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Abstract
Several known lithium superionic conductor (SIC) materials show high ionic 
conductivities at room temperature, making them promising solid electrolyte 
candidates for next-generation solid-state Li-ion batteries [1]. 

▪ Ionic transport is the key to understanding the conductivities of lithium SICs 
and the crystal structural framework determines the energy landscape of 
the ion migration [2]. Vibrational properties are chosen as the 
representation of Li-ion crystals in the databases from The Materials Project 
[3] and the Phonon Database at Kyoto University (PhononDB) [4][5][6]. 

▪ To decrease the issues of lacking good quality labelled data, unsupervised 
machine learning was employed to find new crystals for solid-state 
electrolytes from vibrational properties data due to the advantages of no 
labelled training data required and the ability to identify new species similar 
to known good solid electrolytes candidates [7].

▪ Various calculations were performed using phonon density of state (DOS)
and the results were employed as descriptors for multiple methods of
clustering. The outcomes were obtained, and further research is suggested.

Motivation
▪ The project aimed to discover solid-state electrolytes with desired 

properties used in solid-state batteries which are potentially less flammable
and more electrochemical stable.

▪ Identify new trends in superionic behaviour by using different data 
visualisation approaches on calculation results and clustering outcomes.

Methods

Results
▪ The codes were written in different Jupyter Notebook files based on their 

functionalities. Data extraction from both databases and visualisation from 
clustering results could be easily produced by running corresponding files.

▪ Inputs for clustering were either a 1D feature from the calculations or a 
multi-dimensional feature array of calculation result combinations.

▪ Dendrograms were produced when performing Hierarchical Clustering. 
While 2D plots could be generated when two-dimensional feature arrays 
were used as an input for K-Means Clustering and Spectral Clustering.

▪ Variance and Silhouette Analysis could display values or scores for different 
numbers of clusters. The highest values or scores represent the optimal 
number of clusters for the chosen input and clustering method. The clusters 
could also be visualised from the Silhouette Analysis results. 

▪ For the current selection of inputs, the optimal numbers of clusters were 
shown as either 2 or 3.

Figure 1. The left plot is an example Hierarchical Clustering dendrogram for temperature-independent 
phonon band centres input. The clusters merge successively from individual samples at the bottom. The 
right plot is an example visualisation for the Silhouette Analysis of two clusters. The x-axis is the scores. 
The red line represents the average score for all clusters.

Conclusions

▪ The outputs from the optimal number of clusters selection were either 2 or 
3, showing the clustering methods were likely to separate the samples into a 
high value of calculation results cluster and a low-value cluster with 
sometimes a medium value cluster.

▪ The representation for phonon DOS might be too brief to conclude the 
phonon DOS patterns for different species at various frequency points.

▪ Further exploration of vibrational properties representation is required and 
more trials on multi-dimensional array input for clustering are necessary.

Impact / Next steps
▪ Using machine learning for materials screening 

could potentially reduce the cost of expensive 
first-principles screenings, resource usage and 
environmental impact.

▪ This project explored the possibilities to 
discover new solid-state electrolyte materials
using unsupervised machine learning. The 
codes are available as a base for future work.

▪ Exploration of different properties will be
carried out and the featurisation of phonon 
DOS will also be a meaningful focus.

▪ Potential new solid-state electrolyte materials 
could be discovered following a similar 
workflow from this project.
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