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Significance 

In living cells, biomolecules 
self-organize into compartments 
called condensates that 
form by phase transitions, often 
around surfaces such as DNA 
and membranes. Typically viewed 
as concentrating mechanisms, we 
show that the physics underlying 
condensation can also encode 
decision-making. Specifically, 
we design multicomponent fluids 
that discriminate between subtly 
different surfaces by condensing 
distinct molecular compositions 
on each surface. For instance, 
genomic loci could nucleate acti-
vating or repressive condensates 
depending on DNA features, 
directly achieving gene-regulatory 
decisions through condensation. 
These fluids can sculpt 
complex decision boundaries, 
making them expressive, 
and can be reprogrammed to 
solve new tasks without altering 
designed molecular interactions, 
making them adaptable. 
Our results suggest an expanded 
view of condensates beyond 
compartmentalization, with direct 
roles in information-processing 
and computation. 

Living organisms rely on molecular networks, such as gene circuits and signaling 
pathways, for information processing and robust decision-making in crowded, noisy 
environments. Recent advances show that interacting biomolecules self-organize by 
phase transitions into coexisting spatial compartments called condensates, often on 
cellular surfaces such as chromatin and membranes. In this paper, we demonstrate that 
multicomponent fluids can be designed to recruit distinct condensates to surfaces with 
differing compositions, performing a form of surface classification by condensation. 
We draw an analogy to multidimensional classification in machine learning and explore 
how hidden species, analogous to hidden nodes, expand the expressivity and capacity 
of these interacting ensembles to facilitate complex decision boundaries. By simply 
changing levels of individual species, we find that the same molecular repertoire 
can be reprogrammed to solve new tasks. Together, our findings suggest that the 
physical processes underlying biomolecular condensates can encode and drive adaptive 
information processing beyond compartmentalization. 

condensates | molecular computation | biophysics | self-organization 

Living organisms process information through networks of interacting constituents 
spanning molecular to ecological scales. In cells, classic examples include gene regulatory 
circuits and signal transduction pathways where molecular features such as binding and 
copy number combine to drive biological decisions such as discrimination, feedback 
control, adaptation, and bistability (1–4). Although biological pathways are often 
described as modular (2), where a dedicated decision-making module drives distinct 
downstream events, some computational capability is embedded in processes that appear 
to serve different cellular tasks. For instance, the very act of building a macromolecular 
assembly can encode and interpret high-dimensional inputs to trigger context-specific 
outcomes (5–10). As another example, while genetic control circuits can be engineered 
to reduce fluctuations in molecular concentrations (11, 12), the same control naturally 
emerges from the thermodynamics that underlies single-species phase separation (13). 
More generally, this kind of embedded and distributed computational power is often 
quite robust due to the underlying collective physics that drives it. 

Recently, biomolecular condensation has emerged as a conserved mechanism for 
spatially organizing the cellular milieu across the tree of life (14–16). Rather than 
being well-mixed, molecules in cells often self-organize to form dozens of coexisting 
compartments called condensates. These compartments condense multiple biomolecules 
through phase transitions (14, 17, 18), typically around intracellular surfaces. Prominent 
examples span gene regulatory condensates that form at specific DNA (19–24) or RNA 
scaffolds (25, 26), and signaling condensates that are membrane-localized (27–29). At 
many surfaces, a particular combination of surface-resident molecules (i.e. “inputs”) like 
DNA-bound transcription factors or membrane-localized receptors facilitates assembly 
of specific multicomponent condensates. These condensates, in turn, selectively recruit 
biomolecules (i.e. “outputs”) like polymerases or signaling messengers from the cellular 
milieu to drive surface-specific downstream functions—like, for instance, activating 
certain genes but not others. In multicomponent fluids such as biomolecular condensates, 
the mapping from molecular parameters to emergent high-dimensional phase behavior is 
typically nonlinear (30–40). Leveraging this, recent theoretical (41, 42) and experimental 
(43–49) work highlights the potential of condensates to perform functions beyond 
compartmentalization, including computations. A key question is what capabilities 
and constraints govern the ability of multicomponent biomolecular fluids to perform 
computations through condensation. 
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In this paper, we explore how biomolecular fluids can perform 
classification by selectively assembling distinct condensates on 
different surfaces. First, we model the exchange of molecules 
between a surface—characterized by its composition of surface-
resident input species—with the broader cellular milieu, or 
“reservoir.” By exploiting differentiable methods, we tune molec-
ular parameters such as intermolecular interactions and reservoir 
makeup to imbue fluids with desired phase behavior. With 
this framework, we demonstrate that designed fluids can deploy 
distinct condensates on surfaces that only subtly differ in their 
input compositions. This surface classification is driven by the 
formation of condensates that recruit to certain surfaces, but 
not others, high concentrations of an output molecule necessary 
for executing specific downstream functions. The addition of 
extra hidden species that can interact with all other species but 
cannot functionally substitute output molecules enhances the 
capacity to sculpt complex decision boundaries. We show that 
this expanded expressivity is driven by encoding novel phases 
that are distinct in hidden species composition but recruit the 
same outputs. Once designed, we show that simply adjusting 
hidden species levels in the reservoir enables the same molecular 
repertoire to classify new tasks. Together, our study suggests 
that the physics underlying multicomponent condensates offers 
flexible and versatile mechanisms for information processing in 
living and synthetic systems. 

Model Framework 

Motivation. Surface condensation plays a key role in regulating 
intracellular processes, such as the formation of activating 
or silencing condensates on distinct genetic loci or varying 
signaling condensates on the plasma membrane (Fig. 1A) 
(20, 27). Typically, the combination of loci-specific DNA-
bound transcription factors (or surface-localized “input” species) 
facilitates the assembly of particular condensates. These loci-
specific condensates, in turn, selectively recruit either gene-
activating polymerases (an example of an “output” species, Fig. 
1A, green) or gene-silencing repressors (an example of another 
“output” species, Fig. 1A, pink) that drive distinct downstream 
functions. Beyond input and output species, transcriptional 
cofactors and chromatin remodelers (“hidden” species) often 
regulate phase behavior and molecular recruitment but ultimately 
do not directly drive output response. Surface-localized receptor 
combinations (inputs), downstream messengers or transcription 
factors (outputs), and adaptors/kinases (hidden species) play anal-
ogous roles in membrane-localized condensation. Although these 
represent different biological pathways, they share similarities in 
that surface-specific properties enable the assembly of function-
specific condensates, a form of classification by condensation. 

This motivates a minimal model for the surface condensation 
of molecules from a complex cellular milieu. The cellular milieu 
is modeled as an infinite molecular reservoir that exchanges 
molecules with a surface of volume V . Here, V describes an 
effective 3D region that contains both the biological scaffold 
(such as a membrane or a DNA locus) and the neighborhood 
with which it interacts. In the model, species are partitioned into 
three types. First, each surface is characterized by the composition 
of input species that are localized to it; these species do not 
exchange with the reservoir. The reservoir consists of output and 
hidden species that, unlike input species, exchange freely with 
the surface. 

We note two assumptions underlying our minimal formula-
tion of the surface and reservoir (expanded upon in the next 

section and SI Appendix, Supplementary Note 7). First, the phys-
ical structure of the scaffold is not explicitly considered. Instead, 
the effective volume V is simply defined as a region of scaffold 
with a well-mixed composition of input species. Second, we posit 
that the reservoir is maintained at a constant chemical potential, 
without describing its bulk behavior/composition explicitly. As 
a consequence of these assumptions, we do not model how a 
condensate adheres to or reshapes a lower-dimensional scaffold 
and cannot directly distinguish whether surface condensates 
undergo prewetting or wetting (22). We focus only on the 
composition of the condensate that forms at a well-mixed surface 
equilibrating with a reservoir. 

With this model framework, our goal is to design a molecular 
network such that one specific output molecule is recruited to 
surfaces with specific combinations of input molecules, and a 
different output molecule is recruited to surfaces with other input 
combinations. The recruitment of distinct outputs to surfaces 
with specific combinations of input molecules is possible when 
the molecular network encodes multiple types of condensates, 
i.e., multiple phases where each is enriched in only one output 
species. The formation of one condensate over another in 
response to subtle differences in input combinations represents 
a sharp phase transition that can, in principle, be exploited to 
engineer for ultrasensitive switches in the recruitment of different 
output molecules by designing phase boundaries in the space of 
input composition (42, 50) (Fig. 1B). 

Model Formulation. Toward this goal, we model a multicom-
ponent fluid with N solute species and an additional solvent 
species. These N solutes consist of Nin input, Nout output, and 
Nh hidden species (N = Nin + Nout + Nh). For simplicity, the 
sizes of all species are assumed to be equal to the volume 𝜈 of 
the solvent molecule, and the mean volume fraction of species i 
is therefore related to the absolute number of particles ni within 
the surface by 𝜙i = ni𝜈/V . We work in the mean-field limit 
and assume that the surface remains well-mixed. The surface is 
therefore described by its mean composition vector, labeled as 
 𝜙 ≡ 𝜙in ◦ 𝜙out ◦ 𝜙h, where ◦ indicates vector concatenation and 

𝜙in = (𝜙in,1, ..., 𝜙in,Nin ) [1] 
𝜙out = (𝜙out,1, ..., 𝜙out,Nout ) [2] 
𝜙h = (𝜙h,1, ..., 𝜙h,Nh ). [3] 

The subvectors denote the input, output, and hidden com-
position vectors, respectively, and the total volume fraction 
of (nonsolvent) species is 𝜙T = 

N
i=1 𝜙i. The surface only 

exchanges hidden and output species with the infinite reservoir. 
Within our framework, we do not prescribe any specific model 
of the reservoir (SI Appendix, Supplementary Note 7) and assume 
that it can maintain output and hidden species at a constant 
chemical potential described by 

𝜇res = 
 
𝜇 res 

out,1, . . . , 𝜇 res 
out,Nout 

, 𝜇 res 
h,1, . . . , 𝜇 res 

h,Nh 

 
. [4] 

The nondimensionalized free energy density of such a surface 
is 

Ωsurface = 𝛽𝜈f ( 𝜙, 𝜒) − 𝛽 𝜇res · 𝜙oh, [5] 

where 𝜙oh = 𝜙out ◦ 𝜙h and 𝛽 = 1/kBT is the inverse 
temperature. The quantity 𝛽 𝜇res · 𝜙oh therefore describes the 
external coupling of the output and hidden species to the 
reservoir. f is the internal free energy density of the surface, 
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A

B 

Fig. 1. (A) The model is motivated by cellular condensates that form on surfaces such as DNA and bilayers. Surface-localized species (e.g., transcription factors 
on DNA) are treated as input species (black, gray), while others freely exchange with a reservoir. Output species (green, pink) are exchanging molecules that 
drive downstream functions—for example, polymerases (DNA) or signaling activators (membranes). Right panel highlights this where polymerases are recruited 
to active genes (green) and repressors to silenced genes (pink). (B) Motivated by (A), we consider a simplified model in which surfaces characterized by the 
presence of different combinations of input species recruit distinct output species from an infinite reservoir. (Left) The key parameters of the model are the 
interactions 𝜒 between the species and the reservoir chemical potentials 𝜇res. (Middle) We consider the evolution of surfaces in the well-mixed, mean-field limit. 
(Right) The recruitment of distinct outputs is accomplished through forming surface-specific condensates. The phase boundary across which the composition 
abruptly changes functions as a decision boundary to classify surfaces. (Loop) We use JAX to iteratively tune 𝜒 and 𝜇res with the goal of recruiting the desired 
output species (based on the phase label, x vs. o) for each training data point. 

approximated in Flory–Huggins theory as 

𝛽𝜈f ( 𝜙, 𝜒) = 
N 

i=1 
𝜙i log 𝜙i + (1 − 𝜙T ) log (1 − 𝜙T ) 

+
1 
2 

N
i=1 

N 

j=1 
𝜙i𝜒ij𝜙j , 

[6] 

where 𝜒 is the effective interaction matrix, 

𝜒ij = z𝛽 
 
𝜖ij − 

𝜖ii + 𝜖jj 
2 

 
[7] 

and z is the number of nearest interacting neighbors, with 𝜖ij
being the microscopic nearest-neighbor contact energy between 
species i and species j. Note that since 𝜒ii = 0 by definition, 
the i = j terms do not contribute to Eq. 6. Further, we 
assume negligible effective solute–solvent interactions such that 
𝜒i0 = 0 for all i = 1, 2, ..N , where 0 indexes the solvent (see 
SI Appendix, Supplementary Note 1 for an extended discussion of 
this assumption and implications for experimental realization). 

We next write a dynamical model to probe the steady-
state composition of a surface characterized by a fixed input 
species composition 𝜙in. The volume fractions of all noninput 

species evolve over time due to the exchange with the reservoir 
until a steady-state is reached. We treat these compositional 
dynamics as near-equilibrium relaxation that, to a first approx-
imation, is driven by linear gradients of the free energy with 
respect to the surface’s composition (51). Here, we assume 
that solvent molecules have much faster dynamics than solutes, 
which improves numerical stability of the optimization but 
does not affect the steady-state (SI Appendix, Fig. S1). Thus, 
the temporal evolution of the surface composition 𝜙oh of the 
exchanging output and hidden species is written as (SI Appendix, 
Supplementary Note 1) 

d 𝜙oh

dt 
≈ −D 

dΩsurface

d 𝜙oh
= −𝛽D( 𝜇 − 𝜇res), [8] 

where 𝛽𝜇i = ∂(𝛽𝜈f )/∂𝜙oh,i is the intrinsic (nondimension-
alized) chemical potential of exchanging species i. D is the 
(Nout + Nh) × (Nout + Nh) mobility matrix that sets the 
rate of exchange between the surface and reservoir and is 
chosen, for simplicity, to be diagonal, identical for solutes, and 
consistent with Fick’s law at dilute equilibrium conditions (37) 
(SI Appendix, Supplementary Note 1). At steady state, the surface 
and reservoir must have identical chemical potentials in the 
noninput species but can have distinct compositions—a feature 
of multiphase systems that we aim to exploit. 
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Designing Multiphase Classifiers. With this forward model, our 
goal is to identify an effective interaction matrix 𝜒 and reservoir 
chemical potential 𝜇res (at 𝛽 = 1) such that, for a surface defined 
by a given input vector 𝜙in, the steady state is enriched in the 
desired output species and depleted in all other outputs (Fig. 
1B). This output convention is akin to “one-hot” representations 
common in machine learning. Tuning these parameters allows 
for the construction of free energy landscapes for which the 
input concentration 𝜙in of a surface determines the free energy 
minimum to which it relaxes. In this case, surfaces enriched 
in different output species are separated in the input space by 
a discontinuous phase boundary that behaves functionally as a 
decision boundary. 

To train this model, we employ a differentiable implementa-
tion of the above dynamical description amenable to gradient-
based optimization methods that minimize a loss function (52). 
We require that our loss function captures the following physical 
criteria at any surface. First, we require the desired output 
species to be enriched at concentrations exceeding 𝜙max = A/N . 
Second, we require all undesired outputs to be depleted at 
concentrations below 𝜙min = B/N . These enrichment and 
depletion criteria, when satisfied, enforces that the desired output 
is recruited at high concentrations and exceeds undesired outputs 
by a factor of at least A/B. We choose A = 1.1 (mild enrichment), 
and B = 0.25 (significant depletion). 

Training the system entails considering a set of surfaces (or 
data points), each defined by an input concentration vector and 
a specification of the desired output species to be recruited. We 
find empirically that the following loss function gives the best 
performance in optimizing for the enrichment and depletion 
criteria: 

L(𝜒 , 𝜇res) = 
1 

nbatch 

nbatch 

a=1 
l j(a) 

 
𝜒 , 𝜇res; 𝜙a 

 
, [9] 

where the sum is over nbatch data points in the training set, 
data point a corresponds to a surface that reaches steady-state 
concentrations 𝜙a, and j(a) is the index of the desired output 
species for data point a. We define a function that is monotonic 
in the extent that 𝜙a fails to satisfy the enrichment/depletion 
criteria for a surface: 

lj(𝜒 , 𝜇res) = log (1 + Npj) + 
Nout 

k=1 
(k =j) 

log (1 + Nqk) ≥ 0 [10] 

pj = max 
� 
0, 𝜙max − 𝜙out,j 

 
[11] 

qk = max (0, 𝜙out,k − 𝜙min) . [12] 

The term lj is therefore at a global minimum when pj = qk = 0, 
and L is at a global minimum of 0 when this condition is satisfied 
for all data points a. Because the loss saturates once the thresholds 
are met, optimization only requires modest enrichment and 
depletion. However, two surfaces that are highly similar but lie 
on opposite sides of the decision boundary requires a sharp flip 
in the enriched output. The optimization therefore leverages 
the collective physics of phase separation, which produces 
discontinuous switches in composition across a phase boundary, 
and yields much larger enrichment ratios in practice. 

We minimize L with respect to 𝜒 and 𝜇res over several 
thousand training epochs using an RMSProp algorithm from 
the Optax library (52, 53). Once trained, we evaluate the 

performance of the classifier using the classification success Sc , 
defined as the fraction of surfaces whose steady states fully satisfy 
the enrichment/depletion criteria: 

Sc = 
1 
nset 

nset
a=1 

 
1 − Θ(l j(a)) 

 
, [13] 

where nset = 500 is the number of points in the validation/test 
set, and Θ(x) = 0 if x = 0 and is 1 otherwise. 

In training the system over 𝜒 and 𝜇res, we impose several 
constraints. First, since we are modeling liquid phases, we require 
that energies be of order kBT and therefore enforce that each 
entry of the chi matrix has |𝜒ij| < 15, which is O(z = 18). 
Hence, from Eq. 7, the typical strength of an interaction energy 
is |𝜖ij| ≤ kBT and comparable to thermal scales, as expected in 
liquid-like mixtures. Second, since we are designing surfaces to 
only enrich one particular output species, we require that output– 
output interactions be repulsive, with 𝜒ij > 10 for distinct output 
species i and j. Third, we enforce that all output species have the 
same reservoir chemical potential as a design criterion, which 
is meant to mimic the surface choosing from outputs that are 
at “identical” potentials in the reservoir. Finally, since input– 
input interactions and input chemical potentials do not affect 
the steady-state in the mean-field limit, they are omitted from 
the model and not treated as free design parameters. 

Results 

Tuned Molecular Networks Drive Linear Classification. Armed 
with this model, we first aim to create linear classifiers. In a simple 
mixture comprising only 2 input and 2 output species, our target 
is to design surface condensates that recruit a specific output 
molecule (green or pink) depending on which input species is at 
higher concentration (Fig. 2A), i.e., an ultrasensitive ratiometric 
sensor. With this objective in mind, we initialize a noninteracting 
liquid mixture and train the molecular interactions and reservoir 
potential over multiple epochs (Fig. 2B). The learned interaction 
matrix broadly matches physical intuition, with each input 
preferring to mix with the cognate output and demix from 
the noncognate output. Upon testing, our model exhibits a 
sharp switch in composition across the boundary (Fig. 2C and 
SI Appendix, Fig. S2A). This switch is consistent with a first-
order phase transition, exhibiting a discontinuous jump in the 
output composition across the phase boundary. As expected, 
this discontinuity disappears when interactions are weakened (SI 
Appendix, Fig. S2B). 

To understand how the decision boundary emerges from 
molecular parameters, we develop a simple analytical approach 
(SI Appendix, Supplementary Note 3). We first define the decision 
boundary as the manifold where all output species are recruited 
at identical levels. We find that the expressivity (or repertoire 
of encodable manifolds) of mixtures with 2 inputs and 2 
outputs is limited to linear boundaries, and this theoretical 
prediction is supported by simulation (SI Appendix, Fig. S3A 
and Supplementary Note 3). More generally, our theory predicts 
that liquids with only input and output species can only typically 
encode linear decision boundaries in input space (SI Appendix, 
Supplementary Note 3). Consistent with this prediction, we find 
that our model still sharply classifies higher-dimensional linear 
manifolds (SI Appendix, Fig. S3B). 

To test our model’s prediction that purely input–output 
mixtures cannot classify nonlinear boundaries, we train a 2 
input and 2 output mixture to separate an elementary nonlinear 

4 of 12 https://doi.org/10.1073/pnas.2527873123 pnas.org 

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 8
0.

12
1.

45
.5

7 
on

 J
ul

y 
1,

 2
02

6 
fr

om
 I

P 
ad

dr
es

s 
80

.1
21

.4
5.

57
.

https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials


A

C

B

Fig. 2. (A) The target linear decision boundary is shown, with each axis being the concentration of one of the input species. Green and pink denote regions 
where we desire condensates enriched in the green and pink component, respectively. (B) Predictions from the trained model for different input compositions 
in the test set. The axes depict the input concentrations while each dot is a test input condition, colored by the ratio of the two output species at steady-state 
(displayed on a log-scale). Along the solid black line, the system undergoes a discontinuous transition in mean-field composition across the boundary, as shown 
in the right-most panel. (C) Evolution of training loss and parameters over the optimization. The training parameters converge to a solution that is analytically 
consistent with the formation of a linear decision boundary (SI Appendix, Supplementary Note 3). 

manifold: an upper quadrant AND-like distribution, in which 
one output is recruited only when both inputs are present at high 
concentrations; otherwise, the other output is recruited. After 
training, we find that input–output mixtures fail to encode this 
nonlinear decision boundary, instead showing a best-fit linear 
approximation (SI Appendix, Fig. S4A). 

Hidden Species Expand Capacity for Nonlinear Complex 
Decisions. The inability to form nonlinear decision boundaries 
with simple input–output networks motivates the introduction 
of hidden species. In our model, hidden species are similar to 
output species in that they can interact with all molecules and 
be recruited to surfaces from the reservoir, thereby influencing 
the steady-state condensate that forms. However, their steady-
state concentrations are taken to be irrelevant in performing the 
classification of the surface; they therefore play a role analogous 
to that of hidden nodes in a neural network (42, 54). 

Extending our analytical approach, we find that the addition 
of a single hidden species offers enough flexibility to encode 
decision boundaries of varying curvatures (SI Appendix, Fig. 
S3C and Supplementary Note 3). We thus explore classification 
of complex, high-dimensional decision boundaries by including 
multiple hidden species (Fig. 3A). 

First, we demonstrate the effectiveness of hidden species by 
programming an AND-like upper quadrant decision boundary 
with two additional hidden species (gold and cyan in Fig. 3B). 
Analyzing the trained molecular network reveals a complex 
interplay of interactions that leads to essentially binary responses 

in the output species recruited to the surface (Fig. 3C and 
SI Appendix, Fig. S4). Like the linear classifier, and consistent 
with a phase transition, our trained AND system exhibits a 
sharp switch in composition across the decision boundary (Fig. 
3C ). With the addition of more hidden species, the model 
can encode increasingly nonlinear decision boundaries such as 
XOR, circle, sinusoidal, and checkerboard patterns (Fig. 3D). 
Similar to the AND boundary, each of these systems exhibit 
sharp, discontinuous switches in the recruited species across 
the boundary consistent with first-order phase transitions (SI 
Appendix, Fig. S5). The trained parameters for each decision 
boundary are shown in SI Appendix, Fig. S6. 

Hidden Species Expand Capacity by Encoding Multiple Modular, 
Encrypted Phases. To understand how hidden species enhance 
expressivity, we trained mixtures with varying numbers of hidden 
species to solve a range of decision boundaries, and evaluated the 
classification success (as defined in Eq. 13). We find that the 
addition of hidden species improves classification but saturates 
beyond a decision-boundary specific threshold (Fig. 4 A, Left). 
While surface condensates correctly enrich the pertinent output, 
we find that surfaces with the same output molecules often recruit 
varying concentrations of hidden species. To better understand 
this, we estimated how many distinct phases were formed as 
defined by the overall composition of hidden and output species 
on surfaces. Collecting the compositions across multiple surfaces 
(nset test points into a matrix of size nset × (Nout + Nh)), we 
perform principal component analysis and use a Marchenko-
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Fig. 3. (A) Hidden species, depicted in cyan in the interaction matrix and analogous to hidden nodes in Boltzmann machines, shape emergent overall phase 
behavior by interacting with input and output species but cannot directly drive output function. (B) Using only 2 hidden species (gold and cyan), we train 
for parameters to form an AND-like upper quadrant decision boundary in the mean-field limit. (C) Predictions from the trained classifier for different input 
compositions in the test set, which resembles the desired decision boundary. Along the solid black line, the system undergoes a discontinuous transition in 
mean-field composition across the boundary. (D) Test predictions for models with other nonlinear decision boundaries in the mean-field limit. (Left to Right) A 
XOR boundary trained with 6 hidden species, a circular boundary trained with 10 hidden species, a sine curve boundary trained with 12 hidden species, and a 
checkerboard boundary trained with 20 species. 

Pastur (55) based threshold to estimate the number of distinct 
phases from the significant eigenmodes. We then perform 
hierarchical clustering to identify the average composition of 
each phase (SI Appendix, Supplementary Note 5). We find that 
for each decision boundary, the number of steady-state phases, 
averaged across a collection of molecular networks corresponding 
to different minima of the loss function, grows with hidden 
species (Fig. 4 A, Right). This suggests that encoding multiple 
phases plays an important role in improving the expressivity of 
multicomponent condensates. 

To explore this deeper, we consider the trained XOR liquid 
with 6 hidden species (Fig. 4B). Compositional analysis reveals 
that the XOR decision boundary is achieved through 4 distinct 
phases. For example, areas with high output 1 (green output) 
are encoded by 2 distinct phases (e.g., red and yellow phases, 
or phases 2 and 4) that recruit different hidden species but 
the same output species. The concentration vectors within a 
phase show very little variance, as evidenced by their high 
cosine similarity. Identifying each point with an independent 

surface, our model shows that multiple surfaces that condense 
the same output recruit distinct hidden species, and thus 
vary in phase composition. Biologically, such a solution might 
look like condensates that drive gene activation at different 
DNA loci by recruiting high concentrations of the functional 
polymerase but varying concentrations of coactivator molecules. 
Thus, the encoding of multiple encrypted phases, which differ 
in hidden species but recruit similar output molecules, is 
the primary mechanism by which hidden species improve 
expressivity. 

In the XOR liquid, we find that the 4 distinct encrypted 
phases modularly partition the input space into quadrants, such 
that groups of related inputs drive condensation of a particular 
phase. When we extend this analysis to other nonlinear decision 
boundaries, we find that hidden species generally learn modular 
representations of related input surfaces (SI Appendix, Figs. S7– 
S11). We next explore whether we can repurpose this modular 
multiphase representation learned by hidden species for other 
tasks. 

6 of 12 https://doi.org/10.1073/pnas.2527873123 pnas.org 

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 8
0.

12
1.

45
.5

7 
on

 J
ul

y 
1,

 2
02

6 
fr

om
 I

P 
ad

dr
es

s 
80

.1
21

.4
5.

57
.

https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials


A

B

Fig. 4. (A) The scaling of the test set classification success Sc (Left) and the number of phases, averaged across molecular networks corresponding to different 
minima of the loss function (Right), as a function of the number of hidden species in the model. (B) When defined in terms of output species composition alone, 
the XOR liquid (Left) shows two distinct phases, each repeated twice in the four quadrants of input space. However, each of these quadrants corresponds to a 
distinct phase (Middle) if phases are distinguished by the composition of hidden species. The color of a point indicates the phase that the surface exhibits, while 
the color intensity of the point indicates the cosine similarity between the surface’s phase vector and the mean concentration vector of all surfaces within the 
phase (Right). The compositions of the output and hidden species presented in the right-most panel represents the mean composition of surfaces that cluster 
into a phase (SI Appendix, Supplementary Note 5). 

Changing Reservoir Composition of Hidden-Species Drives 
Solution of New Classification Tasks. Motivated by the modu-
larity of encoded phases, we hypothesized that once trained with 
sufficient hidden species, the same molecular ensembles could 
be adapted to solve new decision tasks by simply tuning the 
reservoir of hidden species without changing interactions. This 
idea is analogous to machine-learning architectures comprising 
modules where an upstream (typically randomly wired) network 
remains fixed and solutions to new tasks are achieved by training 

only the parameters of a small downstream network (56, 57). 
To demonstrate this idea, we revisit the trained XOR liquid and 
ask whether it can be repurposed to solve AND or OR decision 
boundaries only by changing reservoir composition. We find that 
changing the potential of a few key hidden species is sufficient 
to finetune the same molecular mixture to perform distinct tasks 
(Fig. 5A). 

Given this finding, we next explored whether liquids without 
designed interactions, e.g., with randomly chosen molecular 

A B

Fig. 5. (A) With the Nh = 6 mixture previously trained to solve a XOR boundary (Left), the same interaction network can also solve an AND decision boundary 
(Middle) and OR decision boundary (Right) by selectively tuning the reservoir potentials. (B) The capacity for classification by liquids with random interaction 
networks. (Left) A random interaction matrix with Nh = 30 is sampled from a probability distribution (SI Appendix, Supplementary Note 5) and remains immutable; 
subsequently, reservoir potentials are tuned to solve a classification task. (Right) The success rate Sc across multiple trajectories (30 per task, where each has a 
different random interaction network) for various classification tasks. 
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A B 

Fig. 6. (A) Solving classification of the MNIST dataset involves embedding pixel grayscale values into many input species concentrations, then training 
interaction parameters and reservoir concentrations for the formation of condensates enriched in 1 of 10 output species. (B) Classification success Sc for 0 vs. 1 
(blue), 3 vs. 5 (red), and 10-digit MNIST (black) tasks as a function of number of hidden species. For the 10 digit MNIST dataset, the classification success reaches 
a plateau below 1 at approximately 15 to 20 hidden species. The Inset shows the plateau value when the success criterion is made more lenient by decreasing 
Atest = A − x and increasing Btest = B + x, where A = 1.1 and B = 0.25 are the threshold values defined in the loss function used to train the classifier. In the 
extreme case where Atest = Btest, the success is approximately ∼85%. 

interactions 𝜒ij , could nevertheless be trained to classify surfaces 
through fine-tuning the reservoir alone. To test this, we generated 
liquids with 2 inputs, 2 outputs, and a large number of 
hidden species (Nh = 30, SI Appendix, Supplementary Note 6). 
The interactions between species were sampled from a near-
uniform distribution such that |𝜒ij | ≲ 12; for a fixed decision 
boundary, we report the distribution of model performance over 
n = 30 different interaction networks (SI Appendix, Supplemen-
tary Note 6). Through training only the reservoir makeup, we 
show that liquids with randomly chosen and fixed interactions 𝜒 
contain the ability to model both linear and nonlinear decision 
boundaries, albeit with decreasing performance as we increase 
the complexity of the decision boundaries that we seek to 
approximate (Fig. 5B). 

Our results suggest that rather than constantly redesigning or 
evolving new interactions, the physics of surface condensation 
provides a flexible mechanism to redeploy the same molecular 
repertoire to solve new tasks by adjusting compositions of the 
reservoir. An analogous idea has been explored previously by 
Elowitz and coauthors in the context of BMP signaling and 
dimerization networks (4, 58) where they show that tuning 
stoichiometries but not binding affinities in dilute molecular 
ensembles can facilitate solving distinct tasks. Together, this 
highlights that the physics embedded in collective molecular 
networks permits flexible computations at distinct hierarchies. 

Surface Condensates Classify High-Dimensional Datasets. Our 
motivation for physically embedded computation in phase 
separation is to understand how cells might process chemical 
stimuli through concentration-dependent condensation, not to 
build a general-purpose classifier for arbitrary domains (e.g., 
distinguishing cat vs. dog images). In the same spirit, related work 
has evaluated physical systems as classifiers of physical stimuli in 
many domains (59), ranging from molecular concentrations to 
mechanical forces (60, 61). Molecular examples include winner-
take-all reaction networks (62), self-assembly with Hebbian-
like interactions (8, 10), and multicomponent liquids (41, 42). 
Nevertheless, to evaluate expressivity of these physical systems on 
high-dimensional inputs in a standardized way, we follow this 
literature and use symbolic ML datasets as benchmarks, not as 

an end in themselves: Each feature is reinterpreted as a molecular 
concentration and presented to the system as a physical stimulus. 

We start by classifying the near-linear Seaborn Iris dataset, 
which comprises 4 analog flower features (petal and sepal length 
and width) and 3 output labels (flower species). The value of the 
j’th feature xaj of the a’th data point xa is encoded as an input 
concentration according to the linear, scaled mapping 𝜙aj = 
𝜙0 

 
xaj−mina xaj

maxa xaj−mina xaj 

 
, where mina xaj and maxa xaj denote the 

minimum and maximum xaj across all data points a, respectively, 
and 𝜙0 = 0.5/4 = 0.125, such that the input species can 
occupy a maximum of half of the volume. We incorporate 1 
output species per label to mimic a species-specific molecule. 
Once trained, we demonstrate that this 7-component mixture 
can directly classify the IRIS dataset without the use of hidden 
nodes (SI Appendix, Fig. S12). 

Next, we turn to the higher-dimensional MNIST dataset, a 
collection of labeled hand-drawn images of digits, to study how 
our model generalizes to larger interaction networks. We first 
coarse-grain each grayscale image from 28 × 28 to 7 × 7 by 
averaging pixel values in a 4 × 4 block and assign each pixel 
in the reduced image to an input species. Then, we map the 
volume fraction 𝜙in,i of an input species to its corresponding 
pixel value (xi) by 𝜙in,i = 𝜙0(xi/255), where 𝜙0 = 0.5/49 ≈ 
0.01. We train the mixture to initially discriminate between two 
digits, achieving strong performance with just 2 hidden nodes. 
However, digits that are traditionally harder to distinguish (Fig. 
6B, red, 3 vs. 5) reached lower-performance levels compared 
to easier ones (Fig. 6B, blue, 0 vs. 1). Extending the model 
to simultaneously classify all ten digits requires more hidden 
nodes (∼15) and saturating performance is lower (Fig. 6B, black). 
As we relax the classification stringency by requiring lower and 
lower excess of the desired output species over the undesired 
ones without retraining the system (Fig. 6 B, Inset ), the success 
in classifying MNIST increases from ∼75% to a saturating test 
success of ∼85%. Generally, the ability to design condensates 
with large numbers of species for high-dimensional classification 
is improved with hidden nodes but typically saturates. 

These results are generally consistent with recent findings 
from ref. 42, where the authors develop a 3D lattice condensate 
model and train it with a probabilistic learning algorithm derived 
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A

B

Fig. 7. (A) Schematic of 3D lattice liquid. Inputs are clamped to lattice positions, and output and hidden species can exchange freely. On the Right is the 
evolution of a lattice (L = 24) from initial to final configurations. (B) 3D lattice liquid (L = 24) classification using mapped mean-field parameters: (Left to Right) 
Linear boundary with 0 hidden species, AND boundary with 2 hidden species, XOR boundary with 6 hidden species, Circle boundary with 10 hidden species, 
and Sine boundary with 12 hidden species. 

from classical Boltzmann machines to classify MNIST digits 
with ∼75% accuracy. Their lattice liquid with a “semipermeable 
membrane” is conceptually equivalent to our approximation of 
“surface-localized inputs.” In ref. 10, which explores crystalline 
self-limited assembly, MNIST digit classification is similarly 
demonstrated in a theoretical model with ∼85 to 90% accuracy 
depending on the design constraints. Together, these results 
highlight the potential of multicomponent mixtures to classify 
high-dimensional decision boundaries despite differences in 
microscopic physics, training algorithms, design constraints, and 
problem encodings. 

Mean-Field Solutions Translate to Successful Classifiers in 3D 
Lattice Liquids. We next aim to understand whether the mean-
field design of liquids transfers to a more detailed 3D model that 
explicitly captures spatial correlations. Following earlier work 
(32, 42, 63), we adopt a lattice liquid formulation in which we 
treat a surface as a lattice of length L × L × L with 1 molecule 
per site. Interactions between 18 nearest neighbors, i.e., those 
within a 

√ 
2 lattice distance, contribute to the overall energy of 

the system, which thus depends on the spatial configuration of 
molecules (SI Appendix, Supplementary Note 4). To mimic our 
mean-field treatment of surface-localized and well-mixed input 
species, we fixed their counts and positions on the lattice, thereby 
treating them as immobile and nonexchanging in the canonical 
ensemble (Fig. 7A). Output and hidden species are allowed 
to exchange with the reservoir at a fixed chemical potential, 
i.e., in the grand-canonical ensemble. We sample this mixed-
ensemble model through parallelized Monte-Carlo simulations 
to ensure sufficiently equilibrated thermodynamic properties and 
compositions (SI Appendix, Supplementary Note 4 and Fig. S13B). 
We simulate the lattice liquid with trained parameters from the 

mean-field model and evaluate its ability to classify surfaces. The 
designed mean-field interactions are rescaled to account for the 
number of nearest-neighbors to parameterize this lattice liquid. 
We find empirically that decreasing temperature (or increasing 𝛽) 
sharpens the decision boundary in the lattice model (SI Appendix, 
Fig. S13A), and all test data shown are at 𝛽 = 2 in Fig. 7. 

Using liquids trained on a range of decision boundaries 
reported in Figs. 2 and 3, we parameterize and sample the 
equilibrium configurations of the 3D lattices. Overall, we 
find that lattice liquids broadly encode similar classification 
boundaries as their mean-field counterparts (Fig. 7B), with a few 
key differences. Near the decision manifolds, we find that lattice 
liquids exhibit more continuous variation than the abrupt jumps 
observed in mean-field liquids. By analyzing the phase structure 
within each surface, we find that this blurring likely arises from 
coexisting, spatially isolated pockets of phases that each comprise 
different output species (SI Appendix, Supplementary Note 5 and 
Fig. S14). Away from the boundary, output species ratios still 
reach 10 to 100× ratios of correct over incorrect species (SI 
Appendix, Fig. S15). Finally, we find that as the decision boundary 
increases in complexity, and thus requires more hidden species, 
the asymptotic classification success in the 3D liquid typically 
decreases (Fig. 7B and SI Appendix, Fig. S13A). The broad 
agreement between mean-field and 3D lattice liquids supports 
the generality of our results and motivates experimental testing. 

Discussion 

Across the tree of life, biomolecules in cells can self-organize 
into membraneless organelles called condensates that regulate 
biological pathways. Motivated by this fact, we explore the 
computational capabilities that are embedded in and arise from 
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the physical processes shaping condensation in multicomponent 
mixtures. We find that multicomponent liquids can recruit dis-
tinct molecules (and thus condensates) to surfaces that differ only 
subtly in their composition of surface-resident “input” molecules. 
This high-dimensional surface classification is offered as a model 
of how cells might assemble transcriptionally active condensates 
at certain genetic loci (with a particular combination of DNA-
bound transcription factors that recruits RNA Polymerases) 
but repressive ones at other DNA surfaces (with a different 
combination of transcription factors that recruits repressors). The 
function of a condensate is therefore driven by the recruitment 
of a single surface-specific “output” molecule. We note that our 
framework can be easily adjusted to model other pathways where 
condensates may need to recruit more complex compositions 
of functional output species, as illustrated in SI Appendix, Fig. 
S16. Together, our work suggests that emergent condensation 
in multicomponent liquids like the cellular milieu can drive 
information processing that may be necessary for regulating 
complex biological functions. 

We show that inclusion of hidden species—molecules that 
shape condensation but do not drive downstream function— 
expands expressivity (64), i.e., the ability to encode increasingly 
complex classification boundaries. We find that hidden species 
improve expressivity through encoding novel phases that differ 
in composition of hidden molecules but still recruit the same 
functional output species. The role of such species could be played 
by different coactivators that recruit the same polymerases to drive 
gene activity (65), varying coreceptors and adaptor proteins that 
recruit the same downstream kinase to membranes to propagate 
signaling cascades (27), and more generally by regulatory molecu-
lar cascades. In addition, hidden species simultaneously facilitate 
adaptability by allowing reuse of the same molecular interaction 
networks, including even purely random ones, to perform distinct 
tasks (Fig. 5 A and B) simply by changing makeup of the cellular 
milieu. This adaptability loosely mimics cell-type specific expres-
sion, in which cellular compositions can use the same genetically 
encoded molecular ensemble to drive different gene programs 
with the same functional molecular output species—a feature 
that emerges in other multicomponent biomolecular networks 
(4, 66, 67). More generally, the features of multicomponent 
phase separation naturally provide cells with regulatory knobs 
such as changing composition (by expression) or interactions (by 
posttranslational modifications) to leverage condensate-mediated 
computations. Finally, since condensates in vivo are typically 
characterized by visualizing only a subset of hidden and/or output 
species, it is possible that a) condensates that appear similar (by 
hidden species) could carry out distinct functions (by recruiting 
distinct output species that are not visualized), and vice versa b) 
condensates that appear distinct (by hidden species) could still 
perform similar functions (by recruiting similar output species 
that are not visualized). Together, our work advocates for an 
expanded view, including through the “hidden-output” axis, 
of how and where function can be encoded by condensates in 
biological systems. 

We show that increasing hidden species generally improves the 
precision of classification. To better contextualize this computa-
tional power, we outline in SI Appendix, Supplementary Note 3 an 
idealized construction, subject to key assumptions, that maps the 
essential physics underlying our surface condensation model to 
well-understood computational structures, namely, piecewise lin-
ear machines combined with winner-take-all dynamics and their 
corresponding Voronoi cells (68–70). Within this construction, 
we argue that surface condensates can universally approximate 
arbitrary decision boundaries through scaling the number of 

hidden nodes (SI Appendix, Fig. S17). Systematically dissecting 
and exploring the assumptions that underlie this construction is 
an important area for future work. In our paper, we also find that 
classification power eventually saturates with more hidden nodes 
(Fig. 4). This could arise from a limitation in our optimization 
formulation, including in our choice of loss function or parameter 
constraints, that may make it difficult to find global minima 
of the loss landscape. Second, the saturation could point to a 
more fundamental limit that arises from two competing physical 
constraints in our model: a) with more species, there is an 
overall dilution that increases the entropic cost of condensation, 
and b) the requirement of liquid-like condensates, i.e., energy 
scales of order kBT , limits the enthalpic stabilization that is 
possible to encode in our simple model of pairwise interactions. 
While not captured in our simple thermodynamic model, biology 
points to the need for more complex models that may expand 
the scope of computations possible through condensation— 
including through leveraging higher-order interactions such 
as discrete sticker-spacers or excluded-volume interactions 
that expand capacity of the underlying free-energy landscape 
(17, 71, 72), multimerization domains that reduce entropic costs 
of demixing (73), and more generally, out-of-equilibrium reac-
tion cascades that provide additional axes for tunable multiphase 
behavior. 

The balance of entropy–energy trade-offs direct surfaces with 
differing input compositions to recruit distinct condensates and 
behave as a classifier. Our model has partial parallels to well-
known architectures in inference—for example, the free energy 
governing phase behavior in our model resembles that of a 
Hopfield network (41, 74). Our model more closely resembles 
Boltzmann machines (42, 54) in that we exploit hidden species 
to encode more complex stimuli-response behaviors, i.e., higher 
expressivity (50, 75). A key distinction, more generally, is that 
condensation is typically collectively encoded and does not 
directly enable sequential information processing characteristic 
of modern deep learning networks. However, unlike these 
networks, condensation, and many other forms of equilibrium 
molecular computation, typically expend very little energy and 
are compatible with massively parallel computation—the same 
milieu of molecules can classify multiple spatially separated 
surfaces. 

While we focus on classification, recent studies argue for 
broader computational capabilities embedded in multicompo-
nent liquids. For example, ref. 41 explores the capacity of conden-
sates to store and retrieve compositions as stable phases (or 
memories) analogous to Hopfield models trained with the 
Hebbian rule, identifying key roles for three-body interactions 
for effective memorization. More recently, Chalk et al. (42) 
train molecular parameters of 3D lattice liquids for multiple 
tasks, showing that equilibrium multicomponent liquids can 
form complex spatial architectures, drive Hopfield-like retrieval 
of memories upon contacting a patterned surface, and perform 
MNIST digit classification. In the MNIST classification task, 
our model performance saturates (∼85%), potentially hinting 
at limitations in the physics of condensation and/or in the 
choice of data encoding. More generally, it would be valuable to 
delineate and contrast the principles and limits of computations 
performed by different physical systems with and in addition 
to condensation—for example, dimerization networks (4), self-
assembly (6–10, 76), mechanical systems (77, 78), and stochastic 
biomolecular reactions (79–81). 

We characterize the computational capabilities of programmed 
multiphase fluids that are trained through gradient-descent based 
global optimization routines. While we focus on the system’s 

10 of 12 https://doi.org/10.1073/pnas.2527873123 pnas.org 

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 8
0.

12
1.

45
.5

7 
on

 J
ul

y 
1,

 2
02

6 
fr

om
 I

P 
ad

dr
es

s 
80

.1
21

.4
5.

57
.

https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2527873123#supplementary-materials


capacity for classification and not the biological plausibility 
of the learning rule, the ways by which molecular networks 
can learn, potentially autonomously, or be trained represents 
an important area for investigation. For instance, Chalk et al. 
(42) train lattice liquids using sleep–wake training rules, a set 
of spatially local rules based on competition between Hebbian 
learning and anti-Hebbian unlearning as in classical Boltzmann 
machines (54). In conjunction with other recent studies, these 
suggest that molecular networks can be trained in situ through 
physical learning rules that directly modify parameters like 
interactions or composition (42, 59, 82, 83). In particular, we 
show that only changing levels of hidden and output species in the 
reservoirs of trained fluids—a variable amenable to modification 
in living systems—enables adaptation to new tasks (Fig. 5A). 
If the levels of reservoir species could be directly regulated by 
condensate formation—for example through engineered genetic 
feedback circuits where condensation of output species alters gene 
expression of reservoir species (84)—this would permit learning 
over longer time-scales. Together, these hint at biologically 
plausible mechanisms for autonomous and continual learning 
in biomolecular fluids without any electrical computers in the 
loop. 

Finally, we demonstrate concordance of our mean-field designs 
with function in a 3D lattice model that explicitly captures 
spatial correlations that are relevant in vitro. In our framework, 
the surface is treated implicitly, characterized instead by the 
host of surface-resident inputs. Recent theories have begun to 
relate the explicit physical properties of biological scaffolds, both 
DNA sequence aspects (20, 22) and reversible membrane binding 
(39, 85), to the resulting phase behavior. These models describe 
how condensates can wet (condense on a lower-dimensional 
surface as well as in the bulk), prewet (condense only on a lower-
dimensional surface), or drive coupled phase transitions between 
the scaffold along with the soluble proteins. Designing over such 
models, in turn, could enable more expressive computations by 
directly optimizing surface features and using complex phase 
behaviors. Toward experimental realization, promising avenues 
include a) designed DNA (10, 43, 86) molecules, along with 
surface-functionalized or immobilized DNA strands, and b) 
emerging synthetic biology approaches (87–90) that combine 
genetic reporter systems with coexpression of phase-separation 
proteins. More generally, the confluence of machine-learning, 
physics-based models, and multiplexed experimental techniques 
will inform future opportunities to dissect as well as design 
biological computation through condensation. 

Limitations of the Study. In this paper, we explore how the 
emergent physics underlying condensation in multicomponent 
liquids can classify surfaces with distinct compositions. To-
ward this, we introduce a simple mean-field description of 
liquids comprising molecules of identical size with pairwise 
interactions. As a consequence, we are unable to explore the 

computational capacity and constraints that are afforded through 
explicit consideration of complex molecules—including effects 
of polydispersity, higher-order interactions, and anisotropic 
molecular architectures that all typify biomolecules. We focus 
on mean-field surface condensation from a large (infinite) 
cellular reservoir that we posit maintains any learned chemical 
potential. Thus, a limitation of the model is that molecules are 
maintained at well-mixed compositions inside the surface and 
intrasurface demixing is not explicitly studied. Thus, further 
studies are required to explicitly study the effects of finite 
copy numbers, surface–surface competition, and dynamics of 
nucleation. Since our model does not explicitly specify the 
mechanisms by which the reservoir can be maintained, either in 
biological or physical systems, new models that explicitly consider 
specific reservoirs will provide insights and offer pathways to 
design molecular networks more amenable to experimental 
instantiation. 

Data, Materials, and Software Availability. We make code and figure data 
available via the following GitHub repository: https://github.com/shrinivaslab/ 
2025_zentner_multiphase_classification (91). 
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