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As with many creative human activities, physics resists definition. Physics, as the saying goes, is what
physicists do. But we can recognize major themes. One theme is the reductionist search for the building blocks of
matter. In another direction is the exploration of the origins and history of the universe writ large. At intermediate
scales, we explore the emergence of macroscopic behaviors that are more than the sum of their parts. An
important lesson of the late 20th century is that these seemingly distinct themes are intertwined, so that theoretical
physics today is more unified while at the same time reaching ambitiously across an even broader range of topics.
The 2024 Nobel Prize in Physics, awarded jointly to John Hopfield and Geoffrey Hinton, celebrates the discovery
of new classes of emergent phenomena, inspired by the function of brains and minds.
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On October 8, 2024, the Nobel Prize in Physics was
awarded to John Hopfield and Geoffrey Hinton. In describ-
ing the scientific background, the Nobel committee began by
saying that “with [this work] the boundaries of physics are
extended to host phenomena of life as well as computation”
[1]. This is a moment for the biological physics community to
celebrate. It also is a moment to reflect on how we got here
and where we are going.

I. FOUNDATIONS

In his landmark 1982 paper, Hopfield argued that compu-
tation should be seen as the global dynamics of a many-body
system [2]. The system arrives at the result of the computation
when it reaches a fixed point of these dynamics. An important
example is associative or content-addressable memory, where
the initial condition provides a hint or partial version of the
pattern to be recalled, and the fixed point reflects the complete
pattern.

Hopfield studied a simple model for dynamics in a network
of neurons and found conditions under which these dynamics
are equivalent to relaxation or sliding downhill on an energy
surface; fixed points then are local minima of the energy.
Many familiar systems have a single well-defined ground state
and thus would be useless as computing devices because all
initial conditions lead to the same answer. In the example of
associative memory, functional behavior is possible only if the
energy surface has many local minima corresponding to stor-
ing many memories. Further, if we want the system to store
memories of particular things, then there must be mechanisms
to sculpt the energy surface so that the local minima are found
at states that represent these particular things.
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Before Hopfield, we knew about systems that break a dis-
crete symmetry and choose one out of a small number of
possible ground states, as with many familiar magnets. We
also knew about systems that break a continuous symmetry,
which we can think of as storing a memory for one continuous
variable. These classic categories of symmetry breaking are
textbook topics in condensed matter physics [3—5]. Not long
before Hopfield’s work, we came to understand models of spin
glasses in which random interactions among binary variables
lead to many locally stable states, but apparently there is
no way of “programming” these states or storing particular
memories [6]. The Hopfield model provides a simple example
of a system with N degrees of freedom that has «/N equivalent
ground states and a rule for how the interaction parame-
ters should become dynamical variables so as to specify the
positions of these multiple ground states. Remarkably this
learning rule captured at least schematically what was known
to occur at real synapses in the brain.

As with many great ideas, Hopfield’s work had precursors
and parallels. The idea of using statistical physics to describe
emergent phenomena in networks of neurons can be traced
back to metaphors from the 1950s [7]. More explicit statistical
mechanics models for neural networks that learn and recall
memories appeared in the 1970s in the work of Cooper, Little,
Shaw, and others [8—10]. Also in the 1970s, Kohonen em-
phasized the matrix structure of associative memories [11],
and Amari studied networks that perform associations, have
stable states, and learn through algorithms quite similar to
Hopfield’s [12,13].

Hopfield’s ideas about neural networks are part of a series
of papers that set the agenda for the modern theoretical physi-
cist’s engagement with the phenomena of life [14]. His work
on hemoglobin elucidated the phenomenon of allostery in
biological molecules, in ways that still resonate today [15,16].
His thinking about electron transfer in photosynthesis clarified
rampant confusion about the distances over which the transfer
occurs and the interplay of classical and quantum dynamics
[17]. Most dramatically, his work on kinetic proofreading
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focused attention on the problem of precision in the trans-
mission of information by copying from molecular templates
and provided a mechanism to solve this problem [18]; closely
related ideas were presented by Ninio at almost the same time
[19]. In addition to its impact on our thinking about life, ki-
netic proofreading provided significant inspiration for a whole
field of nonequilibrium statistical physics where information
meets thermodynamics [20,21].

The kinetic proofreading idea is that cells build Maxwell
demons, dissipating energy to sort molecular components
with a precision beyond that which would be accessi-
ble in equilibrium. As a result, the arrangement of these
components—the bases along DNA or messenger RNA, the
pairings of transfer RNA molecules with cognate amino acids,
the amino acids along the sequence of a protein—is highly
atypical in the equilibrium ensemble.

In a similar spirit, learning drives neural networks toward
parameters that are highly atypical for networks more gen-
erally. A compelling experimental demonstration of this is
in the network that integrates vestibular inputs to control
eye movements, where the discrete stored memories of the
original Hopfield model are thought to merge into a “line at-
tractor” [22]. A line attractor is a continuous range of network
states that all are locally stable, and movement along the line
serves to integrate inputs over time and hold a memory of
this continuous variable. In this case, the position along the
line also represents the position of the eyes. If we perturb
the parameters of the system, either the memory will decay or
the system will become unstable; therefore, the line attractor is
a kind of critical point separating these qualitatively different
behaviors. A simple version of virtual reality for goldfish
allows manipulating the relationship between eye movements
and image motion on the retina. If the brain learns to hold the
relevant network near its critical point using visual feedback,
then altering this feedback should drive the network away
from criticality, toward memory loss or instability depending
on the gain of the feedback loop. This works [23,24].

The original Hopfield model presented the problem of
recalling a memory as minimizing an energy function, and
the dynamics of the network carried out this minimiza-
tion. Hopfield and Tank emphasized that many computational
problems—both in computer science and in brain function—
could be given this variational formulation [25], opening a
path to think about neural computation more generally in
terms of network dynamics [26,27]. The same idea of com-
putation as relaxation on an energy function emerged with
“simulated annealing” as an algorithm for practical optimiza-
tion problems, such as component placement on a chip [28].
This triggered a more general statistical mechanics approach
to optimization [29], which in turn generated insights into
computational complexity [30]. This period also saw the
emergence of statistical physics approaches to learning, us-
ing neural networks as examples [31,32]. Early exploration
of models with higher-order interactions presaged the dense
associative memories discussed below [33].

This foment connecting neuroscience, computation, and
statistical physics continued for some time. In the midst of
this, Ackley, Hinton, and Sejnowksi introduced the Boltz-
mann machine [34]. Rather than having particular states of
the network represent discrete memories as in the Hopfield

model, their idea was that all states of the network would
represent possible states of the world. The goal of learning
then is to drive the distribution of network states to match the
distribution of world states, e.g., the distribution of images
falling on the retina, and they gave simple algorithms that
could do this.

As the name suggests, the dynamics of the Boltzmann
machine are such that the distribution of network states is
exactly the Boltzmann distribution for binary or Ising vari-
ables that represent the active/silent states of the individual
neurons. The energy function in the Boltzmann distribution
has the form of interactions between pairs of neurons, as in the
Hopfield model or the more traditional Ising models that we
study in our statistical mechanics courses [4,5]. But pairwise
interactions are not enough to generate—for example—the
distributions of images or words that we see in the real
world. The Boltzmann machine can represent more general
distributions by having both “visible” neurons that represent
variables in the world and “hidden” neurons that are purely
internal variables. Averaging over the states of the hidden
units generates higher-order interactions among the visible
units, allowing the network as a whole to match much more
complicated distributions.

Boltzmann machines could be used in an analytic mode,
where visible units are driven by external signals and the states
of hidden units represent inferences drawn from these signals.
This is even clearer in the restricted Boltzmann machine [35],
where hidden and visible neurons interact with one another
but not among themselves. Alternatively the network could
be allowed to equilibrate, and states of visible units generate
possible signals in the surrounding world. This dual nature of
networks as analyzers and generators resonates across decades
of development in artificial intelligence, up to the present.

II. FAST FORWARD TO THE PRESENT

The path from Hopfield networks to the Boltzmann ma-
chine is clear. The path from the Boltzmann machine to
the current excitement in artificial intelligence (AI) is more
complex. Hinton described the early work as a “historical
enzyme,” which seems apt [36]. Most of modern Al is based
on neural networks with a feed-forward architecture, more
like the perceptron of the early 1960s than the Hopfield
model of the 1980s. Foundational papers about perceptrons
appeared in Reviews of Modern Physics [37,38], launching
a separate thread of physicists’ engagement with Al. Those
early systems had just one or two layers of processing, while
modern “deep” networks have many layers. Large increases in
depth, scale of training data, and computing power have led to
enormous progress, culminating in human-level performance
at image classification and other tasks [39]. It is remarkable,
however, how much conceptually continuity we can see across
the decades.

Hinton et al. discovered that the patterns of connections
learned by a restricted Boltzmann machine as it builds a
model for the distribution of inputs could be used in feed-
forward networks that classify these inputs [40], and this was
a major step in making the training of deep networks more
efficient. Where the original models had interactions only be-
tween pairs of neurons, modern Al systems use a transformer
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architecture with explicit higher-order interactions. But then
there is a combinatorial explosion of possible interactions,
and in transformers this is controlled by having individual
neurons “paying attention” only to certain combinations of
other neurons [41]. Transformers and attention are at the heart
of current large language models and humanlike generative
Al

There are “modern Hopfield networks” that also allow for
higher-order interactions. In these systems the combinatorial
explosion is tamed by restricting the effective energy of N
neurons to depend only on K projections of the N-dimensional
network state; this projection structure actually applies to the
original Hopfield model as well, where K is the number of
memories being stored. The generalized models can store
K & N* memories, with k > 1, or even K o< e’V [42]. The
dynamics of these dense associative memories are connected
to the attention mechanism in transformers [43]. Perhaps we
have come full circle.

III. THE BOUNDARIES OF PHYSICS

Physics and biology have been intertwined since the start
of modern science:! in the 17th century, microorganisms
were among the first objects to be visualized with newly
invented microscopes; in the 18th century, experiments on
“animal electricity” proved foundational for our modern un-
derstanding of electricity more generally; in the 19th century,
developments in optics and acoustics were continuous with
the exploration of vision and hearing, and the laws of ther-
modynamics were not considered established until one could
balance the energy budget for animal movements. Even with
the spectacular successes of collaboration between physics
and biology in the middle of the 20th century—the structure
of DNA and proteins, the idea of the genetic code, and more—
the status of this enterprise was unclear: Is it the application of
methods from physics to the problems of biology? Is it some
sort of interdisciplinary amalgam? Or can we talk about the
physics of life the same way that we talk about the physics of
the universe or the physics of correlated electrons?

Physics, at least in part, is a search for principles that are
simple and universal. Biology, at least in part, is a celebra-
tion of the complexity and diversity of life. Hopfield’s work
on kinetic proofreading [18], for example, showed how to
engage with the complexity and diversity of particular biolog-
ical systems and uncover simple and general issues that have
the unambiguous look and feel of physics problems. If you
read neuroscience or computer science papers from the early
1980s, it is impossible to read the introduction of the Hop-
field model or the Boltzmann machine as being part of those
disciplines.” They certainly are not applying the methods of

!These developments deserve a full history, which as far as I know
has not been written. Some perspectives can be found in the intro-
ductory sections of Refs. [44,45].

The physics style of Hopfield’s work [2] may seem unsurprising,
since he already was well known for his accomplishments in the
traditional core of physics. It is perhaps more surprising how central
physics ideas are to the Boltzmann machine paper [34], not least
since it was published in Cognitive Science.

physics to solve the problems of biology. Instead they ask new
questions in the intellectual tradition of physics, motivated by
phenomena that traditionally are studied by biologists.?

By the turn of the 21st century, many more physicists
were actively balancing their drive for simplicity and uni-
versality with the biologists’ appreciation of complexity and
diversity. Experiments revealed quantitative regularities in
examples ranging from single molecules to flocks of birds.
Theorists connected formal, general principles with the de-
tails of these experiments. Progress required each physicist
engaged in this work to connect with the community of
biologists who studied the same system, but there was a
growing ambition to connect with one another. The physics
community more broadly began to see how the phenomena
of life (once again) could provide challenges to physics it-
self, and biological physics emerged as a proper branch of
physics [45].

In parallel with developments in biological physics came
the realization that inference and computation are rich sources
of problems in statistical mechanics, some of which have been
mentioned above. A snapshot of these developments can be
seen in the proceedings of a 1992 Cargese workshop [46].
This is contemporary with the introduction of the physics e-
print arXiv, which now has a category for “disordered systems
and neural networks” as part of condensed matter physics,
marking a literal redrawing of the physics landscape.

As we think about how the boundaries of physics have been
extended, it is important that physicists are not colonialists
or imperialists. The goal is not to displace or subjugate the
practitioners of other disciplines. Rather we look to phe-
nomena often studied by other communities and ask new
questions, questions that pique our peculiar interests, and the
pioneering work of Hopfield and Hinton was in this mode.
As Hopfield titled his Nobel lecture: Physics is a point of
view [47].

The physicists’ point of view is being brought to bear
on more and different corners of the natural and engineered
world, and the boundaries of physics are being extended fur-
ther. Another lesson from the work recognized by the 2024
Nobel Prize is that it can take a full generation for the fruits
of these explorations to ripen fully. Especially in a time of
attacks on the scientific enterprise, it is important to support
one another.

IV. WHERE ARE WE HEADED?

Prediction is difficult, especially about the future, but I
have been asked to try. Throughout this paper references are
meant to be illustrative rather than exhaustive, and this is
especially true in this section.

A. Science enabled by AI

The day after the award to Hopfield and Hinton, half of the
Nobel Prize in Chemistry was awarded to Demis Hassabis and

31 once asked Hopfield how he decided to change fields from
condensed matter physics to biophysics. “I didn’t change,” he said,
“I kept doing the same things and the fields moved past me.”

037002-3



WILLIAM BIALEK

PRX LIFE 3, 037002 (2025)

John Jumper, leaders of the team that built AlphaFold [48],
an Al system that predicts protein structures from amino acid
sequences. This is the clearest example thus far of Al solving
a scientific problem, raising questions about what comes next.
In the extreme, one might worry that these developments will
progress to the point where science ceases to be a human
activity.

A more modest and concrete point is that many steps
needed to handle the flood of data in modern, large-scale
experiments can now be done by training a neural network
rather than through algorithms that are hand tuned by expert
humans. In particle physics the integration of new methods is
so complete that the regular community review of results—
once a compact listing of masses, lifetimes, and branching
ratios—now includes a chapter on machine learning [49]. Al
tools also are becoming integral to large-scale astrophysical
surveys, and a recent textbook provides a path into these
developments [50].

While not at the scale of particle physics, we have seen an
explosion of data on animal behavior. Throughout the 20th
century psychophysicists quantified behavioral decisions in
response to sensory inputs, while ethologists made qualita-
tive observations on unconstrained behaviors in the wild. The
physics of behavior combines these approaches, using mod-
ern imaging tools to provide more complete high-resolution
views of movement in increasingly natural conditions and
over increasingly long times [51,52]. The first problem is to
reduce these large datasets to lower dimensional time series of
meaningful variables. Before 2015 methods were hand tuned
to each example, but machine learning makes it possible to
convert, for example, megapixel movies into the trajectories
of body parts or postures with minimal human input [53-55].
These methods are general, which means we can look forward
to high-quality measurements of naturalistic movements in
a wider range of organisms and contexts. This will provide
an unprecedented opportunity for the physicists’ drive toward
simplicity and generality to confront the complexity and di-
versity of animal behavior.

Data reduction is just a first step. While Al now is inte-
grated into the particle physics analysis pipeline, nobody is
proposing that these tools can fully replace humans in un-
covering what the data mean. A controlled experiment would
be to ask a deep network to produce the standard model of
particle physics just from the data available up to ~1973, and
this seems unlikely to work (although we could be surprised).
In the physics of behavior one goal is to discover dynamical
equations that describe trajectories through the space of pos-
tures, and there has been considerable progress in the simple
case of crawling motions in the worm Caenorhabditis elegans
[56]. There are proposals to use machine learning to automate
this discovery [57], and some features of C. elegans dynamics
have been captured in this way [58].

The physics of behavior provides just one set of biological
physics problems in which new science is being enabled by
Al an exhaustive review would be out of date almost as soon
as it was finished. In data reduction there are open problems
about interpretability, as in many uses of Al. The automated
discovery of underlying dynamical equations is more ambi-
tious and in many ways strikes at the core of what we mean
by understanding.

B. Physics problems in AI

Qualitatively striking phenomena often have deep theoret-
ical explanations. By any measure, the behavior of current
Al systems is a striking phenomenon and captures our imag-
ination not just as humans but as physicists. At some basic
level, we do not understand why it works. In fact, it did
not work until networks had enough degrees of freedom and
datasets for training became large enough. Human level per-
formance of Al systems thus is an emergent phenomenon in
the same sense that we use the word in physics. Indeed, the
discovery of scaling laws for system performance, similar to
the behavior of materials near second-order phase transitions
[4,5], provided part of the motivation for the push that led
to ChatGPT-3 [59,60]. It thus seems plausible that there is
a statistical physics description of modern Al systems, and of
their learning dynamics, and this is being pursued in several
directions. Pedagogical reviews characterize the interactions
between physics and Al circa 2019, just before the emergence
of large language models [61-63].

Practical learning algorithms are stochastic because ex-
amples are chosen at random, and there is progress on
understanding the structure of this noise [64—66]. Early efforts
to study learning using methods from the statistical mechanics
of disordered systems are being dramatically extended to en-
compass new network architectures and highly structured data
[67-72]. A very different direction grows from the realization
that the dynamics of learning can be implemented in simpler
systems, from molecular self-assembly to flow networks [73].

Central issues on which we can expect progress in the
coming years include mechanisms for emergence of long
timescales in large language models and the nature of the
(astronomically) high-dimensional landscape for learning. As
Al systems make the transition to more dramatic forms of gen-
eralization, such as in context learning [74], it becomes more
urgent to give crisp definitions: can we find order parameters
that quantify our impressions of increasingly humanlike per-
formance? In the background is the need for tractable models
that capture the statistical structure of real world signals.

C. Lessons for the physics of life

It matters that modern Al has roots in physics and espe-
cially in physicists’ efforts to capture the principles at work
in living systems. Perhaps the most important idea is that
there are physical principles to be found. Certainly this was
Hopfield’s vision, not just with neural networks but with
protein dynamics, electron transfer, and especially kinetic
proofreading.

It is natural to connect artificial networks with the dynam-
ics of real brains, and this program began almost immediately
after Hopfield’s work [75]. The development of models with
continuous attractors made it possible to see the control of
eye movements [22-24] as being related to the sense of space
encoded by the place and grid cells in rodents [76,77]. This
conceptual unity became even clearer with the discovery in
the fly’s brain of a ring attractor whose states represent direc-
tion, with neurons arranged on a literal ring [78,79]. There
are efforts to identify the responses of neurons at different
layers of the primate visual processing pathway with the ac-
tivity of units at different layers in a deep network [80], and
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deep learning methods are being used to construct semire-
alistic models for the circuitry of the retina as it responds
to rich naturalistic stimuli [81]. Ising models equivalent to
Boltzmann machines have had success in capturing the pat-
terns of correlated activity observed in large populations of
neurons [82]. These developments began when physics-style
theories were seen as metaphors for the obviously more
complicated mechanisms of real brains. Today these theo-
ries can describe data on real brains in quantitative detail.
Theories may be swept away by new data, but we should
not lose our drive for this precise connection between the-
ory and experiment, so characteristic of physics’ greatest
successes.

A particular neural network—or a particular network of
real neurons—is described by one set of parameters. But
the earliest work on learning emphasized that we should
think about an ensemble of networks with parameters cho-
sen from a probability distribution, and it is this distribution
that evolves as we learn [32]. In the simplest case, this
distribution is a Boltzmann distribution in which the per-
formance of the network plays the role of the (negative)
energy, and this is the maximum entropy distribution con-
sistent with a certain mean level of performance. One can
also think about maximum entropy distributions of internal
biochemical states that are consistent with a certain mean
growth rate for bacterial cells [83—85], or an ensemble of
genomes consistent with a certain mean fitness [86,87]. We
can also view these distributions as priors on the space of
parameters as we try to learn a model for the system’s un-
derlying mechanisms [88]. This view combines “top-down”
and “bottom-up” approaches and provides a path to make
quantitative inferences from data about the approach to
optimality.

Training a modern network solves a high-dimensional,
nonconvex optimization problem, and in many cases the end
point of training is demonstrably a true optimum. With many
near-degenerate optima, different networks that reach similar
performance will be different, and training history will leave
an imprint on the system. But historical constraints do not
impede optimization: the relevant landscape of performance
vs parameters is much more navigable than many people had
guessed. Perhaps the landscape of fitness as a function of
genotype also is more navigable than usually assumed, and
there are hints of this from the direct experimental exploration
of sequence space [89,90]. Better understanding of machine

learning will lead to a deeper view of the interplay among
history, variability, and optimality in living systems.

V. CODA

We are nervous when our explanation of natural phenom-
ena depends on finely tuned parameters. Neural networks
provide a concrete example of how fixed parameters become
dynamical variables, and then these dynamics drive the system
to special points in parameter space.* The emergent, func-
tional behavior of the network rests entirely on this tuning.
A similar tuning happens within each neuron as it adjusts the
mixture of ion channels that it inserts into the cell membrane,
shaping its intrinsic dynamics as an element of the network
[96,97]. These phenomena in neurons and networks remind us
of the protein folding problem—just as random connections
or random channel mixtures typically are not functional for
neural computation, random amino acid sequences typically
do not fold into unique compact structures, and so the se-
quences of globular proteins that occur in nature must be
highly nongeneric [98,99]. For both proteins and neural net-
works, function also does not require all parameters to be set
precisely. None of this is what we expected in physics prob-
lems from before Hopfield and Hinton, and I do not think we
have seen the full implications yet [100]. Exploring systems
that learn, adapt, and evolve will lead us to new ideas about
what is “natural” for living systems and for physical systems
more generally.
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