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Figure 1 (Color online) The illustration of the Hopfield model and its working principle. (a) A Hopfield network with 6 neurons, where each circle
represents a neuron with a state of +1 or —1 and connecting lines represent synaptic weights between neurons. (b) A binary image of 11x11 pixels (each
pixel value corresponds to a neuron state of +1 or —1) to demonstrate the pattern storage and recovery process of the Hopfield network. This network
encodes a “cross” pattern as a minimum energy state. When random noise is used as the initial neuron state, after multiple iterations of updates, the
system state gradually evolves into its memorized pattern. (c) The energy function of this system decreases monotonically as the neuron states are
iteratively updated, eventually recovering the stored image pattern completely when reaching a minimum energy state
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Figure 2 (Color online) From Boltzmann machine to deep belief network. (a) The illustration of a fully connected Boltzmann machine with 8 neurons.
(b) A restricted Boltzmann machine (RBM) with 4 hidden layer nodes (H,, H,, Hs, Hy) and 6 visible layer nodes (Vy, V5, *** , V5). (¢) A neural network
stacked with multiple layers of restricted Boltzmann machines, containing four layers: One input layer (I), two hidden layers (H', H*), and one output
layer (O). These four layers contain 8, 6, 6, and 4 neurons, respectively. This multi-layer neural network structure forms a deep belief network by
continuous stacking
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The connections between physics and Al: A review of the 2024
Nobel Prize in Physics

Qian-Yuan Tang

Department of Physics, Hong Kong Baptist University, Hong Kong 999077, China
E-mail: tangqy@hkbu.edu.hk

The 2024 Nobel Prize in Physics was awarded to John Hopfield and Geoffrey Hinton for their pioneering contributions to
artificial neural networks and machine learning. Hopfield was originally trained as a condensed matter physicist, while
Hinton has a background in cognitive psychology and artificial intelligence. Both of them recognized the deep connection
between neural computation and statistical physics. Their pioneering work demonstrates how principles from statistical
physics shaped the theoretical foundations of artificial neural networks and deep learning. This review mainly introduces
their breakthrough achievements in neural networks and machine learning, with particular emphasis on the underlying
physical principles.

The Hopfield model is one of the most significant contributions of John Hopfield, introducing a groundbreaking
theoretical framework for understanding associative memory in machines. This model operates through an iterative
dynamic rule, updating neuron states to minimize an energy function, which takes inspiration from spin glass systems in
physics. The energy landscape concept in the Hopfield model provides crucial insights into information storage and
retrieval. By demonstrating robust distributed representations, the model has inspired extensive research on attractor
dynamics in both artificial neural networks and biological systems, serving as a foundational pillar for modern neural
architectures and brain-inspired computing. Beyond this model, Hopfield explored time encoding in neural systems,
highlighting the role of synchronized oscillations and providing new perspectives on temporal dynamics in enhancing
computational capacity. He also pioneered the critical brain hypothesis, linking neural network dynamics to self-organized
criticality.

The Boltzmann machine, developed by Geoffrey Hinton and his collaborators, serves as a key architecture bridging
statistical physics and machine learning. In this model, the energy function determines the probability distribution of
system states following the Boltzmann distribution, with learning based on maximum likelihood estimation. This
foundational work led to subsequent innovations, including restricted Boltzmann machines (RBMs), which streamlined the
architecture and improved training efficiency. Hinton further advanced deep learning through deep belief networks
(DBNs), which stack RBMs into hierarchical architectures, and the contrastive divergence algorithm, which enhanced
RBM training efficiency. Beyond the Boltzmann machine, Hinton pioneered advances in backpropagation, deep
autoencoders, and techniques like Dropout, optimizing the training process of deep networks. He introduced t-SNE as a
powerful visualization tool for high-dimensional data and developed innovative architectures like capsule networks to
address limitations in convolutional networks. His forward-forward algorithm represents another significant advancement
in learning mechanisms, highlighting his continuous contributions to artificial intelligence.

The Nobel Prize-winning contributions of Hopfield and Hinton exemplify how physical principles can guide the
development of revolutionary computational paradigms. Their work has established a bidirectional interaction between the
“Science of AI” and “Al for Science”, accelerating interdisciplinary integration and creating new research paradigms that
transcend traditional boundaries. In the future, the integration of statistical physics and machine learning will continue to
generate new theoretical frameworks for understanding deep learning systems, while also making it possible to solve
complex problems in physics and other scientific fields.

statistical physics, artificial neural network, Hopfield model, Boltzmann machine, deep learning
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