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Introduction 
The oxygen evolution reaction (OER) is key to the sustainable production of fuels and chemicals via

electrolysis driven by renewable power sources (for example, solar and wind). Occurring at the anode,

the OER splits water [2H2O --> O2 + 4(H+ + e-)] and releases protons and electrons which are then

consumed  during  reduction  at  the  cathode  toward  high-value  products  such  as  hydrogen  gas,

hydrocarbons,  oxygenates,  ammonia  etc.,  depending  on  chosen  reactants  and  catalysts[1].

Unfortunately, the sluggish OER kinetics are presently a major source of inefficiency, slowing down

these processes and hindering the application of renewable energy technologies.[2]  

Most OER catalyst studies so far have focused on improving OER catalytic activity and decreasing

materials’  cost.[3] Only  very  few  studies  have  systematically  focused  on  developing  strategies  to

improve the operando stability of OER catalysts, especially in acidic conditions where only a handful of

stable  catalysts  are  known  to  exist.[4] That  said,  while  improving  the  catalysts’  OER  activity  is

scientifically interesting and technologically important,  OER stability  could be an (at  least)  equally

important factor to consider in practical applications and thus requires special attention. 

Catalysts based on iridium oxide (IrO2) are presently one of the best OER catalysts in terms of both

their catalytic activity and stability under harsh acidic conditions. [3–6] However, IrO2 catalysts still suffer

from  deactivation  under  long  term  OER  conditions.  The  possible  deactivation  has  been  mainly

attributed to the Ir dissolution[7] or lattice oxygen evolution[8], leading to changes in the IrO2 surface

compositions  and  subsequently  the  electronic  structure,  and  morphology[9,10].  In  addition  to  the

intrinsic  stability  of  the catalysts,  dissolved catalysts  or  ions  in  the electrolyte  could  also  impede

catalysis performances by e.g. redeposition during the electrochemical reactions further altering the

surface  composition[11].  These  overlaying  processes  complicate  systematic  investigations  of  the

deactivation  of  IrO2 catalysts  and  are  detrimental  to  the  reliability  of  experimental  OER  catalyst

stability tests.[12,13] 

To shed light into these deactivation processes which all lead to a strong alteration of the IrO2 surface,

characterization of the microscopic structure and composition of IrO2 interfaces to establish structure-

property relations is necessary. First-principles calculations based on density functional theory (DFT)

present an ideal tool to atomically resolve key structural motifs. [14–16] Due to high computational cost,

however, DFT applications are typically limited to simulation cells of few hundred atoms and extensive

sampling methods to explore possible configurations are unfeasible. It has therefore become common

practice  to  guide  structure  searches  using  chemical  intuition  and  experimental  information.

Unfortunately, this strategy likely fails to predict surface reconstructions which, especially for IrO 2, are

often very different from the original starting structures [16]. 

Machine learning interatomic potentials (MLIP) are emerging as a very promising tool to automatize

extensive (surface) structure searches as they are capable of retaining DFT accuracy to within a few



meV per atom, while simultaneously reducing computational cost by up to three orders of magnitude.
[17–19] Furthermore, MLIPs can be trained in a highly data-efficient manner by only requiring a small

number of DFT calculations which describe the target configuration space well. High accuracy of the

resulting  potential  is  ensured  through  on-the-fly  uncertainty  quantification [20] during  training  and

production. The acceleration gained via the inexpensive MLIP allows for the efficient use of extensive

sampling methods to  explore  the configuration space of  (reconstructed) IrO2 surfaces at  different

compositions. 

I propose to investigate the deactivation of IrO2-based catalyst via a DFT based MLIP. In this effort, I

will  first train a reliable MLIP based on the Gaussian Approximation Potentials (GAP) [21] specifically

targeted to describe the reconstruction of IrO2 surfaces. In a second step, I will extensively sample

stable and meta-stable IrO2 structures using iterative parallel  tempering[22] to explore the relevant

phase space. Finally,  I  will  identify and evaluate possible phase transformations between relevant

regions in the phase space, which will  ultimately help unravel likely deactivation mechanisms. The

resulting insight will aid in the systematic understanding of IrO2 electrocatalyst degradation which in

turn may guide our efforts towards improved electrode or process design principles. This endeavor

distinguishes itself from previous works[16,23] by requiring a highly diverse MLIP capable of describing a

rich chemistry of the IrOx surface species with variant oxidation states and focusing on morphology

changes on the mesoscale. This effort will push the limits of MLIP and inspire even more complex

applications for interface stability studies.
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