Towards a fundamental understanding of forced liquid intrusion
for shock absorption applications using machine learning potentials
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Liquid-ZIF intrusion.. 1o create the ideal shock absorber?
Zeolitic imidazolate frameworks (ZIFs) are efficient and reusable high-rate shock Depending on the choice of ZIF, electrolyte, and crystallite size, different macroscopic
absorbers. The amount of energy dissipated during the intrusion-extrusion process is behaviours can be realised ranging from springs over shock absorbers, to bumpers.

determined by the hysteresis between the intrusion and extrusion curves.
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Connecting the nanoscale: A machine learning potential (MLP) to model fundamental intrusion events

Why MLP enhanced with MB-pol?!’!]

low computational cost with ab initio accuracy
for the ZIF framework (improving on force field derived results)

accurate modeling of water-water interactions due to MB-pol

A-learning
ability to expand to other ZIFs and aequous solutions
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Future challenges

53 efficient dataset generation for A-learning
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To the macroscale: Kinetic Monte Carlo (kMC) as a multiscale method to model water intrusion/extrusion

Connecting the nanoscale to the macroscale by deriving three key nanoscale parameters
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oredicts intrusion/extrusion pressures and timescales
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Conclusions

improve energy barriers with the A-learned MLP to understand and model the physics of water The ab-initio trained MLP should be enhanced to model water-water interactions
intrusion more accurately to improve on the earlier derived force field results.
MB-pol looks promising for this goal, but still has to be verified.

What's next?

improve the effective pressure model and implement strain to correspond with experiments
The kMC model can describe the multiscale intrusion properties. The accuracy is mainly

expand the MLP and kMC workflow toward different ZIF-liquid systems, e.g., ZIF-71, MAF-6... determined by the free energy barriers associated with the hopping frequencuy,
combined with ions or alcohols, which will lead to the choice of most optimal shock absorber the critical cluster size and effective pressure.
combining all of the above to model and understand intrusion The major challenge with the kMC model is the implementation of pressure and strain.
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