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ABSTRACT  

 

Deep Learning is applied to simulate non-adiabatic molecular dynamics of phenanthrene based on 

Time-Dependent Density Functional based Tight Binding (TD-DFTB) [1] approach for excited states 

combined with mixed quantum-classical propagation. Starting from the Tully’s fewest-switches 

trajectory surface hopping [2] algorithm coupled to TD-DFTB, we examine the simplified treatment 

based on the Landau-Zener approximation and Deep Learning potentials for excited states. We first 

assess the accuracy of the TD-DFTB approach based on comparison with experimental and higher-

level theoretical data. Using the recently developed SchNet [3,4] architecture for Deep Learning 

applications, we train several models and evaluate their performance. The main focus is given to the 

analysis of the electronic population of low-lying excited states computed with the aforementioned 

methods. We determine the relaxation timescales and compare them with experimental data. Our 

results show that the simplified approaches considered in this study do not yield accurate description 

of the electronic relaxation in phenanthrene as compared with the reference data. On the other hand, 

the SchNet performance allows high-throughput analysis at a negligible cost. 
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