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Fig. 1 Virtual screening of novel Ir(Il) complex for displaying purpose.
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Density-functional theory has been widely used in quantum mechanical simulations. Despite
of its success, the universal exchange-correlation (xc) functional has been elusive. About twenty
years ago, neural networks has been introduced to construct the xc functional or potential. Due to
the emergence of deep learning, this effort has gained the renewed momentum in recent years. In
this perspective, I review the early efforts to approximate the xc functional or potential with neural
networks. A key challenge was the transferability from the knowledge learnt from small molecules
to larger systems. The transferability problem was recently resolved by adopting quasi-local
density-based descriptors, which is rooted rigorously in the holographic electron density theorem.
I discuss then the recent developments to employ the deep-learning techniques to learn the exact
xc functional. It is important that the high-level ab initio molecular energy and as well as the
corresponding electron density are targeted for the training. All these efforts can be encompassed
under a general framework. In addition, the delta-learning method will be discussed.
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Rapid advancements in artificial intelligence (AI) and machine learning (ML) have led to
significant transformations in the field of materials modeling and simulation. In this talk, we will
delve into the latest breakthroughs and advancements in Al-assisted materials modeling, placing
emphasis on the transition from multi-scale methods to pre-trained models. The potential of
Al-driven approaches to address the inherent complexity and multi-scale nature of molecular
systems will be discussed, alongside case studies that demonstrate how these methods are enabling
more accurate and efficient simulations. The transition to and application of pre-trained models
will then be scrutinized through various examples. Finally, we will contemplate the future of
materials modeling and the role of Al and cloud computing in shaping this field.
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