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Materials that combine spontaneous polarisation
with strong optical absorption are promising
candidates for next-generation photovoltaic (PV)
devices capable of exceeding the efficiency limits of
conventional thin-film technologies[1]. However,
most strongly polar materials are wide-band-gap
oxides with poor absorption across the UV-visible
spectrum, limiting their practical PV performance.
Previous discovery efforts have largely relied on
screening existing materials databases, restricting
exploration of chemical space to known compounds.

Recent advances in generative machine learning[2-
3] offer a route beyond database-driven discovery.
Conditioned generative models can propose crystal
structures with targeted properties, enabling
exploration of previously inaccessible regions of
materials space. In parallel, machine-learned
interatomic potentials (MLIPs) enable accurate
atomistic simulations at a fraction of the
computational cost of ab initio methods.

Here, we present an end-to-end workflow for the
discovery and characterisation of ferroelectric
photovoltaic materials. We employ CrystaLLM-Tr[4],
a large language model for crystal generation,
conditioned to propose materials with polar space
groups and high predicted photovoltaic efficiencies.
Candidate structures are then evaluated using
MACE-Field[5], an extension of the equivariant MLIP
capable of learning electric field-dependent energy
functionals. By relaxing the polarisation, we identify
the  corresponding  high-symmetry, non-polar
reference phases, allowing the change in
polarisation to be computed along a well-defined
branch of the polarisation lattice: an essential
requirement for characterisation of ferroelectric
materials. We further screen candidates using
machine learning and density functional theory
(DFT) calculations in high-accuracy, carbon-efficient
combinations[6]. Finally, we explore the most
promising candidates in greater depth using hybrid
DFT.

This work demonstrates how modern machine-
learning tools can be combined to both propose and
rigorously evaluate novel materials, enabling
targeted discovery of ferroelectric photovoltaic
compounds beyond existing materials databases.
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Figure 1. CrystaLLM-pi architecture from ref. [4]
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Figure 2. MACE-Field architecture from ref. [5]




