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“Big data + artificial intelligence” represents a novel research paradigm that will have a profound impact on future
scientific research. In the field of computational physics, artificial intelligence and data-driven approaches are fostering
the formation of new methodologies, and consequently giving rise to new significant scientific problems. This article will
explore the emerging research area of artificial intelligence and data-driven computational simulations, review related
research progress, and provide a perspective on future developments.

computational physics, artificial intelligence, data-driven
PACS: 31.15.Ar, 93.85.Bc, 82.20.Wt

doi: 10.1360/SSPMA-2024-0030

247109-6


https://doi.org/10.1038/s42256-023-00716-3
https://doi.org/10.1038/s42256-023-00716-3
https://doi.org/10.1038/s41586-023-06735-9
https://doi.org/10.1038/srep42669
https://doi.org/10.1038/s41467-019-12875-2
https://doi.org/10.1038/s43588-022-00265-6
https://doi.org/10.1038/s43588-022-00265-6
https://doi.org/10.1038/s41467-023-38468-8
https://doi.org/10.1038/s41467-023-38468-8
https://doi.org/10.1038/s43588-023-00424-3
https://doi.org/10.1360/SSPMA-2024-0030

	人工智能和数据驱动的计算模拟
	发展现状 发展现状
	数据驱动与 据驱动与AI赋能
	驱动的计算物理方法发展 物理方法发展
	算力 � 算力: 数据与AI算法的强大推手
	未来发展 未来发展


