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» Machine learning in Chemical Physics
» Non-covalent interactions

» Imaginary time path-integrals
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ESR13: Quantum machine learning for reactivity

Molecular property prediction

QM7-X dataset

Physicochemical properties

K.T. Schitt, .., A. Tkatchenko, Nat. Commun., 8, 13890, (2017).
S. Chmiela, .., A. Tkatchenko, Nat. Commun., 9, 3887, (2018).

J. Hoja, .., A. Tkatchenko, Scientific Data, accepted, (2021).
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ESR13: Quantum machine learning for reactivity

Dataset generation

» Small organic molecules up to 7 heavy atoms (QM7-X dataset)
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» Small and large molecules with pharmaceutical relevance (UniLu-Janssen dataset)

Ongoing project in collaboration with Janssen Pharmaceutical.

J. Hoja, .., A. Tkatchenko, Scientific Data, accepted, (2021).
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ESR13: Quantum machine learning for reactivity

QM descriptors

» Coulomb matrix
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» Two- and three-body interactions
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K. Hansen, .., A. Tkatchenko, K.-R. Mdller, , J. Chem. Theory Comput., 9, (2013).
W. Pronobis, A. Tkatchenko, K.-R. Mdiller, J. Chem. Theory Comput., 14, (2018).
0.A. von Lilenfeld, K.-R. Mdller, A. Tkatchenko, Nat. Rev. Chem., 4, (2020).
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Predicting atomization energy
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ESR13: Quantum machine learning for reactivity

Defining novel QM descriptors
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ESR13: Quantum machine learning for reactivity

Machine learning for chemical discovery
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A. Tkatchenko, Nat. Commun., 11, 4125, (2020).
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ESR13: Quantum machine learning for reactivity

Work plan for the doctoral student

Reinforcing knowledge about
chemical reactivity, machine
learning, QM, and SM.

~

Generation of an extensive QM dataset | NEB and/or
using high level of electronic structure. | String method

In coordination with

~ ESR4, ESRS, ESR7.
Development and validation of Secondment at AALTO
. ] machine learning models for predicting (ESR9).
In coordination with TS geometries and energies.
Janssen Pharmaceutical
(month 25-42). h
I Publishing results in scientific
journals and attending conferences.
&
ML toolbox for predicting TS geometries and energies.
Getting Doctor degree at UnilLu.
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Many thanks for the attention.
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