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This perspective highlights an emerging framework for understanding evolved biological and de-
signed physical systems as tunable materials. In analogy to supervised learning in artificial neural
networks – where weights between nodes are adjusted to optimize a cost function during the training
phase – recent work postulates that biological systems may be using similar tuning rules on their
adjustable degrees of freedom to learn or perform tasks. Researchers are also using these algorithms
to design synthetic physical systems that exhibit exotic mechanical responses or perform tasks like
classification and regression. Here, we briefly review the algorithms that enable such behavior and
highlight examples in both physical and biological systems, emphasizing major open questions in
this nascent field. Our goal is to provide SPLASHY researchers with a jumping off point for con-
sidering whether their own systems of interest might be a platform for tunable matter, and spur
future work to address open questions.

I. INTRODUCTION

Biological organisms have a purpose; they are opti-
mized via evolution and interactions with their environ-
ment to enhance fitness. Often, this involves executing
complex tasks. We would also like to be able to design
bio-mimetic materials and physical structures that are
optimized to achieve specified outcomes.

Historically, integrating the idea of ‘having a purpose’
has been antithetical to traditional condensed matter and
physics approaches. On the other hand, researchers in
the fields of control theory and machine learning in arti-
ficial neural networks explicitly identify desired outputs
and develop prescriptions for design to optimize outputs.
They also explicitly identify the degrees of freedom that
can be tuned – e.g. inputs in control theory or weights
in the network during training in supervised learning –
which ultimately enable the system to execute complex
tasks.

In the simple atomic or molecular systems typically
considered by statistical and condensed matter physics,
there are not obvious tunable parameters. E.g., in a bulk
metallic glass or one-component polymer, molecules al-
ways interact with each other the same way. But in
more complex, hierarchical systems – such as mixtures of
biomolecules or polymers, biological tissues, or mechan-
ical metamaterials – the coarse-grained “components”
(edges in a 3D printed network or origami structure, cells
in a tissue) are themselves mesoscopic objects with non-
trivial geometries and compositions. Therefore, it is pos-
sible to tune individual properties of these components,
much like the weights in an artificial neural network.

This opens up a new opportunity to imbue materi-
als with function, or better understand how function
emerges in biology. This is a key motivating idea for
the emerging framework of ‘physical learning’ [1, 2]. One
immediate difficulty in this emerging area is that ‘learn-
ing’ is a freighted word; different researchers use it to
mean different things. Some researchers are interested in

developing systems that learn similar to the human brain
and can perform tasks like generalization out of context.
Other researchers want to design Turing machines that
can generally compute, while still others are interested
in less complex tasks, such as adaptation or even just
on-the-fly optimization.
Excellent comprehensive reviews of physical learning

and related algorithms already exist [1, 2]; this short per-
spective describes a few key recent developments that are
relevant for SPLASHY physicists – algorithms for tuning,
examples of tuning in designed physical and evolved bi-
ological systems – and highlights some important open
questions and future directions.

II. BACKGROUND AND ALGORITHMS FOR
TUNING IN PHYSICAL SYSTEMS

In supervised learning, training a layered neural net-
work to perform a task consists of giving it a set of train-
ing data {xi, yi} – inputs and outputs – and adjusting
all the interactions between edges in the neural network
(individually tunable weights) to minimize a cost or loss
function,

C = (actual y− predicted y from x’s)2, (1)

typically implemented using stochastic gradient descent.
For a mechanical or physical system, one could imagine

implementing the same algorithm, replacing the weights
in the artificial neural network with the tunable degrees
of freedom. One can define a cost function

C = (desired state− predicted state)2, (2)

which penalizes both positive and negative deviations
from the desired state. In some cases, researchers re-
place this cost function with simpler (e.g. linear) proxies
that are more efficient to compute or easier to embed in
physical systems.
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FIG. 1. A) Schematic of a set of nodes in a larger mechanical
network. (B) Example of a physical resistor network that uses
tunable resistors and a coupled learning algorithm to perform
image recognition tasks. Used with permission from Ref. [3].
(C,D) Leaf veins of Acer platanoides (C) and Protium daw-
sonii (D) show vein patterns that are either reticulated or
tree-like. Theoretical work suggests the degree of reticulation
is controlled by a key feature of the tuning rules that adap-
tively adjust the network. Used with permission from Ref. [4]

The cost function C({kα}, {riµ}) depends on tunable
degrees of freedom (TDOFs) {kα} which can be con-
trolled/manipulated, e.g. spring stiffnesses or pipe con-
ductances, and physical degrees of freedom (PDOFs)
{riµ}, which correspond to the physical configuration of
the system, e.g. locations of vertices in a network or cur-
rents in a pipe (Fig 1A). Then an update rule could be
implemented as gradient descent on the cost function in

the space of the tunable degrees of freedom:

ktα = kt−1
α − λ

∂C({kβ}, {riµ})
∂kα

|t−1, (3)

where t counts the number of update iterations and λ is
a learning rate.
Because the system is physical, it generally minimizes

a (free) energy U that is also defined by the TDOFs and
PDOFs (Fig 1A). With an external processor, access to
all the degrees of freedom ({kα}, {riµ}), and precise con-
trol on all the TDOFs {kα}, one could simply calculate
this derivative and update the TDOFs, and the resulting
system would optimize the cost function. Of course, in
real physical or biological systems there may not be such
an external processor and so it makes sense to consider
whether it is possible to compute updates with only lo-
cal information restricted to features of a node and its
neighbors.
Neurons in the brain have inspired algorithms to im-

bue physical systems with the ability to execute tasks,
since neurons are physical objects that collectively learn.
Physicists are perhaps most familiar with the celebrated
Hopfield model [5], which implements a version of Heb-
bian learning, e.g. ‘cells that fire together wire together’,
where synaptic weights are calculated from the sum of
the outer products of the training data. This allows pat-
terns that are similar to be stored as stable minima of
the energy functional, which facilitates recall from noisy
input data.
The Hebbian rule is a simple example of a tuning rule

that has been shown to facilitate learning certain types
of tasks, but one would like to guarantee that an update
rule “works”, e.g. that robustly allows the system to
minimize a desired cost function.
An important algorithm for physical systems with tun-

ing degrees of freedom is called contrastive learning [6–
8]. Contrastive learning responds to differences between
a free state, where the system is simply exposed to train-
ing inputs, and a “clamped state”, where the system is
constrained to generate a response to each training input
that is closer to the desired output state.
In a physical system, one can train by updating the

TDOFs to make the free state more like the clamped
state:

∆kα =
∂Ufree

∂kα
− ∂U clamped

∂kα
. (4)

For a mechanical network, the partial derivatives are
local because the physical energy at a site i depends only
on the neighboring nodes connected by interactions α de-
fined by the network connectivity graph gij . A challenge
for this method is that sometimes the clamped state is
far from the free state, so there is no guarantee that it is
in the same minima of the landscape, and therefore the
algorithm may not converge.
About a decade ago, Scellier and Bengio [9] devel-

oped an equilibrium propagation framework examining



3

differences between a free and an infinitesimally nudged
“weakly clamped” state. The weakly clamped state is
defined by a new energy functional of the form

F = U − βC (5)

One can prove that this quite generally generates a
local rule that encodes stochastic gradient descent of C.
This is what we were looking for – a precise formulation
of a local rule to encode a learning cost function. Of
course, to approximate this algorithm in real physical
systems such as mechanical or flow networks, one must
apply finite-sized nudges. This is the approach taken in
coupled learning [10], where the nudges are applied to
selected output nodes.

Another challenge to implementing contrastive lean-
ing algorithms in experimental networks is that there
are different signs in front of the derivative for the free
and (weakly) clamped states – one wants to nudge the
TDOFS towards the clamped state (a Hebbian-like, re-
inforcement rule) and nudge them away from the free
state (which is an anti-Hebbian, anti-reinforcement rule).
Moreover, the system has to remember those two results
and compare them. In general, it is difficult to both
change the sign and remember the two results in a phys-
ical system without an external processor.

More recent algorithms, such as multi-mechanism
learning [11], take advantage of different channels (such
as AC/DC current) on the same physical network to en-
able learning, while others allow the system to execute
dynamic/temporally varying tasks [12–14].

In addition, several authors have shown that systems
can be trained to execute tasks even if the learning rule
does not precisely follow the gradient of the cost function;
approximate learning rules that only implement Hebbian-
like reinforcement rule and ignore the anti-Hebbian com-
ponent of contrastive learning are still effective [10].

III. EXAMPLES OF TUNING AND LEARNING
IN SYNTHETIC PHYSICAL SYSTEMS

Explorations in developing experimental physical sys-
tems that learn have been rapidly gaining momentum
over the last few years [15]. Here we highlight a hand-
ful of recent examples to help readers identify similarities
with their own systems of interest.

Some physical systems have tuning rules that are de-
signed via an external processor (human or computer).
Wright and collaborators [16] used an external processor
to model the physics of different systems – a vibrating
plate, an eletronic resistor network, and an optical net-
work – in order to help train the physical systems to
perform digit recognition. Evans and collaborators [17]
developed sets of DNA origami tiles that were designed
to nucleate into one of three mesoscopic shapes. By vary-
ing the input concentration of different tiles, the authors
could control the output shape, and using an external

processor they were able to design a mapping from im-
age pixels to tile concentrations that allowed the system
to perform image or digit classification.

Other researchers have used similar ideas to design ma-
terials with specific mechanical properties. For example,
Hagh and collaborators [18] used an external processor
to alter TDOFS in a simulated disordered particle pack-
ing – namely the particle radii – in order to minimize a
cost function that corresponds to the mechanical energy
of the packing. This generates a highly dense packing
with many more contacts per particle compared to stan-
dard packings, resulting in a ultra-stable material with
exotic properties that are useful for understanding glass
physics [19]. Altman et al. [20] studied a mechanical net-
work with tunable rest lengths, implemented via spring-
turnbuckle links. They were able to implement a coupled
learning scheme that successfully accomplished motion-
divider and allostery tasks. Although the coupled learn-
ing scheme itself is local, implementing the rule required
an external processor (a human intervener).

For scalability and flexibility, there is immense inter-
est in developing physical systems that can learn or op-
timize themselves without an external processor. We ex-
pect that algorithms that operate without an external
processor should be local, so that each tunable element
only requires information about itself and perhaps nearby
neighbors to compute and apply updates to its own state.
This does not necessarily preclude global information in-
puts, such as biological morphogen gradients, that can
be sensed locally by individual TDOFs.

Foundational work on this topic was developed by
Pashine and collaborators [21], who identified an algo-
rithm for directed aging in mechanical networks. In this
work, researchers apply ’clamped’ conditions that require
an external applied force, and allow the material to age
under this clamped condition. The key idea is that links
in the mechanical network change their properties over
time under stress – links that experience more stress in
the clamped condition will extend their rest lengths dur-
ing clamping, thus altering the mechanics of the network.
By choosing the boundary conditions cleverly, the re-
searchers were able to create mechanical networks that
exhibit auxetic behavior – when compressed along one
axis the material also compresses along the orthogonal
axis.

In other words, the system executed a local rule that
altered TDOFs in order to generate a material with a
desired mechanical response, with no external processor
required. Although the local rule is not analogous to
contrastive learning (it only has the Hebbian, reinforc-
ing component), and therefore does not directly follow
gradient decent on a cost function corresponding to aux-
etic mechanical response, simulations and theory indicate
that the rule still robustly attains the desired result [22].

To ensure convergence to the desired result, and per-
haps allow more complex tasks, one would like to pre-
cisely implement contrastive learning in physical systems,
despite the challenge of comparing Hebbian and anti-
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Hebbian tuning. One implementation of coupled learn-
ing [3] cleverly solves this problem by physically attach-
ing two copies of the same network together, one with a
free boundary condition and one with a clamped bound-
ary condition (Fig 1B).

Researchers are currently working to scale-up the de-
sign of such circuits [23], with the idea that these sys-
tems could help solve the ”compute crisis” generated by
increasing power requirements for standard AI computa-
tions [24]. More generally, an important and relatively
mature application of tunable matter is in neuromor-
phic computing [2], which develops brain-inspired physi-
cal hardware and algorithms to enable more efficient ar-
tificial intelligence applications [25]. In addition to resis-
tor networks, other promising physical substrates include
photonic [26], quantum, and light-matter interaction sys-
tems [27]. Key open challenges in this field of “uncon-
ventional compute” include determining how to scale the
systems to large sizes [25] and identifying applications,
like in situ sensing, where neuromorphic computing has
the potential to outperform traditional silicon chips [2].

IV. EXAMPLES OF TUNING AND LEARNING
IN BIOLOGICAL SYSTEMS

A general tuning framework might also drive new hy-
potheses and bring new insight to biological systems. Af-
ter all, at all scales biological organisms perform amazing
tasks, entirely via physical processing. There is already
an enormous amount of work focused on how neurons
and brains compute using physical interactions [28, 29],
so this perspective will focus instead on a few recent ex-
amples of learning that do not involve neurons.

Perhaps the next most obvious example of learning in a
biological system is the adaptive immune system [30, 31],
which exhibits many different types of tuning rules. For
example, tuning rules that alter the selection probabili-
ties of B cells based on past pathogen exposures can help
the system generalize and mount a response to unseen
pathogen variants [32]. Tuning rules that dynamically
modulate the selection of T cells in the thymus and other
tissues to help distinguish self from non-self help the sys-
tem perform more accurate classification in a changing
environment [31, 33, 34].

In another set of examples, molecular signaling net-
works inside cells can drive adaptation and learning.
Beautiful recent experimental work on the single-cell or-
ganism Stentor coeruleus [35] identifies the molecular
feedback loop that allows it to reduce its sensitivity to
repeated mechanical tapping. In this case, the tuning
rule involves inactivation of cell-surface receptors, ac-
complished via modulation of protein synthesis and ul-
timately modification of the receptors via phospholya-
tion and calcium signaling. In theoretical work, Tri-
fonova et al. [36] demonstrate that molecular networks
can be trained to perform tasks like Pavlovian response
and even simple image classification, with a simple, bio-

logically plausible tuning rule, namely that each chemical
species must autoregulate based on rapid changes in its
own monomer levels.
Several other works explore biological analogues of the

mechanical systems discussed in Section III. A recent pa-
per by Banerjee et al [37] describes how mechanosensitive
elements in cytoskeletal networks could allow the system
to implement a contrastive learning scheme that would
allow it to respond adaptively to environmental pertur-
bations, performing allosteric, linear regression, and clas-
sification tasks. Similarly, work by Wang et al [38] on
a model for dynamic actin network remodeling demon-
strates that a set of density- and mechano-sensitive local
tuning rules – consistent with experimental observations
– can give rise to the emergent “rigidity homeostasis” be-
havior seen in the network as a whole. In rigidity home-
ostasis, the porous network manages to remodel exten-
sively while remaining under tension. Independent work
at a larger scale demonstrated that a similar set of rules
is required to generated the “fluid-under-tension” behav-
ior seen in the tissue that comprises the elongating body
axis of chick embryos [39].
Other recent work has studied how tuning rules in tis-

sue might generate desired patterns of stresses or strains,
including convergent extension in fruit fly embryos [40]
and prescribed cellular stress patterns in 3D epithelial
tissues [41].
Another set of examples involves the development

and homeostasis of vascular flow networks in mammals,
plants and slime models, where adaptive rules – e.g.
changes in the conductances (pipe width) are based on
the existing currents through the pipe – lead to ro-
bust and functional distribution networks [4, 42, 43]
(Fig 1C,D).

V. WHAT’S NEXT?

An overarching question is whether thinking of sys-
tems as physical learning analogues of artificial neural
networks gives us additional insight that would not be
obvious from other approaches. One paradigm shift that
is already underway comes from results in artificial neural
networks focused on overparameterization. While scien-
tists used to think that one should generally use fewer
parameters in a model than the number of desired fea-
tures in the model output, AI developers have shown that
artificial neural networks are effective and robust when
there is an enormous number of tunable weights in the
network, vastly larger than features they hope to classify
with those networks. This is often described as a “double
descent” in the cost function as a function of number of
tunable weights [44, 45].
Double descent has recently been shown in a physi-

cal resistor network [46]; more broadly this implies that
physical and biological systems, which have enormous
reservoirs of tunable degrees of freedom, could easily use
them to perform robust computation. An open ques-



5

tion is whether overparameterization helps to explain the
observation that many non-exact tuning rules do sur-
prisingly well at generating desired behavior. Does the
fact that overparameterized systems have many nearly
equally good solutions help explain why imperfect algo-
rithms are still effective?

A related, nearly completely unaddressed question in
the field is how the scale and architecture TDOF net-
works affect the tasks they can accomplish. For exam-
ple, how does the complexity of the task that can be
accomplished scale with the number of tunable degrees
of freedom? Image classification could be performed us-
ing 9 nodes in a resistor network [3] (Fig 1B), so learning
systems can be surprisingly small. How few tunable de-
grees of freedom can we get away with? A related ques-
tion is how the nature of the tuning rule impacts perfor-
mance. For example, it is clear that tuning rules that
include nonlinear components substantially outperform
linear tuning rules, and are required to learn nonlinear
tasks. Is it possible to develop a “universal approxima-
tion theorem” for these physical systems that provides
guidance about what types of tuning rules are optimal?
How does the information processing and memory capac-
ity of each tuning element impact learning algorithms and
outcomes?

In addition, very little is known about how the network
connectivity impacts the compute time or complexity of
task – are certain topologies more efficient? Is there a
matching between the architecture and the task? Are
there tasks that could be accomplished with one connec-
tivity but not another? A related set of theory questions
involve the tasks themselves: How many tasks can be si-
multaneously tuned as a function of the number of nodes
and the network connectivity? Are there some tasks that
are mutually exclusive? Is there a way to predict a priori
which tasks would be compatible or incompatible with
one another?

Ultimately, one hopes that answering these questions
might lead to a taxonomy or classification that ex-
plains how different network architectures, tuning rules,
and tuning element capacities support different levels of
task/function complexity.

From an applications standpoint, a pivotal choice in-
volves deciding where to focus our design efforts. One
potential set of applications centers on developing bet-
ter computers: e.g. new types of specialized AI chips
based on physical learning principles that work at vastly
lower power than artificial neural networks that oper-
ate on bits, or decentralized computing structures that
can survive severe environments or high damage situa-
tions [2, 23, 25].

Another avenue would be developing physical systems
that do not learn or function as general computers, but
instead accomplish less-complex tasks such as adapting
and optimizing their behavior in response to their envi-
ronment. Such systems would presumably have less strin-
gent constraints on functionality of components, such as
requiring fewer TDOFs or less complex tuning rules. For

example, one could imagine material for the wing of an
airplane that alters its mechanical properties to allow
smoother flight, or injecting particulate ‘interveners’ into
a granular material to improve the flow properties for in-
dustrial applications like pharmaceutical processing.

A current major roadblock to realizing the promise of
synthetic tunable physical systems is that there are not a
lot of existing platforms where the material components
are able to sense their local environment and update their
properties. DNA tiles show promise [47], but may be
expensive to scale up manufacturing for bulk materials.
Another possibility might be microrobotic systems [48],
perhaps embedded in a material backbone [49]. Other,
currently unexplored platforms could be designed pro-
teins or protein condensates, chemical reaction networks,
hybrid engineered living systems [50], or dynamically re-
configurable polymer networks [51].

On the biology side there are an enormous num-
ber of open problems as well. Multiple theoreti-
cal/computational manuscripts predict specific tuning
rules that could enable specific tasks in a wide range
of biological systems at different scales. To care-
fully test/validate those predictions in experiments, re-
searchers must identify observables that will distinguish
between different tuning rules, and then experimentally
perturb those tuning rules and compare to model predic-
tions. Does this approach – identifying tasks and system-
atically identifying tuning rules that could enable them –
simply confirm feedback loops that were already known,
or can it can generate new and surprising hypotheses
about the underlying biological mechanisms?

Another avenue is exploring the utility of this approach
in biological systems where it has not been applied so
far – e.g. can it help in understanding organismal-scale
phenomena like muscle memory and walking gait? Or
maternal-fetal interactions in mammals? Would it be
a useful way of organizing and searching for new feed-
back loops that lead to tropism in plants [52]? Could it
help in analyzing community organization and emergent
structures in social organisms like bees and ants [53–55]?

Obviously, these approaches will also intersect with
(and hopefully complement) existing tools to understand
complex biological organization. For example, the struc-
ture of PDOFs and TDOFs in tuning approaches is quite
similar to dynamical systems approaches to understand-
ing cell fate decision making [56] and population dynam-
ics in ecology [57]. It also shares features with control
theory, a common tool in systems biology [58]. As in
control theory, it will be important to incorporate both
the cost of control and the limits of controlability in fu-
ture theories for tunable systems.

Finally, even from a canonical statistical
physics/condensed matter perspective, materials that
can tune themselves open up new challenges that should
drive the field forward. If the small-scale interactions
between units can tune themselves based on large-scale
emergent behavior (e.g. rigidity or phase transitions),
then our entire paradigm for coarse-graining breaks
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down. For example, standard renormalization group
approaches must be substantially modified to account
for a direct large-to-small scale feedback. What are
the observables, state parameters, and flows that would
enable a robust theory of phase transitions and emergent
phenomena in tunable systems with a purpose?
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