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Could Living Cells Use Phase Transitions to Process Information?
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To maintain homeostasis, living cells process information with networks of interacting molecules.
Traditional models for cellular information processing have focused on networks of chemical reactions
between molecules. Here, we describe how networks of physical interactions could contribute to the
processing of information inside cells. In particular, we focus on the impact of biomolecular condensation,
a structural phase transition found in cells. Biomolecular condensation has recently been implicated in
diverse cellular processes. Some of these are essentially computational, including classification and control
tasks. We place these findings in the broader context of embodied computation, an emerging framework for
describing how the native dynamics of nonlinear physical systems can be leveraged to perform complex
computations. The synthesis of these ideas raises questions about expressivity (the range of problems that
cellular phase transitions might be able to solve) and learning (how these systems could adapt and evolve to
solve different problems). This emerging area of research presents diverse opportunities across molecular

biophysics, soft matter, and embodied computation.

DOI: 10.1103/j16b-xnms

I. INTRODUCTION

Living systems are far from thermodynamic equilibrium.
They achieve a healthy steady state (i.e., homeostasis) across
length scales through energy-consuming closed-loop con-
trol. Even an individual cell can sense and compute to mount
appropriate responses to external stimuli or internal changes
of state, shown schematically in Fig. 1(a). Environmental
cues could include sources of nutrients or stress [1-3].
Internal signals can originate from many sources, including
stochastic expression of genes [4] or the depletion of
metabolites [5].

From an information perspective, homeostasis is a control
problem. In some cases, cells respond to relatively simple
“one-dimensional” stimuli such as the concentration of a
single species. For example, E. coli and neutrophils move
themselves up a concentration gradient in a process called
chemotaxis [7,8]. More generally, cells process a vast array of
physical (e.g., matrix stiffness) and chemical signals (e.g.,
soluble and matrix-bound growth factors). Processing of
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these high-dimensional stimuli can include classification, the
assignment of a label to a broad range of input values to
summarize the relevant pattern in the signal. Classification
allows cells to mount distinct responses to complex stimuli,
such as advancement in the cell cycle (growing, dividing, or
going dormant), switching of mechanical state (free-floating,
adhering, or crawling), and differentiation into a specific
cell type [9-12]. Indeed, classification has been recognized
as an essential step in stem cell differentiation [13,14].
The patterns triggering particular differentiation pathways
require discrimination between many ligand combinations
[15,16] and temporal patterns [17,18].

Mechanisms for information processing, i.e., methods to
draw inferences about the environment, are woven into the
molecular fabric of life. At this scale, information process-
ing is often thought to be realized by complex networks of
chemical reactions. Such regulatory pathways respond on
short timescales through the interactions of proteins in the
cytoplasm [19], and at longer timescales by coupling to
gene expression in the nucleus [20]. While some functional
subnetworks can be neatly dissected from the whole [21],
this is usually not possible, as a typical node (i.e., molecule)
can interact with many partners and contribute to many
different functions [22,23].

In this Perspective, we discuss how two emerging topics
in physics—biomolecular condensates and embodied com-
putation—could complement each other and provide fresh
insights and new tools for information processing by
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molecular networks, particularly those inside living cells.
After providing some concrete biological motivations,
we describe how the basic physics of condensates could
automatically achieve certain computational tasks, like
classification and control. We then generalize these behav-
iors using essential ideas of embodied computation and
highlight open research questions.

II. COMPUTING BY BIOMOLECULAR
CONDENSATES

After briefly describing biomolecular condensates, a
recently appreciated class of structures in cells, we describe
how the physics of condensation can simply solve classi-
fication and control problems, and place these observations
into the framework of embodied computation.

A. What are biomolecular condensates?

Biological cells comprise thousands of different molecu-
lar components, which are organized into many spatial
compartments. While some compartments are enclosed by
lipid membranes (like the nucleus), biomolecular conden-
sates are domains enriched in specific proteins and nucleic
acids that form spontaneously through cohesive inter-
actions of their constituents.

Typical biomolecular condensates include many distinct
components. Stress granules, shown in Fig. 1(b), are
thought to have hundreds of components [24]. These
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FIG. 1. Living cells compute, potentially using biomolecular
condensates. (a) Cells integrate diverse chemical (e.g., concen-
trations ¢y, ¢,, ¢3) and physical stimuli (e.g., elastic moduli E,
temperature 7), to determine their biological response. The
shown U20S cell is labeled for actin (pink), tubulin (blue),
and the stress granule component G3BP1 (green) [6]. (b) Detail
of (a) showing stress granules in green (left), which are fluidlike
biomolecular condensates found in the cytoplasm that enrich
many specific proteins and nucleic acids (schematic picture on
the right).

components are enriched selectively based on physical
interactions, which are dictated by specific sequences and
chemical modifications (like oligomerization and post-
translational modifications) [25,26]. While there has been
no systematic census of condensates, merging the results of
independent studies suggests that there are at least tens of
distinct coexisting condensates [27]. The compositional
variation across different types of biomolecular conden-
sates yields compartments with distinct physical and
chemical properties. Chemically, they can localize bio-
chemistry through enrichment or depletion of enzymes [28]
and diverse small molecules, including ions and
metabolites [29,30]. Further, macromolecules could adopt
novel conformations in condensates [31-33] that could
impact their reactivity. Physically, condensates have diverse
rheological properties (i.e., viscosity and elasticity), inter-
facial tensions, and electrostatic potential [34—-38].

Condensation of these biological molecules can be
conceptualized as phase separation, where a homogeneous
mixture sorts itself into at least two different macroscopic
domains. For systems near equilibrium, phase separation is
understood as a competition of translational entropy
favoring a homogeneous mixed state and cohesive inter-
actions favoring segregation into different phases. The
equilibrium configuration is described by phase diagrams,
which show the preferred state of the system as a function
of external parameters (Fig. 2).

When we consider an entire cell on timescales where
production and degradation are negligible, the total amount
of material in the system is conserved and we work in the
canonical ensemble. In that case, large sections of the phase
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FIG. 2. Phase diagrams of biomolecular condensates. (a) Phase
behavior of a closed system (canonical ensemble) as a function of
the concentrations ¢ and ¢, of two components. In this example
of associative phase separation (light blue area), domains rich in
both components form as c¢; is increased to cross the phase
boundary (blue arrow). (b) Phase behavior of a subcompartment
coupled to a reservoir (grand canonical ensemble) as a function of
the reservoir concentrations ¢} and ¢X. The composition in the
subcompartment undergoes a discontinuous jump when clf is
increased to cross the phase boundary (blue arrow).
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diagram will correspond to coexistence of multiple phases,
which can differ in concentration by orders of magnitude
[Fig. 2(a)]. Coexistence typically manifests as droplets
enriched in a suite of molecules that are depleted in the
surrounded “dilute” phase. For example, stress granules
[Fig. 1(b)] are enriched with the protein G3BP1 among
many other biomolecules. Stress granules can form sponta-
neously when the concentration of G3BP1 crosses a
threshold [blue arrow in Fig. 2(a)]. Consequently, increas-
ing the concentration of one component (¢ in Fig. 2) can
induce droplets that locally increase the concentrations of
many components [lower right-hand panel in Fig. 2(a)].

Many condensates in cells form in small compartments,
e.g., on membranes or at specific anchor sites [39,40]. If
components are exchanged with the surroundings, the sur-
roundings can be conceptualized as a reservoir maintaining
fixed concentrations, which corresponds to the grand canoni-
cal ensemble [Fig. 2(b)]. In the associated phase diagram,
regions of coexisting phases collapse into phase boundaries—
off these boundaries, the system is either in one phase or
another. For example, only a few molecules will associate
with the compartment (low ¢, and c,) if the concentration ¢}
in the surrounding bulk is low [lower left-hand panel in Fig. 2
(b)]. When clf is increased across the phase boundary [blue
arrow in Fig. 2(b)], both concentrations ¢; and ¢, suddenly
increase across the entire compartment [Fig. 2(b)]. This
occurs when affinity toward the compartment and cohesive
interactions of the components combine to overcome the
entropic penalty of confinement.

In the following sections, we will describe how multi-
component phase separation could achieve complex com-
putational tasks.

B. Condensation and classification

Classification is a challenging computational task, where
a high-dimensional input X, such as an image, is assigned to
a discrete category y known as a “class.” A classic example
is the discrimination of cats and dogs from images. A single
image corresponds to a point X in a high-dimensional space
of possible images, shown schematically in Fig. 3(a). Since
nearby X typically correspond to the same class, the
mapping X — y can be visualized by decision boundaries,
defined as regions where y changes for small variations
in X.

Artificial neural networks have emerged as a powerful
means to classify high-dimensional data [41]. They are
represented by a set of synaptic weights w;; that describe
interactions between the “neurons” i and j in the network
[Fig. 3(b)]. To achieve a particular classification task, the
weights w;; are adjusted in a process called “training.”
Typically, artificial neural networks are implemented in
software on generalized computing platforms.

An analogous picture holds for multicomponent phase
separation in the grand canonical ensemble, represented by
the schematic phase diagram in Fig. 3(c). A point X in a
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FIG. 3. Phase boundaries in multicomponent systems as deci-
sion boundaries. (a) A classification problem is solved by the
right set of decision boundaries in the space of inputs (e.g.,
images). Each point in this diagram represents an image; the color
denotes the output of classification (e.g., discrete classes such as
“cat” or “dog” or other category). (b) Decision boundaries can be
placed in the desired locations by tuning the parameters w;; of a
neural network. (c) In analogy, we interpret phase boundaries of
multicomponent phase separation as decision boundaries. Each
point in this diagram represents a high-dimensional molecular
input, i.e., concentrations c¢; of several molecular species.
Molecular inputs on different sides of a phase boundary trigger
the formation of distinct phases (outputs). (d) Phase boundaries
can be placed as desired by tuning interaction parameters w;; of
molecular mixtures. Numbered nodes represent distinct molecu-
lar species; edges represent pairwise interaction parameters w;;.

multidimensional phase diagram represents reservoir con-
centrations of the relevant “input” species. Crossing a phase
boundary corresponds to a discontinuous change in struc-
ture and properties of the mixture, i.e., the formation of
distinct phase y.

Comparing Figs. 3(a) and 3(c), we reinterpret phase
transitions in a multicomponent system as classification of
high-dimensional chemical compositions. Intriguingly, mean-
field models of multicomponent phase separation [42,43] are
analogous to artificial neural networks. They are built upon a
network representation of molecular interactions, where a set
of parameters w;; describe the physical coupling of different
molecular species, shown in Fig. 3(d). Just as w;; adjusts
decision boundaries in an artificial neural network, w;; moves
phase boundaries in a multicomponent system.

C. Condensation and control

Closed-loop control is an essential element of robust
functional systems. In a typical control system, one uses
feedback regulation to maintain some aspect of the
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system—the controlled variable z—at a set point in the face
of fluctuations in a high-dimensional external input X [44].
For example, a chemostat can maintain a fixed pH within a
reactor, even as nonstationary chemical reactions consume
and produce pH-active species. An engineered control
system has subsystems for sensing, computation, and
actuation. A sensing system transduces the system state
into an abstract signal. A computational system processes
signals from sensors, calculates the desired response, and
communicates it to actuators. In the chemostat example, a
pH sensor transduces the pH into a voltage, a microproc-
essor processes the pH history and communicates with an
injector to introduce chemical species that offset the
reaction’s effect on the pH.

Phase separation can greatly simplify control into a
single physical process, without separate entities to sense,
compute, and actuate. In a widely discussed example, phase
coexistence can suppress concentration fluctuations [28].
Consider a molecule whose total concentration fluctuates
(due to factors like cell division or stochastic gene
expression), which serves as an external input or disturb-
ance x. Phase coexistence in the canonical ensemble
suppresses these fluctuations by maintaining stable con-
centrations z within each of the coexisting phases. To
absorb changes to the total concentration, the system
adjusts the fraction of volume occupied by either phase.
This mechanism is well established in simple one- and two-
component systems and has been observed in some
strongly self-segregating cellular components [45].
However, it remains unclear whether such robust buffering
through phase separation extends to condensates contain-
ing many components without requiring fine-tuning [46].

D. Examples from living cells

Cells utilize biomolecular condensates to trigger discrete
courses of action, e.g., to decide which genes to express.
Gene expression requires the assembly of many proteins
(RNA polymerase, mediator complex, and others) at a
particular location on the chromatin to initiate transcription
[47,48]. The assembly is triggered by the presence of
regulating molecules (transcription factor, coactivators, and
enhancers), which recognize a motif on the chromatin. The
formation of such transcriptional condensates is a classi-
fication, which converts the high-dimensional regulatory
input into a discrete transcriptional outcome.

The immune system provides another example for
classification via phase separation: When T cell receptors
are exposed to the right combination of input features on an
antigen-presenting cell (e.g., antigen affinity, dwell time,
costimulatory ligands, and local kinase activity), signaling
proteins condense at the immunological synapse [49,50].
This drives full T cell activation, effectively classifying
diverse ligand inputs into an all-or-none immune response.

Condensates also naturally help the cell solve control
problems since the reorganization of molecules into

condensates allows cells to maintain homeostasis.
Compared to other regulatory mechanisms, such as tran-
scription, translation, or protein degradation, condensation
is more rapid and metabolically efficient. For example,
most prestress mRNAs and many RNA-binding proteins
(e.g., translation initiation factors, poly(A)-binding pro-
teins) condense into stress granules [51,52] in response to
stress. This sequestration reduces bulk translation, freeing
up ribosomes to prioritize newly transcribed messages
critical for stress survival, while preserving older transcripts
for later reuse [53]. In this way, stress granules rapidly
rewire translation without requiring new transcription.
A similar sequestration is observed for ribosomal subunits
that cannot form a complete ribosome [54]; such seques-
tration provides a more metabolically efficient mode of
regulation than protein degradation.

Similarly, condensates allow for quick response time when
unfolded proteins accumulate in the endoplasmic reticulum
(the unfolded protein response) [55]. These unfolded pro-
teins trigger a condensate composed of an enzyme (IRE1)
and its substrate (specific mRNA to be spliced) that alleviates
that stress. Here, condensates allow for quick on and off
response to stress by forming and dissolving the condensate
that colocalizes enzyme and substrate.

E. Embodied computation and condensates

Our discussion has demonstrated the potential for phase
separation to achieve classification and control. In this
section, we place these observations in a broader context
and contrast two approaches to achieving computation
in a physical system: (a) classic systems engineering
based on “separation of concerns” [56-58] and (b) embod-
ied computation, though related ideas have been
explored under analog computing and morphological
computing [59-66].

A separation of concerns approach emphasizes abstrac-
tion and general solutions that are not tied to or exploit the
physics idiosyncratic to a particular system [Fig. 4(a)].
Typical examples in biomolecular computation include
systems and synthetic biology networks such as circuits
of logic gates implemented with molecules. With this
strategy, a control task might be split into subtasks of
sensing, computation, and actuating a response; a layer of
receptors might sense environmental “input” signals, a
well-mixed molecular network (e.g., phosphorylation or
dephosphorylation network) might carry out the computa-
tion, and finally a downstream physical process (gene
expression, self-assembly, condensation) is actuated as
the output [57,67-71]. This approach tends to produce
modular solutions, with independent subsystems that com-
plete discrete subtasks. This approach enables the familiar
process of writing high-level computer code that can be
implemented across a range of hardware platforms. It can
be applied, for example, to the creation of an artificial
neural network for classification.
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FIG. 4. Contrasting separation of concerns and embodied
computation in mechanical systems. (a) A complex logical
function is broken down into a network of elementary logic
gates. Modular mechanical devices mimic logic gates and are
assembled to realize the desired input-output relationship [72].
Adapted from Ref. [72] under a Creative Commons Attribution-
Non-Commercial 4.0 International License (CC BY-NC 4.0).
(b) An acoustic metamaterial consisting of a lattice of coupled
vibrating plates whose resonance frequencies and couplings are
optimized to classify audio input, separating the words “three”
and “four.” Adapted from Ref. [73] under a Creative Commons
Attribution (CC BY) license.

An alternative physics-first approach—embodied com-
putation—does not separate software from hardware
[59,60,63]. Instead, it exploits the intrinsic physics of a
specific system to solve a problem [Fig. 4(b)]. Embodied
computing solutions have been developed for classification
problems in the optical [74], electronic [75], mechanical
[76], and molecular domains [77-79]. For example, in the
mechanical domain, the vibrational modes of a nonperiodic
phononic metamaterial can be trained to recognize certain
spoken words [73], as shown in Fig. 4(b). In robotics,
complex control and computation have been off-loaded
to passive mechanical dynamics, e.g., creating passive

dynamic walkers that can stably walk down a ramp without
any sensors or electronic control loops [80—82]. In the
molecular context, the kinetics of nucleation and growth in
DNA self-assembly can classify patterns in the concen-
tration of a many-component mixture [79].

Such physically embodied computation generally
affords compelling advantages. This framework tends to
produce solutions that are energy efficient, with the input
signal often providing the energy needed for the
computation [73,75,79]. In addition, solutions tend to be
compact, since the collective physics of a set of compo-
nents can achieve sensing [51], many layers of computa-
tion, and response without dedicating separate modules to
each role. For example, the embodied computation
approach to molecular pattern recognition in Ref. [79]
used phase boundaries as decision boundaries (as described
in Sec. II and Fig. 3); environmental conditions that were to
be classified into two different categories (with different
molecular responses) were separated by placing a phase
boundary (for crystallization) between those conditions. In
this approach, the entire process of sensing, computation,
and response is achieved by one physical process, namely,
the nucleation and growth of a specific phase in a specific
part of the phase diagram.

The main downside of embodied computation is that
solutions cannot be devised in the abstract, independent of
the physics of the system. This aspect is a limitation for
general purpose computing [63], but in the context of
biology, parsimony, compactness, lower energy costs, and
robustness appear to give embodied computation a decisive
advantage.

III. CLASSIFICATION POWER
OF CONDENSATES

In this section, we discuss the potential for phase
separating systems to classify complex high-dimensional
inputs. After describing the classification problem in more
detail, we discuss open questions in classification by phase
separation.

A. Quantifying computational abilities

Just as physicists have metrics for physical properties
(transport coefficients, elastic moduli), computer scientists
have developed metrics for quantifying computational
abilities of a system. Here, we describe metrics developed
to quantify the ability of systems to solve diverse classi-
fication problems.

Sharpness. The most elementary property of a decision
boundary relevant to information processing is its sharp-
ness, e.g., characterized by the maximum slope of sigmoi-
dal response curves in Fig. 5(a). A shallow slope implies a
graded response, which can reduce computational precision
by introducing ambiguity near the decision threshold. In
contrast, sharp transitions can enable decisive, high-fidelity
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outcomes. Idealized phase transitions in the grand canoni-
cal ensemble are infinitely sharp. In real molecular systems,
sharpness can be limited by finite system size and kinetic
effects (described below).

Capacity. We define capacity as the number of potential
outputs that a system can produce; it limits the number of
distinct categories that high-dimensional inputs can be
mapped onto. In a wide family of recurrent neural network
models inspired by Hopfield’s work [83], capacity quan-
tifies the number of distinct stable attractor states that a
system can support. In these systems, capacity is known to
scale with the number of neurons and depends on the
architecture of the underlying network [84,85]. For phase
separation in the grand canonical ensemble, capacity can be
quantified by the number of distinct phases in a phase
diagram as reservoir concentrations are varied [e.g., like
that shown in Fig. 5(b)]. Such a capacity has been
quantified for crystalline phases [86], polymer states [87]
and, most relevant to this perspective, for liquid phases
[43,88]. In the canonical ensemble, multiple phases can
coexist. In this case, capacity is greatly expanded, and can
be quantified as the number of distinct combinations of
coexisting phases.

Expressivity. Expressivity quantifies the range of clas-
sification tasks a system can perform or, more broadly, the
system’s ability to compute outputs from inputs (e.g.,
approximating arbitrary functions [89]). There are multiple
measures of expressivity [90,91], but they all capture the
range of input-output relationships that a system can
encode. For example, given an input space and an output

(a) Sharpness
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FIG. 5.

space, a more expressive system can solve more complex
classification tasks as system parameters w;; are varied; see
Fig. 5(c). One quantification of expressivity (Vapnik-
Chervonenkis dimension [91]) relies on determining the
most complex classification problem a particular family of
systems can solve (how many arbitrarily chosen points can
it discriminate as belonging to one of two classes); more
expressive systems can distinguish sets with more points.
Expressivity correlates with the possibility of placing
decision boundaries flexibly in the input space as param-
eters of the underlying system (e.g., neural network weights
w;;) are varied. For instance, deeper neural networks have
higher expressivity under this metric [90].

For phase separation, expressivity would be summarized
by phase boundaries in a phase diagram, as shown in
Fig. 5(c). When physical parameters (e.g., binding affinities
w;;j) are optimized, systems with higher expressivity can
place their decision boundaries to accommodate more
complex input patterns than less expressive systems,
e.g., deploying different responses to stimuli that differ
only through subtle higher order correlations; see Fig. 5(c).

B. Physical determinants of computational abilities

Research over the years has shown how neural network
architecture impacts computational abilities as quantified
by these metrics; e.g., deeper networks are more expressive.
However, we do not currently understand how the physics
of multicomponent phase separation determines its com-
putational abilities. Here, we highlight some key questions

(c) Expressivity

Low expressivity

High expressivity

Wi

C
3 i Change

Quantifying computational capabilities of phase diagrams. In all panels, axes correspond to representative input dimensions

(e.g., concentrations of molecular species), and distinct colors denote different phase responses (outputs). (a) Sharpness of phase
boundaries can be quantified by the maximal slope of the response as one crosses a phase boundary; low sharpness can limit the decision
quality by producing mixed or ambiguous outcomes. (b) Capacity, the number of distinct phases in a phase diagram, limits the number

of distinct output categories. (c) Expressivity quantifies the ability to classify diverse datasets by tuning interaction parameters w;;

-

Stimuli corresponding to triangles and stars are meant to evoke two different phases (blue and yellow, respectively) as responses. Black
and red symbols denote stimuli that evoke correct and incorrect responses, respectively.
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and preliminary work done toward this question and work
that remains to be done.

Hidden components as hidden neurons. Phase separation
can involve molecular species that are neither “inputs” nor
“outputs.” These “hidden” species can mediate more
complex phase behavior by interacting and cocondensing
with the input and output molecules [76,79,92,93].
Consider a molecular system with N species, where only
M species serve as inputs and outputs. Even if the full
N x N interaction matrix w;; is fixed, the M x M apparent
interaction matrix for the inputs and outputs depends on the
concentrations of the N — M hidden species. Thus, the
concentrations of these hidden components can be tuned to
expressively manipulate the positions of phase boundaries
relative to the concentrations of input species. In this way,
hidden molecules would play the role of hidden layers in
deep neural networks that do not directly interface with
input or output, but increase the expressivity of input-
output maps [90,94]. Since hidden molecules interact in a
reciprocal manner (i.e., ;; = wj;), they are analogous to
hidden neurons that increase expressivity in Boltzmann
machines [95] rather than in feedforward networks with
nonreciprocal interactions.

Nucleation boundaries for higher expressivity. Phase
boundaries, like that shown in Fig. 5, are usually under-
stood to describe first-order equilibrium phase transitions.
However, condensation outcomes are rarely determined
solely by equilibrium thermodynamics. Instead, they could
be dominated by nucleation. For example, certain concen-
tration patterns of input species might preferentially pro-
mote the nucleation of one type of droplet over another,
even if the latter is thermodynamically more stable. In this
case, decision surfaces shown in Fig. 5 are determined by
the competitive nucleation of different phases. Despite not
being thermodynamic boundaries, such kinetically deter-
mined boundaries can nevertheless be sharp, especially
when coupled to competition effects [79,92].

Decision surfaces determined by kinetics are known to
be more expressive than equilibrium phase boundaries
for self-assembly [79,96]. For example, a region of the
phase diagram with only one equilibrium phase can
nevertheless show multiple kinetic phases. The stabilization
of specific kinetic phases could be achieved through
surfactantlike species that reduce nucleation barriers.
Such computational benefits of nucleation in the context
of liquid-liquid phase separation have yet to be systemati-
cally explored.

Ripening for temporal information processing. Phase
separation involves numerous transient phenomena. The
finite timescales of these phenomena can be used for
processing temporally coded information in input signals
[18]. One recent example exploits the kinetics of Ostwald
ripening to deploy DNA damage repair programs in
response to specific oscillatory waveforms in the upstream
transcription factor p53 [97]. A similar coarsening process

also ensures a well-defined arrangement of droplets that
determine where maternal and paternal genetic material is
exchanged in germ cells of sexually reproducing organisms
[98]. Finally, time delays inherent to nucleation of con-
densates of transmembrane proteins (LAT) are thought to
be exploited for kinetic proofreading in T cell receptor
signaling pathway [99-101]. This time delay is used to
prevent activation of T cells by low affinity ligands. We do
not have a broader sense of the range of temporal
information processing enabled by the many kinetic aspects
of phase separation.

Competition leads to sharper decisions. Both equilib-
rium and nonequilibrium mechanisms can enhance deci-
sion sharpness in phase-separating systems near phase
boundaries. At equilibrium, ensemble choice has a defining
role. When the system is coupled to a large reservoir of
components (approximating the grand canonical ensem-
ble), sharp transitions in droplet composition and volume
can emerge from small changes in reservoir concentrations.
In contrast, with fixed total concentrations (the canonical
ensemble), equilibrium behavior yields more graded tran-
sitions, as droplets form gradually and grow continuously
when control parameters (e.g., a component’s concentra-
tion) cross a phase boundary. Real systems can lie some-
where in between, depending on the size of the reservoir
relative to the condensing subsystem [102].

Sharp decision making is still possible in the canonical
ensemble setting if kinetic effects are considered. For
example, if multiple phases capable of coexistence share
a limiting component, small differences in nucleation rates
can be amplified. A phase with slightly faster nucleation
can rapidly deplete the shared resource, suppressing drop-
let formation elsewhere and leading to a winner-take-all
outcome. This kinetic competition can produce sharp,
effectively irreversible decisions that go beyond what
equilibrium thermodynamics predicts.

Such depletion-driven competition has been shown to
enhance classification in molecular systems with low
intrinsic cooperativity, such as growth factor gradients
[15,16,92] and other contexts [103,104]. Similarly, recent
work in multicomponent self-assembly demonstrates that
shared-component competition can sharpen phase bounda-
ries beyond equilibrium limits [79]. While these effects
have yet to be fully explored in the context of phase
separation and computation, they suggest that even modest
physical asymmetries can be harnessed to produce precise
molecular decisions.

Nonequilibrium dynamics for enhanced control.
Computation by condensate networks could be further
enhanced when biomolecular reactions are actively driven
using a source of energy, such as ATP hydrolysis. Such
driven reactions feature prominently in known cellular
regulatory networks, and their coupling to the cooperative
physics of phase separation would extend their capabilities
[105]. Driven reactions that affect droplet material can
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suppress nucleation and effectively shift phase
boundaries [106,107]. Cells could use this mechanism to
suppress condensation until energy becomes scarce, which
could trigger condensation in times of crisis [108]. Driven
reactions can also control when and where droplets form,
how large they become [109-111], and divide droplets
when they are too large [112]. Such delicate control over
morphology affects the physical interactions of droplets
and thus also the integrated reaction network.

Chemical reactions coupled to phase separation can
enable spatial control of pattern formation, as in nonideal
reaction networks [113-116]. Driven reactions can main-
tain long-ranged compositional gradients, which could
power information processing schemes. For example,
active in vitro condensates have been shown to sense
and “swim” toward each other, mediated through the
chemical gradients they generate [107]. Similarly, spatial
gradients inherent to condensates can be exploited to power
proofreading mechanisms that enhance classification
accuracy [117], without needing the molecular complexity
required by traditional kinetic proofreading schemes [118].

C. Learning by condensates

A natural question raised by the idea of computation
through phase transitions is how the relevant interaction
parameters arise and how they can change due to experi-
ences. While evolutionary processes can in principle tune
biophysical interactions to generate functional phase dia-
grams, cellular adaptation often occurs on much faster
timescales, requiring nongenetic mechanisms.

Recent work on “physical learning” suggests one pos-
sibility: Materials can acquire new behaviors by experienc-
ing examples during a “training” period [94,119]. However,
this framework has faced a mechanistic challenge: How can
physical interaction parameters, the analog of neural net-
work weights, be updated through local rules without
genetic change? One solution is post-translational modifi-
cation of proteins, which can alter their effective interactions
by changing charge, conformation, or binding affinities,
thereby reprogramming phase behavior [120,121]. The
concept of hidden components in multicomponent phase
separation, introduced earlier, provides another natural
mechanism for training. In such systems, expression levels
of hidden species modulate apparent interactions among
inputs and outputs, even when the underlying interaction
matrix is fixed [79,92,93]. When components are densely
and promiscuously connected, modifying expression levels
alone can reconfigure phase behavior—enabling distinct
computations in different cell types [15,16,92] or subcellular
locations, without requiring mutations. If expression levels
are themselves influenced by the outcome of phase behavior,
the system can, in principle, undergo Hebbian-like updates:
For instance, phase separation may induce scaffolding
protein expression [43,79,122], altering future interactions
and behaviors. Selective degradation that preferentially

removes noncondensed molecules while sparing those
sequestered in condensates can also reconfigure phase
behavior [93,123]. Other plausible mechanisms for non-
genetic learning include proximity-based chemical modifi-
cations that depend on colocalization in condensates; for
example, transfer of acetylation marks between nearby
chromatin regions implements a form of chemical
Hebbian learning [124], with related ideas explored in
synthetic systems [125,126]. While experimental training
rules remain to be investigated, such architectures suggest a
plausible route to local, nongenetic learning in molecular
systems.

IV. CONCLUSION

This Perspective explores the potential of phase separa-
tion to process information in living cells. While phase
separation has already been implicated in essential regu-
latory processes [28,51,127], this Perspective presents a
broader view inspired by artificial neural networks. In lieu
of the dominant systems biology perspective on signaling
and gene regulation, which emphasizes modularity [57], we
advocate for a physically embodied computation perspec-
tive, which emphasizes compact solutions that seamlessly
integrate sensing, computation, and actuation. Phase sep-
aration is well suited to embodied computation because it
involves many species, with a rich web of interactions.
While embodied computing solutions may not be inter-
pretable or portable, they could be favored by natural
selection for their effectiveness and efficiency.

This perspective requires much experimental and theo-
retical investigation to be fully realized. The main exper-
imental challenges revolve around the development of
tractable model systems, where input signals can be readily
controlled, output signals can be reliably read out, and
physical and chemical couplings can be measured and
manipulated. We expect that in vitro experiments with
model systems will be necessary to reveal the essential
capabilities and limitations of embodied computation in
biomolecular systems [107,128-132]. While the basic
physics of equilibrium phase separation has long been
understood, viewing multicomponent phase separation as a
computation raises new theoretical questions, which we
have highlighted and organized. This research program
requires understanding how traditionally studied physical
effects—kinetics and nucleation, active processes, and
spatial patterning—impact computational abilities such as
expressivity, memory capacity, and sharpness of decision
making. Solutions will integrate concepts from computer
science, information theory, and physics, and will push the
frontiers of active matter and biological physics.
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