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Key Activities / 重要活动 

July 5 

(Sunday) 

/7月 5日 

（周日） 

10:00-17:30 
Registration 

注册 

Northeast Gate, Lee Shau Kee Sci. and 

Tech. Building 

李兆基科技大楼东北门 

18:30 
Welcome Reception 

开班仪式 

A-278, Multifunction Room, Lee Shau Kee 

Sci. and Tech. Building 

李兆基科技大楼多功能厅 

Class Schedule / 课程安排 

Schedule  

时间 

Location  

地点 

Morning上午 

(9:00-9:50/10:00-10:50/11:00-11:50) 

Afternoon下午 

(14:00-14:50/15:00-15:50/16:00-16:50) 

July 6-10 

(Monday-Friday) 

/7月 6-10日 

（周一至周五） 

Zone A, 6th 

Teaching 

Building  

第六教学楼 A区 

Theoretical and Numerical Combustion 

classroom: 6A018 (0th floor) 

Thierry Poinsot 

Combustion Chemistry: From 

Fundamentals to Kinetic Modelling for 

Low-Carbon Technologies 

classroom: 6A018 (0th floor) 

Alison Tomlin 

July 6-7 

(Monday-Tuesday) 

/7月 6-7日 

（周一至周二） 

Zone A, 6th 

Teaching 

Building  

第六教学楼 A区 

Spectroscopic Diagnostics for 

Combustion Chemistry 

classroom: 6A203 (2nd floor) 

Pascale Desgroux  

Quantum Mechanics, Statistical 

Mechanics,and Machine Learning for 

Molecular Simulations 

classroom: 6A203 (2nd floor) 

Alexandre Tkatchenko 

July 8-10 

(Wednesday-Friday) 

/7月 8-10日 

（周三至周五） 

Zone A, 6th 

Teaching 

Building  

第六教学楼 A区 

Introduction to Plasma-assisted 

Combustion 

classroom: 6A203 (2nd floor) 

Deanna Lacoste 

AI for Combustion 

classroom: 6A016 (0th floor) 

Matthias Ihme 

Special Activities / 特殊活动 

July 5 

(Sunday) 

/7月 5日 

（周日） 

13:30-17:30 Art Museum Visit / 艺术博物馆参观 

Tsinghua University 

Art Museum 

清华大学艺术博物馆 

July 7 

(Tuesday) 

/7月 7日 

（周二） 

17:00-18:00 Campus Tour / 校园游览 
Tsinghua University 

清华大学 



July 8 

(Wednesday) 

/7月 8日 

（周三） 

17:00-17:30 Group Picture Taking / 暑期学校合影 Mong Man Wai Concert Hall 蒙民伟音乐厅 

July 8 

(Wednesday) 

/7月 8日 

（周三） 

18:30-19:30 

19:30-21:00 

Poster Presentation / 海报展示 

Career Panel / 职业发展论坛 

B-518, Lee Shau Kee Sci. and Tech. 

Building 

李兆基科技大楼 B-518会议室 

July 9 

(Thursday) 

/7月 9日 

（周四） 

18:00 Farewell Reception / 欢送会 
Guan Chou Yuan Restaurant 

观畴园餐厅 

July 10 

(Friday) 

/7月 10日 

（周五） 

8:00-18:00 
Program Certificate Distribution / 学习证

书发放 

6th Teaching Building  

第六教学楼 

July 11 

(Saturday) 

/7月 11日 

（周六） 

9:30-11:30 
CCE Laboratory Tour / 燃烧能源中心实验

室参观 

Northeast Gate, Lee Shau Kee Sci. and 

Tech. Building 

李兆基科技大楼东北门 

 Electronic version of all lecture materials are available at the summer school website 

 

  



Machine Learning in Chemistry and Physics

Alexandre Tkatchenko et al.

Chair for Theoretical Chemical Physics (TCP),
Dept of Physics and Materials Science (DPhyMS), University of Luxembourg

www.tcpunilu.com
alexandre.tkatchenko@uni.lu

Tsinghua University, Lecture 1

FITMOL
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Machine Learning (ML) and 
Natural Sciences
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Physics (+ Chemistry and Biology)

Quantum Mechanics

Statistical Mechanics Machine Learning



Quantum Mechanics / ML models

Slide by Matthias Rupp



Current state-of-the-art of QM methods

Empirical potentials (“force fields”)

Semi-empirical methods 
(based on DFT or Q.C.)

Density-functional theory 
with approximate functionals

Empirical potentials (“force fields”)

Approximate Q.C.
methods 

(MP2, CCSD(T),...)

Full
CI, QMC

Accuracy 
and 

Predictive
Power

Computational 
Cost; 

Conceptual 
Insights?



Current state-of-the-art of QM/ML methods

Empirical potentials (“force fields”)

Semi-empirical methods 
(based on DFT or Q.C.)

Density-functional theory 
with approximate functionals

Empirical potentials (“force fields”)

Approximate Q.C.
methods 

(MP2, CCSD(T),...)

Full
CI, QMC

Accuracy 
and 

Predictive
Power

QM Garbage in 
= 

ML Garbage out

ML

A. Tkatchenko, Nature Commun. 11, 4125 (2020).   



AI/ML Methods in Chemistry by ACS Division 

J. Keith et al., Chem. Rev. 121, 9816 (2021)



Current state-of-the-art of 
Machine Learning Force Fields (MLFF)

O. Unke et al., Chem. Rev. 121, 10142 (2021). 
I. Poltavsky and A. Tkatchenko, J. Phys. Chem. Lett. 12, 6551 (2021). 



Current state-of-the-art of 
Machine Learning Force Fields (MLFF)

O. Unke et al., Chem. Rev. 121, 10142 (2021). 
 



Big Data for Molecules and Materials

nccr-marvel.ch

max-centre.eumax-centre.eumax-centre.eu
nomad-coe.eu

e-cam2020.eu



Big Data for Molecules and Materials

J. Keith et al., 
Chem. Rev. 121, 9816 
(2021)



The Curse of Data: 
”ML is the belief in the ignorance of experts”

Slide by Klaus Mueller – TU Berlin



The Curse of Data: Understanding is Key

Slide by Klaus Mueller – TU Berlin



ML for Physics; Physics for ML

● Balancing between descriptor (prior knowledge) and data.
Physics is deductive, ML is inductive

● Physicists are great at postulating laws from restricted empirical data

● Physics challenges ML: No noise, high-dimensional data: 
scalars, vectors, tensors, …; Data points can be chosen at will!

● Abundance of reliable and verifiable data from experiments and 
calculations

● Behavior of many systems in physics, chemistry, and biology is 
highly non-linear: Perfect for ML applications



ML for Physics; Physics for ML

It is nice to know that the computer understands the problem. 
But I would like to understand it too.
E. Wigner

● Balancing between descriptor (prior knowledge) and data.
Physics is deductive, ML is inductive

● Physicists are great at postulating laws from restricted empirical data

● Physics challenges ML: No noise, high-dimensional data: 
scalars, vectors, tensors, …; Data points can be chosen at will!

● Abundance of reliable and verifiable data from experiments and 
calculations

● Behavior of many systems in physics, chemistry, and biology is 
highly non-linear: Perfect for ML applications



Quantum physics/chemistry today

Properties: Energy, polarizability, HOMO, LUMO, …
Dynamics: Thermal properties, spectroscopy, ... 

DFT
MP2
CCSD(T)
...



Quantum physics/chemistry tomorrow?

Insights:

● Structure of 
chemical space

● Reactivity 
trends, 
aromaticity, 
“new” chemistry

● Molecular 
design through 
multi-property 
optimization

● ...

Training data: 
molecular properties

ML



Chemical Space: Molecular big data

● Graph theory: 
combinatorial explosion

● At least 1060 small drug 
candidate molecules

● Finding needles in a 
haystack

{Ri, Zi} maps to {P1, P2, P3, P4, ...}



● Descriptor: what's a good 
representation of a molecule?

● Metric: how to define 
distance between two 
molecules?

● Data selection: Which 
molecules to use for training?

● Properties: which set of 
properties uniquely defines a 
molecule?

Machine learning for molecular big data

Can we obtain insights into Chemical Compound Space (CCS) ?

{Ri, Zi} maps to {P1, P2, P3, P4, ...}



Molecular Data in this Talk

GDB mol graphs: J. L. Reymond (U. Bern)
http://gdb.unibe.ch/downloads/

QM7/QM9 datasets: Hybrid DFT 
calculations by von Lilienfeld's group
(Sci. Data 2014) and my group (PRL 2012).

MD17/MD22/ISO17 datasets: Molecular 
dynamics trajectories from my group 
(DFT and CCSD(T) levels) 

www.quantum-machine.org



Machine Learning in a nutshell

Slide by Klaus Mueller – TU Berlin

fit



Kernel Learning

Slide by Matthias Rupp



Kernel Ridge Regression



Neural Networks



How to train ML models



Other Examples of (Non)Linear ML Methods



“First” papers on ML for Molecules/Materials: 
Importance of Baselines



Baselines for Molecular Property Prediction: 
From Sum-Over-Atoms to Bag-of-Bonds 

K. Hansen, F. Biegler,
R. Ramakrishnan, W. Pronobis,
O. A. von Lilienfeld, 
K.-R. Mueller, and A. Tkatchenko, 
J. Phys. Chem. Lett. 6, 2326 (2015). 



Molecular Datasets: 
Evolution of Physics in Representations

W. Pronobis, A. Tkatchenko, and K.-R. Mueller, J. Chem. Theory Comput. (2018). 

2012

2015

2018

QM9 dataset:
131k molecules

Baseline



QM9 dataset: Extensive and Intensive Properties

W. Pronobis, A. Tkatchenko, and K.-R. Mueller, J. Chem. Theory Comput. (2018). 



Zoo of Descriptors for Molecules and Solids

Slide from K. Schuett



Learning the Representation:
Molecular Deep Tensor Neural Networks (DTNN)

Kristof 
Schuett



Molecular Deep Tensor Neural Networks (DTNN)

K. T. Schuett, F. Arbabzadah, S. Chmiela,  K.-R. Mueller, and A. Tkatchenko, 
Nature Commun. 8, 13890 (2017). 



Molecular DTNN: Performance on QM9 and MD

K. T. Schuett, F. Arbabzadah, S. Chmiela,  K.-R. Mueller, and A. Tkatchenko, 
Nature Commun. 8, 13890 (2017). 



Molecular DTNN: What Did it Learn ?



Quantum Chemical Insights: Aromaticity



Challenge: Learning Full Chemical Space with ML

Accurately representing BOTH compositional and conformational degrees
of freedom is very difficult. 

For C7O2H10 isomer and MD data, the error grows to 1.7 kcal/mol. 

K. T. Schuett, F. Arbabzadah, S. Chmiela,  K.-R. Mueller, and A. Tkatchenko, 
Nature Commun. 8, 13890 (2017). 



From DTNN to SchNet architecture

K.T. Schuett, P.J. Kindermans, H.E. Sauceda, S. Chmiela, A. Tkatchenko, K.-R. Mueller (2017).
SchNet: A continuous-filter convolutional neural network for modeling quantum interactions. NeurIPS.



From DTNN to SchNet architecture

K.T. Schuett, P.J. Kindermans, H.E. Sauceda, S. Chmiela, A. Tkatchenko, K.-R. Mueller (2017).
SchNet: A continuous-filter convolutional neural network for modeling quantum interactions. NeurIPS.



SchNet architecture: Application to Materials

K.T. Schuett, P.J. Kindermans, H.E. Sauceda, S. Chmiela, A. Tkatchenko, K.-R. Mueller (2017).
SchNet: A continuous-filter convolutional neural network for modeling quantum interactions. NeurIPS.



SchNet architecture: Application to Molecular Dynamics

K.T. Schuett, H.E. Sauceda, P. J. Kindermans, S. Chmiela, A. Tkatchenko, K.-R. Mueller,
J. Chem. Phys. 148, 241722 (2018).



MLFFs based on Physical Principles

S. Chmiela et al., Science Adv. 3, e1603015 (2017); Nature Commun. 9, 3887 (2018). 

Stefan
Chmiela



MLFFs based on Physical Principles

S. Chmiela et al., Science Adv. 3, e1603015 (2017); Nature Commun. 9, 3887 (2018). 



S. Chmiela, H. Sauceda, K.-R. Mueller, and A. Tkatchenko, Nature Commun. 9, 3887 (2018). 

sGDML: MLFF based on Physical Laws and Symmetries



sGDML: Quantum Simulations with Exact Electrons and Nuclei

H. Sauceda, V. Vassilev-Galindo, S. Chmiela, K.-R. Mueller, and A. Tkatchenko, 
Nature Commun. 12, 442 (2021). 

Huziel
Sauceda



S. Chmiela et al., to be submitted ; H. E. Sauceda et al., Nature Commun. (2022). 

sGDML: One Kernel for Molecules and Materials

Preconditioned Large-scale sGDML sGDML for Materials: BIGDML



@ Graphene

Benzene

sGDML: One Kernel for Molecules and Materials

H. E. Sauceda et al., Nature Commun. (2022). 



Challenge: Integrating ML and Physics for 
Complex Molecules and Materials

Science 351, 1171 (2016); Annu. Rev. Mater. Res. 49, 30 (2019).   



Software Available: sGDML and SchNetPack

www.sgdml.org

GitHub:
SchNetPack



Distilling Chemistry and Physics out of ML

FITMOL

Alexandre Tkatchenko et al.

Chair for Theoretical Chemical Physics (TCP),
Dept of Physics and Materials Science (DPhyMS), University of Luxembourg

www.tcpunilu.com
alexandre.tkatchenko@uni.lu

Tsinghua University, Lecture 2

mailto:alexandre.tkatchenko@uni.lu


Quantum Mechanics

Statistical Mechanics Machine Learning



“Nearsightedness” of Electronic Matter



“Nearsightedness” of Electronic Matter



“Nearsightedness” of Electronic Matter

O. Unke et al., Chem. Rev. 
121, 10142 (2021). 



“Nearsightedness” of Electronic Matter

O. Unke et al., Chem. Rev. 
121, 10142 (2021). 

M. Stoehr and A. Tkatchenko, Science Adv. 5, eaax0024 (2019); Science 351, 1171 (2016). 

Many-body
dispersion
(quantum)

Pairwise
dispersion
(“classical”)



Molecular Mechanics in Vacuo

Bonded potentials:
bonds, angles, and 

torsions

Non-Bonded 
potentials:

van der Waals and 
electrostatics



Interatomic Interactions: Range and (An)Isotropy



Valentin
Galindo

Adil
Kabylda

Reference Data:
DFT-PBE+MBD



Valentin
Galindo

Adil
Kabylda

Reference Data:
DFT-PBE+MBD



Valentin
Galindo

Adil
Kabylda



Valentin
Galindo

Adil
Kabylda



Valentin
Galindo

Adil
Kabylda







Valentin
Galindo

Adil
Kabylda



Valentin
Galindo

















Range and Anisotropy of Quantum Interactions 

Adil
Kabylda



Scaling with Molecular Shape and Size



Anisotropy of Interatomic Interactions



Do We Need Non-Linear ML? Not Always ...

Alice
Allen



Do We Need Non-Linear ML? Not Always ...



Transparent Conducting Oxides: Kaggle Competition

C. Sutton et al., npj Comp. Mater. 5, 111 (2019).



Transparent Conducting Oxides: Winning KRR model

C. Sutton et al., npj Comp. Mater. 5, 111 (2019).



Transparent Conducting Oxides: Multilinear Model



Transparent Conducting Oxides: Multilinear Model

A.E.A. Allen and A. Tkatchenko, Science Adv. 8, eabm7185 (2022).



Transparent Conducting Oxides: Multilinear Model

A.E.A. Allen and A. Tkatchenko, Science Adv. 8, eabm7185 (2022).



Elpasolite Universe (1.2M crystals) and 
Spin-Crossover Molecules: Multilinear Models

A.E.A. Allen and A. Tkatchenko, Science Adv. 8, eabm7185 (2022).

Alice
Allen



Machine Learning for Chemistry and Physics
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