000) ,

3. “...lItis nice to know that the computer understands the problem.
But I would like to understand it too.” E. Wigner

— compare to experiment (arbiter)
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Configuration + Composition — Chemical Space
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correlations (inductive)
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supervised learning




Configuration + Composition — Chemical Space
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How many are possible?
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“The greatest shortcoming of the human race is our

inability to understand the exponential function”
Al Bartlett, U of Colorado Boulder
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Conclusions
1. Instantaneous QM quality predictions

2. Learning curves reveal quality of ML model

3. Rate and offset depend on

a.
b.

Baseline: A-ML (prior expert knowledge about property)

Representation: Unigueness and energy (property

independent)
Domain of applicability: Data (properties and structures)



Kernel Ridge Regression
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Virshup, Yang, Beratan et al J Am Chem Soc (2013)
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From molecule to Coulomb matrix (CM) to Bag of Bonds (BOB)
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QM: ~1000 seconds
ML: ~milli seconds
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Conclusions
1. Instantaneous QM quality predictions

2. Learning curves reveal quality of ML model

3. Rate and offset depend on

a.
b.

Baseline: A-ML (prior expert knowledge about property)

Representation: Unigueness and energy (property

independent)
Domain of applicability: Data (properties and structures)
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Conclusions
1. Instantaneous QM quality predictions

2. Learning curves reveal quality of ML model

3. Rate and offset depend on

a.
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Baseline: A-ML (prior expert knowledge about property)

Representation: Unigueness and energy (property

independent)
Domain of applicability: Data (properties and structures)
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A-ML
Ei(R:) = Ey(Ry) + A} (Rp)

Ranking 10k diastereomers derived from 6k constitutional isomers of C.OH_
— Global minimum, and its 10 closest isomers ...

8 9
A, H = -1933.5 kcal/mol _ 10

]

AH [kcal/mol]
9.0 4 =
8.0 —
7.0
6.0 —
5.0
4.0
3.0
20—
1.0 —

Ramakrishnan et al, J Chem Theory Comput (2015)



absolute error [kcal/mol]

A-ML

Transferability/Accuracy
A © KS-DFT :

: 4 G4MP2

ML

KS-DFT

Cost

N? N3 N4 N3 N® N’

R Ramakrishnan et al JCTC (2015)



A-ML ok
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S 20 1% "
—A = eV TR
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£ -1.0 — *
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= 7 1.0k -
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R Ramakrishnan et al JCTC (2015)



A-ML

HN NH

disk

R Ramakrishnan et al JCTC (2015)

absolute error [kcal/mol]

PM7 ( 1 sec) + ML ( 0.001 sec ) — 1.5 days
DFT (30 min ) — 8 yrs !



Conclusions
1. Instantaneous QM quality predictions

2. Learning curves reveal quality of ML model

3. Rate and offset depend on

a.
b.

Baseline: A-ML (prior expert knowledge about property)

Representation: Unigueness and energy (property

independent)
Domain of applicability: Data (properties and structures)



log(Error) = a — blog(N)

Representation MO — Z,Z,
fet(x) = 3 aik(az; + b, ax +b) target 4 RI,:lI
M. M similarity /
10’ [ quadratic e
S
E 10 N
Tl
™~
-
= 3|
2 L1 | 1 | L1
1k 2k 4k
N

Huang, OAvVL, accepted in J Chem Phys Comm (2016) arxiv.org/abs/1608.06194



. log(Error) = a — blog(N)
Representation /N

lack of uniqueness target ~ uniqueness

l similarity
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MAE [kcal/mol]
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\
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lack of uniqueness — absurd results — noise in training
OAVL et al, IJQC (2013)

Huang, OAvVL, accepted in J Chem Phys Comm (2016) arxiv.org/abs/1608.06194



log(Error) = a — blog(N)

Representation /N
| ‘.\ | | " detted: L. J: tgrget | uniqueness
O 1\ solid: LJ+ATM | similarity

planar NH, normal NH,

\n
=1 I 3
0 \
9
0t
3}

0.90 0.95 1.00 1.05 1.15
f (scaling of s)

LJ: Lennard-Jones 2-body vdW potential
ATM: Axilrod-Teller-Muto 3-body vdW potential

Huang, OAvVL, accepted in J Chem Phys Comm (2016) arxiv.org/abs/1608.06194



Representation

database: 6k isomers

Approach: best M is unique AND good model (C/H,00,)

: H
bags of UFF contributions i % g PR v o
MA 8 &
A ] § 4r
Ciom (o’ =%, -
Atom (Bpnd gular Torsional : fé M
’_/‘4!/_ — :L 2 1 Ll L1191
o [+]]]. e[| | == 10° 10*
BAML z ' *- .. N
_/
. MT
Universal force field (UFF)
“CM”, M. Rupp, et al., PRL, 2012
A. K. Rappe, et al., JACS, 1992 “BoB”, K. Hansen, et al., JPCL, 2015

Huang, OAvVL, accepted in J Chem Phys Comm (2016) arxiv.org/abs/1608.06194



Representation

(a) _ M — M — M — M - CM ——BoB
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6k constitutional isomers of C702H10

Huang, OAvVL, accepted in J Chem Phys Comm (2016) arxiv.org/abs/1608.06194



Representation

() —M —M — M —— M —CM -——-BoB (b)
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Representation
QM7b database (size: 7211)

MAE (5k out-of-sample)

| BAML | BoB | SOAP* | CM’| __accuracy’

E (PBE0)/eV 0.05  0.08 0.16  0.15,0.23,0.09-0.22
o (PBEO)/ A3 007 009 |005]| 011  0.05-0.27,0.04-0.14
HOMO (GW)/eV 010 | 015 012 0.16 i

LUMO (GW)/eV 01 | 016 012 0.16 i

IP (ZINDO)/eV 015 [ 020 019 0.17 0.20, 0.15

EA (ZINDO)/eV 007 | 017 013 o0.11 0.16,0.11

E, * (ZINDO)/eV 013 [ 021 018 013 0.18,0.21

¢8S.De, et al., PCCP, 2016
b G. Montavon, et al., NJP, 2013

Huang, OAvVL, accepted in J Chem Phys Comm (2016) arxiv.org/abs/1608.06194



Conclusions
1. ML makes instantaneous QM quality predictions

2. Learning curves reveal quality of ML model

3. Rate and offset depend on
a. Uniqueness and target similarity (model dependent)
b. Properties and structures (data dependent)
c. Baseline (expert dependent)



MAE(meV/atom)

Crystals

T =
€ e—e (11I-VI)
10 “XKee ) (1-VIID)
MPD
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Elpasolite (K ,NaAlF -symmetry) is a vitreous, transparent, luster, colorless and soft
quaternary crystal in the Fm3m space group which can be found in the Rocky Mountains,
Virginia, or the Apennines. It is the most abundant quaternary crystal present in the
Inorganic Crystal Structure Database. Some Elpasolites emit light when exposed to ionic
radiation. This makes them interesting material candidates for scintillator devices.

OCCAM'S
RAZOR

Now with

only one
blade

Faber et al, Phys Rev Lett (2016) arxiv.org/abs/1508.05315



Crystals Elpasolite (K ,NaAlF -symmetry) is a vitreous, transparent, luster, colorless and soft

quaternary crystal in the Fm3m space group which can be found in the Rocky Mountains,

Virginia, or the Apennines. It is the most abundant quaternary crystal present in the
Inorganic Crystal Structure Database. Some Elpasolites emit light when exposed to ionic
radiation. This makes them interesting material candidates for scintillator devices.
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Reduction in cost: o
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ML: ~20 CPU hours (not optimized)
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Faber et al, Phys Rev Lett (2016) arxiv.org/abs/1508.05315
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Crystals

TABLE VI — Continued from previous page

#  Elpasolite

1 Iz I3 T4

50 C1 N Tl Ba

51 TI K Cs F
52 N O Sn Sr
538 F (s Cl
b4 8e Cl Cs F
5 GaK Cs F
56 Pb Rb Cs F
8T F Br Rb Cl
538 N RbCs F
89 N Li NaF
60 Bi Na Rb Cl
61 Na Mg Cs F
62 T1 Al Rb H
63 S Br Rb Cl
64 N F Sm Sr
65 As Na Rb F
66 Pb K Cs F
67In Al Cs H
68 Pb Na Cs F
69 Ga Na Tl F
70In TI Rb Cl
71 In Na Rb Cl
72In Na Cs H
73Li In Rb Cl
7In Na Tl F
T8 Br F Cs Cl
76In Ga Rb F
TTN K G F
T8 Li Na Cs F
T Naln Rb F

B0OO N Smn Ca
81N F Sn Ca

82In Rb Cs F
83 S Br Cs Cl
84 In K Cs F
85 T1 Al Cs H
86 T1 Ga Rb F
87 Ga Na Rb F
B8 Al Na Cs H
B89N Na Cs F

AE (eV/atom) Type Ac (eV)

—-0.0312
—0.0329
—0.0333
—0.0336
—0.0349
—0.0359
—0.0370
—0.0382
—0.0384
—0.0396
—0.0416
—0.0449
—0.0451
—0.0452
—0.0454
—0.0467
—0.0486
—0.0488
—-0.0513
—0.0514
—0.0528
—0.0538
—0.0565
—0.0603
—0.0604
—0.0610
—0.0616
—0.0618
—0.0634
—0.0672
—0.0686
—0.0738
—0.0776
—0.0848
—0.0875
—0.0884
—0.0945
—0.1008
—0.1019
—0.1064

0.00
3.82
0.00
0.00
0.03
6.04
0.00
0.92
2.96
2.72
3.73
0.00
0.72
0.00
0.00
4.556
0.00
0.61
0.00
4.39
2.40
3.05
1.26
2.83
4.27
0.95
3.27

0.00
5.34
0.00
0.14
5.37
0.00
5.46
1.14
4.40
5.90
2.14
2.80

Faber et al, Phys Rev Lett (2016) arxiv.org/abs/1508.05315

MP ID

mp-989542
mp-989526
mp-989540
mp-989521
mp-989544
mp-989531
mp-989525
mp-989573
mp-989519
mp-989504
mp-989520
mp-989568
mp-989539
mp-989518
mp-989592
mp-989523
mp-989585
mp-989535
mp-989556
mp-989561
mp-989550
mp-989547
mp-989610
mp-989583
mp-989533
mp-989543

Competing mixed phase in MP

0.5 BagNz + 0.5 Ba; Cl: + 0.5 Ba,Tly + 1.5 Bay
0.6667 Cs;T1 Fg 4 0.0417 K24 T1sFas
SraoN1 + SraSni 01 + 0.5 812802
0.1458 Clig + 0.1667 51 Fg + 0.1042 S5Clys + 2 Cs, Cly
0.5Cs;ClL +0.125 ClyFy + 1.5 Cs F; 4+ 0.25 Se4F 15
0.5 Cs1F1 + 0.0833 Cs18Gai2Fs4 + KiF1
2Cs F; + 0.25 PbyFi2 + B Fy
0.5ClL; +0.5Br:Cl; + 2Rb, Cl; + 0.25 CL4Fy
0.5Rb2Fs + 0.125 Ne + 2Cs1F1 + 0.25F4
0.375Fs + 05N + LizFy +2Na Fy
0.25 BiyCly3 + 2Rb,Cl;, + Na; Cly
0.25F4 + 0.6667 Cs:F1 + 0.1667 CsgMg,Fop + Na:Fy
H: +0.5Al:Hs 4+ Th 4 2Rbi Hy
0.25 Cly + 0.5 BraCls 4+ 2 Rb; Cl; 4 0.125 8:Clys
0.5 SI’SSD:l -+ 0.0625 SI':;QN](;F]S
2Rb1F1 +0.25 AsaFiz + NanFa
205, F; +0.25 PbsFi2 + K Fy
0.5 Al;Hg + 0.1111 CsyIng + 1.6667 Cs; Hy + 1.3333H,
2Cs1F1 + 0.25 PbaF12 4+ Na1F1
0.2 Gd.QFﬁ -+ 0.5 T14F4 + 0.1 NaluGaﬁFzg
0.5In,Clg + T1,Cl; + 2Rb, Cl,

0.3333 In,Cls + 0.1667 NagInaClys + 2Rb,Cl4
3.3333H; + 0.1111 CssIng 4+ 1.6667 Cs; Hy + Na,H,
0.0656 LiygIngClag 4+ 2 Rb, Cly + 0.3333 Iny Clg
Na,F, +0.5TL4F4 + 0.5 In.Fg
0.5Cl + 2Cs1Cl + 0.5 Br2Clz + 0.25 Cl4F4

mp-989566 0.1667 Gay + 0.0833 RbgIn,2F44 + 0.1667 GaszFg + 1.3333 Rb, I,

mp-989580
mp-989559
mp-989578

0.25Fs + 0125 KgFos + 0.0625 N1g + 2Cs1 Fy
0.5F4 + Cs1F1 + 0.26 CsaLisFs + Nai1Fa
0.0833 RbgIn iz Faq + Na Fy + 1.3333 Rb, Fy

mp-989584 0.0625 Caz;Nig + CasSny O + 0.0227 CagzSngp + 0.0455 CasSn;

mp-989530
mp-989605
mp-989517
mp-989639
mp-989575
mp-989565
mp-989400
mp-989642
mp-989527

0.5 CasN2F2 + 0.5 CasSny
0.0833 Rby_,lnlqu.; + 0.3333 R}J;Fl + 2 CSlFl
2Cs;Cl + 0.5 Br:Clz + 0.25 Cly + 0.125 55 Clis
0.025 K‘g.g_IIlquﬁ -+ 0.1 K.»}IﬂﬁFzﬁ + 2 CﬁlFl
2 UslHl + 0.5 111'3H5 + Tl]_ + H]_
2BbF; + 0.5 GagFg + 0.25 TLF,
2 RblFl + 0.1 XamGaﬁFzg + 0.2 GazFﬁ
2Cs1Hy + 0.5 Naz AlzHg
0.76F4 + 0.5Nz + Na;F1 + 2Cs1 F,



Crystals &

Element ||-5|-4|-3|-2(-1|0|1(2|3[|4|5|6|7 Element ||-5|-4|-3|-2(-1{0|1|2|3|4|5|6|7|8
H v v Ga Vara v vararg

He v Ge VIVIVIVIVIVIVIVIYV

Li v As v arars v
Be ars Se v v v v v
B v arars Br v v arars v
C VIVIVIVIVIVIVIVIV Kr VIV IV

N VArararard arardrars Rb v v

0] ars ars Sr ars

F v In v rarard

Ne v Sn v ararars

Na v v Sb v vV v v

Mg ars Te v rarars arars
Al arard I v v v v
Si Ararars ararars Xe Vars v v v
P arars VIVIVIVIY Cs v v

S ars VIVIVIVIVIY Ba v

Cl v v AN Ararars Ti v arars

Ar v Pb rararars

K v v Bi arararard

Ca v ars

Faber et al, Phys Rev Lett (2016) arxiv.org/abs/1508.05315



Crystals

Al Na F
S s
' s, @ 3 1l
aelgr T Tl 3 |
- - = o
— -~ e . x—
"'. 4 |
| @ w!u'- . 2 VII
s
Formula |LPTOS|Emi. Eprr| @1 g2 g3 ga
MgSbBaaFg 1 -2.88 -2.7011.66 0.42 1.63 -0.89
CaTeBasFg 1 -2.90 -2.68 |1.58 0.31 1.67 -0.87
TeCaBasFg 1 -2.83 -2.68 |0.31 1.59 1.67 -0.87
LiSbBasFg 2 -3.06 -2.62 [ 0.89 1.06 1.62 -0.86
CsMgRbaFg 1 -2.93 -2.61 |0.98 1.67 0.92 -0.75
BeSbBasFg 2 -2.88 -260(1.68 0.35 1.62 -0.88
CsMgK:aFg 1 -2.97 -258 |1.01 1.68 0.92 -0.75
SrSbBasFg 2 -2.90 -2.56 | 1.48 0.60 1.59 -0.88
SrTeBasFsg 2 -2.89 -2.5511.70 0.40 1.66 -0.90
14
12 FOBLBa, 2%
10 “‘ﬁ%ﬁf‘a;ﬁ‘
g =
ABa oy : Ba, --a’_
4:Mgc|_:b-|:;__lph LiHeCs,F, Fo—;n-?eﬁbF
A
§ —
-3.0 -2.0 -1.0
E(eV/atom)

Faber et al, Phys Rev Lett (2016) arxiv.org/abs/1508.05315



Calculated atomic charges in NFAI, Cag elpasolite using different methods

(obtained using SIESTA[43]).

Crystals

€ | U @  ntips:/materialsproject.org/materials/mp-989389/ Method
Bader
MATERIAL ID: Hirshfeld
CagAl;NF mp-989399

Voronoi deformation density

N F Al Ca

-2.00 -0.98 -2.13 1.20
-0.63 -0.36 —1.05 0.52
-0.81 -0.29 -1.13 0.56

Material Details
HM:P 1
a=9.8554
b=9.8554
c=9.8554
«=90.000°
B=90.000°
¥y=90.000°

Final Magnetic Moment

0.882 g

Magnetic Ordering
Non-magnetic

Formation Energy/Atom

-1.007 eV

Energy Above Hull
0.000 eV/atom

Density
2.27 g/lem®

Decomposes To

Stable
Band Gap
0.000 eV
Structure Type: Conventional Standard  Primitive  Refined
Space Filling @ Polyhedra Space Group

Faber et al, Phys Rev Lett (2016) arxiv.org/abs/1508.05315

Lattice Parameters

a | 6.969 A a | 60.000°
b 6.960 A p | 60.000°

6.969 A y | 60.000°
Volure | 239.311 A3

Final Structure
Fractional Coordinates

Ca

a b c
0.2407 0.7583 0.7593
0.2407 0.7593 0.2407
0.2407 0.2407 0.7583
0.7593 0.2407 0.7593

0.7593 0.7593 0.2407

Al
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http://www.youtube.com/watch?v=S6r6yWuKs7g

Conclusions
1. ML makes instantaneous QM quality predictions

2. Learning curves reveal quality of ML model

3. Rate and offset depend on
a. Uniqueness and target similarity (model dependent)
b. Properties and structures (data dependent)
c. Baseline (expert dependent)



Conclusions li

Scientific method - how to gain knowledge

Inductive

1. Assume a law

2. Metric

3. Examples

4. Infer

5. New combination

Fast (ms)
Arbitrary reference
Automatic improvement

Transferable?
Minimally condensed

Deductive
1. Assume a law
2. Approximate
3. Solve
4. Predict
5. New regimes

Slow (depending on approx.)
Approximation dependent
Human improvement

Transferable?
Maximally condensed



