


Quantum Machine Learning 
QML in the QC sense and in analogy to conventional quantum 
simulations 

● Quantum Chemistry/Mechanics Calculations
● Quantum Monte Carlo (QMC)
● Quantum Molecular Dynamics (QMD) aka AIMD/FPMD
● …
● Solving quantum problems with machine learning

Theorists know everything! 
S. Kalinin, University of Tokyo, Feb 9 2019

AND also to clearly mark the distinction to conventional 
QSPR/QSAR approaches in XYZ-informatics approaches … 

wikipedia.org/quantum_machine_learning



 https://arxiv.org/abs/1412.6572

Machine Learning = Correlation
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Causal relationship:  M ↦ f(M)
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Chemical space within QM?
→ 1st postulate of QM: System = wave-function

CCS ~ O(4NI + 1)
0 < NI < 106
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Ne Chemical space within QM?
→ 1st postulate of QM: System = wave-function

“First principles view on chemical space”, von Lilienfeld, Int J Quantum Chem  (2013)

R
CCS ~ O(4NI + 1)
0 < NI < 106

QM:  M ↦ f(M)
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von Rudorff, von Lilienfeld, https://arxiv.org/abs/1809.01647 

Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 

CCS ~ O(4NI + 1)
0 < NI < 106

Stijn Fias

https://arxiv.org/abs/1809.01647
https://arxiv.org/abs/1809.03302
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1. Alchemical hardness 
2. Alchemical force
3. Conventional Hessian
4. Alchemical Fukui function
5. Nuclear Fukui function
6. Electronic hardness

Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 
Stijn Fias

https://arxiv.org/abs/1809.03302


Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 
Stijn Fias

https://arxiv.org/abs/1809.03302


Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 
Stijn Fias

https://arxiv.org/abs/1809.03302


Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 

https://arxiv.org/abs/1809.03302


Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 

https://arxiv.org/abs/1809.03302


Fias, Chang, von Lilienfeld, J Phys Chem Lett (2019),  https://arxiv.org/abs/1809.03302 

https://arxiv.org/abs/1809.03302




 

Schrödinger

Vapnik

correlation (interpolate)

supervised 
learning

 Feynman

perturbation (extrapolate)

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

Hellmann

Fukui
QML

Alchemy



Overfitting?



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

How?

Fast (ms) but
accurate?
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How?

Fast (ms) but
accurate?
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Vapnik

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

``Fast and accurate modeling of molecular atomization energies with machine learning’’, Rupp et al, Phys Rev Lett (2012)

Mueller Tkatchenko Rupp



Vapnik

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

Error ~ a/Nb  
→ log(Error) = log(a) - blog(N)

``Fast and accurate modeling of molecular atomization energies with machine learning’’, Rupp et al, Phys Rev Lett (2012)

Mueller Tkatchenko Rupp

Cortes, Vapnik et al, Adv in NIPS (1992),
Muller et al, Neural Comp (1996) … 
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Vapnik, The Nature of Statistical Learning Theory, Springer (1995)

Error ~ a/Nb  
→ log(Error) = log(a) - blog(N)

QM: > 1000 seconds
QML: ~milli seconds

QML



 

``Simplicity has its value!’’
Ralf Drautz, IPAM reunion 2005, Lake Arrowhead, CA 

``As simple as possible but not simpler’’
``It can scarcely be denied that the supreme goal of all 
theory is to make the irreducible basic elements as simple 
and as few as possible without having to surrender the 
adequate representation of a single datum of experience.’’
Einstein



 



 



Elpasolite (K
2
NaAlF

6
-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.

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

Error ~ a/Nb   → log(Error) = log(a) - blog(N)

Reminder:
Machine ``learning’’ iff 
the error decays w data! 

Learning curves

budget

target

Evolution vs. 
Revolution?

fit

generalizes



log(E)

log(N)

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

Error ~ a/Nb   → log(Error) = log(a) - blog(N)

Reminder:
Machine ``learning’’ iff 
the error decays w data! 

Learning curves

budget

target

Evolution vs. 
Revolution!!!!
models joke

fit

generalizes

Twofold:
1. Control accuracy
2. Speed:

QM   ~ CPUh 
QML ~ CPUms



Ramakrishnan, OAvL, CHIMIA (2015)
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→ log(Error) = log(a) - blog(N)
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log(E)
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K ~ Ψ
α ~ Ô

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

Error ~ a/Nb 

 
→ log(Error) = log(a) - blog(N)

QML vs QSPR
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Vapnik, The Nature of Statistical Learning Theory, Springer (1995)

Error ~ a/Nb 

 
→ log(Error) = log(a) - blog(N)

How???

`Quantum Machine Learning’, von Lilienfeld, Angew. Chem. Int. Ed. (2018) 



log(E)
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Vapnik, The Nature of Statistical Learning Theory, Springer (1995)

Error ~ a/Nb 

 
→ log(Error) = log(a) - blog(N)

`Quantum Machine Learning’, von Lilienfeld, Angew. Chem. Int. Ed. (2018) 

How???



Learning curves for QM9 energies (pre 2017)
2018 MTM: Shapeev (Skolkovo)
2018 Wavelet: Eickenberg, Exarchakis, Thiry, Mallat (ENS), Hirn (Michigan)
2018 HIP-NN: Lubbers, Smith, Barros (Los Alamos National Lab)
2018 NN: Unke, Meuwly (Basel)
2018 SchNet: Schutt, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2018 MBD: Pronobis, Muller (TU Berlin)/Tkatchenko (Luxemburg)

2017 FCHL: Faber, Christensen, Huang, Lilienfeld (Basel)
2017 aSLATM: Huang, Lilienfeld (Basel)
2017 SOAP multi-kernel active sampling: Bartok, Csanyi (Cambridge)/Ceriotti 
(EPFL)
2017 Const. Size: Yaron (Carnegie Mellon)
2017 enn-s2s: Gilmer et al (Google)
2017 DTNN: Schutt, Chmiela, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2017 HDAD: Faber et al (Basel)/Riley et al (Google Accelerated Science)

2016 BAML: Huang, Lilienfeld (Basel) 

2015 BoB: Hansen, Tkatchenko (FHI)/Muller (TU Berlin)/Lilienfeld (Basel) 

2014 QM9: Ramakrishnan, …, Lilienfeld (Basel). B3LYP for GDB-9 subset of 
GDB-17 from Reymond and co-workers (Berne)

2012 CM: Rupp, Tkatchenko, Muller, Lilienfeld (IPAM) (~10kcal/mol)



Representation

OAvL et al, Int J Quantum Chem (2015), Huang, OAvL, J Chem Phys (2016) 
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BAML

Huang, OAvL, J Chem Phys (2016)
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Huang, OAvL, J Chem Phys (2016)
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QM9 (134k molecules)

BAML

Huang, OAvL, J Chem Phys (2016)



Learning curves for QM9 energies (pre 2017)
2018 MTM: Shapeev (Skolkovo)
2018 Wavelet: Eickenberg, Exarchakis, Thiry, Mallat (ENS), Hirn (Michigan)
2018 HIP-NN: Lubbers, Smith, Barros (Los Alamos National Lab)
2018 NN: Unke, Meuwly (Basel)
2018 SchNet: Schutt, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2018 MBD: Pronobis, Muller (TU Berlin)/Tkatchenko (Luxemburg)

2017 FCHL: Faber, Christensen, Huang, Lilienfeld (Basel)
2017 aSLATM: Huang, Lilienfeld (Basel)
2017 SOAP multi-kernel active sampling: Bartok, Csanyi (Cambridge)/Ceriotti 
(EPFL)
2017 Const. Size: Yaron (Carnegie Mellon)
2017 enn-s2s: Gilmer et al (Google)
2017 DTNN: Schutt, Chmiela, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2017 HDAD: Faber et al (Basel)/Riley et al (Google Accelerated Science)

2016 BAML: Huang, Lilienfeld (Basel) 

2015 BoB: Hansen, Tkatchenko (FHI)/Muller (TU Berlin)/Lilienfeld (Basel) 

2014 QM9: Ramakrishnan, …, Lilienfeld (Basel). B3LYP for GDB-9 subset of 
GDB-17 from Reymond and co-workers (Berne)

2012 CM: Rupp, Tkatchenko, Muller, Lilienfeld (IPAM) (~10kcal/mol)



1. Alchemical normal modes
2. Amons

Present

Future
1. ERC & SNSF
2. Virtual reality



QMC & CCSD(T)

Kernel Ridge Regression



Histogram Distances Angles Dihedrals (HDAD) 
representation



Learning curves for QM9 energies (2017)
2018 MTM: Shapeev (Skolkovo)
2018 Wavelet: Eickenberg, Exarchakis, Thiry, Mallat (ENS), Hirn (Michigan)
2018 HIP-NN: Lubbers, Smith, Barros (Los Alamos National Lab)
2018 NN: Unke, Meuwly (Basel)
2018 SchNet: Schutt, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2018 MBD: Pronobis, Muller (TU Berlin)/Tkatchenko (Luxemburg)

2017 FCHL: Faber, Christensen, Huang, Lilienfeld (Basel)
2017 aSLATM: Huang, Lilienfeld (Basel)
2017 SOAP multi-kernel active sampling: Bartok, Csanyi (Cambridge)/Ceriotti 
(EPFL)
2017 Const. Size: Yaron (Carnegie Mellon)
2017 enn-s2s: Gilmer et al (Google)
2017 DTNN: Schutt, Chmiela, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2017 HDAD: Faber et al (Basel)/Riley et al (Google Accelerated Science)

2016 BAML: Huang, Lilienfeld (Basel) 

2015 BoB: Hansen, Tkatchenko (FHI)/Muller (TU Berlin)/Lilienfeld (Basel) 

2014 QM9: Ramakrishnan, …, Lilienfeld (Basel). B3LYP for GDB-9 subset of 
GDB-17 from Reymond and co-workers (Berne)

2012 CM: Rupp, Tkatchenko, Muller, Lilienfeld (IPAM) (~10kcal/mol)



FCHL representation

"Alchemical and structural distribution based representation for universal QML", Faber et al, J Chem Phys (2018), https://arxiv.org/abs/1712.08417

https://arxiv.org/abs/1712.08417


FCHL representation

"Alchemical and structural distribution based representation for universal QML", Faber et al, J Chem Phys (2018), https://arxiv.org/abs/1712.08417

https://arxiv.org/abs/1712.08417


Learning curves for QM9 energies (pre 2018)
2018 MTM: Shapeev (Skolkovo)
2018 Wavelet: Eickenberg, Exarchakis, Thiry, Mallat (ENS), Hirn (Michigan)
2018 HIP-NN: Lubbers, Smith, Barros (Los Alamos National Lab)
2018 NN: Unke, Meuwly (Basel)
2018 SchNet: Schutt, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2018 MBD: Pronobis, Muller (TU Berlin)/Tkatchenko (Luxemburg)

2017 FCHL: Faber, Christensen, Huang, Lilienfeld (Basel)
2017 aSLATM: Huang, Lilienfeld (Basel)
2017 SOAP multi-kernel active sampling: Bartok, Csanyi (Cambridge)/Ceriotti 
(EPFL)
2017 Const. Size: Yaron (Carnegie Mellon)
2017 enn-s2s: Gilmer et al (Google)
2017 DTNN: Schutt, Chmiela, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2017 HDAD: Faber et al (Basel)/Riley et al (Google Accelerated Science)

2016 BAML: Huang, Lilienfeld (Basel) 

2015 BoB: Hansen, Tkatchenko (FHI)/Muller (TU Berlin)/Lilienfeld (Basel) 

2014 QM9: Ramakrishnan, …, Lilienfeld (Basel). B3LYP for GDB-9 subset of 
GDB-17 from Reymond and co-workers (Berne)

2012 CM: Rupp, Tkatchenko, Muller, Lilienfeld (IPAM) (~10kcal/mol)



Learning curves for QM9 energies (current)
2018 MTM: Shapeev (Skolkovo)
2018 Wavelet: Eickenberg, Exarchakis, Thiry, Mallat (ENS), Hirn (Michigan)
2018 HIP-NN: Lubbers, Smith, Barros (Los Alamos National Lab)
2018 NN: Unke, Meuwly (Basel)
2018 SchNet: Schutt, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2018 MBD: Pronobis, Muller (TU Berlin)/Tkatchenko (Luxemburg)

2017 FCHL: Faber, Christensen, Huang, Lilienfeld (Basel)
2017 aSLATM: Huang, Lilienfeld (Basel)
2017 SOAP multi-kernel active sampling: Bartok, Csanyi (Cambridge)/Ceriotti 
(EPFL)
2017 Const. Size: Yaron (Carnegie Mellon)
2017 enn-s2s: Gilmer et al (Google)
2017 DTNN: Schutt, Chmiela, Muller (TU Berlin)/Tkatchenko (Luxemburg)
2017 HDAD: Faber et al (Basel)/Riley et al (Google Accelerated Science)

2016 BAML: Huang, Lilienfeld (Basel) 

2015 BoB: Hansen, Tkatchenko (FHI)/Muller (TU Berlin)/Lilienfeld (Basel) 

2014 QM9: Ramakrishnan, …, Lilienfeld (Basel). B3LYP for GDB-9 subset of 
GDB-17 from Reymond and co-workers (Berne)

2012 CM: Rupp, Tkatchenko, Muller, Lilienfeld (IPAM) (~10kcal/mol)



QM9 IPAM challenge
● Direct QML model (no fitting on other data-sets, milli-second execution time)
● Active learning/optimal training molecule selection & use of QM is desirable 
● Reach chemical accuracy (MAE~0.05 eV) for U0 of QM9 @ N = 100, or prove that it’s impossible
● Present paper at 2nd reunion

Decision
● Cash award ($100/Prof)
● Reproducible (no cheating)
● Unanimously agreed
● Shared by all winners

Panel: Anatole von Lilienfeld and
● Alexandre Tkatchenko
● Stefan Tautz
● Klaus Mueller
● Reinhard Maurer
● Frank Noe
● Cecilia Clementi
● Olexander Isayev
● Risi Kondor
● Alan Aspuru-Guzik
● Adrian Roitberg
● Jean-Philip Piquemal
● Clemence Corminboeuf
● … 



FCHL

"Alchemical and structural distribution based representation for universal QML", Faber et al, J Chem Phys (2018)

“SchNet - A deep learning architecture for molecules 
and materials”, Schuett et al, J Chem Phys (2018)

"Including crystal structure attributes in machine learning 
models of formation energies via Voronoi tessellations", Logan, 
Wolverton, Phys Rev B (2017)

“Unified representation for machine learning of 
molecules and crystals”, Huo, Rupp, arXiv 
preprint arXiv:1704.06439

"Machine Learning Energies of 2 M Elpasolite (ABC2D6) Crystals", Faber et al, Phys Rev Lett (2016)



FCHL representation
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1. Alchemical normal modes
2. Amons

Present

Future
1. ERC & SNSF
2. Virtual reality



OQML: response properties

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811
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OQML: response properties

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811


Must use extended FCHL* to account for electric field derivative: Update \xi-functions  

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

OQML: Dipole moment = electric field derivative

https://arxiv.org/abs/1807.08811


OQML: Dipole moment = electric field derivative

QM9

Must use extended FCHL* to account for electric field derivative: Update \xi-functions  

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811


OQML: Forces = Atomic displacement derivatives

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811


OQML: Forces = Atomic displacement derivatives

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

ISO17 & SchNet: Schutt et al, J Chem Phys (2018)

https://arxiv.org/abs/1807.08811


OQML forces vs. GPR forces vs. GDML forces

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811


OQML forces vs. GPR forces vs. GDML forces

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

   

S. Mathias, A Kernel-Based Learning Method for an efficient Approxi- mation of the 
high-dimensional Born-Oppenheimer Potential Energy Sur- face, Master’s thesis, 
Mathematisch-Naturwissenschaftliche Fakultät der- Rheinischen 
Friedrich-Wilhelms-Universität Bonn, Germany (2015) 

A. Bartok, G. Csanyi, Gaussian Approximation Potentials: A Brief Tutorial Introduction, Int. J. 
Quantum Chem. (2015) 

https://arxiv.org/abs/1807.08811


OQML forces vs. GPR forces vs. GDML forces

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

MD17 & GDML: Chmiela et al, Sci. Adv. (2017)

https://arxiv.org/abs/1807.08811


OQML vs. GDML: Forces for MD17

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

Inverse distance matrix

MD17 & GDML: Chmiela et al, Sci. Adv. (2017)

https://arxiv.org/abs/1807.08811


FCHL19 revision

FCHL19: "FCHL revisited: Faster and more accurate quantum machine learning”, Christensen et al, submitted to J Chem Phys



OQML revisted vs. GDML revisited: Forces for MD17

Inverse distance matrix

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811
FCHL19: "FCHL revisited: Faster and more accurate quantum machine learning”, Christensen et al, submitted to J Chem Phys

MD17 & sGDML: Chmiela et al, Sci. Adv. (2017); Nature Comm. (2018); Comput. Phys. Comm. (2019)

https://arxiv.org/abs/1807.08811


MD17: Chmiela et al, Sci. Adv. (2017)

Timings to train 1 k configurations/MD17-molecule

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811
FCHL19: "FCHL revisited: Faster and more accurate quantum machine learning”, Christensen et al, submitted to J Chem Phys

min

h

d

Prediction t ~ ms/atom

https://arxiv.org/abs/1807.08811


log(E)

log(N)

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

Error ~ a/Nb 

 
→ log(Error) = log(a) - blog(N)

`Quantum Machine Learning’, von Lilienfeld, Angew. Chem. Int. Ed. (2018) 



atoms → AMONS → molecule → property

elementary →   building blocks → structure → effect

atoms → DNA → gene → function

letters → words → sentence → meaning

Atom in a Molecule: “AM-on”

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



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

NI        <    NJ 

AMON QML
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NI        <    NJ 

d(Ma , Mq)

AMON QML
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AMON QML

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



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

AMON QML



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

AMON QML



3 Examples

9 heavy atoms



77 heavy atoms

3 Examples



602 heavy atoms

3 Examples

QM: > 10 hours
QML: ~milli seconds



Forces w AQML

9 heavy atoms

< 8 heavy atoms
"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811
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Forces w AQML
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9 heavy atoms

< 8 heavy atoms
"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

Forces w AQML
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9 heavy atoms

< 8 heavy atoms
"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

Forces w AQML

https://arxiv.org/abs/1807.08811


Relaxation

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811
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→ IR: normal modes & dipole
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→ IR: normal modes & dipole

"Operators in Machine Learning: Response Properties in Chemical Space", Christensen et al, J Chem Phys (2019), arxiv.org/abs/1807.08811

https://arxiv.org/abs/1807.08811


log(E)

log(N)

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

Error ~ a/Nb 

 
→ log(Error) = log(a) - blog(N)

How???

`Quantum Machine Learning’, von Lilienfeld, Angew. Chem. Int. Ed. (2018) 



Training examples

FF

SE

Error [Energy]

DFT

1 kcal/mol

5 kcal/mol

15 kcal/mol

100 1’000 10’00010 100’000

QMC
CCSD(T)

MP2

HF

Vapnik

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

Error ~ a/Nb  
→ log(Error) = log(a) - blog(N)

QM: > 1000 seconds
QML: ~milli seconds

QML



Cost [CPU t]/compound
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Schrödinger
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DFT

1 kcal/mol
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15 kcal/mol

min h dms yr

QMC
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1998
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QML



Is DFT great?
Deviation of hybrid DFT (B3LYP) from QMC atomization energy for 1.2k small 
neutral relaxed organic molecules with < 6 heavy atoms (not counting H)

40 mHa ~ 24 kcal/mol ~ 1.2 eV

Anouar Benali

See also:
``Big Data meets Quantum Chemistry Approximations: The Δ-Machine Learning 
Approach’’ Ramakrishnan et al, JCTC (2015) [over 170 citations, Google Scholar]



Δ-ML

Ramakrishnan et al, J Chem Theory Comput (2015)



Ramakrishnan et al, J Chem Theory Comput (2015)

CCSD(T)G4MP2Δ-ML

6k constitutional isomers of C
7
O

2
H

10



Ramakrishnan et al, J Chem Theory Comput (2015)

Ranking 10k diastereomers derived from 6k constitutional isomers of C
7
O

2
H

10
→ Global minimum, and its 10 closest isomers … 

Δ-ML



Ramakrishnan et al, J Chem Theory Comput (2015)

Δ-ML



Shift of ~400 kcal/mol

S [cal/(mol K)]

Ramakrishnan et al, J Chem Theory Comput (2015)



R Ramakrishnan et al JCTC (2015)



PM7 1k 10k
86          → 74 → 58 kcal/mol

R Ramakrishnan et al JCTC (2015)



ML

R Ramakrishnan et al JCTC (2015)



" Non-covalent quantum machine learning corrections to density functionals", P. Mezei, OAvL, submitted (2019), https://arxiv.org/abs/1903.09010

FCHL based NCI-SCAN

https://arxiv.org/abs/1903.09010


" Non-covalent quantum machine learning corrections to density functionals", P. Mezei, OAvL, submitted (2019), https://arxiv.org/abs/1903.09010

FCHL based NCI-SCAN

https://arxiv.org/abs/1903.09010
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Multi-level sparse grid Combination technique (CQML)

P Zaspel, H Harbrecht, B Huang, OAvL JCTC (2018)
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Multi-level sparse grid Combination technique (CQML)

P Zaspel, H Harbrecht, B Huang, OAvL JCTC (2018)



P Zaspel, H Harbrecht, B Huang, OAvL JCTC (2018)

Would have required > 25k HF/STO-3G training molecules



Multi-level sparse grid Combination technique (CQML)

QM7b

P Zaspel, H Harbrecht, B Huang, OAvL JCTC (2019)
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Multi-level sparse grid Combination technique (CQML)

P Zaspel, H Harbrecht, B Huang, OAvL JCTC (2019)



Multi-level sparse grid Combination technique (CQML)

QM7b

P Zaspel, H Harbrecht, B Huang, OAvL JCTC (2019)





 



Experiment

QM
log(E)

log(N)

Summary

QML

`First principles view on chemical space’, Int. J. Quantum Chem. (2013)

`Quantum Machine Learning’, Angew. Chem. Int. Ed. (2018) 

Alchemy
Order
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