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Toward Next-Generation Artificial Intelligence: =~ Over the coming decades, Artificial Intelligence (Al) will transform society and the world economy in

Catalyzing the NeuroAI Revolution ways that are as profound as the computer revolution of the last half century, and likely at an even faster
pace. This Al revolution presents tremendous opportunities to unleash human creativity in the modern
economy. New developments in Al systems have the potential to enable workers to attain greater
productivity and relieve them from performing the most dangerous and menial jobs. But, to reach this
potential, we still require advances that will make Al more human-like in its capabilities. Historically,
neuroscience has been a key driver and source of inspiration for improvements in Al, particularly those
that made AI more proficient in areas that humans and other animals excel at, such as vision,
reward-based learning, interacting with the physical world, and language (Hassabis et al. 2017). It can still
play this role. To accelerate progress in Al and realize its vast potential, we must invest in fundamental
research in “NeuroAl”.
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The search for true numbers of neurons and glial cells in the human brain: A review of 150 years of cell counting[J]. Journal of Comparative Neurology, 2016.

The economy of brain network organization[J]. Nature reviews neuroscience, 2012.
The cost of cortical computation[J]. Current biology, 2003.
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[1] On transferability of prompt tuning for natural language processing[C]. Proceedings of

[2] Human Emotion Knowledge Representation Emerges in Large Language Models and Supports Discrete Emotion Inference[J]. Arxiv 2023.
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