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Can we use machine learning
algorithms to help the

interpretation of AIMD simulations
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What i1s chemiluminescence”?

Definition: Emission of light (luminescence) as the result of a chemical reaction

electronic
excited state .
\
\
/ . A
conical |
intersection

electronic X emission

ground state of light

reactant

product

Chemiexcitation
Population of an excited state as the result of a chemical reaction



What is chemiluminescence?

Structures of model compounds

=» Communication to attract partners,

hunting to lure preys, defence to
avoid predators

=*» In vivo Imaging in medicine,
biosensing for environmental polluants,
food industry, etc.

Vacher et al, Chem. Rev. 118, 6927-6974 (2018)



Chemiexcitation in 1,2-dioxetane
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Theoretical approach

Ab initio molecular dynamics simulations
Born-Oppenheimer dynamics
non-adiabatic dynamics (surface hopping)
including 4 singlet states

Electronic structure method
- CASSCF(12-in-10)
- ANO-RCC-VTZP basis set

Initial conditions
- Transition state geometry with 1kcal/mol kinetic energy in the forward direction
150 trajectories sampled from the Wigner distribution (Newton-X package)
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Vacher et al, |. Chem. Theory Comput., 13 (6), 2448-2457 (2017)




Dissoclation of 1,2-dioxetane

Vacher et al, |. Chem. Theory Comput., 13 (6), 2448-2457 (2017)



Dissoclation of 1,2-dioxetane
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Effect of methyl substitution
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Effect of methyl substitution
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Prediction of dissociation time
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Predicted dissociation times [fs]
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Analysis of the trained BNN 1
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Analysis of the trained BNN 2

+ Predictions of dissociation times
for vibrational excited states
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Interpretation of the trained BNN

=>» Correlation between nuclear coordinates and dissociation times

normal mode 6 normal mode & normal mode 11

... related to empirical rules known today as:
- octet rule

- relation between bond order and bond length
- orbital hybridisation / valence shell electron pair repulsion (VSEPR) model

This is chemistry !

Hase, Fdez Galvén, Aspuru-Guzik, Lindh and Vacher, Chem. Science, 10, 2298-2307 (2019)



‘Frustrated” dissociations
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—rustrated” dissociations - revisited
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‘Frustrated” dissociations - revisited

Three difterent standard machine learning classifiers:
- linear discriminant analysis (LDA)

- linear support vector classification (SVC)
- support vector machines (SVM) with a linear kernel

Hase, Fdez Galvén, Aspuru-Guzik, Lindh and Vacher, J. Phys. Conf. Series, 1412, 042003 (2020)



‘Frustrated” dissociations - revisited
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—rustrated” dissociations - revisited
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Take home messages

+ Ab Initio molecular dynamics simulations are necessary to provide
details into the mechanisms and yields of photochemical reactions.

+ Machine learning algorithms are able to predict accurately a specific
outcome quantity of AIMD simulations. In order to make accurate
predictions, the models evidence empirical rules that are, today, part of
the common chemical knowledge.

+ Machine learning techniques are also helpful to analyse and further
Interpret the results produced by the AIMD simulations.

+ This paves the way for new conceptual insights in chemistry where
machine analysis would provide a source of inspiration for us.
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