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What is biological information? (II) 
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Summary of previous course: Geometric models

Thomas LECUIT   2025-2026

• Compare logic view and dynamic view of information processing

• Geometric landscape models do not account for existence of different states 
The model predicts transition steps between states and how signals exert a 
force that steers cells in the landscape

• The exact dynamics and path followed by cells is not yet captured but can be. 
So far, use of « flat » representations for cell states with gradient field. 
Signals globally tilt the landscape and cause bifurcations.  

• Questions: are all dynamics gradient-like? The answer is no (eg. oscillations).  
• Dynamics also emerge in a rotational field (with non zero curl, ie. non-

equilibrium dynamics).  
• Consider local curvature to modify the dynamics.
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More general framework

Thomas LECUIT   2025-2026

f encodes attractors and saddles, while  
g−1 encodes state- and signal-dependent mobility — direction-dependent speed and steering. 

“the metric… rotates and stretches the potential gradient so it coincides with the vector 
field… the model with its metric abstractly represents how signals distort the landscape 
and direct cells to the available fates.”

Signals have two levers: (i) reshape the landscape (the potential) and (ii) change how 
“easy” it is to move in different directions (the metric/mobility).

minimal parameterized topographic model with the correct
geometry is essential to extract model parameters from the cells
as they are transitioning. Merely enumerating terminal fates
loses this information. When dealing with many cells, focus-
ing on the bifurcations and saddle points that represent cellular
decisions quantifies similarities among all models that use inhibi-
tion to define a pattern. Turing showed how chemical reactions
plus diffusion can generate patterns in an otherwise uniform sys-
tem. In geometric terms, the Turing instability is represented
as a saddle point, and we show how the trajectory from it to
the terminal pattern can be represented by gradient dynam-
ics, thus revealing similarities to models of lateral inhibition by
long-range contacts or diffusing factors. Geometric methods are
optimal for bridging the time from the initiation of a pattern to
its saturation and thus, extracting the essential dynamics of cell
specification.

2. The Mathematics of Gene Network Models
A gene network model defines a differential equation that
describes the changes on the system with time. The time inte-
gration of a differential equation or equivalently, a vector
field defines a flow x !�t(x ), which tells us the state �t(x )
at time t if the initial state at time t =0 was x . Off points
of bifurcation, the rest points p of these systems have well-
defined stable and unstable manifolds: that is, (stable mani-
fold) W s(p)= {x |�t(x )! p as t !1} and (unstable manifold)
W u(p)= {x |�t(x )! p as t !�1} (Fig. 1). Moreover, these
rest points p are of three types: attractors [W u(p) empty,
they attract all nearby points], saddles [W s(p) and W u(p) not
empty], and repellors [W s(p) empty]. We say a saddle has index
� if its unstable manifold has dimension �.

Two systems have the same qualitative form if there is a
homeomorphism sending the trajectories of one onto those
of the other. If a system is such that any small smooth per-
turbation of it does not change its qualitative form, then we
say it is structurally stable. In a parameterized family of sys-
tems, the parameter values where the qualitative form changes
define the bifurcation set. For development, it is natural to
focus on systems with a finite number of rest points or periodic
orbits. For such systems, a simple set of conditions (1) precisely
characterizes structural stability, and these systems are called
Morse–Smale (MS) (4).

Periodic behavior is absent in many developmental systems,
so we focus on systems without periodic orbits. Also natural for
development is our assumption that our phase space M has the
topology of the n-dimensional disk and a smooth topologically
spherical boundary on which the flow points inward. Conse-
quently, we also do not treat nongeneric bifurcations that take
place at the boundary of phase space such as the exchange of
stability bifurcation.

The Downhill Structure of Generic Landscapes. The Waddington
analogy of development to flow in a topography can be formal-
ized mathematically. All MS systems possess a Liapunov function
(a.k.a. potential function) defined on the phase space, which
decreases along trajectories and for which rest points (and peri-
odic orbits) are critical points. This formalizes the notion of
height in a topography. We call such dynamical systems gradi-
ent like. It is commonly thought that this is enough to specify
dynamics, but the Liapunov function is not enough to determine
where a cell will go when it escapes an attractor (e.g., the poten-
tial shown in Fig. 1A is compatible with the dynamical system
shown but also with systems where the unstable manifold of the
top saddle connects A to C). Therefore, extra information about
the dynamics is necessary.

There are two essentially equivalent ways to specify the miss-
ing information. One way is to supply the stable and unstable
manifolds of the saddle points. The unstable manifolds of the

A

B C D

E F G

Fig. 1. Representations of MS systems. (A) The symbol set used consistently
to describe elements of the phase space or parameter space. (B) An MS sys-
tem with three attractors and two saddles showing the stable (red) and
unstable (blue) manifolds of the saddles. Contours of a potential are shown
in gray. In this system, the unstable manifolds meet at the attractor B in a
cusp-like shape. (C) In this MS system, which also has three attractors, the
unstable manifolds of the saddles make up a smooth curve. (D, Upper) Two
examples of DAGs corresponding to the system in B, left side and the CEU
of Fig. 5D (B, right side). (D, Lower) The decision structures associated with
the DAGs above them. The filled circles represent the attractors, and a con-
nection between attractor A and B means that a cell whose state sits at
A (B) can transition to B (A) via a saddle-node bifurcation that destroys A
(B). Thus, the connections characterize the escape routes and possible deci-
sions. The connections also correspond to the index 1 saddles in the system
that connect A and B. Some escape routes wrap around an index 2 saddle
as shown and indicated by a triangle. To minimize the numbers of decision
diagrams, we do not distinguish cases where multiple saddles connect the
same two fixed points (SI Appendix, section I.7). (E and F) The two simplest
bifurcations: the local saddle node and the global heteroclinic flip. These
are the main events underlying decision making in our dynamical systems.
(E) A saddle-node or fold bifurcation. As ✓ increases through zero, a saddle
and an attractor are born, which then separate with a distance of order

p
✓.

(F) The configuration shown in A can flip to one where the saddle a is con-
nected to C instead of B via a heteroclinic flip. To do this, it passes through
the intermediate state shown where there is a heteroclinic connection in
which the unstable manifold of the saddle a connects to the saddle at b. (G)
An example of a compact landscape involving a repellor. We have taken a
case where the attractor is close to the saddle to illustrate that the attractor
can move around the circular unstable manifold and collide, undergoing a
saddle-node bifurcation and turning the unstable manifold into a limit cycle.
This is called an SNIC (Saddle Node on Invariant Cycle) bifurcation. Although
it is important to be aware of such bifurcations, we do not consider them
anymore since the existence of a limit cycle moves us out of the gradient-like
rest point–only systems.

index 1 saddles, for instance, describe the transition routes
between attractors.

The other way to augment the Liapunov function is to note
that MS systems are nearly gradient systems. In a gradient
system, a potential f together with a Riemannian metric gij
completely defines the dynamical system:

ẋi =�

X

j

g ij @f
@xj

, [1]

where (g ij )= (gij )
�1. The rest points of such a vector field are

the critical points of f (gij is positive definite), and the met-
ric rotates and stretches the potential gradient so it coincides
with the vector field. Gradient-like MS systems are also nearly

2 of 12 | PNAS
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Fig. 7. A potential constructed for a prototype
activator–inhibitor system with flows shown in
green. Contours of the potential, which is defined
as the integral of the vector field along the trajec-
tory to the stable fixed point, are shown going from
low (blue) to high (red) potential. The red arrows
on one of the contour lines show the flow from the
gradient of the potential. Since the equations have
a nonzero curl, a metric is required to align the red
and green arrows. The construction does not work
near the fixed points, but a separate potential and
metric can be defined there (18) and glued to the
global potential (details are in SI Appendix, section
II.2). (Insets) Plots of the contour lines in red and flow
magnified near the upper fixed point and the saddle
are also shown.

on the circle such as ⇠ (1, 0, 0, 1, 0, 0, 0, 0), but these were not
found as the endpoint of the dynamics when initializing with
small randomized ai .

To reproduce the flow around the principle saddle point on
the diagonal from a potential, we propose what is essentially an
antiferromagnet but with a diagonal inverse metric (n.b. d(a) in
Eq. 3 is identical to Eq. 2):

ȧi =�g(ai)raiF ,

F =
X

i

V (ai)+
1
2

X

i 6=j

d(ai)Ki,jd(aj ).
[3]

In SI Appendix, section II.3, we show that we can match both
the location of the principle saddle point on the diagonal, ai =
ā(N ), and the Jacobian for any number of cells N by fixing two
functions of a single variable, g and V. The solution for g near
the origin behaves as g(a)⇠ a in contrast to Eq. 2, where the
velocity is O(1) (compare Fig. 8B with Fig. 9). However, since
the saddle point is restricted to a > 0.51, we can easily correct
the inverse metric for smaller a .

The dynamics derived from these potential models are shown
in Fig. 9, where it is obvious comparing with Fig. 8B that
we have corrected the dynamics around the origin with the
two-part inverse metric, at the expense of now making the
decrease of single ai in response to the antiferromagnetic
repulsion too abrupt. However, that can plausibly be fixed
by adjusting the metric in a separate region of the phase
space.

Putting the original model in potential form shows the extent
to which the entire pattern formation process is controlled by

the saddle point on the diagonal. Analytic calculations for how
small differences amplify are facilitated by knowing the stable
and unstable manifolds of the saddle.

We started from a very idealized model, but if it were elabo-
rated to include a more realistic description of the Notch–Delta
signaling that is responsible for the inhibition or a more complete
account of the neural fate, we suspect that the principal saddle
point will retain its unstable directions but add many more stable
ones. The best estimate for how much those additional details
disappear from the dynamics is in fact the stable eigenvalues at
the saddle point.

One may object that any model with contact inhibition is
unrealistic since signals have to travel diffusively. That point
is somewhat debated in Drosophila after cellularization (20,
21), but nevertheless, we show in the next section, when diffu-
sion is responsible for communication between cells, that the
underlying potential models have the structure discussed here.
Finally, representing a biological decision as a saddle point
in a high-dimensional space applies during mesoscopic times,
from when the pattern first emerges to when it is close to
saturation.

D. The Turing Model in Potential Form. A Turing system is an
activator inhibitor pair a, h where the inhibitor diffuses much
more rapidly than the activator. We want to capture the
unstable manifold leading from linear instability of the uni-
form system to the localized patch of activator and ignore the
slow rearrangements of the pattern after the activator satu-
rates. Thus, it suffices to consider Turing systems on a cir-
cle with parameters that give a single localized state, modulo
symmetries.

A B
Fig. 8. Behavior of Eq. 2. (A) Values of inhibition
h for which the ȧ equation has saddle-node bifur-
cations. When h from neighboring cells is < 0.37,
only the a = 1 state is stable, bistability persists for
0.37 < h < 0.63, and only the a = 0 state exists for
larger h. The diagonal is shown in black. (B) Eight
cells on the circle with a kernel chosen to allow only
two cells with a = 1 at the end. The time to reach
steady state can vary by 2⇥ depending on whether
a third cell hangs close to the saddle point as seen
here vs. Fig. 9.
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D. A. Rand, A. Raju, M. Sáez, F. Corson, and E. D. Siggia,
Geometry of gene regulatory dynamics, PNAS. 118, e2109729118 (2021).

• When the dynamics is not simply dictated by 
a gradient (eg. non-zero curl of vector field, 
non-equilibrium dynamics etc) 

• Consider the local curvature (ie. metric) Inverse of 
metric tensor: 
Local distortion 
of landscape

Gradient-like dynamics
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Here, we propose a general, versatile, and intuitive formalism
to systematically construct landscape models with minimal
assumptions.We achieve an unconstrained landscape topology by
using simple “building blocks,” referred to as modules, which can
be added and optimized. In current landscape models (13, 14),
the focus is on decisions: Each building block corresponds
to a developmental choice, written with polynomial normal
forms, so the topology of decisions is imposed. We propose
a dual approach, focused on cell states: Our building blocks
encode valleys in the epigenetic landscape, written with Gaussian
potentials, so that the topography of the landscape is optimized.
Importantly, in our proposed formalism, the topology of the
landscap e emerges from the topography, and we show that very
similar topographies can give rise to different topologies.

Our manuscript is organized as follows. We first introduce the
modular formalism for constructing landscapes and demonstrate
its duality with previous approaches (12) by recovering standard
biological decision-making processes, and further extend our
framework to other types of biological dynamics and bifurcations.
We then introduce the optimization process allowing us to build
landscapes and proceed to revisit two problems involving cell fate
decisions: a landscape “screen” of animal segmentation coupled
to growth and fitting the dynamics of neuromesodermal differ-
entiation. For both cases, we show how our approach extends
the previously obtained results, we identify common features
and differences between possible solutions and explore how
additional constraints can modulate the results. Our work shows
how landscape approaches can be used to efficiently explore the
space of possible biological dynamics and generate predictions.
Our algorithm for landscape construction and optimization,
Evoscape, is available on Github: https://github.com/victoria-
mochulska/evoscape.

1. Results

1.1. Optimizing Landscapes with Interpretable Modules.We
consider cellular differentiation in a two-dimensional phenotypic
space, where the coordinate Eq = (x, y) describes the cell state.
Motion in this space corresponds to changes in cell state and
is given by a flow field: dEq

dt = Ef (Eq). To construct a general
flow field Ef , we include both a gradient component, representing
the downhill motion, and a rotational component. In 2D, these
components can be written using two scalar potential functions,
which we define as the gradient potential �(Eq) and the rotational
potential  (Eq). Additionally, we include a global confining
potential term �0:

dEq
dt

= Ef (Eq) = �r�0(Eq) � r�(Eq) � r
? (Eq). [1]

Here, the skew gradient operator r? is the usual gradient
combinedwith a rotation of 90 degrees. For the gradient potential
�, the valleys (local minima) are attractive and the hills (local
maxima) are repellent. Meanwhile, for the rotational potential
 , the valleys give local clockwise (left) rotation and the hills
counterclockwise (right) rotation (Fig. 1).

An important aspect of cell state dynamics is stochasticity,
with gene expression subject to both intrinsic and extrinsic noise
(19, 20). We can incorporate noise as a stochastic perturbation
to the underlying deterministic dynamical system. Specifically,
we use Langevin dynamics with additive, uncorrelated Gaussian
noise:

dEq
dt

= Ef (Eq) + E⌘(t), h⌘i(t) ⌘j(t 0)i = ⌘2�ij�(t � t 0). [2]

The landscape refers to the deterministic structure Ef (Eq). Cellular
decisions—transitions between attractors—can occur through
deterministic flows or stochastic fluctuations.
1.1.1. Module definition. To construct the landscape, we loosely
follow the original analogy of Waddington, where cell states
correspond to valleys. We thus combine local features such as
hills and valleys in both scalar potentials, using radial functions:

�(Eq) =
nX

i=1
wi(|Eq � Eqi|),  (Eq) =

mX

j=1
wj(|Eq � Eqj|), [3]

where Eqi, Eqj are the locations of landscape features. The functions
wi should be smooth and vanishing at infinity, wi(q) ���!

q!1
0,

to be able to control the shape of the landscape locally.We choose
Gaussian functions as the basis:

wi(|Eq � Eqi|) = ±ai�2i exp
✓

�
|Eq � Eqi|2

2�2i

◆
, [4]

where a minus sign is used for valleys and a plus sign for hills. The
amplitude of theGaussianAi = ai�2i is chosen for convenience in
parameterizing the flow Ef , as shown below. Taking the gradients
in Eq. 1, the vector field Ef becomes a sum of local dynamics with
the confining field:

Ef (Eq) = �f0(Eq) +
n+mX

i=1
ai exp

✓
�

|Eq � Eqi|2

2�2i

◆
M̂i (Eq � Eqi) . [5]

We refer to each element of the sum as a dynamics module
(Fig. 1). Amodule comprises a local spatial weight, hereGaussian,
and the linear dynamics given by the matrix M̂i. Each module
is characterized by its parameters: location Eqi, strength ai, size
�i, as well as one of the four possible behaviors M̂i: attractor

ˆM~
� , repeller ˆM~

+ , left rotator ˆM}
� , and right rotator ˆM}

+ (SI
Appendix, section S1.2).

On its own or remote from othermodules, eachmodule creates
a fixed point of a corresponding type: an attractor or repeller for
gradient modules, and a center for rotational modules. For an
isolated module, the fixed point is located at Eq = Eqi and has
eigenvalues �1, �2, |�1| = |�2| = ai. The interactions of two
closely spaced modules are also intuitive (Fig. 1). In a bistable
system, a saddle forms naturally between attractors, while weak
attractor modules create ghost points, proposed to drive directed
transient dynamics (21). An overlap of a gradient module with
a rotational one creates a spiral. Combining multiple modules
allows us to build up the complexity of the landscape and its
bifurcations while controlling each local feature independently,
as we illustrate in the following subsections.
1.1.2. Landscape model captures bifurcations ubiquitous in
biology.We aim to fit cellular decision dynamics as generically as
possible. As a sanity check, we first show that our formalism can
easily recover knownmodels of cellular decisions. Binary cell state
decisions are ubiquitous in development. They can be modeled
as a gradient-like landscape with three attractors: the initial
pluripotent state, and the two alternative, more differentiated
fates. Two distinct decision structures are possible: the double
cusp (binary choice) landscape and the heteroclinic flip landscape
(12, 14, 22). In the double cusp landscape, the origin attractor
can undergo a saddle-node bifurcation with either of the saddles
leading to fate attractors. In contrast to the local saddle-node,

2 of 11 https://doi.org/10.1073/pnas.2514508122 pnas.org
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Thomas LECUIT   2025-2026 Fig. 1. Modular landscape construction. Two classes of local dynamics modules are defined: gradient and rotational. Each module contributes a Gaussian
element to the corresponding scalar potential. In vector field plots, modules are visualized as circles (radius: full width at half maximumof the Gaussian, opacity:
module strength). Nullclines are shown as black lines: solid for x, dashed for y. Multiple modules are combined into a landscape, described by the dynamics
Ef or, equivalently, the gradient potential � and rotational potential  . Examples illustrate local interactions. For spiral interactions, the rotational potential is
shown as contours on the surface of the gradient potential.

a global flip bifurcation reroutes cells between the two possible
fates in the heteroclinic flip landscape (12).

We use three attractor modules, initially of the same strength
and size. As shown in Fig. 2 A and B (Middle panels), we can
recover both the double cusp and the heteroclinic flip landscapes
by adjusting the relative positions of themodules. Another way to
obtain bifurcations of a landscape is to fix the module locations Eqi
while varying the weight parameters ai and �i. The landscape’s
attractors—corresponding to defined phenotypes—are located
approximately at locations Eqi in the phenotypic space. Holding
Eqi constant with respect to time or external signals thus allows
us to fix the identity of cell states. Here, we use this approach

to maintain stable attractor identities and control their basins
of attraction and bifurcations through ai and �i. Details on
parameterization are available in SI Appendix, section S1.3.

To obtain more complex dynamics and bifurcations, we
incorporate nongradient (rotational) modules. Oscillations are
widespread in development, driving differentiation of multiple
structures from arthropod segments (23, 24) and vertebrae (25)
to fish scales (26). The simplest limit cycle oscillator is a circular
valley overlaid with a rotation and can be built with threemodules
(Fig. 2C ): a repeller, a broader attractor, and a rotational flow.We
then construct examples of bifurcations that have been proposed
to create or destroy the limit cycle in biological oscillators

PNAS 2025 Vol. 122 No. 50 e2514508122 https://doi.org/10.1073/pnas.2514508122 3 of 11
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RESEARCH ARTICLE BIOPHYSICS AND COMPUTATIONAL BIOLOGY
DEVELOPMENTAL BIOLOGY

Generative epigenetic landscapes map the topology and
topography of cell fates
Victoria Mochulskaa ID and Paul Françoisb,c,1 ID

Edited by Marcus Feldman, Stanford University, Stanford, CA; received June 6, 2025; accepted November 10, 2025

Epigenetic landscapes were proposed byWaddington as the central concept to describe
cell fate dynamics in a locally low-dimensional space. In modern landscape models,
attractors represent cell types, and stochastic jumps and bifurcations drive cellular
decisions, allowing for quantitative and predictive descriptions. However, given a
biological problem of interest, we still lack tools to infer and build possibleWaddington
landscapes systematically. In this study, we propose a generative model for deriving
epigenetic landscapes compatible with data. To build the landscapes, we combine
gradient and rotational vector fields composed of locally weighted elements that encode
“valleys” of theWaddington landscape, resulting in interpretable models. We optimize
landscapes through computational evolution and illustrate our approach with two
developmental examples: metazoan segmentation and neuromesoderm differentiation.
In both cases, we obtain ensembles of solutions that reveal both known and original
landscapes in terms of topology and bifurcations. Conversely, topographic features
appear strongly constrained by dynamical data, which suggests that our approach can
generically derive interpretable and predictive epigenetic landscapes.

Waddington landscape | cellular di�erentiation | evolution | dynamical systems | mathematical
modeling

During development, cells gradually assume a specialized identity through a process called
differentiation. Cellular phenotypes spontaneously change and go through a sequence of
well-defined states. Traditionally, cell states have been characterized phenotypically, e.g.,
by their morphology and function (1), but with the advancement of high-throughput
data acquisition, cell states are now defined molecularly, by patterns of gene expression
[e.g., abundance of mRNAs and synthesized proteins (2, 3)]. Theoretical studies have
confirmed that such data allow for the definition of unambiguous cell states (4, 5).
Because of this, cellular differentiation can be abstracted as a dynamics in a high-

dimensional “gene” space (6), thus raising the question of the underlying rules governing
such dynamics. Remarkably, cellular decisions appear to be (locally) tree-like and binary
(1), a fact first formalized by Waddington, who proposed the concept of epigenetic
landscape. In this view, the cell is envisioned as a ball rolling downhill, “canalized”
into branching valleys leading to distinct fates. Multiple underlying weights “shape” the
landscape and could potentially change based on signaling (7). Waddington’s analogy
can now be more rigorously tied to data and modern mathematical frameworks, such as
gene network descriptions (8, 9). However, complex, emergent landscapes are difficult
to capture with descriptions focused only on a few genes (10), suggesting that more
abstract descriptions are needed. An alternative strategy is to coarse-grain complex, high-
dimensional gene expressions to represent cellular dynamics in a space of possible cell
states, leading to the development of the so-called landscape models (11–16). Such
landscape descriptions further enable rigorous mathematical analysis and classifications
of decisions, leveraging dynamical systems and catastrophe theory: For instance, binary
decisions can be classified into either the binary choice or the heteroclinic flip (12, 17).
It is, however, unclear how to systematically build such models for a given biological
problem. Practically, the current strategy is to assume or infer a particular decision
structure, then connect polynomial normal forms to fit data, such as the statistics of
cell states as a function of time (14, 16). However, such descriptions involve explicit
or implicit choices (e.g., on the nature of bifurcations), and it would be valuable to
have a broader sense of the family of landscapes and bifurcations consistent with a given
problem. Machine learning techniques can help, e.g., by learning families of potentials
from a projection of high-dimensional gene expression data (18), or by reconstructing
flow in high-dimensional spaces (3). Suchmethods come with other issues: They typically
require a large amount of data, are not transparent, and might not allow for full landscape
inference from canalized trajectories characteristic of development.

Significance

During development, cells make
sequential decisions to change
their state, eventually generating
the tremendous cellular diversity
in our body. To describe this
process, Conrad Waddington
proposed that cells are akin to
balls rolling along “epigenetic
landscapes” that can be
modulated by the cell’s
environment. In this work,
we propose Evoscape, a
computational framework
to build and optimize such
epigenetic landscapes. The
designed landscapes are intuitive
and interpretable, in line with
Waddington’s ideas and
mathematical dynamical systems
theory. We study several
biological examples, deriving
families of epigenetic landscapes
and identifying ensemble rules
for dynamic cellular decisions.
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• The landscape is built from gradient and rotational vector 
fields composed of locally weighted elements that encode 
“valleys” of the Waddington landscape 

• Landscapes are optimised through computational evolution.

Here, we propose a general, versatile, and intuitive formalism
to systematically construct landscape models with minimal
assumptions.We achieve an unconstrained landscape topology by
using simple “building blocks,” referred to as modules, which can
be added and optimized. In current landscape models (13, 14),
the focus is on decisions: Each building block corresponds
to a developmental choice, written with polynomial normal
forms, so the topology of decisions is imposed. We propose
a dual approach, focused on cell states: Our building blocks
encode valleys in the epigenetic landscape, written with Gaussian
potentials, so that the topography of the landscape is optimized.
Importantly, in our proposed formalism, the topology of the
landscap e emerges from the topography, and we show that very
similar topographies can give rise to different topologies.

Our manuscript is organized as follows. We first introduce the
modular formalism for constructing landscapes and demonstrate
its duality with previous approaches (12) by recovering standard
biological decision-making processes, and further extend our
framework to other types of biological dynamics and bifurcations.
We then introduce the optimization process allowing us to build
landscapes and proceed to revisit two problems involving cell fate
decisions: a landscape “screen” of animal segmentation coupled
to growth and fitting the dynamics of neuromesodermal differ-
entiation. For both cases, we show how our approach extends
the previously obtained results, we identify common features
and differences between possible solutions and explore how
additional constraints can modulate the results. Our work shows
how landscape approaches can be used to efficiently explore the
space of possible biological dynamics and generate predictions.
Our algorithm for landscape construction and optimization,
Evoscape, is available on Github: https://github.com/victoria-
mochulska/evoscape.

1. Results

1.1. Optimizing Landscapes with Interpretable Modules.We
consider cellular differentiation in a two-dimensional phenotypic
space, where the coordinate Eq = (x, y) describes the cell state.
Motion in this space corresponds to changes in cell state and
is given by a flow field: dEq

dt = Ef (Eq). To construct a general
flow field Ef , we include both a gradient component, representing
the downhill motion, and a rotational component. In 2D, these
components can be written using two scalar potential functions,
which we define as the gradient potential �(Eq) and the rotational
potential  (Eq). Additionally, we include a global confining
potential term �0:

dEq
dt

= Ef (Eq) = �r�0(Eq) � r�(Eq) � r
? (Eq). [1]

Here, the skew gradient operator r? is the usual gradient
combinedwith a rotation of 90 degrees. For the gradient potential
�, the valleys (local minima) are attractive and the hills (local
maxima) are repellent. Meanwhile, for the rotational potential
 , the valleys give local clockwise (left) rotation and the hills
counterclockwise (right) rotation (Fig. 1).

An important aspect of cell state dynamics is stochasticity,
with gene expression subject to both intrinsic and extrinsic noise
(19, 20). We can incorporate noise as a stochastic perturbation
to the underlying deterministic dynamical system. Specifically,
we use Langevin dynamics with additive, uncorrelated Gaussian
noise:

dEq
dt

= Ef (Eq) + E⌘(t), h⌘i(t) ⌘j(t 0)i = ⌘2�ij�(t � t 0). [2]

The landscape refers to the deterministic structure Ef (Eq). Cellular
decisions—transitions between attractors—can occur through
deterministic flows or stochastic fluctuations.
1.1.1. Module definition. To construct the landscape, we loosely
follow the original analogy of Waddington, where cell states
correspond to valleys. We thus combine local features such as
hills and valleys in both scalar potentials, using radial functions:

�(Eq) =
nX

i=1
wi(|Eq � Eqi|),  (Eq) =

mX

j=1
wj(|Eq � Eqj|), [3]

where Eqi, Eqj are the locations of landscape features. The functions
wi should be smooth and vanishing at infinity, wi(q) ���!

q!1
0,

to be able to control the shape of the landscape locally.We choose
Gaussian functions as the basis:

wi(|Eq � Eqi|) = ±ai�2i exp
✓

�
|Eq � Eqi|2

2�2i

◆
, [4]

where a minus sign is used for valleys and a plus sign for hills. The
amplitude of theGaussianAi = ai�2i is chosen for convenience in
parameterizing the flow Ef , as shown below. Taking the gradients
in Eq. 1, the vector field Ef becomes a sum of local dynamics with
the confining field:

Ef (Eq) = �f0(Eq) +
n+mX

i=1
ai exp

✓
�

|Eq � Eqi|2

2�2i

◆
M̂i (Eq � Eqi) . [5]

We refer to each element of the sum as a dynamics module
(Fig. 1). Amodule comprises a local spatial weight, hereGaussian,
and the linear dynamics given by the matrix M̂i. Each module
is characterized by its parameters: location Eqi, strength ai, size
�i, as well as one of the four possible behaviors M̂i: attractor

ˆM~
� , repeller ˆM~

+ , left rotator ˆM}
� , and right rotator ˆM}

+ (SI
Appendix, section S1.2).
On its own or remote from othermodules, eachmodule creates

a fixed point of a corresponding type: an attractor or repeller for
gradient modules, and a center for rotational modules. For an
isolated module, the fixed point is located at Eq = Eqi and has
eigenvalues �1, �2, |�1| = |�2| = ai. The interactions of two
closely spaced modules are also intuitive (Fig. 1). In a bistable
system, a saddle forms naturally between attractors, while weak
attractor modules create ghost points, proposed to drive directed
transient dynamics (21). An overlap of a gradient module with
a rotational one creates a spiral. Combining multiple modules
allows us to build up the complexity of the landscape and its
bifurcations while controlling each local feature independently,
as we illustrate in the following subsections.
1.1.2. Landscape model captures bifurcations ubiquitous in
biology.We aim to fit cellular decision dynamics as generically as
possible. As a sanity check, we first show that our formalism can
easily recover knownmodels of cellular decisions. Binary cell state
decisions are ubiquitous in development. They can be modeled
as a gradient-like landscape with three attractors: the initial
pluripotent state, and the two alternative, more differentiated
fates. Two distinct decision structures are possible: the double
cusp (binary choice) landscape and the heteroclinic flip landscape
(12, 14, 22). In the double cusp landscape, the origin attractor
can undergo a saddle-node bifurcation with either of the saddles
leading to fate attractors. In contrast to the local saddle-node,
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Here, we propose a general, versatile, and intuitive formalism
to systematically construct landscape models with minimal
assumptions.We achieve an unconstrained landscape topology by
using simple “building blocks,” referred to as modules, which can
be added and optimized. In current landscape models (13, 14),
the focus is on decisions: Each building block corresponds
to a developmental choice, written with polynomial normal
forms, so the topology of decisions is imposed. We propose
a dual approach, focused on cell states: Our building blocks
encode valleys in the epigenetic landscape, written with Gaussian
potentials, so that the topography of the landscape is optimized.
Importantly, in our proposed formalism, the topology of the
landscap e emerges from the topography, and we show that very
similar topographies can give rise to different topologies.

Our manuscript is organized as follows. We first introduce the
modular formalism for constructing landscapes and demonstrate
its duality with previous approaches (12) by recovering standard
biological decision-making processes, and further extend our
framework to other types of biological dynamics and bifurcations.
We then introduce the optimization process allowing us to build
landscapes and proceed to revisit two problems involving cell fate
decisions: a landscape “screen” of animal segmentation coupled
to growth and fitting the dynamics of neuromesodermal differ-
entiation. For both cases, we show how our approach extends
the previously obtained results, we identify common features
and differences between possible solutions and explore how
additional constraints can modulate the results. Our work shows
how landscape approaches can be used to efficiently explore the
space of possible biological dynamics and generate predictions.
Our algorithm for landscape construction and optimization,
Evoscape, is available on Github: https://github.com/victoria-
mochulska/evoscape.

1. Results

1.1. Optimizing Landscapes with Interpretable Modules.We
consider cellular differentiation in a two-dimensional phenotypic
space, where the coordinate Eq = (x, y) describes the cell state.
Motion in this space corresponds to changes in cell state and
is given by a flow field: dEq

dt = Ef (Eq). To construct a general
flow field Ef , we include both a gradient component, representing
the downhill motion, and a rotational component. In 2D, these
components can be written using two scalar potential functions,
which we define as the gradient potential �(Eq) and the rotational
potential  (Eq). Additionally, we include a global confining
potential term �0:

dEq
dt

= Ef (Eq) = �r�0(Eq) � r�(Eq) � r
? (Eq). [1]

Here, the skew gradient operator r? is the usual gradient
combinedwith a rotation of 90 degrees. For the gradient potential
�, the valleys (local minima) are attractive and the hills (local
maxima) are repellent. Meanwhile, for the rotational potential
 , the valleys give local clockwise (left) rotation and the hills
counterclockwise (right) rotation (Fig. 1).

An important aspect of cell state dynamics is stochasticity,
with gene expression subject to both intrinsic and extrinsic noise
(19, 20). We can incorporate noise as a stochastic perturbation
to the underlying deterministic dynamical system. Specifically,
we use Langevin dynamics with additive, uncorrelated Gaussian
noise:

dEq
dt

= Ef (Eq) + E⌘(t), h⌘i(t) ⌘j(t 0)i = ⌘2�ij�(t � t 0). [2]

The landscape refers to the deterministic structure Ef (Eq). Cellular
decisions—transitions between attractors—can occur through
deterministic flows or stochastic fluctuations.
1.1.1. Module definition. To construct the landscape, we loosely
follow the original analogy of Waddington, where cell states
correspond to valleys. We thus combine local features such as
hills and valleys in both scalar potentials, using radial functions:

�(Eq) =
nX

i=1
wi(|Eq � Eqi|),  (Eq) =

mX

j=1
wj(|Eq � Eqj|), [3]

where Eqi, Eqj are the locations of landscape features. The functions
wi should be smooth and vanishing at infinity, wi(q) ���!

q!1
0,

to be able to control the shape of the landscape locally.We choose
Gaussian functions as the basis:

wi(|Eq � Eqi|) = ±ai�2i exp
✓

�
|Eq � Eqi|2

2�2i

◆
, [4]

where a minus sign is used for valleys and a plus sign for hills. The
amplitude of theGaussianAi = ai�2i is chosen for convenience in
parameterizing the flow Ef , as shown below. Taking the gradients
in Eq. 1, the vector field Ef becomes a sum of local dynamics with
the confining field:

Ef (Eq) = �f0(Eq) +
n+mX

i=1
ai exp

✓
�

|Eq � Eqi|2

2�2i

◆
M̂i (Eq � Eqi) . [5]

We refer to each element of the sum as a dynamics module
(Fig. 1). Amodule comprises a local spatial weight, hereGaussian,
and the linear dynamics given by the matrix M̂i. Each module
is characterized by its parameters: location Eqi, strength ai, size
�i, as well as one of the four possible behaviors M̂i: attractor

ˆM~
� , repeller ˆM~

+ , left rotator ˆM}
� , and right rotator ˆM}

+ (SI
Appendix, section S1.2).

On its own or remote from othermodules, eachmodule creates
a fixed point of a corresponding type: an attractor or repeller for
gradient modules, and a center for rotational modules. For an
isolated module, the fixed point is located at Eq = Eqi and has
eigenvalues �1, �2, |�1| = |�2| = ai. The interactions of two
closely spaced modules are also intuitive (Fig. 1). In a bistable
system, a saddle forms naturally between attractors, while weak
attractor modules create ghost points, proposed to drive directed
transient dynamics (21). An overlap of a gradient module with
a rotational one creates a spiral. Combining multiple modules
allows us to build up the complexity of the landscape and its
bifurcations while controlling each local feature independently,
as we illustrate in the following subsections.
1.1.2. Landscape model captures bifurcations ubiquitous in
biology.We aim to fit cellular decision dynamics as generically as
possible. As a sanity check, we first show that our formalism can
easily recover knownmodels of cellular decisions. Binary cell state
decisions are ubiquitous in development. They can be modeled
as a gradient-like landscape with three attractors: the initial
pluripotent state, and the two alternative, more differentiated
fates. Two distinct decision structures are possible: the double
cusp (binary choice) landscape and the heteroclinic flip landscape
(12, 14, 22). In the double cusp landscape, the origin attractor
can undergo a saddle-node bifurcation with either of the saddles
leading to fate attractors. In contrast to the local saddle-node,
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• The vector field consists in the sum of local linear dynamics 
modules 

Here, we propose a general, versatile, and intuitive formalism
to systematically construct landscape models with minimal
assumptions.We achieve an unconstrained landscape topology by
using simple “building blocks,” referred to as modules, which can
be added and optimized. In current landscape models (13, 14),
the focus is on decisions: Each building block corresponds
to a developmental choice, written with polynomial normal
forms, so the topology of decisions is imposed. We propose
a dual approach, focused on cell states: Our building blocks
encode valleys in the epigenetic landscape, written with Gaussian
potentials, so that the topography of the landscape is optimized.
Importantly, in our proposed formalism, the topology of the
landscap e emerges from the topography, and we show that very
similar topographies can give rise to different topologies.
Our manuscript is organized as follows. We first introduce the

modular formalism for constructing landscapes and demonstrate
its duality with previous approaches (12) by recovering standard
biological decision-making processes, and further extend our
framework to other types of biological dynamics and bifurcations.
We then introduce the optimization process allowing us to build
landscapes and proceed to revisit two problems involving cell fate
decisions: a landscape “screen” of animal segmentation coupled
to growth and fitting the dynamics of neuromesodermal differ-
entiation. For both cases, we show how our approach extends
the previously obtained results, we identify common features
and differences between possible solutions and explore how
additional constraints can modulate the results. Our work shows
how landscape approaches can be used to efficiently explore the
space of possible biological dynamics and generate predictions.
Our algorithm for landscape construction and optimization,
Evoscape, is available on Github: https://github.com/victoria-
mochulska/evoscape.

1. Results

1.1. Optimizing Landscapes with Interpretable Modules.We
consider cellular differentiation in a two-dimensional phenotypic
space, where the coordinate Eq = (x, y) describes the cell state.
Motion in this space corresponds to changes in cell state and
is given by a flow field: dEq

dt = Ef (Eq). To construct a general
flow field Ef , we include both a gradient component, representing
the downhill motion, and a rotational component. In 2D, these
components can be written using two scalar potential functions,
which we define as the gradient potential �(Eq) and the rotational
potential  (Eq). Additionally, we include a global confining
potential term �0:

dEq
dt

= Ef (Eq) = �r�0(Eq) � r�(Eq) � r
? (Eq). [1]

Here, the skew gradient operator r? is the usual gradient
combinedwith a rotation of 90 degrees. For the gradient potential
�, the valleys (local minima) are attractive and the hills (local
maxima) are repellent. Meanwhile, for the rotational potential
 , the valleys give local clockwise (left) rotation and the hills
counterclockwise (right) rotation (Fig. 1).
An important aspect of cell state dynamics is stochasticity,

with gene expression subject to both intrinsic and extrinsic noise
(19, 20). We can incorporate noise as a stochastic perturbation
to the underlying deterministic dynamical system. Specifically,
we use Langevin dynamics with additive, uncorrelated Gaussian
noise:

dEq
dt

= Ef (Eq) + E⌘(t), h⌘i(t) ⌘j(t 0)i = ⌘2�ij�(t � t 0). [2]

The landscape refers to the deterministic structure Ef (Eq). Cellular
decisions—transitions between attractors—can occur through
deterministic flows or stochastic fluctuations.
1.1.1. Module definition. To construct the landscape, we loosely
follow the original analogy of Waddington, where cell states
correspond to valleys. We thus combine local features such as
hills and valleys in both scalar potentials, using radial functions:

�(Eq) =
nX

i=1
wi(|Eq � Eqi|),  (Eq) =

mX

j=1
wj(|Eq � Eqj|), [3]

where Eqi, Eqj are the locations of landscape features. The functions
wi should be smooth and vanishing at infinity, wi(q) ���!

q!1
0,

to be able to control the shape of the landscape locally.We choose
Gaussian functions as the basis:

wi(|Eq � Eqi|) = ±ai�2i exp
✓

�
|Eq � Eqi|2

2�2i

◆
, [4]

where a minus sign is used for valleys and a plus sign for hills. The
amplitude of theGaussianAi = ai�2i is chosen for convenience in
parameterizing the flow Ef , as shown below. Taking the gradients
in Eq. 1, the vector field Ef becomes a sum of local dynamics with
the confining field:

Ef (Eq) = �f0(Eq) +
n+mX

i=1
ai exp

✓
�

|Eq � Eqi|2

2�2i

◆
M̂i (Eq � Eqi) . [5]

We refer to each element of the sum as a dynamics module
(Fig. 1). Amodule comprises a local spatial weight, hereGaussian,
and the linear dynamics given by the matrix M̂i. Each module
is characterized by its parameters: location Eqi, strength ai, size
�i, as well as one of the four possible behaviors M̂i: attractor

ˆM~
� , repeller ˆM~

+ , left rotator ˆM}
� , and right rotator ˆM}

+ (SI
Appendix, section S1.2).
On its own or remote from othermodules, eachmodule creates

a fixed point of a corresponding type: an attractor or repeller for
gradient modules, and a center for rotational modules. For an
isolated module, the fixed point is located at Eq = Eqi and has
eigenvalues �1, �2, |�1| = |�2| = ai. The interactions of two
closely spaced modules are also intuitive (Fig. 1). In a bistable
system, a saddle forms naturally between attractors, while weak
attractor modules create ghost points, proposed to drive directed
transient dynamics (21). An overlap of a gradient module with
a rotational one creates a spiral. Combining multiple modules
allows us to build up the complexity of the landscape and its
bifurcations while controlling each local feature independently,
as we illustrate in the following subsections.
1.1.2. Landscape model captures bifurcations ubiquitous in
biology.We aim to fit cellular decision dynamics as generically as
possible. As a sanity check, we first show that our formalism can
easily recover knownmodels of cellular decisions. Binary cell state
decisions are ubiquitous in development. They can be modeled
as a gradient-like landscape with three attractors: the initial
pluripotent state, and the two alternative, more differentiated
fates. Two distinct decision structures are possible: the double
cusp (binary choice) landscape and the heteroclinic flip landscape
(12, 14, 22). In the double cusp landscape, the origin attractor
can undergo a saddle-node bifurcation with either of the saddles
leading to fate attractors. In contrast to the local saddle-node,
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More general framework

Victoria Mochulska and Paul François PNAS, 122, 50: e2514508122 (2025)
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Tuning, Adaptation and Learning

Thomas LECUIT   2025-2026

• Propensity to respond to « environment » and reset state: 
Interaction with the environment, update and tuning of internal state variables. 
Tuning: internal variables are updated  
Adaptation: return to initial configuration following perturbation and deviation 
Learning: update with memory (of varying time scale), as internal representation of 
environment (training data set), to increase performance or acquire new state.

• Pre-conditionned and determined state:  
Heredity of genome, chemistry, structures, cellular algorithmic processes. 
Dynamics of cells and embryos follows a rule-based sequence of steps in a set order. 

• General properties of living system, from cells to embryos and organisms. 
The nervous system is an advanced version of these universal properties. 
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What is biological learning?

Thomas LECUIT   2025-2026

Novelty: new information, new state and memory. 

Improved performance
Examples: practicing instrument, sport, doing an experiment. 

Examples: Reading a book, talking to someone
Nervous system, Immune system

Nervous system, Immune system

• Learning: 
acquisition of new 
information from 
outside that leaves 
a transient or 
permanent trace or 
memory or engram 
or retention in the 
organisation/
dynamics/behavior 
of the system. 

6

Cell decision: evolution to a new state

Faster response, increased specificity, increased 
persistence of a cell behaviour



7

Learning and Memory

• Learning: sensing and decoding 
external information with memory

• Memory: transient or  long term 
storage or representation of 
external information
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Fig. 2 
The speed of the w
ild type bacterium
 of Fig. I displayed 

by an analogue m
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 left 
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Glucose 

• Sensory systems: Bacteria chemotaxis, photon detection, acoustic pressure etc 
• Nervous sytem: Internal representations of past experience 
• Immune system: « adaptive » immunity, memory B cells

• Evolution: internal representation (via selection) of external world inside cells/organisms:  
the circadian clock network is an internal representation of external diurnal cycle, 
the chemotactic network of E. coli is an internal representation of the functionally 
meaningful chemical world for E. coli.

Thomas LECUIT   2025-2026

www.advancedsciencenews.com www.advhealthmat.de

Figure 1. Cellular components of the immune system. The immune system comprises various immune cells, including macrophages, dendritic cells,
neutrophils, mast cells, and natural killer cells, which primarily execute innate immune responses (on the left), and T cells and B cells, which are involved
in adaptive immune responses (on the right). Macrophages exhibit multiple functional phenotypes, with M1 macrophages being activated by IL-4 and IL-
10, and M2 macrophages being activated by TNF-! and INF-" . Interactions between dendritic cells and T cells occur through various surface molecules.
Communication between dendritic cells and CD8+ T cells activates cytotoxic T cells to eliminate external pathogens via granzymes, while that between
dendritic cells and CD4+ T cells activates plasma cells for antibody production to eradicate external pathogens, and memory B cells to prepare for
reinfection.

recruitment.[19,22 ] Therefore, neutrophils are the initial players
in acute inflammation, and CXCL8 and other chemokines are
among the first signals to be expressed and released by various
cell types involved in inflammation.[19,23 ]

Neutrophils secrete cytokines and growth factors, such as IL-
17 and vascular endothelial growth factor (VEGF)-A, respectively,
to activate more neutrophils and other immune cells.[24 ] Neu-
trophils also produce antibacterial substances and proteases that
help kill and break down potential pathogens.[2( ] Neutrophils
eliminate pathogens by releasing neutrophil extracellular traps
(NETs), extensive extracellular web-like structures composed of
cytoplasmic and granular proteins arranged on a sca)old of
decondensed chromatin.[26 ] NET formation is triggered by in-
nate immune receptors through downstream intracellular me-
diators, including reactive oxygen species (ROS), produced by
NADPH oxidase or mitochondria.[27 ] Neutrophils exhibit anti-
inflammatory properties and recruit monocytes, which di)eren-
tiate into macrophages to remove pathogens through phagocyto-
sis. This recruitment supports the removal of dying neutrophils

and other cellular debris via phagocytosis.[18,28 ] Therefore, strate-
gically regulating the recruitment and function of neutrophils
can enhance tissue repair and regeneration.[18,28 ]

2.1.2. Monocytes and Macrophages

Macrophages, a subset of phagocytes within the innate im-
mune system, are derived from monocytes and are involved
in maintaining tissue homeostasis and defending against
diseases.[29 ] As antigen-presenting cells (APCs), macrophages
act as a vital bridge connecting innate and adaptive immune
responses and actively survey, internalize, and present foreign
signals to adaptive immune cells, contributing to the orches-
tration of immune responses during the inflammatory pro-
cess. Macrophages function as phagocytic APCs and play a
crucial role in eliminating pathogens and releasing cytokines
essential for initiating and regulating the adaptive immune
response.[30 ] Macrophages are divided into two functional phe-

Adv. Healthcare Mater. 2025, 14, 2&0449( 230449( (3 of 22) © 2024 The Author(s). Advanced Healthcare Materials published by Wiley-VCH GmbH
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When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 
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Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.

Strain
A measure of deformation  
of an object with respect to  
a reference length upon 
application of a mechanical 
stress. This is a dimensionless 
parameter
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Self-tuning, -adaptation and -learning during development?

Pre-determinism/Prewiring

• Top down 
• Inheritance, Initial conditions 
• Pre-programmed: encoded algorithm in 

genome and cells state

When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 
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Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.

Strain
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of an object with respect to  
a reference length upon 
application of a mechanical 
stress. This is a dimensionless 
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Developmental Tuning and Learning
• Bottom up 
• External stimuli and signals lead to a new state 
• Cell inherits a capacity to update its states as it is 

exposed to signals 
• Sequentiality of cell decision reflects permanent 

changes (memory), ie. Learning. 
• Not all information available at the onset, it manifests 

sequentially in a changing environment

When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 
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Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.

Strain
A measure of deformation  
of an object with respect to  
a reference length upon 
application of a mechanical 
stress. This is a dimensionless 
parameter
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When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 
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Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.

Strain
A measure of deformation  
of an object with respect to  
a reference length upon 
application of a mechanical 
stress. This is a dimensionless 
parameter
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• Reference state encoded in algorithm  
• Self-tuning 
• Learning algorithm: update rules with 

memory 
• Permanent change in state: memory 

(ie. cell decision) 
• Cellular learning from within the 

organism 

• Learning: new information 
• From the embryo point of view, no new 

information from outside (except for 
mammals) 

• But from the cellular point of view, each 
cell receives new information as a result 
of sequential events in their embryonic 
environments (ie. other cells and fluids). 
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• Materials are often computationally designed for 
particular properties or responses, either (i) entirely on a 
computer or through (ii) an iterative design-build-test 
process.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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iterative design-build-
test process.

Top down approach to 
design degrees of 
freedom (d.o.f )

Top down approach

• Given external stimuli, materials 
autonomously modify their parameters to 
adopt desired properties or functions.  

• Such autonomous learning machines 
modify themselves based on their response 
to stimuli according to physical “learning 
rules” .
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Bottom up approach

Properties of a learning material
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Biological adaptation vs learning

Thomas LECUIT   2025-2026

Ingredients:  
• Physical degrees of freedom (d.o.f):  
s, respond to input signal/stimulus f, s( f ), 
and define the output configuration/state.

Adaptation 
• Cells respond to a stimulus (signal) and 

respond by changing their state 
• They subsequently return to the initial state 

Learning 

• Cells respond to a stimulus (signal) and respond 
by changing their state 

• They adjust their response property such that 
exposure to a subsequent stimulus leads to a 
different or improved state.  

13

Ingredients:  
• Physical degrees of freedom (d.o.f): s, respond to input 

signal/stimulus f, s( f ), and define the output 
configuration/state. 

• Learning degrees of freedom (d.o.f): θi, modify how the 
physical d.o.f  s( f ; {θi}) respond to external signal f.  

• Learning rule:  dθi/dt = h(s( f ; {θi})) modifies the learning 
d.o.f based on how the physical d.o.f respond to signal f. 



Biological tuning and adaptation
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Examples: all sensory systems 

• Vision 
• Audition 
• Cell motility: chemical gradient, mechanical cues, durotaxis 

• Response to a cue and restoration of state after perturbation 
• Homeostatic function 
• Exploration of large amplitude of signals: chemical and mechanical
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Figure 4.15

Adaptation in bacterial chemotaxis.When
chemoattractant is added (“+attr”), the
FRET ratio changes temporarily. However,
after an adaptation time scale, the FRET
ratio returns to the same value, a pro-
cess known as adaptation. Adapted from
Sourjik and Berg (2002).

chemoattractant, CheY is phosphorylated less, meaning that the rate of CheZ
dephosphorylation of CheY-P is reduced. Hence, the proximity of CheZ and
CheY-P is used as a stand-in for chemoreceptor activity itself. As seen in
Figure 4.14(B), the activity of the chemoreceptors depends upon chemoattrac-
tant concentration, such that when those concentrations are low, the activity
of the receptor is high. By way of contrast, at high chemoattractant concen-
trations, the activity of the chemoreceptors is reduced. The family of different
activity curves will serve as a key conceptual challenge to our modeling efforts,
since they are a series of different mutants that shed light on the process of
chemotactic adaptation, as shown in Figure 4.15. The reader is invited in Fur-
ther Reading to see how single-cell FRET experiments have refined our picture
of the chemotaxis transduction module.

The actuator module. The final step in the signal transduction process is in
the actuator module, shown in Figure 4.11. In this module, CheY-P leads to
tumbling behaviorwhen it interactswith the protein FliMon theflagellarmotor.
As seen in Figure 4.10, the interaction of CheY-P with FliM leads to a change
from counterclockwise to clockwise rotation of the flagellar motor, which dis-
rupts the bundling of the flagella and results in reorientation of the cells through
tumbling.

4.3 MWC Models of Chemotactic Response

To confront the full complexity of the experimental data on chemotaxis recep-
tor activity shown in Figure 4.14, we will proceed in increasing levels of model
sophistication, as shown in Figure 4.16. We begin by thinking about a single
chemotaxis receptor without adaptation, as shown in Figure 4.17. True to the
allosteric philosophy already espoused throughout the book, we assume that the
receptors can exist in two states of activity: inactive and active. Each of those
two states can themselves exist in two states of ligand occupancy. The fraction of
time the receptor spends in the inactive and active states is altered by the binding
of chemoattractant molecules to the receptor. As seen in Figure 4.16(B), at the
next level in the modeling hierarchy, we generalize the first model to include
the fact that chemotaxis receptors cluster together. With those results in hand,
we then generalize even further to the case shown in Figure 4.16(C), where we
see that the chemotaxis clusters are heterogeneous, with more than one type of
receptor per cluster. At the final level in the hierarchy (see Figure 4.16(D)), we
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Figure 4.27

Response to a jump in the ambient con-
centration of chemoattractant. (A) The
bacterium has a steady-state tumble fre-
quency in the presence of chemoattrac-
tant at concentration c1. (B) After a jump
to chemoattractant concentration c2, the
bacterium’s response is dictated by a dif-
ferent part of the input-output response
curve. (C) A change in the methylation
state of the receptor leads to a change of
shape of the input-output curve so that the
response is sensitive at the new ambient
concentration.
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A bacterium self-adapts to an external chemical stimulus
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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• Cells chemically adapt to a change in 
chemoattractant concentration 

• This allows cells to move over a wide range of 
concentration
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Mechanical adaptation - bacterial swimming

Thomas LECUIT   2025-2026

presumably stalled via the attachment of flagella to the cover-
slip, reported a value two orders of magnitude faster than our
measured ko↵ (�1300). However, this study was performed with
stator units fused to a fluorescent protein, which can cause dif-
ferent behaviors from their wild-type counterparts (10, 41). The
present study reports on the dynamics of wild-type stator units in
otherwise unperturbed motors.

Interestingly, our quantification of the viscous load depen-
dence of stator association and dissociation rates has an impor-
tant consequence for the molecular mechanism responsible for
stator mechanosensitivity in the BFM. We see that an increase in
external viscous load translates into a higher torque exerted by
each stator unit on the rotor (Fig. 2A). Considering the average
single-unit torque and the radius of the rotor [23 nm (42)], we
quantify the mean local force applied by each single unit onto
the rotor (found in the range of few piconewtons; Fig. 3B). We
note that, by reaction, this is also the force with which the unit
simultaneously pulls upon and stretches its connection to the
PG. In Fig. 3 C and D, we show the measured dissociation con-
stant KD and lifetime (1/ko↵ ) of the stator units as a function
of this force. This counterintuitive relationship is the canonical
fingerprint of catch-bond behavior (24–26). While the lifetime of
a conventional slip bond decreases if tension is applied across it,
a catch bond produces a maximum of the lifetime at a nonzero
force. A hook under tension and a children’s finger trap are two
macroscopic analogies of this nontrivial molecular mechanism.
We therefore conclude that the kinetic rates we measure suggest
the existence of a catch bond in the anchoring region of the stator
on the PG. We predict that if a force greater than the maximum
force generated by a single unit could be applied to the anchor of
the stator unit to the PG, the catch-bond behavior will eventually
transform into slip-bond behavior, as observed in other biologi-
cal catch bonds (25, 43).

The interface between the PG and the MotB PG-binding
(PGB) domain, located at the C-terminal of MotB (MotBC ),
is where the force can have an impact on the bonds relevant
for the lifetime of the stator unit around the rotor. While our
data indicate a catch-bond mechanism, they cannot discrimi-
nate any structural detail. However, interestingly, it has been
reported that the putative key PGB residues in the structure of
the PGB dimer of MotB are buried and not readily accessible
(44) and that a substantial structural flexibility of the domain
is considered necessary to mask and unmask them (45). The N-
terminal portion of MotB must perform a large conformational
extension to reach the PG (38, 39). Recently, a conformational
change upon binding has also been hypothesized in the PG-
associated C-terminal of the closely related Outer Membrane
protein OmpA (46). These facts suggest a possible catch-bond
mechanism in which tension across the PG–MotBC interface can
promote either conformational rearrangements or a positional
shift of the PGB within the PGB pocket which lead to further
exposure of binding residues to the PG, increasing the strength of
the bond and the lifetime of the stator unit within the BFM com-
plex (as sketched in Fig. 4). While multiple multidimensional and
one-dimensional phenomenological models exist to explain catch
bonds, further knowledge of the structure or multidimensional
energy landscape of the unbinding pathway will be required to
extract physically relevant parameters describing the MotBC –PG
interaction (47).

As single-molecule spectroscopy techniques continue to
develop, the prevalence of experimental data demonstrating bio-
logical catch bonds grows. Catch bonds have already been shown
to play an important role for two other molecular motors, myosin
(48) and dynein (49, 50). Here, we suggest that the mechanosen-
sitivity of the BFM may also be explained by a catch-bond mech-
anism within the stator. This feature potentially allows the cell
to replace damaged stator units, adapt to the prevailing envi-
ronmental viscosity, and avoid wasting energy during flagellar
growth, and may also play a role in behaviors which require
surface-sensing, such as swarming motility and biofilm forma-
tion. The wild-type E. coli motor is bidirectional, and previous

Fig. 4. Cartoon of a proposed catch-bond mechanism. The average force
produced by the stator upon the rotor (blue arrow) stretches the stator
anchoring point at the PG, inducing either conformational changes or a
positional shift of the PGB within the PGB pocket that increase the bond
strength and lifetime. The average force is higher for a larger viscous load
(Right), with respect to a low viscous load (Left), as shown in Fig. 2A,
and consistent with previously published torque–speed curves. IM, inner
membrane.

results show that stator assembly is dependent upon load for
both counterclockwise- and clockwise-locked motors (17, 18).
While catch bonds are often directional or asymmetrically direc-
tional (51), the catch-bond behavior of the stator may prove to
be symmetrically bidirectional. Finally, FliL is a membrane pro-
tein which associates with the stator and rotor, although its exact
function is still poorly defined (17, 52–54). The potential role of
FliL with respect to the stator’s mechanosensitivity remains to be
discovered.

Materials and Methods
Extended materials and methods are included in SI Materials and Methods.

Bacteria and Experimental Configuration. We use E. coli strain MTB32, which
has a biotinylated hook (27), and we additionally genetically delete CheY.
Frozen aliquots of cells are grown in Terrific Broth at 33 �C for 5 h, shaking
at 200 rpm, to a final OD600 of 0.5–0.6. Cells are immobilized to a poly-L-
lysine–coated coverslip in custom-made flow slides. Streptavidin superpara-
magnetic beads are allowed to spontaneously attach to the biotinylated
hooks. Experiments are performed in motility buffer at 22 �C.

Rotating beads are imaged onto a CMOS camera at 1,000 Hz and localized
by using cross-correlation analysis (28, 55). An ellipse is fit to the bead posi-
tions to yield the angular positions. An example trajectory is shown in Fig.
1 B, Inset. Speed traces are median-filtered by using a window of 0.5 s. Two
magnets are mounted onto a linear motor above the sample plane (56).

Motor Torque Calculation and Fitting. The torque of the BFM is calculated as
⌧motor = �!, where � is the rotational viscous drag coefficient of the bead
(57), and ! is the measured rotational velocity. Torque traces are assumed
to be noisy piecewise constant signals, and a minimization of the L1-Potts
functional is used to fit both the prestall and poststall motor torque traces.
This is done via the PottsLab toolbox (Version 0.42) in Matlab (31, 58). An
example torque trace and its fit is shown in Fig. 1C.

12956 | www.pnas.org/cgi/doi/10.1073/pnas.1716002114 Nord et al.
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Figure 16.14: Examples of rotary motors. (A) The bacterial flagellum is like a tiny propeller driven by the gradient of hydrogen
ions across the bacterial inner membrane. Continuous operation of the motor requires that the gradient be replenished by
ATP-consuming proton pumps. The flagellum itself is an extremely long (10 µm) helical filament attached at its base to the motor
apparatus. The motor is embedded in the bacterial inner membrane and anchored to the cell wall with a shaft passing through the
outer membrane. The motor is capable of rotating in either direction at speeds up to 100 Hz. (B) ATP synthase is a rotary motor
that uses the transmembrane electrical potential of the hydrogen ion gradient between the matrix and the intermembrane space
of the mitochondrion in order to drive a mechanical rotation that in turn drives the chemical synthesis of ATP from ADP and
inorganic phosphate. (A, adapted from B. Alberts et al., Molecular Biology of the Cell, 5th ed. Garland Science, 2008; B, courtesy of
David Goodsell.)

from ADP plus inorganic phosphate. However, if the transmembrane
electrochemical gradient is weak, the balance can tilt in the other
direction, and the F1 motor will generate more torque than F0. Under
these circumstances, the coupled motor uses ATP hydrolysis to pump
hydrogen ions out of the cell.

2 mm

Figure 16.15: Flagellar movement in
bacteria. Live bacterial cells were
labeled on their surface using a
fluorescent molecule revealing the
helical shape of the flagella. For the
different individuals shown, helical
pitch and amplitude vary significantly.
In a few cases, multiple helical forms
can be seen attached to the same
bacterium resulting in frayed bundles.
(Adapted from L. Turner et al.,
J. Bacteriol. 182:2793, 2000.)
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Experiments Behind the Facts: Dynamics of Rotary Motors
Insights into the behavior of rotary motors have been gar-

nered from a variety of different measurements, including
bulk enzymatic assays, structural biology efforts, and single-
molecule techniques. The proof of the very existence of rotary
motion in living organisms was hard won, because it is tech-
nically difficult to directly observe the rotation of very small
elements, or of thin filaments. One influential class of experi-
ments involved removing the flagella from bacterial cells and
then attaching the cells to glass coverslips by the flagellar root
left behind. In this configuration, rotation of the flagellar motor
would cause the cell itself to spin around its point of attach-
ment to the slide, a larger-scale movement that was more easily
observed in the light microscope than flagellar rotation itself.
An alternative approach is to fluorescently label the flagella so
that they become visible in the light microscope. An example
of this kind of experiment is shown in Figure 16.15.

Insights into the behavior of rotary motors can also be
gleaned from in vitro measurements on single motors (as
opposed to in vivo measurements). One of the most famed
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expected steady speed. These step increments in speed are like
those seen previously at fixed loads when stator elements of
paralyzed mutants were replaced by wild-type elements through
protein exchange (14, 15).
Fig. 1D shows the steady-state torque–speed relationship

measured in previous studies for flagellar motors of E. coli, over
a range of bead sizes and viscosities (13). The two load lines for
our experiments are represented by the two dashed lines. One,
with a near-horizontal slope, represents the low load for a short
flagellar stub. The other, with a much steeper slope, represents
the high load for a 1-μm bead. Before the bead was added, the
operating point for the motor was at a steady-state a shown by
the open square. When the bead was added, the operating point
jumped to state b shown by the bottom closed circle, where the
speed was relatively low. For the motor of Fig. 1C, the speed
decreased from ∼300 Hz to 5–10 Hz and then increased in nine
stepwise increments (6–11 for the set of seven motors studied)
with the final operating point indicated at steady-state c, corre-
sponding to a motor with n = 11 force-generating units. The
experimental torque values indicated by the filled circles were
calculated from the drag coefficient for a 1-μm bead and the
motor speeds shown in Fig. 1C. These values match previously
measured values for relative torques delivered by increasing
numbers of stator elements, as indicated by the dotted lines (16).
Stator proteins have been visualized previously under constant

loads by imaging GFP fusions of the stator protein MotB by total
internal reflection fluorescence (TIRF) (17). To test whether the
stator elements were added one after the other or were already
present and were sequentially activated upon the change in load,
we fused yellow fluorescent protein (eYFP) to MotB and observed
the fusions under TIRF. We did this by adding sheared cells
expressing YFP–MotB to a slide on a microscope also equipped
for phase contrast. We waited for a cell to settle to the glass and
tether on its own (Fig. 1B), which suddenly increased the load.
The sudden change in speed (shown for wild-type cell in Movie
S2) alleviated concerns about events that might have occurred
during the lag between load change and speed measurement in the

bead experiments. Once the cell tethered, we monitored motor
fluorescence with TIRF (at visible wavelengths) and measured the
rotation speed with phase contrast (in the infrared). The load for
a tethered cell is larger than that for a 1-μm-diameter spherical
bead, so the speed increments and final speeds were lower than
shown in Fig. 1C; however, the same kind of stepwise increments
in speed were observed. The motor in Fig. 2A showed at least two
step increments in speed and reached a steady-state speed of ∼3.2
Hz. The corresponding TIRF images indicating the YFP–MotB
assembly are shown in Fig. 2B. If the brightness of the fluorescent
stator assembly increased with speed, it was considered evidence
of an increase in stator numbers around the tethered motor. The
motor spot was defined by placing a circular mask around the
bright spot, as described previously (18). Motor intensity (labeled
a) was the maximum intensity calculated from a burst of three
images (0.2-s exposure each) taken immediately after tether-
ing. Because continuous illumination bleached the preparation,
it was not possible to observe step-increments in intensities.
Hence, intermittent illumination was used and subsequent bursts
of TIRF images were spaced ∼5 min apart to allow time for the
exchange of photobleached stators with unbleached stators from
the cell body (Materials and Methods). Fluorescence intensity of
YFP–MotB increased in parallel with the speed, as shown in Fig.
2B. The average intensity increments in different motors (13
motors), calculated as the motor intensities at various times minus
the initial motor intensities following tethering, are shown in Fig.
2C with the corresponding speeds. The increments are linearly
proportional to motor speeds. So more stator elements are added
to the motor following the increase in load. The average motor
speeds observed with YFP–MotB were about 0.3–0.5 times as
large as those normally observed with wild-type tethered cells.

Number of Stator Units at Varying Viscous Loads.We repeated these
tethered-cell experiments with wild-type cells (wild-type MotB)
and found that the average steps in motor speeds numbered 6–8.
The time for the load change was very short, so the jump from
state a to state b (Fig. 1D) occurred over a few milliseconds.

Fig. 1. Adaptation to mechanical stimuli: (A) A cell is brought up to a 1-μm latex bead held in an optical trap (trap not shown). The bead binds to a short
sticky-filament stub and its rotation is monitored. (B) A cell with a short sticky-filament stub is allowed to settle onto the surface of a glass cover-slip and self-
tether. The rotation of the cell body is monitored. (C) Bead rotational speeds measured from the time of attachment, plotted as a function of time. Positive
values are CCW; negative values are CW. The black line is the mean value of the absolute speed for the interval between successive steps. The arrow rep-
resents the time of mechanical stimulus. Dashed lines indicate speeds before increase in viscous loads. (D) Steady-state torque–speed curves for CCW rotation
of the bacterial flagellar motor (solid curve). Two load lines are shown (dashed lines), one for high loads (Left, with a steep slope) and one for low loads
(Right, with near-horizontal slope). The square near 300 Hz (state a) indicates the torque delivered by a single stator element to the motor at low loads. The
filled circles (from state b to state c) represent the driving torques for the corresponding speeds at which the 1-μm bead rotates in Fig. 1C. The dotted lines
indicate the driving torque on the motor for stator elements ranging in number from 1 to 11.

11840 | www.pnas.org/cgi/doi/10.1073/pnas.1305885110 Lele et al.
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expected steady speed. These step increments in speed are like
those seen previously at fixed loads when stator elements of
paralyzed mutants were replaced by wild-type elements through
protein exchange (14, 15).
Fig. 1D shows the steady-state torque–speed relationship

measured in previous studies for flagellar motors of E. coli, over
a range of bead sizes and viscosities (13). The two load lines for
our experiments are represented by the two dashed lines. One,
with a near-horizontal slope, represents the low load for a short
flagellar stub. The other, with a much steeper slope, represents
the high load for a 1-μm bead. Before the bead was added, the
operating point for the motor was at a steady-state a shown by
the open square. When the bead was added, the operating point
jumped to state b shown by the bottom closed circle, where the
speed was relatively low. For the motor of Fig. 1C, the speed
decreased from ∼300 Hz to 5–10 Hz and then increased in nine
stepwise increments (6–11 for the set of seven motors studied)
with the final operating point indicated at steady-state c, corre-
sponding to a motor with n = 11 force-generating units. The
experimental torque values indicated by the filled circles were
calculated from the drag coefficient for a 1-μm bead and the
motor speeds shown in Fig. 1C. These values match previously
measured values for relative torques delivered by increasing
numbers of stator elements, as indicated by the dotted lines (16).
Stator proteins have been visualized previously under constant

loads by imaging GFP fusions of the stator protein MotB by total
internal reflection fluorescence (TIRF) (17). To test whether the
stator elements were added one after the other or were already
present and were sequentially activated upon the change in load,
we fused yellow fluorescent protein (eYFP) to MotB and observed
the fusions under TIRF. We did this by adding sheared cells
expressing YFP–MotB to a slide on a microscope also equipped
for phase contrast. We waited for a cell to settle to the glass and
tether on its own (Fig. 1B), which suddenly increased the load.
The sudden change in speed (shown for wild-type cell in Movie
S2) alleviated concerns about events that might have occurred
during the lag between load change and speed measurement in the

bead experiments. Once the cell tethered, we monitored motor
fluorescence with TIRF (at visible wavelengths) and measured the
rotation speed with phase contrast (in the infrared). The load for
a tethered cell is larger than that for a 1-μm-diameter spherical
bead, so the speed increments and final speeds were lower than
shown in Fig. 1C; however, the same kind of stepwise increments
in speed were observed. The motor in Fig. 2A showed at least two
step increments in speed and reached a steady-state speed of ∼3.2
Hz. The corresponding TIRF images indicating the YFP–MotB
assembly are shown in Fig. 2B. If the brightness of the fluorescent
stator assembly increased with speed, it was considered evidence
of an increase in stator numbers around the tethered motor. The
motor spot was defined by placing a circular mask around the
bright spot, as described previously (18). Motor intensity (labeled
a) was the maximum intensity calculated from a burst of three
images (0.2-s exposure each) taken immediately after tether-
ing. Because continuous illumination bleached the preparation,
it was not possible to observe step-increments in intensities.
Hence, intermittent illumination was used and subsequent bursts
of TIRF images were spaced ∼5 min apart to allow time for the
exchange of photobleached stators with unbleached stators from
the cell body (Materials and Methods). Fluorescence intensity of
YFP–MotB increased in parallel with the speed, as shown in Fig.
2B. The average intensity increments in different motors (13
motors), calculated as the motor intensities at various times minus
the initial motor intensities following tethering, are shown in Fig.
2C with the corresponding speeds. The increments are linearly
proportional to motor speeds. So more stator elements are added
to the motor following the increase in load. The average motor
speeds observed with YFP–MotB were about 0.3–0.5 times as
large as those normally observed with wild-type tethered cells.

Number of Stator Units at Varying Viscous Loads.We repeated these
tethered-cell experiments with wild-type cells (wild-type MotB)
and found that the average steps in motor speeds numbered 6–8.
The time for the load change was very short, so the jump from
state a to state b (Fig. 1D) occurred over a few milliseconds.

Fig. 1. Adaptation to mechanical stimuli: (A) A cell is brought up to a 1-μm latex bead held in an optical trap (trap not shown). The bead binds to a short
sticky-filament stub and its rotation is monitored. (B) A cell with a short sticky-filament stub is allowed to settle onto the surface of a glass cover-slip and self-
tether. The rotation of the cell body is monitored. (C) Bead rotational speeds measured from the time of attachment, plotted as a function of time. Positive
values are CCW; negative values are CW. The black line is the mean value of the absolute speed for the interval between successive steps. The arrow rep-
resents the time of mechanical stimulus. Dashed lines indicate speeds before increase in viscous loads. (D) Steady-state torque–speed curves for CCW rotation
of the bacterial flagellar motor (solid curve). Two load lines are shown (dashed lines), one for high loads (Left, with a steep slope) and one for low loads
(Right, with near-horizontal slope). The square near 300 Hz (state a) indicates the torque delivered by a single stator element to the motor at low loads. The
filled circles (from state b to state c) represent the driving torques for the corresponding speeds at which the 1-μm bead rotates in Fig. 1C. The dotted lines
indicate the driving torque on the motor for stator elements ranging in number from 1 to 11.
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expected steady speed. These step increments in speed are like
those seen previously at fixed loads when stator elements of
paralyzed mutants were replaced by wild-type elements through
protein exchange (14, 15).
Fig. 1D shows the steady-state torque–speed relationship

measured in previous studies for flagellar motors of E. coli, over
a range of bead sizes and viscosities (13). The two load lines for
our experiments are represented by the two dashed lines. One,
with a near-horizontal slope, represents the low load for a short
flagellar stub. The other, with a much steeper slope, represents
the high load for a 1-μm bead. Before the bead was added, the
operating point for the motor was at a steady-state a shown by
the open square. When the bead was added, the operating point
jumped to state b shown by the bottom closed circle, where the
speed was relatively low. For the motor of Fig. 1C, the speed
decreased from ∼300 Hz to 5–10 Hz and then increased in nine
stepwise increments (6–11 for the set of seven motors studied)
with the final operating point indicated at steady-state c, corre-
sponding to a motor with n = 11 force-generating units. The
experimental torque values indicated by the filled circles were
calculated from the drag coefficient for a 1-μm bead and the
motor speeds shown in Fig. 1C. These values match previously
measured values for relative torques delivered by increasing
numbers of stator elements, as indicated by the dotted lines (16).
Stator proteins have been visualized previously under constant

loads by imaging GFP fusions of the stator protein MotB by total
internal reflection fluorescence (TIRF) (17). To test whether the
stator elements were added one after the other or were already
present and were sequentially activated upon the change in load,
we fused yellow fluorescent protein (eYFP) to MotB and observed
the fusions under TIRF. We did this by adding sheared cells
expressing YFP–MotB to a slide on a microscope also equipped
for phase contrast. We waited for a cell to settle to the glass and
tether on its own (Fig. 1B), which suddenly increased the load.
The sudden change in speed (shown for wild-type cell in Movie
S2) alleviated concerns about events that might have occurred
during the lag between load change and speed measurement in the

bead experiments. Once the cell tethered, we monitored motor
fluorescence with TIRF (at visible wavelengths) and measured the
rotation speed with phase contrast (in the infrared). The load for
a tethered cell is larger than that for a 1-μm-diameter spherical
bead, so the speed increments and final speeds were lower than
shown in Fig. 1C; however, the same kind of stepwise increments
in speed were observed. The motor in Fig. 2A showed at least two
step increments in speed and reached a steady-state speed of ∼3.2
Hz. The corresponding TIRF images indicating the YFP–MotB
assembly are shown in Fig. 2B. If the brightness of the fluorescent
stator assembly increased with speed, it was considered evidence
of an increase in stator numbers around the tethered motor. The
motor spot was defined by placing a circular mask around the
bright spot, as described previously (18). Motor intensity (labeled
a) was the maximum intensity calculated from a burst of three
images (0.2-s exposure each) taken immediately after tether-
ing. Because continuous illumination bleached the preparation,
it was not possible to observe step-increments in intensities.
Hence, intermittent illumination was used and subsequent bursts
of TIRF images were spaced ∼5 min apart to allow time for the
exchange of photobleached stators with unbleached stators from
the cell body (Materials and Methods). Fluorescence intensity of
YFP–MotB increased in parallel with the speed, as shown in Fig.
2B. The average intensity increments in different motors (13
motors), calculated as the motor intensities at various times minus
the initial motor intensities following tethering, are shown in Fig.
2C with the corresponding speeds. The increments are linearly
proportional to motor speeds. So more stator elements are added
to the motor following the increase in load. The average motor
speeds observed with YFP–MotB were about 0.3–0.5 times as
large as those normally observed with wild-type tethered cells.

Number of Stator Units at Varying Viscous Loads.We repeated these
tethered-cell experiments with wild-type cells (wild-type MotB)
and found that the average steps in motor speeds numbered 6–8.
The time for the load change was very short, so the jump from
state a to state b (Fig. 1D) occurred over a few milliseconds.

Fig. 1. Adaptation to mechanical stimuli: (A) A cell is brought up to a 1-μm latex bead held in an optical trap (trap not shown). The bead binds to a short
sticky-filament stub and its rotation is monitored. (B) A cell with a short sticky-filament stub is allowed to settle onto the surface of a glass cover-slip and self-
tether. The rotation of the cell body is monitored. (C) Bead rotational speeds measured from the time of attachment, plotted as a function of time. Positive
values are CCW; negative values are CW. The black line is the mean value of the absolute speed for the interval between successive steps. The arrow rep-
resents the time of mechanical stimulus. Dashed lines indicate speeds before increase in viscous loads. (D) Steady-state torque–speed curves for CCW rotation
of the bacterial flagellar motor (solid curve). Two load lines are shown (dashed lines), one for high loads (Left, with a steep slope) and one for low loads
(Right, with near-horizontal slope). The square near 300 Hz (state a) indicates the torque delivered by a single stator element to the motor at low loads. The
filled circles (from state b to state c) represent the driving torques for the corresponding speeds at which the 1-μm bead rotates in Fig. 1C. The dotted lines
indicate the driving torque on the motor for stator elements ranging in number from 1 to 11.

11840 | www.pnas.org/cgi/doi/10.1073/pnas.1305885110 Lele et al.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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• Cells mechanically adapt to a change in load on 
flagellum, e.g. due to change in fluid viscosity 

• This allows cells to adjust the torque in the 
flagellum and restore the rotation speed

A bacterium self-adapts to an external mechanical stimulus

©          Nature Publishing Group1979

©          Nature Publishing Group1979

1 cP = 10 Pa.s

HC Berg Nature 278:349-351 (1979)
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Mechanical adaptation - eukaryotic cell motility

Thomas LECUIT   2025-2026

• Cell motility: mechanical environmental sensing: geometry, adhesion & stiffness 
• Matrix stiffness dependent modification of Focal adhesion and Actomyosin network 

contraction. 
Reconfiguration of cell state through mechanical feedbacks.  

• Protrusive force tuning in response to mechanical load (increased membrane tension) 
Update of actin network geometry as a function of membrane tension. Network-
intrinsic geometrical adaptation mechanism. 

Article

Load Adaptation of Lamellipodial Actin Networks

Graphical Abstract
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d Lamellipodial actin density co-fluctuates with the size of the

projected area

d Lamellipodial actin density adapts to changes in membrane
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lamellipodial actin
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In Brief
How do mechanical perturbations

influence the density and the geometry of

actin networks at the leading edge of

migrating cells?

Mueller et al., 2017, Cell 171, 1–13
September 21, 2017 ª 2017 Elsevier Inc.
http://dx.doi.org/10.1016/j.cell.2017.07.051

shrinkage. Analogous to the increase in actin density following
aspiration, the decrease in actin density in the time window of
rapid shrinkage was clearly visible as a transition zone in life-
act:GFP signal aswell as phalloidin staining (Figure 5A). Both sig-
nals showed a sharp decrease indicating the drop in filament
density. This was substantiated by low-magnification views of

the same cell after extraction and negative stain, which showed
a sharp decrease in electron density, overlapping with the fluo-
rescent imaging (Figures 5A and S6C). Quantification of manu-
ally as well as automatically traced filaments together with auto-
mated image segmentation showed a drop in filament numbers
in the transition zone (Figures 5C, 5D, S5, and S6). As expected,

Figure 3. Electron Tomography of Migrating Wild-Type Keratocytes
(A) Overview electron micrograph of migrating keratocyte with acquired tomogram montage marked in red.

(B) 5.5-nm slice of a negatively stained tomogram of the actin network behind the leading edge.

(C) Automated tracking results of the same region with filaments shown in green, barbed ends in red, and pointed ends in blue.

(D) Normalized densities of filaments, barbed ends, and pointed ends in 106-nm-wide bins of four averaged tomogrammontages. Graph shows mean and SEM.

(E) Scheme showing the filament angle bins used for calculating the global order parameter.

(F) Histogram of combined filament length growing at indicated angle toward the cell membrane (black) is shown together with a global order parameter (blue) in

212-nm distance bins defined as ((Filaments 0!–20!)"(Filaments 30!–50!))/((Filaments 0!–20!)+(Filaments 30!–50!)).

See also Figures S4A and S4B.

Figure 4. Correlated Live Microscopy-Electron Tomography of Ultrastructural Changes in Networks with Increasing Filament Density
(A) A migrating keratocyte expressing lifeact:GFP was aspirated at the rear with a micropipette, fixed withinz3 s, and prepared for electron microscopy. The cell

shifted out of focus because of the manipulating procedure. A transient increase in actin density can be seen in the low-magnification electron micrograph on

the right.

(B) 5.5-nm tomogram slice of the region marked by a red box in (A). The rear of the cell is toward the left side of the picture, and the cell front is seen on the right.

Regions of steady-state density, increased density, and decreased density are marked with black, blue, and red throughout the whole figure.

(C) Filament tracks of the lamellipodium shown in (B), with actin filaments shown in green, barbed ends in red, and pointed ends in blue.

(D) Filament numbers and densities of barbed and pointed ends in 106-nm-wide spatial bins throughout the lamellipodium shown in (B) and (C).

(E) Histogram showing filament angles to the cell edge in 212-nm distance bins.

See also Figures S4C and S4D and Movie S3.
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(B) 5.5-nm tomogram slice of the region marked by a red box in (A). The rear of the cell is toward the left side of the picture, and the cell front is seen on the right.

Regions of steady-state density, increased density, and decreased density are marked with black, blue, and red throughout the whole figure.

(C) Filament tracks of the lamellipodium shown in (B), with actin filaments shown in green, barbed ends in red, and pointed ends in blue.

(D) Filament numbers and densities of barbed and pointed ends in 106-nm-wide spatial bins throughout the lamellipodium shown in (B) and (C).

(E) Histogram showing filament angles to the cell edge in 212-nm distance bins.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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A cell self-adapts to an external mechanical stimulus



Mechanical tuning during tissue morphogenesis

Thomas LECUIT   2025-2026
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anisotropic cortical tension138–141 while medial MyoII 
undergoes planar polarized flows that increase the 
speed of shrinkage of dorsal–ventral junctions77,135 and 
extend new antero-posterior junctions136,137. Similar 
junction remodelling by actomyosin contractions 
drives cell intercalation in vertebrates, such as during 
primitive streak formation142 and neural tube closure in 
chick embryos69,143. Remarkably, mesenchymal cells of 
the dorsal marginal zone in frog embryos present sim-
ilarities to the epithelial cells of the D. melanogaster 
germband144,145. Also here, phosphorylated MyoII 

accumulates at mediolateral cell–cell contacts inducing 
anisotropic cortical tension144, and actomyosin pulses 
correlate with steps of cell–cell contact shrinkage144,145.

Thus, the extension of actin-rich membrane protru-
sion and remodelling of cell–cell contacts by actomyosin 
contraction are complementary strategies to produce 
local active forces required for cell intercalation.

The proper orientation of cell processes driving 
tissue extension requires that global tissue polarity is 
read out locally. In D. melanogaster embryos, the global 
polarity is encoded in the gradients of the anterior and 

a  Tissue convergence–extension

b  Intercalation by cell motility

c

d  Intercalation by polarized junction remodelling

e
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Primitive streak
Transient structure that forms 
in the blastula during the  
early stages of avian, reptilian 
and mammalian embryonic 
development. It forms on  
the dorsal (back) face of the 
embryo, towards the caudal  
or posterior end.

NATURE REVIEWS | MOLECULAR CELL BIOLOGY

REV IEWS

• Tissue flow is driven by cell intercalation and anisotropic tension

• Irreversible and planar polarised 
changes in the topology of cell 
interfaces drive cell intercalation 
and tissue flow in vertebrate and 
invertebrate embryos. 

• Similar to T1 transition in foams. 
• This emerges from anisotropic 

contractile forces at cell junctions.

Collinet C. & Lecuit T. Nature Rev. Mol. Cell Biol., (2021) 
C. Bertet, L. Sulak and T. Lecuit. Nature 429(6992):667-71. (2004)

Mechanics of convergence extension



Global contractile patterns are directed by spatial patterning
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A RT I C L E S

identified the spatial pattern of subcellular force generators that ori-
ent junction remodelling and direct polarized tissue elongation in vivo. 
Our results demonstrate that subcellular anisotropies in cortical tension 
controlled by myosin II are sufficient to drive a tissue out of equilibrium 
and force its mechanical evolution towards equilibrium by a succession 
of local relaxations. The data presented also highlight the importance 
of elastic forces in controlling morphogenesis. Elastic forces are known 
to underlie cell shape and have been hypothesized to have an important 

role in growth control in Drosophila imaginal discs23, where they were 
shown to prevail over adhesion13. Such elasticity is to a large extent con-
trolled by myosin II enrichment at the cell cortex. How the molecular 
organization of the actin network and its dynamic interplay with adhe-
sive complexes also contribute to these cortical elastic properties will 
be important to investigate in the future. Our findings also indicate the 
permissive role of fluctuations in cell intercalation. More than a con-
venience of simulations, such fluctuations reflect in vivo movements of 
vertices17. Although their origin is unknown, the simulations suggest 
that they prevent the cells from being trapped in local energy minima 
and facilitate junction remodelling whose directionality is imposed by 
anisotropic cortical tension.

The approaches we present should be applicable in other developmental 
contexts. With the possibility to estimate tension in vivo, it will be possible to 
test how external and internal forces cooperate to drive the variety of forms 
and patterns observed during tissue morphogenesis, and to determine 
whether such forces feedback on other developmental processes23,24. 

METHODS
Model of tension anisotropy and simulations. 1) The mechanical potential 
energy and tension at cell interfaces: we consider that epithelial cells form a two-
dimensional cell network rearranging in space and time. Junctions between cells 
were modelled as straight lines connecting vertices. We extended previous mod-
els describing cell network energy7,13,25 to incorporate the concept of anisotropy 
of tension at cell interfaces8,18,26 (Fig. 3). The energy of the cellular network is 
written as the sum of line energy, cortical elastic energy and area elastic energy:

2

junctions (ij) cells j neighbours of i 

line energy cortical elastic energy area elastic energy

1
2E = σ (θij)lij β(θij)lij – Pi∑ ∑ ∑ ∑(  )+ 1

2+P
ik A

ik
cells i cells i

(Ai − Ai )200

Parameters of line energy: σ(θij) is the line tension of the junction (ij), which 
separates cells i and j and makes an angle θij with the (D/V) axis. lij is the length 
of the junction (ij). σ(θij) =  α(θij)σ0, where α(θij) is the line tension anisotropy 
parameter (dimensionless) and σ0 is a constant.

Parameters of cortical elasticity energy: ki
P the elastic perimeter modulus of cell 

i, β(θij) is the dimensionless parameter of cortical elastic anisotropy and Pi
0  the 

preferred perimeter of cell i. β(θij) defines the cortical elasticity state of junctions 
with a given orientation θij. In simulations, 

 
ki

P is a constant: ki
P = kel

 .
Parameters of cell area elasticity: ki

A the area elastic modulus, Ai the cell area 
and Ai

0  the target area of cell i. In all simulations cell areas were kept constant (Ai 
= Ai

 0); thus  ki
A was not adjusted. However, as explained below and in agreement 

with live observations (data not shown), vertices were allowed to jiggle randomly 
after energy minimization, producing cell area fluctuations of 2% (s.d.).

The tension at the junction between the cells i and j is the energy change associ-
ated with a change in cell–cell contact length7,8:

line tension
cortical elastic force

∂E
∂lij

cells k neighbours of i 
∑

cells q neighbours of j 
∑( )γij = = α (θij)σ0 + kel β(θij) ( (  )+)β(θik)lik – Pi β(θjq)ljq – Pj

0 0

2) Cortical elasticity and line tension models: In the cortical elasticity model, 
we set 1000

kel <l>
σ0

= , with < l > the mean size of junctions In the line tension 
model, we set kel = 0.

3) Pseudo-code: initial conditions setting the anisotropy: each junction making 
an angle θij smaller than θc with the vertical direction (Fig. 1), was set to have an 
increased tension by a factor β (for the cortical elasticity model). We write, for |θij|≤θc, 
βij= β, and for |θij|>θc, βij = 1. Similarly, for the line tension model, the tension was 
increased by a factor α, and we write, for |θij|≤θc, αij= α, and for |θij| >θc, αij=1. This 
defines the line tension anisotropy α and cortical elasticity tension anisotropy β.

Ten thousand simulation cycles were then run with each cycle being composed 
of ten energy minimization steps. Each of these was followed by a random per-
turbation of every vertex position (‘jiggling’, see below). At every minimization 
step, the scale of movement of vertices was calculated by quadratic interpolation 
for optimal global motion (see Surface Evolver).

Junctions of length smaller than 1/65th the average length of a polygon side 
were allowed to perform a T1 transition. The mechanical state of the new 
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Figure 7 Mechanics of high-order structures. (a) A rosette structure (white 
arrowhead) occasionally emerges from the coalescence of multiple (≥3) 
3-way vertices (blue arrowheads) and resolves by the expansion of new 
junctions along the horizontal direction. (b) Formation and evolution of a 
5-cell rosette in silico. Three contiguous junctions with increased tension 
shrink and bring three 3-way vertices into contact. Cortical elasticity 
anisotropy: β = 1.8. Junctions with increased tension are shown in red, 
and new junctions after T1 transitions are shown in blue. (c) Relaxation of 
a rosette structure after nano-dissection (red arrowhead) along a junction 
emanating from the rosette centre (white arrowhead). After ablation, a 4-way 
vertex (green arrowhead) and a 3-way vertex (blue arrowhead) separate and 
decompose the rosette structure (zoomed-in inset below). (d, d´) Relaxation 
of a shrinking junction connected to other shrinking junctions, during rosette 
formation. Ablation point (red arrowhead). Scale bars are 5 µm (white).
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If the tissue was regular in shape, m = 1, but it increased if the tissue was 
distorted along a given axis. m is sensitive to the position of neighbours 
around each cell and consequently to T1 transitions. Pattern deforma-
tion increased transiently with a magnitude dependent on β (Fig. 5b; 
Supplementary Information, Fig. S4). In all cases, distortion was almost 
fully relaxed at the end of tissue elongation. In vivo, tissues were distorted 
during intercalation by about 15% (red curve), an amplitude similar 

to that obtained in silico for β = 1.7–1.8. These data provide a second 
and independent estimate of the tension anisotropy, consistent with the 
former based on tissue elongation.

The number of cells with n sides (polygonal distribution) also changed 
during intercalation: the tissue contained mostly hexagonal-shaped cells 
at the onset of intercalation but comprised a large proportion of other 
polygonal shapes at the end of the process22. We therefore determined 
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Figure 3 Model of tension anisotropy and cell intercalation. During 
intercalation, the junctional cortex along v-junctions is enriched in 
myosin II (red). We assumed that this results in an increase in actomyosin 
contractility along v-junctions, compared with transverse junctions 
(t-junctions). The tension is said to be anisotropic. In the line tension 
model (a), line tension along v-junctions (γν

lt ) is α times larger than along 
transverse junctions (t-junctions, γt

lt ). Therefore a v-junction of a given 
length contributes more to mechanical energy than a t-junction of the same 
length. During energy minimization, v-junctions thus tend to shrink. In the 

cortical elasticity model (b), the mechanical anisotropy was introduced 
by weighting the length of v-junctions by a factor β, so that they would 
contribute more to cell mechanical energy than equally sized t-junctions 
and tend to shrink during energy minimization. For simplicity we consider 
in this figure that only one junction separating two hexagonal cells i and j 
has an increased contractility. Consequently the two cells are stretched and 
elastic tension builds up along their contour. Although both elastic tensions 
γν

el and γt
el are proportional to perimeter deviations of the cells, the elastic 

tension along the v-junction was β times larger, compared with t-junctions.

1404  NATURE CELL BIOLOGY  VOLUME 10 | NUMBER 12 | DECEMBER 2008

A RT I C L E S

If the tissue was regular in shape, m = 1, but it increased if the tissue was 
distorted along a given axis. m is sensitive to the position of neighbours 
around each cell and consequently to T1 transitions. Pattern deforma-
tion increased transiently with a magnitude dependent on β (Fig. 5b; 
Supplementary Information, Fig. S4). In all cases, distortion was almost 
fully relaxed at the end of tissue elongation. In vivo, tissues were distorted 
during intercalation by about 15% (red curve), an amplitude similar 

to that obtained in silico for β = 1.7–1.8. These data provide a second 
and independent estimate of the tension anisotropy, consistent with the 
former based on tissue elongation.

The number of cells with n sides (polygonal distribution) also changed 
during intercalation: the tissue contained mostly hexagonal-shaped cells 
at the onset of intercalation but comprised a large proportion of other 
polygonal shapes at the end of the process22. We therefore determined 

Anisotropy factor
Anisotropy factor

Line tension constant Perimeter elastic modulus

Perimeter variation

‘Tension’ anisotropy 

v-junction

‘Cortical elasticity’ anisotropy‘Line tension’ anisotropy

kel

t-junction

i
j

k

i

j

k
P 0

k
Pk

P 0
i P i P jP 0

j

i i
j

j

k
k

l0

l0

jiji

kk

t-junction

v-junction

a b

γ 
tγ el = kel (ΔPi+ΔPk )

γ 
vγ el = kel β(ΔPi+ΔPj )

β > 1
γ 

tγ lt = σ0 

γ 
t
 = σ0 + kel (ΔPi+ΔPk )

γ 
vγ lt = ασ0 

γ 
v
 = ασ0 + kel β(ΔPi+ΔPj ) 

γ 
t

γ 
v

α > 1

σ0

σ0

σ0

α

σ0

σ0 α

β

βl0 is the ‘resting’ junction length. The factor     increases 
the energy weight of a junction.  

Main parameters

Tension at the interface
between cells i and k (t-junctions) 
and between i and j (v-junctions)

kel 

ΔP

β

lij

lik

Figure 3 Model of tension anisotropy and cell intercalation. During 
intercalation, the junctional cortex along v-junctions is enriched in 
myosin II (red). We assumed that this results in an increase in actomyosin 
contractility along v-junctions, compared with transverse junctions 
(t-junctions). The tension is said to be anisotropic. In the line tension 
model (a), line tension along v-junctions (γν

lt ) is α times larger than along 
transverse junctions (t-junctions, γt

lt ). Therefore a v-junction of a given 
length contributes more to mechanical energy than a t-junction of the same 
length. During energy minimization, v-junctions thus tend to shrink. In the 

cortical elasticity model (b), the mechanical anisotropy was introduced 
by weighting the length of v-junctions by a factor β, so that they would 
contribute more to cell mechanical energy than equally sized t-junctions 
and tend to shrink during energy minimization. For simplicity we consider 
in this figure that only one junction separating two hexagonal cells i and j 
has an increased contractility. Consequently the two cells are stretched and 
elastic tension builds up along their contour. Although both elastic tensions 
γν

el and γt
el are proportional to perimeter deviations of the cells, the elastic 

tension along the v-junction was β times larger, compared with t-junctions.

1404  NATURE CELL BIOLOGY  VOLUME 10 | NUMBER 12 | DECEMBER 2008

A RT I C L E S

how the final standard deviation of polygonal distribution, an indica-
tor of topological disorder, changes with tension anisotropy (Fig. 5c). 
The experimental value of final topological disorder gave an estimate 
of anisotropy of about 1.8 (Fig. 5c). Moreover, the topological disorder 
increased with T1 transitions similarly in vivo and in silico for this ani-
sotropy (Fig. 5c, inset). Similar results were obtained with other embryos 
(Supplementary Information, Fig. S3).

During junction shrinkage, the angles ϕ formed by the transverse junc-
tions reduced to ϕT1, when the v-junction had shrunk, producing a 4-way 
vertex (Fig. 5d). We determined the distribution of angles ϕΤ1  and found 
that the distribution observed in vivo agreed best with that determined in 
silico for tension anisotropy β = 1.8, compared with 1.4 and 2.2 (Fig. 5e).

The model accurately predicts quantitative changes in cell and tissue 
behaviour during germband elongation. Moreover, in vivo and in silico 
measures of tissue elongation, pattern deformation, topological disorder 
and junction angles at T1 transitions provide independent estimates 
of tension anisotropy 1.8, sufficient to drive cell intercalation and tis-
sue elongation. The consistency of these different estimates provides an 
important validation of the model.

Distribution of myosin dependent forces in intercalating cells
To probe the distribution and nature of the forces, and to further test 
the predictions of the model concerning their magnitude, we deter-
mined how tension changes along junctions during intercalation in 
vivo. We devised a nano-ablation set-up to locally perturb the stability 
of junctions without affecting cell integrity (see Methods). We disrupted 
actin at the cortex within subdiffraction-limited volume (size <200 nm), 
while preserving the apposed membranes (Supplementary Information, 
Fig. S5). Local ablation produced redistribution of F-actin and 
E-cadherin away from the point of ablation along the targeted junc-
tion17 (Fig. 6a–c; Supplementary Information, Movie 2). The two adja-
cent vertices (yellow arrowheads) were pulled in opposite directions 

by the remaining forces acting along the t-junctions (tensions γt,1 and 
γt,2; Fig. 6a). Shortly after ablation, vertex relaxation reached a maximal 
speed νmax (Fig. 6d), which is proportional to the remaining tensions just 
after ablation: νmax 

|γt ,1+ γt,2  | (t = 0+)
µ=  , where µ is the drag coefficient and 

t = 0, the time of ablation. We could not reliably estimate the absolute 
value of the forces because of uncertainty in the value of µ. However, 
we could use νmax to determine the relative value of forces. Assuming a 
force balance before ablation,(γt ,1+ γt,2)(t = 0+) = γν (t = 0–), νmax reflects the 
tension at the targeted junction just before ablation. We first measured 
νmax for v-junctions at various stages of intercalation, before and during 
junction shrinkage (Fig. 6e, red circles). Remarkably, νmax depends on 
the state of junctions, characterized by their length d0 and the cell shape 
captured by the angle ϕ  at the time of ablation (Fig. 6e, f, red circles). 
The speed increased more than 5-fold when the v-junction shrank, 
indicating that tension in v-junctions increases during intercalation, 
correlating with the polarized enrichment of myosin II. Importantly, 
injection of a Rho kinase inhibitor, which inhibits myosin II activa-
tion and intercalation4, affected the speed of relaxation following abla-
tion. Although some junctions were occasionally small, irrespective 
of their orientation, νmax is independent of junction length and was 
reduced, compared with similarly sized junctions in controls (Fig. 6e, e´; 
Supplementary Information, Movie 3). Thus, forces involved in cell 
intercalation are mostly controlled by myosin II local enrichment.

Magnitude and nature of intercalation forces
To infer tension anisotropy between v- and t-junctions during interca-
lation, we abolished the tension along t-junctions and compared their 
maximal speed of relaxation with that of v-junctions (Fig. 6a, f, f´). 
t-junctions relax more slowly than v-junctions after ablation at a given 
angle ϕ  (Fig. 6f, f´). For angles at which we observed T1 transitions 
(ϕΤ1 = 73.5 ± 13.5°, mean ± s.d.; Fig. 5e, grey bars), the maximal speed 
of t-junction relaxation νmax was significantly different from that of 
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Guided morphogenesis: deterministic pattern of contractility

Rauzi, M, et al, T. Lecuit and PF Lenne, Nat. Cell Biol. 10, 1401-1410 (2008)
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Figure 5. Gb13F/Gg1 Activates and Polarizes Junctional Rho1 Signaling in the Ectoderm
(A) Apical (0 mm) and junctional (1.5 mm) confocal z sections of ventro-lateral ectodermal cells expressing Ani-RBD::GFP in control, Gg1 germline clone (Gg1!),

and Gb13F/Gg1-overexpressing embryos (Gb13F/Gg1++).

(legend continued on next page)

10 Current Biology 29, 1–16, October 21, 2019

Please cite this article in press as: Garcia De Las Bayonas et al., Distinct RhoGEFs Activate Apical and Junctional Contractility under Control of G
Proteins during Epithelial Morphogenesis, Current Biology (2019), https://doi.org/10.1016/j.cub.2019.08.017

Garcia De Las Bayonas et al., Current Biology 29, 1–16 (2019)
21



Convergence extension as a self-tuning process

Thomas LECUIT   2025-2026

Initial conditions set anisotropic pattern of cell contractility 
Update rules modify this pattern of contractility as the tissue deforms.  

Cell junctions constantly change length and angles. 
Embryos reorganise their internal mechanics to achieve targeted deformations. 

Question 1: what is the best pattern of contraction to yield CE? 
Ie. what is the best algorithm? 

Question 2: is the pattern of contraction tuned to sustain CE? 
Is it fixed or self-tuned or self-learning?

S. Arzash, A.J. Liu and L. Manning, biorxiv (2025)
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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deformations, respectively. The third term describes interfacial
tension: each cell-cell junction ij of length ωij is associated
with an active tension !ij , which may evolve dynamically.
The inclusion of the tension term allows us to model active
mechanical processes at cell interfaces, such as actomyosin
contractility and tension remodeling.

Note that each edge also experiences a passive tension
contribution, denoted by !P

ij , which arises from the perimeter
elasticity of the adjacent cells. For an edge ij shared
between cells m and n, this passive tension is given by
!P

ij = 2KP [(Pm → P0) + (Pn → P0)]. The total tension on
edge ij therefore becomes

Tij = !ij + !P
ij = !ij + 2KP [(Pm → P0) + (Pn → P0)] , [2]

where !ij is the active tension component.
We perform our simulations using the open-source cellGPU

framework (43). To initialize the tissue, we place N random
seed points in a square periodic box of size Lx = Ly =

↑
N

and construct the corresponding planar tissue using a Voronoi
tessellation. Unless otherwise specified, we use parameters
KA = KP = 1, with target area and perimeter values A0 = 1
and P0 = 3.7, which ensures that the passive contributions to
the overall tension are small relative to the active tensions. We
verified that our main results are robust to variations in P0,
provided the tissue remains in a solid-like state, which requires
P0 < 3.9. We also studied an active tension model (12, 44)
where there are no passive tensions and the energy is linear
in the edge lengths with no quadratic term. We verified that
the results are also robust to this change in model (see SI).
As highlighted previously (12, 13), the latter model can be
di”cult to regularize numerically, especially for larger systems,
so we focus on vertex model results for the remainder of the
main text.

To prepare the initial configuration, we first minimize the
mechanical energy without the active tension term in Eq. (1) to
obtain a force-balanced state. We then initialize the active edge
tensions !ij to match the corresponding passive tensions !P

ij

and perform a second minimization of the full energy, including
the active contribution, to obtain the final initial state. To
ensure that the initial simulated tissues matched experimental
conditions, we tuned the distribution of active edge tensions so
that the average cell shape index and the fraction of vertically
oriented edges in the relaxed state matched those measured
in Drosophila epithelia (Fig. 3). Specifically, we iteratively
varied the mean and standard deviation of active tensions,
minimized the energy, and compared the resulting tissue
properties to experiment until convergence was achieved. For
all our simulations, T1 events are performed when an edge
length becomes shorter than a cuto#. After T1, we also reset
the active edge tension !ij to its average value ↓!↔ (see SI for
more details).

Different methods for achieving a convergent-extensional
flow. To investigate how epithelial tissues undergo convergent
extension, we implemented several distinct methods for driving
tissue elongation.

External shear deformation. One straightforward approach to
simulate convergent extension is to impose a global, externally
applied pure shear deformation. In this method, we deform
the entire tissue, along with the periodic boundary vectors,

using an a”ne transformation

D =
[

1 + ε 0
0 1

1+ω

]
, [3]

where ε is the imposed strain. This deformation stretches
the tissue along the y→axis while compressing it along
x→axis, mimicking the global shape changes observed during
convergent extension in vivo.

After each incremental deformation step, we minimize the
tissue’s mechanical energy at fixed strain to obtain a force-
balanced configuration. While the active edge tensions !ij

remain fixed at their initial values throughout this protocol,
the total edge tensions Tij evolve due to changes in cell
perimeters via the perimeter elasticity term. This stepwise
procedure allows us to systematically investigate how cell
shapes, junctional orientations, and tension distributions
respond to increasing strain. Although this approach does
not incorporate active cellular processes, it serves as a
valuable baseline for understanding the mechanical response of
passive tissues to externally imposed anisotropic deformations.
This rule is also biologically plausible, as the germband in
Drosophila is surrounded by other tissue types undergoing
di#erent morphogenetic transformations, which have been
suggested to apply external shear to the germband (45).

Global gradient descent on edge tension degrees of freedom. An
alternative to externally imposed deformation is to treat
the active edge tensions !ij as tunable degrees of freedom
that actively drive tissue remodeling. In this approach, we
induce convergent extension by dynamically adjusting the edge
tensions via gradient descent on a global cost function. Here,
the ‘task’ we are investigating is how e#ectively the tissue
performs global convergent extension. Since the Drosophila
tissue roughly maintains the same area during the process,
we approximate convergent extension as global pure shear.
Therefore, we define the cost function as

C =
(
Lcurrent

y → Ltarget
y

)2
, [4]

where Lcurrent
y is the current length of the tissue in y-axis,

and Ltarget
y is a prescribed target length that represents the

desired deformation state. This function could be alternatively
defined in terms of Lx. The evolution of edge tensions follows
a gradient descent on this cost function

d!ij

dt
= →ϑ

ϖC
ϖ!ij

, [5]

where ϑ is the tuning rate that controls how rapidly tensions
are updated.

Note that this definition does not encode a stopping point
for the CE process – under this definition of task the tissue
will elongate indefinitely. Recent work suggests that additional
processes or tissue features may lead to arrest of tissue
elongation (12), and such tasks could be incorporated into a
time-varying cost functions (46, 47) in future work.

At each tuning step, after updating the tensions, we
minimize the mechanical energy of the tissue with respect
to the physical degrees of freedom (vertex positions) and the
global pure shear strain ε, which parametrizes the deformation
of the simulation box. The box deformation is updated by
minimizing the total energy with respect to ε, i.e., by solving
ϖE/ϖε = 0 (see SI for more details).
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deformations, respectively. The third term describes interfacial
tension: each cell-cell junction ij of length ωij is associated
with an active tension !ij , which may evolve dynamically.
The inclusion of the tension term allows us to model active
mechanical processes at cell interfaces, such as actomyosin
contractility and tension remodeling.

Note that each edge also experiences a passive tension
contribution, denoted by !P

ij , which arises from the perimeter
elasticity of the adjacent cells. For an edge ij shared
between cells m and n, this passive tension is given by
!P

ij = 2KP [(Pm → P0) + (Pn → P0)]. The total tension on
edge ij therefore becomes

Tij = !ij + !P
ij = !ij + 2KP [(Pm → P0) + (Pn → P0)] , [2]

where !ij is the active tension component.
We perform our simulations using the open-source cellGPU

framework (43). To initialize the tissue, we place N random
seed points in a square periodic box of size Lx = Ly =

↑
N

and construct the corresponding planar tissue using a Voronoi
tessellation. Unless otherwise specified, we use parameters
KA = KP = 1, with target area and perimeter values A0 = 1
and P0 = 3.7, which ensures that the passive contributions to
the overall tension are small relative to the active tensions. We
verified that our main results are robust to variations in P0,
provided the tissue remains in a solid-like state, which requires
P0 < 3.9. We also studied an active tension model (12, 44)
where there are no passive tensions and the energy is linear
in the edge lengths with no quadratic term. We verified that
the results are also robust to this change in model (see SI).
As highlighted previously (12, 13), the latter model can be
di”cult to regularize numerically, especially for larger systems,
so we focus on vertex model results for the remainder of the
main text.

To prepare the initial configuration, we first minimize the
mechanical energy without the active tension term in Eq. (1) to
obtain a force-balanced state. We then initialize the active edge
tensions !ij to match the corresponding passive tensions !P

ij

and perform a second minimization of the full energy, including
the active contribution, to obtain the final initial state. To
ensure that the initial simulated tissues matched experimental
conditions, we tuned the distribution of active edge tensions so
that the average cell shape index and the fraction of vertically
oriented edges in the relaxed state matched those measured
in Drosophila epithelia (Fig. 3). Specifically, we iteratively
varied the mean and standard deviation of active tensions,
minimized the energy, and compared the resulting tissue
properties to experiment until convergence was achieved. For
all our simulations, T1 events are performed when an edge
length becomes shorter than a cuto#. After T1, we also reset
the active edge tension !ij to its average value ↓!↔ (see SI for
more details).

Different methods for achieving a convergent-extensional
flow. To investigate how epithelial tissues undergo convergent
extension, we implemented several distinct methods for driving
tissue elongation.

External shear deformation. One straightforward approach to
simulate convergent extension is to impose a global, externally
applied pure shear deformation. In this method, we deform
the entire tissue, along with the periodic boundary vectors,

using an a”ne transformation

D =
[

1 + ε 0
0 1

1+ω

]
, [3]

where ε is the imposed strain. This deformation stretches
the tissue along the y→axis while compressing it along
x→axis, mimicking the global shape changes observed during
convergent extension in vivo.

After each incremental deformation step, we minimize the
tissue’s mechanical energy at fixed strain to obtain a force-
balanced configuration. While the active edge tensions !ij

remain fixed at their initial values throughout this protocol,
the total edge tensions Tij evolve due to changes in cell
perimeters via the perimeter elasticity term. This stepwise
procedure allows us to systematically investigate how cell
shapes, junctional orientations, and tension distributions
respond to increasing strain. Although this approach does
not incorporate active cellular processes, it serves as a
valuable baseline for understanding the mechanical response of
passive tissues to externally imposed anisotropic deformations.
This rule is also biologically plausible, as the germband in
Drosophila is surrounded by other tissue types undergoing
di#erent morphogenetic transformations, which have been
suggested to apply external shear to the germband (45).

Global gradient descent on edge tension degrees of freedom. An
alternative to externally imposed deformation is to treat
the active edge tensions !ij as tunable degrees of freedom
that actively drive tissue remodeling. In this approach, we
induce convergent extension by dynamically adjusting the edge
tensions via gradient descent on a global cost function. Here,
the ‘task’ we are investigating is how e#ectively the tissue
performs global convergent extension. Since the Drosophila
tissue roughly maintains the same area during the process,
we approximate convergent extension as global pure shear.
Therefore, we define the cost function as

C =
(
Lcurrent

y → Ltarget
y

)2
, [4]

where Lcurrent
y is the current length of the tissue in y-axis,

and Ltarget
y is a prescribed target length that represents the

desired deformation state. This function could be alternatively
defined in terms of Lx. The evolution of edge tensions follows
a gradient descent on this cost function

d!ij

dt
= →ϑ

ϖC
ϖ!ij

, [5]

where ϑ is the tuning rate that controls how rapidly tensions
are updated.

Note that this definition does not encode a stopping point
for the CE process – under this definition of task the tissue
will elongate indefinitely. Recent work suggests that additional
processes or tissue features may lead to arrest of tissue
elongation (12), and such tasks could be incorporated into a
time-varying cost functions (46, 47) in future work.

At each tuning step, after updating the tensions, we
minimize the mechanical energy of the tissue with respect
to the physical degrees of freedom (vertex positions) and the
global pure shear strain ε, which parametrizes the deformation
of the simulation box. The box deformation is updated by
minimizing the total energy with respect to ε, i.e., by solving
ϖE/ϖε = 0 (see SI for more details).
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Λij are tunable degrees of freedom 
that actively drive tissue remodelling.
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Although the framework we develop here can be extended
to other morphogenetic processes, we focus here on convergent
extension in Drosophila because it is a stereotyped and
very well-characterized global tissue deformation in a simple
epithelium. Generally, convergent extension is a morpho-
genetic movement found across many di!erent species in which
epithelial tissues elongate along one axis while narrowing
along the perpendicular axis, which resembles global pure
shear when the overall area remains unchanged. Convergent
extension underlies axis elongation in both invertebrates and
vertebrates, including the Drosophila germband (7, 8). At the
cellular scale, CE is driven by polarized neighbor exchanges,
cell shape changes, and directed cytoskeletal activity (7, 9). A
defining feature of epithelial CE is the anisotropic distribution
of contractile forces at cell-cell interfaces, mediated by planar-
polarized myosin II (10).

In Drosophila, myosin accumulates at anterior-posterior
junctions, where it promotes directional contraction and inter-
calation, while being depleted from dorsal-ventral junctions
(7, 10, 11). These forces are dynamically remodeled and
show feedback sensitivity to tension, with increased myosin
localization at stressed junctions (11). Moreover, supracellular
actomyosin patterns such as cables and bridges (12) emerge
along DV-aligned interfaces, suggesting that coordinated
multicellular structures contribute to global tissue flow (8).
More recently, careful investigations have simulated and/or
inferred specific rules for the molecular feedbacks that drive
observed myosin and tension reorganization in epithelial
tissues (12–28). Given these myriad di!erent proposed rules
for feedbacks, it would be useful to have a systematic method
for comparing them to one another and verifying how e!ective
or robust they are at accomplishing developmentally-important
tissue-scale tasks.

Theoretical models, particularly vertex models, have pro-
vided a natural language for testing whether local mechanical
rules are su”cient to generate large-scale tissue deforma-
tion (9, 29). Simulations have shown that anisotropic ten-
sions—whether imposed externally or generated by molecular
feedback—can drive T1 transitions and axis elongation. Based
on experimental observations, recent work has introduced
dynamic remodeling of edge tensions based on geometric or
mechanical feedback (12–14). This work confirms that vertex
models with several di!erent classes of feedback rules can
successfully generate convergent extension, and also match
observed geometric features of tissues. Therefore, our goal is to
compare the e”ciency and robustness of some of these di!erent
rules or strategies in accomplishing the task of convergent
extension.

To do so, we leverage recent advances in the physics of
tunable matter. Proteins can be viewed as examples of
tunable matter, in which the choices of one in 20 amino
acids at each point in the sequence (the “tunable degrees of
freedom”) determine protein structure and function. Proteins
have been tuned by the biological evolution process. In
contrast, there are self-tuning systems, as has been proposed
for the actin cortex (30) where adaptation is understood as
the systematic self-tuning of internal “tunable” degrees of
freedom characterizing e!ective interactions, in response to
feedback (1, 31–34). In this picture, disordered networks
learn by reorganizing their couplings – i.e. ’tunable degrees of
freedom’ – to reproduce desired responses encoded by a cost

function, in direct analogy to artificial neural networks, where
during training network weights are updated to minimize a loss
function – the di!erence between the prediction and the correct
answer for a training data set (35). In neural networks and
in computer optimization of materials (36, 37), one generally
performs global optimization of the cost function with respect
to the tunable degrees of freedom. However, in physical
systems it is not always possible or desirable to have an on-
board global processor, and instead one must use decentralized
local update rules (1). In many cases, these rules are inspired
by contrastive learning approaches introduced in models
for real, biophysical neural networks (31, 32, 38, 39). Self-
tuning physical systems appear to share important features
with artificial neural networks, such as the fact that they
generally find good solutions even though they are vastly
overparameterized – i.e. they have many more tunable degrees
of freedom than the number of features observed in the
data (33).

The analogy to tissues is striking: like self-tuning physical
networks, embryonic epithelia undergo targeted deformations
by remodeling their internal mechanics in response to local
signals. Indeed, we recently showed that tissues can fluidize
by tuning cell-level properties such as target shapes and areas
(40). Here, the tension along each edge in a vertex model
is treated as an individually tunable degree of freedom, and
the learning task is defined by a cost function that specifies
continuous elongation of the tissue along the anterior-posterior
axis at fixed area. We compare diverse tension-adaptation
processes, including global optimization of the cost function.

We find that several processes are quite e”cient at generat-
ing robust convergent extension, reminiscent of overparameter-
ization results for artificial neural networks (41). Nevertheless,
only processes based on length- and orientation-sensitive local
rules can reproduce experimentally observed in vivo features
such as supracellular myosin patterns and increasing average
cell shape. Indeed, we find that a specific local rule inspired
by contrastive learning best captures the experimental data.
While global gradient descent is slightly faster at generating
CE as the edge tensions are tuned, it produces qualitatively
di!erent solutions and tension patterns from those seen in
experiments, indicating that experimental data can be used
to distinguish whether local or global tuning processes are
employed for a given task.

Methods

Vertex model with active interfacial tensions. We model epithe-
lial tissue dynamics using a modified version of the standard
two-dimensional vertex model (5, 6, 42). In this framework,
each cell is represented as a polygon, and the degrees of freedom
are the positions of the vertices shared between neighboring
cells.

The mechanical energy of the tissue is given by

E =
N∑

i=1

[
KA(Ai → A0)2 + KP (Pi → P0)2]

+
∑

→ij↑

#ij ωij , [1]

where the first summation runs over all cells, and the second
over all edges between adjacent cells. Here, Ai and Pi

are the area and perimeter of cell i, while A0 and P0 are
their corresponding target values. The coe”cients KA and
KP control the sti!ness associated with area and perimeter
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• Global rule — gradient descent: instantaneous update of all Λij  (not biologically realistic)
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Clearly, this rule is not biologically plausible, as it would
require an external processor that knows the state of all edges
simultaneously and uses that information to compute a global
gradient. However, it is by definition the optimal (fastest)
path for achieving global pure shear via altering edge tensions,
and so it provides a useful comparison for other strategies.

Internally-driven deformation via an experimentally-derived local

tension rule. Beyond external shear or global optimization, we
are interested in whether there are local rules – rules that
depend only on features of the edge itself and/or its neighbors
– that could drive the tissue to converge and extend. Such
rules could be biologically plausible, as they do not require
an external processor, and in fact, most of the previously
proposed adaptive rules for edge tensions (12–14, 44) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (48, 49), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di!cult to
simulate/study (50).

For simplicity, we focus here on local rules that do not
possess any internal dynamics. In some cases, they can be
understood as the limit of dynamical models where molecular
feedback processes are fast compared to cellular rearrangement
timescales. One local rule is inspired by a simple experimental
observation – that myosin accumulates on edges oriented along
the DV axis. As shown in Fig. 1(c), the observed pattern is
well approximated by an equation where the concentration of
myosin cmyo is related to the angle that the junction makes
with the AP axis ωij :

cmyo → cos(2ωij) [6]

This suggests an orientation-dependent remodeling rule,
under the assumption that the active tension is proportional
to the concentration of myosin, and that tensions follow this
rule along their dynamic trajectory. Specifically, Wang et al.
(51) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ↑εTij cos(2ωij). [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanism. We then minimize the mechanical energy defined
in Eq. (1) with respect to both the vertex positions and the
global pure shear degree of freedom. The tuning rate and
time step are chosen to ensure numerical stability (see SI for
details).

We note that the noisy data from Fig 1(c) doesn’t strongly
constrain the functional form for the dynamical rule; therefore
we have also studied dynamical rules where the update is
proportional to a triangular or step function in ω and find that
the results are quite similar to that for the cos(2ω) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible. From here on, we refer to this
orientation-dependent local rule as the local rule “O”.

Internally-driven deformation via a theoretically-derived local tension

rule. Another goal of this work is to understand whether
interpreting morphogenetic processes as tuning rules can help
generate new, testable hypotheses for underlying mechanisms
that drive such processes. In the field of tunable matter, an

e”ective local rule is “directing aging,” in which the desired
state is applied as a boundary condition and the energy of the
physical system under that boundary condition is minimized
with respect to the tunable degrees of freedom (52–54).

Inspired by these ideas, we seek a local rule that lowers
the energy in the direction of a pure global shear deformation.
To ensure the rule is local, we study how each edge should
change itself in order to lower the energy in the direction of
pure shear. In the total energy expression of Eq. (1), the third
term represents the total tension energy E!, which depends
on both the edge lengths ϑij and the interfacial tensions #ij .
We study how the linearized version of global pure shear
deformation Eq. (3),

D =
[

1 + ϖ 0
0 1 ↑ ϖ

]
, [8]

impacts the energetic cost, governed by how E! changes with
ϖ. Specifically, the derivative

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϱϑij,x

ϱϖ
ϱϑij

ϱϑij,x
+ ϱϑij,y

ϱϖ
ϱϑij

ϱϑij,y

)
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ϱϑij,x/ϱϖ = ϑij,x and ϱϑij,y/ϱϖ = ↑ϑij,y. Substituting these,
we obtain

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϑ2

ij,x ↑ ϑ2
ij,y

ϑij

)
=

∑

→ij↑

#ijϑij cos(2ωij), [10]

where ωij is the angle of the edge with respect to the x↑axis.
To reduce this resistance locally—i.e., to lower the energy
of the pure shear mode—we propose a feedback rule that
modulates the total tension Tij based on each edge’s length
and orientation. This local rule is given by

dTij

dt
= ↑εTijϑij cos(2ωij), [11]

where ε is the tuning rate. This rule decreases tension along
edges aligned with the x↑axis (AP axis of embryo), where
cos(2ω) > 0, and increases tension along the y↑axis (DV axis
of embryo), where cos(2ω) < 0. As a result, the tissue becomes
more compliant in the direction of convergent extension and
more resistant in the orthogonal direction, biasing the tissue
toward an elongation response. This rule is implemented using
a similar numerical framework as the rule in the previous
section, see SI for details.

This rule is conceptually similar to the directed aging
protocols used to train disordered materials (52, 53). However,
unlike conventional directed aging, where the training arises
from repeated boundary-driven loading, the present local rule
represents a decentralized feedback mechanism that modulates
junctional tensions based on local geometry. This rule is simple,
local, and orientation-based – making it biologically plausible.
From a theoretical perspective, because it involves a single-
edge based approximation to the cost function, it is the best
that the tissue can do at generating pure shear if each edge
has information only about itself.

Comparing to the simple experimentally-based rule from the
previous section, we find that an additional length-dependent
factor ϑij appears in the feedback loop. As shown below,
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Clearly, this rule is not biologically plausible, as it would
require an external processor that knows the state of all edges
simultaneously and uses that information to compute a global
gradient. However, it is by definition the optimal (fastest)
path for achieving global pure shear via altering edge tensions,
and so it provides a useful comparison for other strategies.

Internally-driven deformation via an experimentally-derived local

tension rule. Beyond external shear or global optimization, we
are interested in whether there are local rules – rules that
depend only on features of the edge itself and/or its neighbors
– that could drive the tissue to converge and extend. Such
rules could be biologically plausible, as they do not require
an external processor, and in fact, most of the previously
proposed adaptive rules for edge tensions (12–14, 44) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (48, 49), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di!cult to
simulate/study (50).

For simplicity, we focus here on local rules that do not
possess any internal dynamics. In some cases, they can be
understood as the limit of dynamical models where molecular
feedback processes are fast compared to cellular rearrangement
timescales. One local rule is inspired by a simple experimental
observation – that myosin accumulates on edges oriented along
the DV axis. As shown in Fig. 1(c), the observed pattern is
well approximated by an equation where the concentration of
myosin cmyo is related to the angle that the junction makes
with the AP axis ωij :

cmyo → cos(2ωij) [6]

This suggests an orientation-dependent remodeling rule,
under the assumption that the active tension is proportional
to the concentration of myosin, and that tensions follow this
rule along their dynamic trajectory. Specifically, Wang et al.
(51) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ↑εTij cos(2ωij). [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanism. We then minimize the mechanical energy defined
in Eq. (1) with respect to both the vertex positions and the
global pure shear degree of freedom. The tuning rate and
time step are chosen to ensure numerical stability (see SI for
details).

We note that the noisy data from Fig 1(c) doesn’t strongly
constrain the functional form for the dynamical rule; therefore
we have also studied dynamical rules where the update is
proportional to a triangular or step function in ω and find that
the results are quite similar to that for the cos(2ω) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible. From here on, we refer to this
orientation-dependent local rule as the local rule “O”.

Internally-driven deformation via a theoretically-derived local tension

rule. Another goal of this work is to understand whether
interpreting morphogenetic processes as tuning rules can help
generate new, testable hypotheses for underlying mechanisms
that drive such processes. In the field of tunable matter, an

e”ective local rule is “directing aging,” in which the desired
state is applied as a boundary condition and the energy of the
physical system under that boundary condition is minimized
with respect to the tunable degrees of freedom (52–54).

Inspired by these ideas, we seek a local rule that lowers
the energy in the direction of a pure global shear deformation.
To ensure the rule is local, we study how each edge should
change itself in order to lower the energy in the direction of
pure shear. In the total energy expression of Eq. (1), the third
term represents the total tension energy E!, which depends
on both the edge lengths ϑij and the interfacial tensions #ij .
We study how the linearized version of global pure shear
deformation Eq. (3),

D =
[

1 + ϖ 0
0 1 ↑ ϖ

]
, [8]

impacts the energetic cost, governed by how E! changes with
ϖ. Specifically, the derivative

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϱϑij,x

ϱϖ
ϱϑij

ϱϑij,x
+ ϱϑij,y

ϱϖ
ϱϑij

ϱϑij,y

)
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ϱϑij,x/ϱϖ = ϑij,x and ϱϑij,y/ϱϖ = ↑ϑij,y. Substituting these,
we obtain

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϑ2

ij,x ↑ ϑ2
ij,y

ϑij

)
=

∑

→ij↑

#ijϑij cos(2ωij), [10]

where ωij is the angle of the edge with respect to the x↑axis.
To reduce this resistance locally—i.e., to lower the energy
of the pure shear mode—we propose a feedback rule that
modulates the total tension Tij based on each edge’s length
and orientation. This local rule is given by

dTij

dt
= ↑εTijϑij cos(2ωij), [11]

where ε is the tuning rate. This rule decreases tension along
edges aligned with the x↑axis (AP axis of embryo), where
cos(2ω) > 0, and increases tension along the y↑axis (DV axis
of embryo), where cos(2ω) < 0. As a result, the tissue becomes
more compliant in the direction of convergent extension and
more resistant in the orthogonal direction, biasing the tissue
toward an elongation response. This rule is implemented using
a similar numerical framework as the rule in the previous
section, see SI for details.

This rule is conceptually similar to the directed aging
protocols used to train disordered materials (52, 53). However,
unlike conventional directed aging, where the training arises
from repeated boundary-driven loading, the present local rule
represents a decentralized feedback mechanism that modulates
junctional tensions based on local geometry. This rule is simple,
local, and orientation-based – making it biologically plausible.
From a theoretical perspective, because it involves a single-
edge based approximation to the cost function, it is the best
that the tissue can do at generating pure shear if each edge
has information only about itself.

Comparing to the simple experimentally-based rule from the
previous section, we find that an additional length-dependent
factor ϑij appears in the feedback loop. As shown below,
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• Update of the edge tensions Tij at each 
time step according to the specified local 
feedback mechanism.  

• Minimize the mechanical energy E with 
respect to both the vertex positions and the 
global pure shear degree of freedom. 

• Local tuning rules: dTij/dt = F(local geometry, Tij))  

Orientation rule

Length-Orientation rule

Cost function

Convergence extension as a self-tuning process
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Fig. 1. (a) Schematic of the global gradient descent rule. (b) Schematic of the external pure shear deformation rule. (c) Myosin intensity versus cell–cell edge orientation; the
black curve shows experimental data adapted from (8), and the red curve shows the fit →ω cos 2εij . (d) Schematic of the local tension rule on cell edges, ϑij cos 2εij . (e)
Tissue aspect ratio Lx/Ly versus the number of edge tension update iterations for three remodeling strategies: the local rule ϑ cos(2ε) (orange), the global gradient descent
rule (blue), and the orientation-only rule cos(2ε) (red). Each method is shown for different tuning rates ω as indicated in the legend, with data averaged over multiple samples.
All three methods are capable of driving tissue elongation to arbitrary aspect ratios, with the number of iterations required depending on tuning rate. (f) We show representative
tissue snapshots illustrating convergent extension under different remodeling protocols. Each row corresponds to a different mechanism, with columns showing configurations
at increasing aspect ratios: the initial state at Lx/Ly = 1.0, followed by intermediate (1.45) and elongated (1.9) states. Edge thickness is proportional to total tension, and
colors indicate tension magnitude (darker means higher tension). Notably, at high aspect ratio, the local rule produces cable- and bridge-like structures of aligned high-tension
edges (12), a feature absent in both the GD and externally sheared tissues.
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Fig. 1. (a) Schematic of the global gradient descent rule. (b) Schematic of the external pure shear deformation rule. (c) Myosin intensity versus cell–cell edge orientation; the
black curve shows experimental data adapted from (8), and the red curve shows the fit →ω cos 2εij . (d) Schematic of the local tension rule on cell edges, ϑij cos 2εij . (e)
Tissue aspect ratio Lx/Ly versus the number of edge tension update iterations for three remodeling strategies: the local rule ϑ cos(2ε) (orange), the global gradient descent
rule (blue), and the orientation-only rule cos(2ε) (red). Each method is shown for different tuning rates ω as indicated in the legend, with data averaged over multiple samples.
All three methods are capable of driving tissue elongation to arbitrary aspect ratios, with the number of iterations required depending on tuning rate. (f) We show representative
tissue snapshots illustrating convergent extension under different remodeling protocols. Each row corresponds to a different mechanism, with columns showing configurations
at increasing aspect ratios: the initial state at Lx/Ly = 1.0, followed by intermediate (1.45) and elongated (1.9) states. Edge thickness is proportional to total tension, and
colors indicate tension magnitude (darker means higher tension). Notably, at high aspect ratio, the local rule produces cable- and bridge-like structures of aligned high-tension
edges (12), a feature absent in both the GD and externally sheared tissues.
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Fig. 1. (a) Schematic of the global gradient descent rule. (b) Schematic of the external pure shear deformation rule. (c) Myosin intensity versus cell–cell edge orientation; the
black curve shows experimental data adapted from (8), and the red curve shows the fit →ω cos 2εij . (d) Schematic of the local tension rule on cell edges, ϑij cos 2εij . (e)
Tissue aspect ratio Lx/Ly versus the number of edge tension update iterations for three remodeling strategies: the local rule ϑ cos(2ε) (orange), the global gradient descent
rule (blue), and the orientation-only rule cos(2ε) (red). Each method is shown for different tuning rates ω as indicated in the legend, with data averaged over multiple samples.
All three methods are capable of driving tissue elongation to arbitrary aspect ratios, with the number of iterations required depending on tuning rate. (f) We show representative
tissue snapshots illustrating convergent extension under different remodeling protocols. Each row corresponds to a different mechanism, with columns showing configurations
at increasing aspect ratios: the initial state at Lx/Ly = 1.0, followed by intermediate (1.45) and elongated (1.9) states. Edge thickness is proportional to total tension, and
colors indicate tension magnitude (darker means higher tension). Notably, at high aspect ratio, the local rule produces cable- and bridge-like structures of aligned high-tension
edges (12), a feature absent in both the GD and externally sheared tissues.
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Clearly, this rule is not biologically plausible, as it would
require an external processor that knows the state of all edges
simultaneously and uses that information to compute a global
gradient. However, it is by definition the optimal (fastest)
path for achieving global pure shear via altering edge tensions,
and so it provides a useful comparison for other strategies.

Internally-driven deformation via an experimentally-derived local

tension rule. Beyond external shear or global optimization, we
are interested in whether there are local rules – rules that
depend only on features of the edge itself and/or its neighbors
– that could drive the tissue to converge and extend. Such
rules could be biologically plausible, as they do not require
an external processor, and in fact, most of the previously
proposed adaptive rules for edge tensions (12–14, 44) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (48, 49), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di!cult to
simulate/study (50).

For simplicity, we focus here on local rules that do not
possess any internal dynamics. In some cases, they can be
understood as the limit of dynamical models where molecular
feedback processes are fast compared to cellular rearrangement
timescales. One local rule is inspired by a simple experimental
observation – that myosin accumulates on edges oriented along
the DV axis. As shown in Fig. 1(c), the observed pattern is
well approximated by an equation where the concentration of
myosin cmyo is related to the angle that the junction makes
with the AP axis ωij :

cmyo → cos(2ωij) [6]

This suggests an orientation-dependent remodeling rule,
under the assumption that the active tension is proportional
to the concentration of myosin, and that tensions follow this
rule along their dynamic trajectory. Specifically, Wang et al.
(51) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ↑εTij cos(2ωij). [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanism. We then minimize the mechanical energy defined
in Eq. (1) with respect to both the vertex positions and the
global pure shear degree of freedom. The tuning rate and
time step are chosen to ensure numerical stability (see SI for
details).

We note that the noisy data from Fig 1(c) doesn’t strongly
constrain the functional form for the dynamical rule; therefore
we have also studied dynamical rules where the update is
proportional to a triangular or step function in ω and find that
the results are quite similar to that for the cos(2ω) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible. From here on, we refer to this
orientation-dependent local rule as the local rule “O”.

Internally-driven deformation via a theoretically-derived local tension

rule. Another goal of this work is to understand whether
interpreting morphogenetic processes as tuning rules can help
generate new, testable hypotheses for underlying mechanisms
that drive such processes. In the field of tunable matter, an

e”ective local rule is “directing aging,” in which the desired
state is applied as a boundary condition and the energy of the
physical system under that boundary condition is minimized
with respect to the tunable degrees of freedom (52–54).

Inspired by these ideas, we seek a local rule that lowers
the energy in the direction of a pure global shear deformation.
To ensure the rule is local, we study how each edge should
change itself in order to lower the energy in the direction of
pure shear. In the total energy expression of Eq. (1), the third
term represents the total tension energy E!, which depends
on both the edge lengths ϑij and the interfacial tensions #ij .
We study how the linearized version of global pure shear
deformation Eq. (3),

D =
[

1 + ϖ 0
0 1 ↑ ϖ

]
, [8]

impacts the energetic cost, governed by how E! changes with
ϖ. Specifically, the derivative

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϱϑij,x

ϱϖ
ϱϑij

ϱϑij,x
+ ϱϑij,y

ϱϖ
ϱϑij

ϱϑij,y

)
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ϱϑij,x/ϱϖ = ϑij,x and ϱϑij,y/ϱϖ = ↑ϑij,y. Substituting these,
we obtain

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϑ2

ij,x ↑ ϑ2
ij,y

ϑij

)
=

∑

→ij↑

#ijϑij cos(2ωij), [10]

where ωij is the angle of the edge with respect to the x↑axis.
To reduce this resistance locally—i.e., to lower the energy
of the pure shear mode—we propose a feedback rule that
modulates the total tension Tij based on each edge’s length
and orientation. This local rule is given by

dTij

dt
= ↑εTijϑij cos(2ωij), [11]

where ε is the tuning rate. This rule decreases tension along
edges aligned with the x↑axis (AP axis of embryo), where
cos(2ω) > 0, and increases tension along the y↑axis (DV axis
of embryo), where cos(2ω) < 0. As a result, the tissue becomes
more compliant in the direction of convergent extension and
more resistant in the orthogonal direction, biasing the tissue
toward an elongation response. This rule is implemented using
a similar numerical framework as the rule in the previous
section, see SI for details.

This rule is conceptually similar to the directed aging
protocols used to train disordered materials (52, 53). However,
unlike conventional directed aging, where the training arises
from repeated boundary-driven loading, the present local rule
represents a decentralized feedback mechanism that modulates
junctional tensions based on local geometry. This rule is simple,
local, and orientation-based – making it biologically plausible.
From a theoretical perspective, because it involves a single-
edge based approximation to the cost function, it is the best
that the tissue can do at generating pure shear if each edge
has information only about itself.

Comparing to the simple experimentally-based rule from the
previous section, we find that an additional length-dependent
factor ϑij appears in the feedback loop. As shown below,
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Clearly, this rule is not biologically plausible, as it would
require an external processor that knows the state of all edges
simultaneously and uses that information to compute a global
gradient. However, it is by definition the optimal (fastest)
path for achieving global pure shear via altering edge tensions,
and so it provides a useful comparison for other strategies.

Internally-driven deformation via an experimentally-derived local

tension rule. Beyond external shear or global optimization, we
are interested in whether there are local rules – rules that
depend only on features of the edge itself and/or its neighbors
– that could drive the tissue to converge and extend. Such
rules could be biologically plausible, as they do not require
an external processor, and in fact, most of the previously
proposed adaptive rules for edge tensions (12–14, 44) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (48, 49), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di!cult to
simulate/study (50).

For simplicity, we focus here on local rules that do not
possess any internal dynamics. In some cases, they can be
understood as the limit of dynamical models where molecular
feedback processes are fast compared to cellular rearrangement
timescales. One local rule is inspired by a simple experimental
observation – that myosin accumulates on edges oriented along
the DV axis. As shown in Fig. 1(c), the observed pattern is
well approximated by an equation where the concentration of
myosin cmyo is related to the angle that the junction makes
with the AP axis ωij :

cmyo → cos(2ωij) [6]

This suggests an orientation-dependent remodeling rule,
under the assumption that the active tension is proportional
to the concentration of myosin, and that tensions follow this
rule along their dynamic trajectory. Specifically, Wang et al.
(51) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ↑εTij cos(2ωij). [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanism. We then minimize the mechanical energy defined
in Eq. (1) with respect to both the vertex positions and the
global pure shear degree of freedom. The tuning rate and
time step are chosen to ensure numerical stability (see SI for
details).

We note that the noisy data from Fig 1(c) doesn’t strongly
constrain the functional form for the dynamical rule; therefore
we have also studied dynamical rules where the update is
proportional to a triangular or step function in ω and find that
the results are quite similar to that for the cos(2ω) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible. From here on, we refer to this
orientation-dependent local rule as the local rule “O”.

Internally-driven deformation via a theoretically-derived local tension

rule. Another goal of this work is to understand whether
interpreting morphogenetic processes as tuning rules can help
generate new, testable hypotheses for underlying mechanisms
that drive such processes. In the field of tunable matter, an

e”ective local rule is “directing aging,” in which the desired
state is applied as a boundary condition and the energy of the
physical system under that boundary condition is minimized
with respect to the tunable degrees of freedom (52–54).

Inspired by these ideas, we seek a local rule that lowers
the energy in the direction of a pure global shear deformation.
To ensure the rule is local, we study how each edge should
change itself in order to lower the energy in the direction of
pure shear. In the total energy expression of Eq. (1), the third
term represents the total tension energy E!, which depends
on both the edge lengths ϑij and the interfacial tensions #ij .
We study how the linearized version of global pure shear
deformation Eq. (3),

D =
[

1 + ϖ 0
0 1 ↑ ϖ

]
, [8]

impacts the energetic cost, governed by how E! changes with
ϖ. Specifically, the derivative

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϱϑij,x

ϱϖ
ϱϑij

ϱϑij,x
+ ϱϑij,y

ϱϖ
ϱϑij

ϱϑij,y

)
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ϱϑij,x/ϱϖ = ϑij,x and ϱϑij,y/ϱϖ = ↑ϑij,y. Substituting these,
we obtain

ϱE!
ϱϖ

=
∑

→ij↑

#ij

(
ϑ2

ij,x ↑ ϑ2
ij,y

ϑij

)
=

∑

→ij↑

#ijϑij cos(2ωij), [10]

where ωij is the angle of the edge with respect to the x↑axis.
To reduce this resistance locally—i.e., to lower the energy
of the pure shear mode—we propose a feedback rule that
modulates the total tension Tij based on each edge’s length
and orientation. This local rule is given by

dTij

dt
= ↑εTijϑij cos(2ωij), [11]

where ε is the tuning rate. This rule decreases tension along
edges aligned with the x↑axis (AP axis of embryo), where
cos(2ω) > 0, and increases tension along the y↑axis (DV axis
of embryo), where cos(2ω) < 0. As a result, the tissue becomes
more compliant in the direction of convergent extension and
more resistant in the orthogonal direction, biasing the tissue
toward an elongation response. This rule is implemented using
a similar numerical framework as the rule in the previous
section, see SI for details.

This rule is conceptually similar to the directed aging
protocols used to train disordered materials (52, 53). However,
unlike conventional directed aging, where the training arises
from repeated boundary-driven loading, the present local rule
represents a decentralized feedback mechanism that modulates
junctional tensions based on local geometry. This rule is simple,
local, and orientation-based – making it biologically plausible.
From a theoretical perspective, because it involves a single-
edge based approximation to the cost function, it is the best
that the tissue can do at generating pure shear if each edge
has information only about itself.

Comparing to the simple experimentally-based rule from the
previous section, we find that an additional length-dependent
factor ϑij appears in the feedback loop. As shown below,
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deformations, respectively. The third term describes interfacial
tension: each cell-cell junction ij of length ωij is associated
with an active tension !ij , which may evolve dynamically.
The inclusion of the tension term allows us to model active
mechanical processes at cell interfaces, such as actomyosin
contractility and tension remodeling.

Note that each edge also experiences a passive tension
contribution, denoted by !P

ij , which arises from the perimeter
elasticity of the adjacent cells. For an edge ij shared
between cells m and n, this passive tension is given by
!P

ij = 2KP [(Pm → P0) + (Pn → P0)]. The total tension on
edge ij therefore becomes

Tij = !ij + !P
ij = !ij + 2KP [(Pm → P0) + (Pn → P0)] , [2]

where !ij is the active tension component.
We perform our simulations using the open-source cellGPU

framework (43). To initialize the tissue, we place N random
seed points in a square periodic box of size Lx = Ly =

↑
N

and construct the corresponding planar tissue using a Voronoi
tessellation. Unless otherwise specified, we use parameters
KA = KP = 1, with target area and perimeter values A0 = 1
and P0 = 3.7, which ensures that the passive contributions to
the overall tension are small relative to the active tensions. We
verified that our main results are robust to variations in P0,
provided the tissue remains in a solid-like state, which requires
P0 < 3.9. We also studied an active tension model (12, 44)
where there are no passive tensions and the energy is linear
in the edge lengths with no quadratic term. We verified that
the results are also robust to this change in model (see SI).
As highlighted previously (12, 13), the latter model can be
di”cult to regularize numerically, especially for larger systems,
so we focus on vertex model results for the remainder of the
main text.

To prepare the initial configuration, we first minimize the
mechanical energy without the active tension term in Eq. (1) to
obtain a force-balanced state. We then initialize the active edge
tensions !ij to match the corresponding passive tensions !P

ij

and perform a second minimization of the full energy, including
the active contribution, to obtain the final initial state. To
ensure that the initial simulated tissues matched experimental
conditions, we tuned the distribution of active edge tensions so
that the average cell shape index and the fraction of vertically
oriented edges in the relaxed state matched those measured
in Drosophila epithelia (Fig. 3). Specifically, we iteratively
varied the mean and standard deviation of active tensions,
minimized the energy, and compared the resulting tissue
properties to experiment until convergence was achieved. For
all our simulations, T1 events are performed when an edge
length becomes shorter than a cuto#. After T1, we also reset
the active edge tension !ij to its average value ↓!↔ (see SI for
more details).

Different methods for achieving a convergent-extensional
flow. To investigate how epithelial tissues undergo convergent
extension, we implemented several distinct methods for driving
tissue elongation.

External shear deformation. One straightforward approach to
simulate convergent extension is to impose a global, externally
applied pure shear deformation. In this method, we deform
the entire tissue, along with the periodic boundary vectors,

using an a”ne transformation

D =
[

1 + ε 0
0 1

1+ω

]
, [3]

where ε is the imposed strain. This deformation stretches
the tissue along the y→axis while compressing it along
x→axis, mimicking the global shape changes observed during
convergent extension in vivo.

After each incremental deformation step, we minimize the
tissue’s mechanical energy at fixed strain to obtain a force-
balanced configuration. While the active edge tensions !ij

remain fixed at their initial values throughout this protocol,
the total edge tensions Tij evolve due to changes in cell
perimeters via the perimeter elasticity term. This stepwise
procedure allows us to systematically investigate how cell
shapes, junctional orientations, and tension distributions
respond to increasing strain. Although this approach does
not incorporate active cellular processes, it serves as a
valuable baseline for understanding the mechanical response of
passive tissues to externally imposed anisotropic deformations.
This rule is also biologically plausible, as the germband in
Drosophila is surrounded by other tissue types undergoing
di#erent morphogenetic transformations, which have been
suggested to apply external shear to the germband (45).

Global gradient descent on edge tension degrees of freedom. An
alternative to externally imposed deformation is to treat
the active edge tensions !ij as tunable degrees of freedom
that actively drive tissue remodeling. In this approach, we
induce convergent extension by dynamically adjusting the edge
tensions via gradient descent on a global cost function. Here,
the ‘task’ we are investigating is how e#ectively the tissue
performs global convergent extension. Since the Drosophila
tissue roughly maintains the same area during the process,
we approximate convergent extension as global pure shear.
Therefore, we define the cost function as

C =
(
Lcurrent

y → Ltarget
y

)2
, [4]

where Lcurrent
y is the current length of the tissue in y-axis,

and Ltarget
y is a prescribed target length that represents the

desired deformation state. This function could be alternatively
defined in terms of Lx. The evolution of edge tensions follows
a gradient descent on this cost function

d!ij

dt
= →ϑ

ϖC
ϖ!ij

, [5]

where ϑ is the tuning rate that controls how rapidly tensions
are updated.

Note that this definition does not encode a stopping point
for the CE process – under this definition of task the tissue
will elongate indefinitely. Recent work suggests that additional
processes or tissue features may lead to arrest of tissue
elongation (12), and such tasks could be incorporated into a
time-varying cost functions (46, 47) in future work.

At each tuning step, after updating the tensions, we
minimize the mechanical energy of the tissue with respect
to the physical degrees of freedom (vertex positions) and the
global pure shear strain ε, which parametrizes the deformation
of the simulation box. The box deformation is updated by
minimizing the total energy with respect to ε, i.e., by solving
ϖE/ϖε = 0 (see SI for more details).
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• The local LO learning rule  is the one that best recapitulates planar polarised patterns of tension (MyosinII)
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Figure 5. Gb13F/Gg1 Activates and Polarizes Junctional Rho1 Signaling in the Ectoderm
(A) Apical (0 mm) and junctional (1.5 mm) confocal z sections of ventro-lateral ectodermal cells expressing Ani-RBD::GFP in control, Gg1 germline clone (Gg1!),

and Gb13F/Gg1-overexpressing embryos (Gb13F/Gg1++).

(legend continued on next page)
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Fig. 3. Macroscopic mechanical observables under different convergent-extension mechanisms. (a) Fraction of vertically oriented edges, fv , defined as the fraction of
edges with orientation angle ω satisfying 75→ < ω < 105→, where ω is measured with respect to the horizontal (x-) axis. Experimental data (black circles) are replotted from
Ref. (11). Simulation results are shown for four protocols: external shear (green diamonds), global gradient descent (blue circles), local rule O (red pentagons), and local rule
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→
A, where P and A are the cell perimeter and area, respectively. Experimental data (black circles) are reproduced from Ref. (51).

capitulate the coupled cell-shape and junction-alignment
dynamics observed in convergent extension, but the local
rule LO depending on both length and orientation performs
substantially better. This is the main result of our study.

Statistics of cell-scale features under different tuning pro-
cesses. From the tissue states obtained via di!erent tuning
processes, we can quantify the statistical properties of various
cell-scale features imprinted in the tissue, which can help us
understand dynamical flows in the phase space of tunable
degrees of freedom and quantify robustness.

We begin by examining the distribution of total edge
tensions as tissues elongate, as we speculate that high tension
edges are expensive and therefore not preferred. Fig. 4a)
illustrates the strain evolution of the edges tensions normalized
by their average value at zero strain, Tij/ →Tij↑0 under the local
rule LO. As deformation progresses, we observe a gradual
emergence of high-tension edges, manifested as a growing tail
in the distribution. Concurrently, the curves shift to the right
as the overall average tension in the tissue increases, reflecting
the cumulative buildup of contractile forces over time. On the
other hand, tissues undergoing convergent-extension via GD
gradually decrease the high tension tails and do not exhibit a
build-up of tension (Fig. 4d).

Notably, the high tail of active tensions is significantly
enhanced for the rule LO. To further quantify the behavior
of the tails, we fit these distributions to a gamma function
f(x) ↓ xω→1e→εx, where ω > 1 characterizes the low tension
onset, and ε characterizes the fall o! of the high tension tails
(see SI). ε decreases substantially as a function of the strain
for the local rule LO, quantifying how the tails become heavier
(Fig. 4a) inset), while under GD ε increases, indicating the
tails become lighter (Fig. 4d inset).

Next, we compare this distribution across di!erent tuning
processes and external shear conditions near the end of the
process, at ϑ = 0.4. Fig. 4g compares the distributions of
active tensions for all of the tuning processes, plus external
shear, at a high tissue strain of ϑ = 0.4. The local rule LO,
which agrees best with experimental data, has a significantly

enhanced high tail. In other words, high junctional tensions
do not appear to be penalized, suggesting that active tensions
costs are not an important biological constraint. The dashed
lines in Fig. 4g show fits to a gamma distribution (see SI). The
inset of Fig. 4g confirms that the LO rule yields a smaller ε,
consistent with a heavier-tailed distribution.

We next examine how susceptible edge tensions are to me-
chanical perturbations, as we speculate that highly susceptible
edges make the system fragile with respect to mechanical
perturbations, and may be penalized. To do so, we utilize
the concept of edge susceptibility, following the approach
by Guzmán et al. (59). Edge susceptibility quantifies how
sensitively the length of a given edge changes in response to
infinitesimal forces applied at tissue vertices. It provides a
local measure of mechanical responsiveness, capturing how
edge geometry couples to global force distributions. Formally,
for each edge ij, we define a susceptibility vector ϖsij , whose
components describe how the length ϱij of edge ij changes
in response to a unit force applied at each vertex k in the
tissue. This definition reflects the linear response of edge ij to
perturbations of physical degrees of freedom (vertex positions).
The details of computation of this quantity are described in
the SI. To summarize this information in a scalar form, we
compute the squared Euclidean norm of the susceptibility
vector sij = ↔ϖsij↔2. This scalar measure sij quantifies the
overall mechanical sensitivity of edge ij, with larger values
indicating edges that undergo significant length changes under
force perturbations.

Strikingly, the high tail of the distribution of susceptibilities
is suppressed for the local rule LO (Fig. 4b) compared to
gradient descent ((Fig. 4e). Furthermore, as deformation pro-
gresses, we observe further suppression of high-susceptibility
edges, manifested as a shrinking tail in the distribution. For
gradient descent, on the other hand, we observe that the
distribution of sij remains constant as tissue deforms (see
Fig 4e). To quantify this evolution, we fit these distributions
to a gamma distribution, as well. As shown in the insets to
Fig. 4b) and e), ε increases systematically under the local rule
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• Fraction of vertically oriented edges, fv , 
defined as the fraction of edges with 
orientation angle θ (75◦ <θ<105◦), where θ 
is measured with respect to the AP (x-) axis. 

• Average cell shape index p= P/√A 
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probability distributions at ϑ = 0.40 ± 0.02 across different protocols: global GD (blue), local rule cos(2ε) (red), external shear (green), and local rule ω cos(2ε) (orange).
Each distribution is aggregated over 50 independent samples. Together, these panels illustrate how microscopic mechanical statistics evolve during tissue deformation and how
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• Edge tension   
• Susceptibility (how sensitively the length of an 

edge changes in response to infinitesimal 
forces applied at tissue vertices). 
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LO, reflecting the progressive suppression of highly susceptible
edges, whereas it remains nearly constant for gradient descent.

Again, we compare edge susceptibility distributions for all
three tuning processes as well as external shear in Fig. 4h
at the tissue strain of ω = 0.4. Clearly, the local rule LO
(orange) has the most suppressed high tail of susceptibilities.
This is further supported by the largest fitted ε value (inset
of Fig. 4h), consistent with the strongest suppression of high-
susceptibility edges. These results suggest that maintaining
tissue configurations that are mechanically more robust may
be biologically important.

We are also interested in tension heterogeneity within
individual cells, as we speculate that it may be di!cult for
cells to maintain a large di”erential in surface energies between
nearby surfaces. Therefore, we quantify the cellular tension
anisotropy, defined as #T C

ij = max(Tij) → min(Tij), which
measures the di”erence between the highest and lowest total
edge tensions in each individual cell. For the local rule LO,
we observe that the tail of #T C

ij increases steadily with strain,
indicating that local remodeling leads to growing cellular
tension anisotropy during convergent extension (Fig. 4c). For
gradient descent, on the other hand, this tail shifts towards
lower values as the tissue elongates (see Fig. 4f). As with the
tension distributions, we are able to fit these data well with
a gamma distribution and study how the high-tail parameter
ε changes with strain, shown in the insets to Fig. 4c and f.
Fig. 4i shows that tension anisotropy is highest for the local
rule LO. This suggests that maintaining low tension-anisotropy
may not be particularly important biologically.

Discussion. In this work, we reinterpret convergent extension
(CE) in epithelial tissues as a tuning process, wherein junc-
tional tensions are adaptively remodeled to achieve global
tissue elongation. By comparing four distinct driving mech-
anisms—externally imposed shear, global gradient descent
(GD), the length- and orientation-dependent local rule LO
and an orientation-only local rule O, we show that only local
rule LO robustly reproduces key experimental signatures of
CE, including the formation of supracellular extended linear
structures reminiscent of myosin patterns, progressive cell
elongation, and junctional reorientation.

Our results highlight the biological plausibility of decen-
tralized tension adaptation. The best-performing local rule,
dTij

dt = →ϑTijϖij cos(2ϱij), leverages purely local geometric
cues to regulate edge tensions. Unlike global methods
that require tissue-wide information flow, this rule achieves
directional specificity and progressive remodeling through local
computations alone. The inclusion of the edge length term
ϖij amplifies feedback on longer junctions, leading to patterns
of cell shape anisotropy and tension alignment that are most
similar to experimental observations. Note that Fig. 2(a) shows
that the LO rule (orange) has a larger cumulative optimization
misalignment with the direction of gradient descent than the
O rule, suggesting that the magnitude of the misalignment is
not important as long as it is not too high.

Viewing CE through the lens of tuning also reveals
possible tradeo”s among competing constraints. We find
that di”erent remodeling strategies produce distinct outcomes.
Global gradient descent e!ciently drives elongation but yields
homogeneous, mechanically fragile tissues with high edge
susceptibility. In contrast, the local rule LO generates het-
erogeneous, ”robust-by-design” tension landscapes that bu”er

perturbations. This connection opens a pathway to classify
morphogenetic strategies by their di”erent tradeo”s among
competing possible biological priorities, providing a unifying
language to describe the importance of energy e!ciency,
robustness, and evolutionary constraints in developmental
systems.

While our initial work focuses on mechanical edge suscepti-
bilities as a measure of robustness, future studies could also
directly investigate the robustness of di”erent tuning strategies
to specific time-varying perturbations, such as laser ablation (9)
or localized optogenetic perturbations to myosin (23). One
could also investigate environmental perturbations such as
temperature changes or exposure to environmental toxins. An
interesting question that emerges is whether the local rule LO
is generically more robust to all of these types of perturbations
compared to gradient descent, and whether this might be
related to configurational entropy of the states (60).

A related set of questions involves the choice of cost function
for the learning rule. Here, we defined the task as pure
global shear, which is ultimately related to the concept of
’developmental checkpoints’ (61, 62) – e.g. Drosophila must
extend its body axis far enough at this stage in order to move
successfully to the next stage of development (63). In other
words, we decided that it was reasonable to start with the
hypothesis that the purpose of this developmental process was
to su!ciently elongate the body axis. Many developmental
biologists and biophysicists heuristically think and talk about
morphogenetic processes in this way, and cost functions provide
a quantitative method to encode this information and then
test hypotheses.

On the other hand, one could envision many other things
that may be important for the embryo to accomplish at the
same time – perhaps conserve energy, be robust to specific
environmental conditions, etc. One path forward would
be to develop and study cost functions that encode these
tradeo”s directly, for example supplementing Eq. 4 with an
additional term that penalizes mechanical energy expenditures.
Although the space of possibilities is vast, it should be possible
to systematically study the impact of tuning processes and
tradeo”s, and to search for signatures of these processes in
developmental systems. Di”erent rules and di”erent tradeo”s
should also react di”erently to fast perturbations like laser
ablation or optogenetic tools, which could provide a useful
avenue for validation.

One of the utilities of the cost function framework we
describe here is that it should be immediately extendable to
other types of morphogenetic flows. Although we focused on
the simplest deformation, global pure shear, it is straightfor-
ward to replace the cost function given by Eq. 4 with one
that encodes an arbitrary spatial pattern: e.g. a sink at one
location, a shear flow in another, an extensile flow in a third
location. This would be exciting to study in more complicated
morphogenetic processes, and may also be useful for thinking
about designing flows in non-biological active materials (64).

Other extensions could involve more realistic simulations
of the tissue models or the tuning processes. For example,
simulating CE on curved surfaces could test how tension
anisotropy interacts with tissue geometry, which is potentially
important in ellipsoidal embryos. One could also include
additional features in the model – such as cell turnover – or
develop 3D models that include apical cell constriction (65–
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• LO: heterogenous, robust 
• GD: homogenous, susceptible
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• Cell decision during development 

• Cell motility
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cluster at the origin of themesodermal branch, indicated by a red
star *, is also at the origin of a branch going to neural tissues. The
cells in this cluster are enriched for both neural and mesodermal
transcription factors (sox2 and tbxta, respectively; Data S1).

These transcription factors are the molecular signature of the
NMPs—a recently characterized population of late pluripotent
axial progenitors believed to contribute to mesoderm and neural
tissue post-gastrulation.22,28

A

CB D

Figure 3. Whole-embryo RNA velocity and derived cell state transition map
(A) Projection (UMAP) of zebrafish embryo transcriptomes (early development, 10 to 24 hpf time points), color coded by cell type. Arrow streams correspond to

the average RNA velocities of single cells. On the right, stack bar plot of the cell-type proportion over time.

(B) Workflow to reconstruct state transitions from RNA velocity graph. (1) Weighted directed graph represents the expected transitions between transcriptional

states from single cells. (2) This graph defines a Markov process that can be represented as a matrix. (3) We can then estimate cluster transitions by simulating

successive state transitions for groups of cells through the graph. (4) Finally, we summarize cluster-level transitions as a coarse-grained graph.

(C) Examples of average transition probabilities for neural tube, endothelial cells, and mesodermal tissue.

(D) A coarse-grain graph of cell state transitions shows transitions between all cell states. The width of the arrows is proportional to the transition rates. Colors and

numbers correspond to the annotation in (A). Nodes grouped by a bounding box indicate clusters of cells that belong to the same broad cell types; colors

correspond to those in (A). Very weak edges should be interpreted with caution, e.g., the connection between germline cells and endoderm might be spurious.

See also Video S1C and Data S1.
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individuals can be very large, even up 
to several feet in diameter. Given the 
right conditions (depleted food and 
exposure to light), a plasmodium will 
develop small, stalked fruiting bodies 
resembling typical fungal molds. 
These fruiting bodies contain haploid 
spores, each of which hatch a single 
mononucleate amoeba, completing the 
basic life cycle.

How long has Physarum been used as 
a model in biology? The groundwork for 
research on Physarum was laid by H.P. 
Rusch and colleagues, and during its 
heyday in the late 1970s to early 1980s, 
there were about 60 Physarum papers 
per year. Research ranged around three 
topics: differentiation and development, 
the cell cycle, and motility. Its complex, 
potentially reversible life cycle made 
the slime mold a rich model for 
developmental biologists. Because 
Physarum’s plasmodium has a naturally 
synchronous nuclear division, with 
thousands of nuclei dividing every 8–10 
hours, the organism is ideal for cell 
cycle experiments. Moreover, the slime 
mold moves using an acto-myosin 
cytoskeletal system similar to systems 
used by animals, and is a widely 
relevant model for motility. The last 
decade has been witness to a surge of 
interest in the self-organizing behaviors 
of Physarum’s tubular network and the 
use of these behaviors to solve complex 
engineering problems.

Why is Physarum sometimes 
described as ‘intelligent’? Obviously, 
Physarum doesn’t have a brain, but 
its emergent behaviors are more 
complex than the localized decisions 

Physarum

Karen Alim1,*, Natalie Andrew2, 
and Anne Pringle2

What is Physarum? Physarum, 
or more precisely Physarum 
polycephalum, is an acellular slime 
mold, or myxogastrid. Myxogastrids 
are closely related to the cellular slime 
molds, or dictyostelids, including the 
well known Dictyostelium discoideum. 
Physarum is more distantly related 
to the protostelids (together these 
groups are discussed as the 
eumycetozoans, or ‘true’ slime molds) 
and very distantly related to other 
species also called slime molds, for 
example acrasids. 

Why ‘acellular’? Physarum first grows 
as single-celled amoebae, but the 
amoebae fuse, and the organism 
loses its ‘cellular’ makeup (Figure 1). 
As the organism continues to grow, 
nuclei divide without cell division. 
The resulting bag of nuclei is called 
a ‘coenocyte’ or ‘plasmodium’. It is 
covered in a layer of glycoprotein 
gel, giving it a slimy appearance. 
The plasmodium forms a tubular 
network, and as it moves, the 
network is reshaped and adapted 
to the environmental stimuli the 
tubes encounter. Cytoplasm streams 
through the network, and the streams 
periodically change direction. Slime 
molds are typically found in moist forest 
environments and probably feed on 
microbes growing in leaf litter, bark, 
mushrooms and other substrates. Here, 

of its parts, and the slime mold can 
solve complicated problems. For 
example, it can find the shortest 
path through a maze. The network 
can connect different resources and 
allocate biomass proportionally to 
derive an optimal diet. Networks 
transport substrates efficiently, but 
also are sufficiently redundant to be 
robust to the destruction of tubes. 
As these examples illustrate, the 
organism makes behavioral decisions 
based on aggregate knowledge of 
each of its parts. Physarum must have 
mechanisms to move information along 
its tubes, and sum diverse sources of 
information into a behavior.

What enables communication across 
an individual? Information in the form 
of molecular signals and nutrient 
concentrations can be rapidly sent 
around the tubular network using the 
streaming cytoplasm. Cytoplasmic 
flows change direction about every 100 
seconds, and can reach speeds of up to 
1 mm/s. Cross-sectional, acto-myosin 
based contractions of the tubes drive 
flows. Contractions are organized in a 
peristaltic wave to create coordinated 
flows optimal for transport. The length 
of the peristaltic wave is actively 
matched to the organism’s size, so 
that points of zero flow velocity are 
eliminated. With these flows signaling 
molecules or nutrients are rapidly 
distributed throughout the organism. 
The net transport of cytoplasm from one 
end of the network to the other is also 
the basis for movement by the slime 
mold. Cytoplasmic flows not only move 
signals, they also move the organism as 
a whole. 

Figure 1. Physarum polycephalum.
(A) The slime mold is typically found on organic substrates in humid, shady habitats. Scale bar ~0.5 cm. (B) Bright field microscopy image show-
ing the tubular network of the organism with more fan-like structures at the growing front (to the right). Scale bar 0.5 cm. (C) The cytoplasm 
streams within the network’s tubes. Scale bar 100 µm.
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Definition: Learning degrees of freedom: 
Elements of the material that change as described by a 
system-dependent dynamical process called a learning rule
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Learning is not centralised (ie. computer) but distributed in the 
many components of the system.

Ingredients:  
• Physical degrees of freedom (d.o.f): s, respond to input signal/

stimulus f, s( f ), and defines the output configuration/state. 

• Learning degrees of freedom (d.o.f): θi, modify how the physical 
d.o.f  s( f ; {θi}) respond to external signal f.  

• Learning rule:  dθi = h(s( f ; {θi}))dt  modifies the learning d.o.f 
based on how the physical d.o.d respond to signal f.  

• The physical d.o.f evolve on shorter time scale than learning d.o.f 

• A learning cost function is used to quantify learning  C(s( f ; {θi}))

Properties of a learning material

27
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Hebbian learning - lessons from neuroscience

Thomas LECUIT   2024-2025

« Neurons wire together if they 
fire together » 

« Let us assume that the persistence or repetition of a 
reverberatory activity (or "trace") tends to induce 
lasting cellular changes that add to its stability. ... 
When an axon of cell A is near enough to excite a cell 
B and repeatedly or persistently takes part in firing it, 
some growth process or metabolic change takes place 
in one or both cells such that A’s efficiency, as one of 
the cells firing B, is increased ».

« If the inputs to a system cause the same pattern of 
activity to occur repeatedly, the set of active 
elements constituting that pattern will become 
increasingly strongly inter-associated. That is, each 
element will tend to turn on every other element 
and (with negative weights) to turn off the elements 
that do not form part of the pattern. To put it 
another way, the pattern as a whole will become 
'auto-associated'. We may call a learned (auto-
associated) pattern an engram »

1949

Donald E. Hebb (1904-1985)

D. O. Hebb, The Organization of Behavior; a Neuropsychological Theory 
(Wiley, New York, 1949)



Biological learning - neural network

Thomas LECUIT   2025-2026
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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Figure 1
Physical learning versus computer-aided design. (a) Materials are often (i) computationally designed for particular properties or
responses, either entirely on a computer or through (ii) an iterative design-build-test process. In contrast, given external stimuli, in
physical learning (iii), materials autonomously modify their parameters to adopt desired properties or functions. Such autonomous
learning machines modify themselves based on their response to stimuli according to physical “learning rules,” which can be classi!ed
by the level of supervision. (b) Physical unsupervised learning, e.g., (i) molecular self-assembly with Hebbian-learned interactions (2),
(ii) Hebbian growth (3), and (iii) directed aging in elastic networks (4; subpanel provided by N. Pashine). (c) Physical supervised
learning, e.g., (i) thumbs-up-or-down rules in creased sheets (5), (ii) contrastive learning in "ow networks (6), and (iii) spike-timing-
dependent plasticity in memristor neural nets (subpanel adapted from Reference 7; CC BY 4.0). Abbreviations: PRE, presynaptic
neuron; POST, postsynaptic neuron; RRAM, resistive random access memory.
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focus on somewhat more detailed plasticity models
adapted for spiking neural network (SNN) models. We
do not cover computational models that represent
biochemical and biophysical synaptic processes here,
though these are relevant in the domain of neurophar-
macology [40,41].

Spike-timing dependent plasticity (STDP)
STDP is by far the most commonly used synaptic plas-
ticity model for SNN. It is a data driven, phenomeno-
logical model [42,43] in which the weight change is
dependent on the relative timing of pre- and post-
synaptic spikes. A wide variety of symmetric and asym-
metric STDP kernels have been described and
evaluated, and a triplet-STDP model was developed as
an extension to achieve a better fit with experimental

data [44,45]. A reward-dependent STDP kernel with
eligibility traces, r-STDP, was developed by Izhikevich
[46] and employed to model synaptic WM [47].
Notably, STDP models can be related to non-spiking
rate models under the assumption of Poisson firing of
both pre- and postsynaptic neurons and can then
reproduce standard rate-based Hebbian as well as anti-
Hebbian learning [48].

The Bayesian confidence propagation learning rule
(BCPNN)
The BCPNN model has been used in several recent
models of Hebbian synaptic WM. Its learning rule was
derived in a straightforward way from Bayes rule, first for
non-spiking models of cortical associative memory but
later also adapted for SNN [49e51]. Activation and co-

Box 1. Hebbian, unlike non-Hebbian, plasticity can encode novel memories

A. Forming novel memories and associations is a hallmark of human memory. The figure below illustrates that the outcome of non-Hebbian-STP
is unspecific by enhancing all outgoing synapses from neurons activated by a stimulus. In contrast, Hebbian plasticity potentiates selectively
synapses targeting only active postsynaptic neurons and thus forms a retrievable memory. As a result, cue-driven recall in neural circuits with only
non-Hebbian-STP leads to a spreading activation, unlike in circuits with Hebbian-STP, where a retrievable memory is encoded.

B. The low discriminability of non-Hebbian plasticity is further illustrated by the below weight matrices (W) resulting from encoding seven sparse
random patterns in a small recurrent attractor memory using Hebbian compared to pre- and postsynaptic non-Hebbian plasticity. Synaptic
facilitation or augmentation are examples of presynaptic non-Hebbian-STP and an intrinsic excitability change is an example of post-synaptic
non-Hebbian-STP.

Fast Hebbian plasticity andWM Lansner et al. 3

www.sciencedirect.com Current Opinion in Neurobiology 2023, 83:102809

Lansner et al. Current Opinion in Neurobiology (2023), 83:102809
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Learning degrees of freedom: 
strength of connectivity
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Time scales in biological learning

• Physical degrees of freedom: Fast response variable s( f )
• Learning degrees of freedom: Slow evolving variable s( f ; {θi})

• Global vs Local sensing and tuning/update 

dθi = h(s( f ; {θi}))dt  

Fast Slow

• State depends on history due to memory of past stimuli in the system

30



Learning the geometry of the environment in Ciliates

Thomas LECUIT   2025-2026

4. A mathematical model for adaptive behaviour
to a confined space

The swimming of a ciliate is driven by the collective motion of
many cilia, which is controlled by the membrane potential and
the Ca2þ current [6,20–22]. When the anterior part of a ciliate
collides with an obstacle, Ca2þ ions flow into the cell and lead
to reversal of the ciliary beat. The ciliate then changes direction
and the turning angle depends on the period over which Ca2þ

exceeds the threshold concentration [23]. A spontaneous turn
sometimes occurs without collision with the wall due to exci-
tation of the membrane evoked by internal and external
fluctuations [24–28].

Based on the biochemical process that controls swim-
ming, we propose a simple mathematical model. Let a
ciliate be represented by a point particle with position (x(t),

y(t)) at time t. The swimming motion can then be described
as ð _x, _yÞ ¼ ð!v cos uðtÞ, !v sin uðtÞÞ, where !v is the speed (con-
stant) and uðtÞ [ ½&p, p' is the measured angle of the
swimming direction with respect to the x-axis, as shown in
figure 2a1.

Next, we describe the motion when the cell comes into
contact with the vessel wall: the ciliate moves along the
wall without any frictional resistance. That is, it slips along
the wall. As shown in figure 2a2, the swimming trajectory
is then given by the projection of the hypothetical free
motion (in the case of no wall) onto the vessel wall, which
is ð _x, _yÞ ¼ ð!v coswðtÞ coscðx, yÞ, !v coswðtÞ sincðx, yÞÞ, where
cðx,yÞ [ ½&p, p' is the angle of the vessel wall at the contact
point with the cell and w(t) [ [0, p/2] is the contact angle
between the vessel wall and the direction of hypothetical
free motion of the cell.
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Figure 1. Typical swimming trajectories of Tetrahymena before and after the confinement: (a1) in a wide, open space before confinement in a small space; (a2 – a4)
in the confined space of a spherical droplet of diameter 0.3 mm; (a5, a6) in an open space after confinement. Solid and dashed lines show the trajectories of
swimming and the shape of the confined space, respectively. (b1 – b3) Statistical occurrence of maximum distance (MD) in the function of t at the diameter of
droplet, 0.3 mm. Grey level indicates a normalized frequency according to the grey chart on the right. (c,d) Dependence of the diameter of circular motion on the
diameter of the confined space experienced, re-drawn from (c). The left numbers in each panel of (c) indicate the diameters of the confined space (mm), and the
numbers in parentheses on the right indicate the number of experiments, number of results of type (a5), (a6), number of circular trajectories count, total obser-
vation time in minute for counting the circular trajectory. The error bars in (d ) represent the standard error. The dashed line indicates where the two diameters are
equal. Number of results of type (a5), (a6) (diameter of droplet, mm): 15(0.3), 13(0.4), 14(0.5), 11(0.6).
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Tetrahymena thermophila
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Swimming trajectories (—) of Tetrahymena before and after confinement:  
(a1) in an open space  
(a2 – a4) in the confined space of a spherical droplet (- - -) D=0.3 mm 
(a5, a6) in an open space after confinement.  
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Biological learning — cell motility in bacteria

dθi = h(s( f ; {θi}))dt  

Fast Slow: gene expression (Laf)

Nature Reviews | Microbiology

Flagellum

Pilus retraction

Focal-adhesion complexes

Spreading by growth

Swarming

Twitching

Gliding

Sliding

Swimming

Flagellum

Focal-adhesion complex
A putative cell surface- 
associated complex that 
anchors a bacterium to a 
substrate and might act as  
a motor for gliding motility. 
When coupled to an internal 
motor, the cell body moves 
relative to the focal-adhesion 
complex.

by geneticists, and selection against swarming may be 
artificial in favour of small, compact colonies.

Swarming motility generally requires an energy-rich, 
solid medium, but the specific conditions that support 
swarming depend on the organism concerned. Some 
bacteria, such as Bacillus subtilis, swarm on a wide range 
of energy-rich media, whereas other bacteria, such as 
Salmonella enterica and Yersinia entercolitica, require 
the presence of particular supplements (for example,  
glucose)16–18. Swarming is promoted by high growth 
rates, which may account for the requirement for energy-
rich conditions12,19,20. Although some bacteria can swarm 
over almost any agar surface, most swarming bacteria 

require soft agar in a narrow range of concentrations. 
Media that are solidified, with agar concentrations above 
0.3%, exclude swimming motility and force the bacteria 
to move, if possible, over the surface, and agar concen-
trations above 1% prohibit swarming of many bacterial 
species. It is conceivable that the standard 1.5% agar  
that is used to solidify media in the laboratory was  
specifically chosen for swarming inhibition.

When conducting swarming-motility assays, a 
defined set of conditions must be established and rigor-
ously adhered to21. The water content of the medium is 
a crucial factor: too little water results in poor swarming, 
whereas too much water may permit swimming motility. 
To control the water content, swarm plates are poured 
to a standard thickness when the agar is relatively cool 
(~50 ºC), thereby minimizing water loss from conden-
sation on the plate lid. Finally, plates are dried briefly 
(for ~15 minutes), open-faced, in a laminar flow hood 
to remove surface water and minimize the contribution 
of swimming motility to surface movement12,21.

Requirements for swarming motility
Flagella are the most important requirement for swarm-
ing motility, along with an increase in flagellar bio-
synthesis, but this type of movement also requires an 
increase in cell–cell interactions and the presence of  
a surfactant.

Flagella. Flagella may be observed by phase contrast 
microscopy using a simple crystal violet-based stain22, 
by fluorescence microscopy using fluorescent dyes23,24 
or by electron microscopy25,26. The presence of flagellated 
cells at the front of a spreading colony is consistent with, 
but not conclusively demonstrative of, the mechanism 
of swarming motility. To confirm the mechanism of 
swarming, mutants with defects in flagella synthesis or 
function must be used to abolish colony spreading27.

Most bacteria that swarm have a peritrichous arrange-
ment of flagella, in which multiple flagella are distributed 
randomly on the cell surface11,18,25,28–30. Peritrichous flag-
ella bundle together when rotated, to effectively increase 
flagellar stiffness and make force generation more effi-
cient in viscous liquids, a property that may also explain 
their correlation with swarming31–34. Recently, E. coli, 
which is peritrichously flagellated, has been shown to 
swarm between two closely opposed fixed surfaces24,35–37. 
As a single flagellum requires minimal resource invest-
ment and is sufficient for swimming motility, it is 
tempting to speculate that the synthesis of multiple 
peritrichous flagella is a specific adapation to generate 
force in viscous environments and to swarm over and 
between surfaces.

The correlation between peritrichous flagella and 
swarming is not absolute, and some bacteria with 
flagella originating from a single cell pole can swarm. 
Vibrio parahaemolyticus, Rhodosprillum centenum and 
Aeromonas spp. each make a single polar flagellum that 
is sufficient to swim in liquids but must induce peritri-
chous flagella (also called lateral flagella) to swarm over 
surfaces28,30,38–40. The polar and lateral flagella are encoded 
by different genes, powered by separate motors and 

Figure 1 | Bacteria move by a range of mechanisms. 
Swarming is the multicellular movement of bacteria across 
a surface and is powered by rotating helical flagella. 
Swimming is the movement of individual bacteria in liquid, 
also powered by rotating flagella. Twitching is surface 
movement of bacteria that is powered by the extension of 
pili, which then attach to the surface and subsequently 
retract, pulling the cell closer to the site of attachment. 
Gliding is active surface movement that does not require 
flagella or pili and involves focal-adhesion complexes. 
Sliding is passive surface translocation that is powered by 
growth and facilitated by a surfactant. The direction of cell 
movement is indicated by black arrows, and the motors that 
power the movement are indicated by coloured circles.
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swarming depend on the organism concerned. Some 
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the presence of particular supplements (for example,  
glucose)16–18. Swarming is promoted by high growth 
rates, which may account for the requirement for energy-
rich conditions12,19,20. Although some bacteria can swarm 
over almost any agar surface, most swarming bacteria 
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Media that are solidified, with agar concentrations above 
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to move, if possible, over the surface, and agar concen-
trations above 1% prohibit swarming of many bacterial 
species. It is conceivable that the standard 1.5% agar  
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specifically chosen for swarming inhibition.

When conducting swarming-motility assays, a 
defined set of conditions must be established and rigor-
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a crucial factor: too little water results in poor swarming, 
whereas too much water may permit swimming motility. 
To control the water content, swarm plates are poured 
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(~50 ºC), thereby minimizing water loss from conden-
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ing motility, along with an increase in flagellar bio-
synthesis, but this type of movement also requires an 
increase in cell–cell interactions and the presence of  
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Flagella. Flagella may be observed by phase contrast 
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by fluorescence microscopy using fluorescent dyes23,24 
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cells at the front of a spreading colony is consistent with, 
but not conclusively demonstrative of, the mechanism 
of swarming motility. To confirm the mechanism of 
swarming, mutants with defects in flagella synthesis or 
function must be used to abolish colony spreading27.

Most bacteria that swarm have a peritrichous arrange-
ment of flagella, in which multiple flagella are distributed 
randomly on the cell surface11,18,25,28–30. Peritrichous flag-
ella bundle together when rotated, to effectively increase 
flagellar stiffness and make force generation more effi-
cient in viscous liquids, a property that may also explain 
their correlation with swarming31–34. Recently, E. coli, 
which is peritrichously flagellated, has been shown to 
swarm between two closely opposed fixed surfaces24,35–37. 
As a single flagellum requires minimal resource invest-
ment and is sufficient for swimming motility, it is 
tempting to speculate that the synthesis of multiple 
peritrichous flagella is a specific adapation to generate 
force in viscous environments and to swarm over and 
between surfaces.

The correlation between peritrichous flagella and 
swarming is not absolute, and some bacteria with 
flagella originating from a single cell pole can swarm. 
Vibrio parahaemolyticus, Rhodosprillum centenum and 
Aeromonas spp. each make a single polar flagellum that 
is sufficient to swim in liquids but must induce peritri-
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Swarming is the multicellular movement of bacteria across 
a surface and is powered by rotating helical flagella. 
Swimming is the movement of individual bacteria in liquid, 
also powered by rotating flagella. Twitching is surface 
movement of bacteria that is powered by the extension of 
pili, which then attach to the surface and subsequently 
retract, pulling the cell closer to the site of attachment. 
Gliding is active surface movement that does not require 
flagella or pili and involves focal-adhesion complexes. 
Sliding is passive surface translocation that is powered by 
growth and facilitated by a surfactant. The direction of cell 
movement is indicated by black arrows, and the motors that 
power the movement are indicated by coloured circles.
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Figure 1. Electron Micrographs of Wild-Type V. parahaemolyticus 
(A) Wild-type strain 8822 grown in 2216 broth. (B) Wild-type strain 
8822 grown on a 2216 agar plate. Final magnification is 11,000x. 

high microviscosity (Berg and Turner, 1979). However, 
Ficoll did not induce laf gene expression in an earlier test 
(Belas et al., 1966). After extensive dialysis to remove sub- 
stances inhibitory to growth, we found media with Ficoll 
to be as effective at inducing lef expression as solutions 
with greater macroviscosity. For example, a solution of 
16% (wh) Ficoll400 in 2216 medium (15 CP at 2PC) was 
comparable to a solution of 10% (w/v) polyvinylpyrrolidone 
(PVP-360) in 2216 medium (34 CP at 2PC) at inducing the 
bioluminescence of /ef:::/ux fusion strain RS313. Both vis- 
cous solutions were more effective at inducing laf tran- 
scription than growth on the surface of an agar medium 
(Figure 2A). The particular effectiveness of Ficoll sup- 
ports the idea. that V. parahaemolyticus senses the 
microviscosity of the environment. 

Expression of lateral flagella genes could also be in- 
duced by antibody raised to the surface of V. parahae 
molyticus. This polyclonal antibody reacted primarily with 
the sheath of the polar flagellum (as judged by colloidal 
gold staining; data not shown) and at low concentrations 
(1500) formed rosettes of a few cells and bouquets of 
many cells bound together at one pole. The cell bodies 
were often observed to rapidly rotate around the point of 
attachment, an indication of the generation of torque by 
the flagellar motor. Addition of antibody, but not preim- 
mune serum, to a growing culture of RS313 caused induc- 
tion of bioluminescence (Figure 28). The magnitude and 
timing of laf induction was similar with antibody or PVP- 
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Figure 2. Induction of Luminescence in a /af::lux Fusion Strain by Vis- 
cosity (A) and Antibody Agglutination (B) 
An overnight culture of strain RS313 was diluted 1:250 in 2216 broth 
and grown with aeration at 3CPC to an ODBoo of 0.05. Cultures (5 ul) 
were inoculated on agar cores, or into 100 pl of 2216 broth, or into 2216 
broth amended with viscosity-increasing agents or antisera in 
microcentrifuge tubes. Tubes were placed in the scintillation counter 
and cycled continuously to measure chemiluminescence at IO min in- 
tervals. Growth conditions in (A) were: broth (A); 10% PVP-360 (A); 
16% Ficoll (a); 9% Ficull (0); 4.5% Ficoll (0); and agar (0). In (B): 
broth (A); 10% PVP-360 (A); preimmune antiserum (I:10 dilution) (0); 
Antibody #I30 (1:lO) (0); Antibody #I30 (1:25) (m); and Antibody #I30 
(1:lOO) (0). Luminescence is reported as total light units, which is scin- 
tillation counts per minute obtained for each sample. 

360. However, a higher concentration of antibody (1:lO) 
was required for induction than for tethering of cells by 
their polar structures. Since considerable cell agglutination 
was observed at higher concentrations of antibody, effec- 
tive induction of the /af::lux fusion may require extensive 
cross-linking, which constrains the movement of the cell 
body relative to the polar flagellum. V. parahaemolyticus 
appears to sense and respond to forces that restrict its 
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L. McCarter et al. Cell 54: 345-351 (1988)

• Induction of flagellar genes and 
increase in number of flagella per 
cell 

• Flagella cover the entire cell 
• Flagella bundle together when 

they rotate to increase the 
effective flagellar stiffness and 
make force generation more 
efficient in viscous liquids

Laf expression 
Luminescence of lax::lux
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Figures 916 

 917 
Figure 1. Priming of cells on stiff substrates enables higher collagen remodeling. (A) 918 
Schematic describing cell invasion across mechanically dissimilar environment and potential 919 
effects of current and past environments on cell invasion and matrix remodeling. (B) Illustration 920 
of in vitro device fabrication steps: cells are primed on stiff (red, 16kPa) and soft (blue, 0.08kPa) 921 
PA gels for 5 days; cell-laden PA gels are implanted into 2.3 mg/ml collagen solution; collagen 922 
gel is polymerized around primed cells; invasion of primed cells is tracked for approximately 3 923 
days. (C) qPCR measurements of fold change in RhoA and Rac1 expression in stiff primed cells 924 
relative to soft primed cells after 5 days of priming. N=6. Schematic on the right describes the 925 
final dual-gel device in which differentially primed cells spontaneously invade into 3D collagen. 926 
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• Cell priming over 5 days on a soft or stiff 
collagen substrate 

• Cell invasion on soft substrate subsequently 

J. Almeida et al, A. Pathak Molecular Biology of the Cell • 34:ar54, 1–17 (2023)

Volume 34 May 15, 2023 Cell-to-matrix memory drives invasion | 3 

To better define the role of mechanical priming in subsequent 
invasion across an interface, we considered several alternate hy-
potheses and scenarios. We note that in the chosen design for 
cross-environment invasion, cells need to be continuously adhered 

to an ECM. After priming, when we trypsinized and implanted cell 
colonies by themselves, that is, without the attached PA gel, we 
found that such trypsinization was too stressful for cells to form epi-
thelial colonies, and this process erased any mechanical priming 

FIGURE 1: Priming of cells on stiff substrates increases collagen remodeling. (A) Schematic describing cell invasion 
across mechanically dissimilar environments and potential effects of current and past environments on cell invasion and 
matrix remodeling. (B) Illustration of in vitro device fabrication steps: cells are primed on stiff (red, 16 kPa) and soft 
(blue, 0.08 kPa) PA gels for 5 days; cell-laden PA gels are implanted into 2.3 mg/ml collagen solution; collagen gel is 
polymerized around primed cells; invasion of primed cells is tracked for approximately 3 days. (C) qPCR measurements 
of fold change in RhoA and Rac1 expression in stiff-primed cells relative to that of soft-primed cells after 5 days of 
priming. N = 6. Schematic on the right describes the final dual-gel device in which differentially primed cells 
spontaneously invade into 3D collagen. (D) Representative immunofluorescence images of F-actin (red) and collagen 
(green) reflectance in MCF10A cells after 5 days of soft or stiff priming and 3 days of invasion into collagen (2.3 mg/ml). 
Scale bar, 200 µm. (E, F) Coherency, a measure of alignment, of (E) collagen and (F) actin fibers. N ≥ 9. *** P ≤ 0.001. 
(G) X-Y-Z displacements of beads in collagen matrix measured after trypsinization of cells, showing greater net strain 
stored within collagen by stiff-primed cells. N = 5. (H) SEM images of collagen microstructure around the invasive front 
of soft- vs. stiff-primed cells. Scale bar, 2 µm.
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 935 
Figure 2. Increased collagen deformation and persistent invasion by stiff-primed cells. (A) 936 
At the interface between the priming PA gel and the collagen matrix, representative 937 
immunofluorescence images of MCF10A cells, F-actin (red) and nuclei (cyan), invaded after 5 938 
days of soft or stiff priming and 3 days of invasion. White dotted lines represent the edge of the 939 
PA gel. Yellow dotted line represents RoIs of cell invasion. Scale bar, 100μm. (B) Average 940 
invasion distance, N=5, ***P≤0.001, and (C) average number of cells relative to increasing 941 
distance of invasion after stiff (red) and soft (blue) priming. N=5. (D) Heatmaps of collagen 942 
deformation rate (PIV vectors) and collagen bead intensity at three selected timepoints, showing 943 
collagen remodeling by soft or stiff primed cells (black outline annotates the cell invasion front). 944 
The middle timepoint (t=26 hr) indicates that majority of collagen accumulation occurs in the 945 
first half of the net invasion period while major cell invasion follows in the second half. Dotted 946 
arrows show direction of invasion. Scale bar, 100μm. (E) Rates (mean ± SEM) of collagen 947 
deformation and cell invasion over time caused by soft or stiff primed cells; stiff-primed cell 948 
invasion increases after collagen deformation reduces. N=8.  949 
  950 
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• Stiff-primed cells have long lasting 
modifications of state: actin alignement, Rho1 
and Rac activity and cell invasiveness, 
deformation of collagen substrate  

• YAP is required for cell memory and memory 
transfer on collagen substrate 

• Collagen remodelling is required for stiff-
primed cell invasion.
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Figures 354 

 355 
Figure 1. Mechanical Memory-Driven Morphological and Mechanical Responses of 356 
MDA-MB-231, HT1080, and HFF-1 Cells to Stiffness Dosing. (A) MDA-MB-231, HT1080, 357 
and HFF-1 cell lines were cultured on PA hydrogels of different stiffness for 3 or 7 days 358 
prior to transfer onto glass surfaces for morphological and stiffness measurements. (B to 359 
D) Mechanical dosing on varying stiffness for 3 days and 7 days resulted in different 360 
cellular stiffness and morphology. Results represented as mean ± 95% C.I., and ***P < 361 
0.001, **P < 0.01, *P < 0.05 by Mann-Whitney test or Kruskal-Wallis and Dunn’s post-hoc 362 
test. (E and F) Example immunofluorescence images of post-dosing cells transferred 363 
onto glass coverslips. (G to O) Spreading dynamics measured post-mechanical dosing 364 
for MDA-MB-231 (G to I), HT1080 (J to L), and HFF-1 cells (M to O), with example overlaid 365 
cell boundary maps from 7-day dosed cells. Results represented as mean ± 95% C.I., and 366 
***P < 0.001, **P < 0.01, *P < 0.05 by two-way ANOVA and Šídák post-hoc test. 367 
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• Cell priming over 3-7 days on a soft or stiff 
polyacrylamid  gel or glass. 

• Cells change morphology 

Jia Wen Nicole Lee et al, A.W. Holle, biorxiv (2025) 

https://doi.org/10.1101/2025.09.07.674701

Mechanical learning — cell motility in eukaryotes
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 368 

 369 
Figure 2. Mechanical Memory-Driven 2D Migration Responses of Cells to Stiffness 370 
Dosing. (A to C, E to G) Scatter plots mark the 2D migration trajectory end point of MDA-371 
MB-231 (A and E), HT1080 (B and F), and HFF-1 cells (C and G) post mechanical dosing. 372 
Unit: µm (D and H) Average migration speed measured across cell lines with 3-day (D) 373 
and 7-day (H) mechanical dosing. Results represented as mean ± 95% C.I., and ***P < 374 
0.001, **P < 0.01, *P < 0.05 by one-way ANOVA and Dunnett’s post-hoc test. 375 

  376 
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 378 
Figure 3. Confined Migration as a Functional Output of Cellular Mechanical Memory. 379 
(A and B) Cells were introduced into 3 µm-wide and 10 µm-wide microchannels after 380 
mechanical dosing for 7 days, and live-imaged over the course of 24 hours. (C) 381 
Representative immunofluorescence images of migration events through 3 µm-wide 382 
confining microchannels 24 hours post-seeding. (D to I) Quantification of successful 383 
confined migration events per channel over 24 hours for the three mechanically dosed 384 
cell lines through both 3 µm-wide and 10 µm-wide channels. Results represented as 385 
mean ± 95% C.I., and ***P < 0.001, **P < 0.01, *P < 0.05 by one-way ANOVA and Dunnett’s 386 
post-hoc test.  387 
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• Cells primed on soft substrates are more invasive 
that if primed on stiff substrates (capillary 
channels and in gel) 
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 407 

 408 
Figure 5. NFATC2 Knockdown Attenuates Mechanical Memory in Cells. (A) siRNA 409 
knockdown was performed prior to and during 7-day mechanical dosing on hydrogels of 410 
different stiffness. (B and C) Western blot analysis and quantification of NFATC2 411 
knockdown. Results represented as mean ± SEM, and ***P < 0.001, **P < 0.01, *P < 412 
0.05 by paired t-test. (D and E) Measured average migration speed of control and 413 
NFATC2 knockdown HT1080 (D) and HFF-1 (E) cells through 3 µm-wide and 10 µm-wide 414 
microchannels. Results represented as mean ± 95% C.I., and ***P < 0.001, **P < 0.01, 415 
*P < 0.05 by Kruskal-Wallis and Dunn’s post-hoc test. (F and G) Time-lapse images of 416 
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Fast Slow: NFATC2 expression

• NFATC2 is required for cell mechanical memory 
(cell migration speed) 

• NFATC2: calcineurin-responsive transcription 
factor implicated in cell migration and cancer 
progression (nuclear translocation).
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Biological learning — Mechanical learning and memory

• The timescale of memory retention is orders of 
magnitude larger than the timescale of 
mechanosensitive signaling. 

• Memory retention time changes with priming time.  
• Positive reinforcement in mechanical signalling 

underlies memory.

FIGURE 1 Model for dynamic mechanical memory in cells. (a) Experimental observations indicate that cells alter their phenotype when placed on stiff
substrates (priming) in a matter of hours. The length of time that these phenotype features are retained when the cell is transitioned backed to soft substrates
depends on the length of priming time on the scale of days. (b) Integrated cellular picture of mechanosensitive signaling and positive reinforcement enable by
transcription and translation. Increased ECM stiffness leads to F-actin formation, increased cellular contractility, and nuclear localization of mechanosensors

(legend continued on next page)

A theoretical model of mechanical memory

Biophysical Journal 120, 5074–5089, November 16, 2021 5075

x measures the net mechanoactivation 
of the cell induced by increased ECM stiffness 
x represents the average functional concentration of all 
the stiff-activated proteins (eg. F-actin, vinculin, & 
integrins) and TFs (eg. YAP, MKL-1 & RUNX2) and 
chromatin modification (HDAC and HAT) 

dx

dt
¼ kx[ðmÞ

!
xref $ x

"
$ kxYðmÞx; (1)

where m is the matrix stiffness, kx[(m) gives the mechanosensitive rate of
cytoskeletal protein synthesis and/or transcription factor nuclear import,
kxY(m) gives the rate of the reverse processes (degradation and nuclear
export), and xref is a reference level of mechanoactivation at a characteristic
stiffness m0. Processes described by kx[(m) are shown with blue arrows in
Fig. 1 b, and processes described by kxY(m) are shown with red arrows. We
choose kx[(m) to be a monotonically increasing but saturating function of
stiffness, kx[ ¼ tx[ $ exp($ m

m0
), to capture the mechanosensitivity of stiff

activation, and for simplicity we choose the degradation and export rate
kxY(m) to be a constant txY over stiffness (36) (Fig. S1). This is motivated
by experimental evidence that nuclear import of transcription factors is
more mechanosensitive than nuclear export (36) and that cellular response
saturates at very high stiffness (40). Although specific functional choices
are arbitrary, the results we present are general to different functional forms
that maintain a positive correlation of kx[ with stiffness. A systems circuit
of our model is included in Fig. S2 for further reference.

Transcription creates positive reinforcement loop
for mechanical signaling

Next, we consider that the transcriptional activity of the many individual
components of x creates a positive reinforcement loop by enhancing adap-
tations to increased stiffness of the ECM. For example, YAP and MKL-1
activate transcription of genes that lead to increased stability of focal adhe-
sions, F-actin, and contractility through Rho-Rock pathways and support of
G-actin polymerization (41–43). This stabilization releases additional
bound cytoplasmic transcription factors to translocate to the nucleus,
further increasing x. The transcriptional positive reinforcement is depicted
in Fig. 1 b by the purple arrows; we incorporate this positive reinforcement
mechanism into Eq. 1 by adding a nonlinear Hill relation:

dx

dt
¼ kx[ðmÞ

!
xref $ x

"
$ kxYðmÞx þ a

xb

xb þ 1
(2)

Here, a is the sensitivity of the positive reinforcement and b determines the
sharpness of the Hill function, which transitions from a low value to a high
value like a smoothed step function. Positive reinforcement loops in cells
have been extensively modeled using Hill relations and are a known source
of bistability in dynamical systems (44–46). Bistability indicates at least
two steady-state solutions to a dynamical system and underpins hysteresis
andmemory inmany physical systems. Biologically, the sensitivity parameter
a contains all the information about the efficiency of the mechanosensitive
self-reinforcement, which directly corresponds to the transcription landscape.
Like x, we consider a to be an average measure over many components
involved in regulating the transcription-translation pipeline, including pro-
teins, messenger RNA (mRNA), noncoding micro RNA (miRNA), and the
fraction of heterochromatin/euchromatin in the nucleus. Implicitly, a subset
of these a components depend on mechanosensitive components of x and
therefore m, coupling cytoskeletal mechanosensing to nuclear activity in our
model. Fig. 1 c illustrates how changing a reflects changes in both three-
dimensional chromatin architecture and post-transcriptional regulation,
altering the efficiency of mechanosensitive transcription. In the heterochro-
matic state, fewer chromatin sites are available for transcription. In the more
active euchromatic state, a complex and modifiable regulatory environment
(includingmiRNAs) exists in between the chromatin and downstream protein
expression. These transcriptional machinery and regulatory components
interact with significant complexity and codependency, and there are insuffi-
cient data to parameterize a full microscopic description of these interactions.
A generalized derivation for a is given in Supporting materials and methods,
Section II, which considers these nonlinear interactions by expanding a as a

series expansion of terms weighted to account for cooperativity between reg-
ulatory components.

Fast and slow dynamics of transcriptional
reinforcement sensitivity

Because x and m have time dependence, we know that a must also have a
dynamic evolution da

dt that is bounded on the fast end by
dx
dt and

dm
dt because of

the underlying dependence of a components on mechanosensitive x compo-
nents. On the slow end, the dynamics of a can be severely limited by com-
plex rate-limiting or anticooperative relationships between the
transcription-translation regulatory components. Evidence of these time-
dependent relationships between reinforcement and transcription has been
collected on some individual mechanosensitive mechanisms (47,48).
Although we lack the data and explicit mechanistic understanding to
specify all the contributing mechanisms to a, we can capture the essential
nature of this time dependence by rewriting a as the sum of a fast-changing
component (on the scale of dm

dt or
dx
dt) and a slow-changing component that is

effectively constant on the timescale of x and m. Complete details of the
derivation beginning from the series expansion of a are included in Sup-
porting materials and methods, Section II; the result for a(t) is

aðtÞ ¼ aðtslowÞ þ c
mz

mz þ 1
(3)

We use another Hill relation in stiffness m with degree z and sensitivity c
to model the fast portion of a, which captures the fact that the positive rein-
forcement sensitivity is explicitly mechanosensitive and that stiff reinforce-
ment requires the presence of mechanosensitive transcription factors such
as YAP and MKL-1 to occur (41,42,49–51). Recent evidence indicates
that the nuclear structure and chromatin conformation physically respond
to environmental stiffness via forces transmitted through the linker of nu-
cleoskeleton and cytoskeleton (LINC) complex and not merely through
chemical signals, and these direct processes are captured by this fast
component of a(t) (12,52,53). For the remaining term a(tslow), we choose
a form that generally depends on x and m such that va

vtslow
(x, m) represents

a weighted average of the slow, nonlinear dynamics present in transcrip-
tion-translation reinforcement.

Plugging Eq. 3 back into Eq. 2, our time-dependent equation for cellular
mechanoactivation is now

dx

dt
¼ kx[ðmÞ

!
xref $ x

"
$ kxYðmÞx

þ
#
aðtslow; x;mÞþ c

mz

mz þ 1

$
xb

xb þ 1
(4)

In this ordinary differential equation (ODE), we established mechanosen-
sitivity of synthesis and nuclear import of x (first term), mechanosensitivity
of degradation and nuclear export of x (second term), and positive rein-
forcement of cellular mechanoactivation (third term) with a time-dependent
sensitivity that evolves slowly with respect to changes in x. Equation 4 is the
key ODE that underpins the results. We can interpret this equation as the
negative gradient of a ‘‘Waddington-like’’ energy landscape with respect
to x; dxdt ¼ $

vU
vx . Because a(tslow, x, m) evolves on a much slower timescale

than dx
dt, we treat a as a constant when finding the steady-state solutions of x.

Integrating Eq. 4, we arrive at

Uðx;m;aÞ ¼ $ kx[ðmÞxref x þ
x2

2
ðkx[ðmÞþ kxYðmÞÞ

þ x

#
aþ c

mz

mz þ 1

$#
2F1

%
1;
1

b
; 1þ 1

b
; $ xb

&
$ 1

$
; (5)

where 2F1 is the special hypergeometric function.
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FIGURE 1 Model for dynamic mechanical memory in cells. (a) Experimental observations indicate that cells alter their phenotype when placed on stiff
substrates (priming) in a matter of hours. The length of time that these phenotype features are retained when the cell is transitioned backed to soft substrates
depends on the length of priming time on the scale of days. (b) Integrated cellular picture of mechanosensitive signaling and positive reinforcement enable by
transcription and translation. Increased ECM stiffness leads to F-actin formation, increased cellular contractility, and nuclear localization of mechanosensors

(legend continued on next page)
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cells are able to assemble or produce extra-cellular matrix
proteins, and in particular fibronectin35, which thus appears as a
natural candidate. Thus, we fixed both control samples after the
patterning procedure, and conditioned samples after decellular-
isation. By immuno-staining, we showed that, on the conditioned
substrates, the cells had deposited a subsequent amount of both
fibronectin and laminin, which were absent from the control lines
(Fig. 2j–l and Supplementary Fig. 16). In order to distinguish cell-
produced fibronectin from pre-coated fibronectin, we used an
antibody directed specifically to the fibronectin produced by the
cells themselves36. Yet, the depletion of cell-produced fibronectin
alone, using siRNAs, was not sufficient to suppress the
oscillations (Supplementary Fig. 15), indicating that cellular

footprints were not defined by cell-produced fibronectin only. We
also added marked plasma fibronectin in the medium, thus
making it available for cells to capture, assemble and deposit
along their path37. This strategy yielded similar results as the
staining of cellular fibronectin, showing that cells are also able to
deposit fibronectin that is available in the medium (Supplemen-
tary Fig. 10). Surprisingly, changing the initial surface density of
fibronectin on the patterns did not affect the motion of cells,
either on control or on conditioned substrates. Altogether, these
results suggest that the deposition of ECM components by cells,
and potentially their specific remodelling are key factors defining
the cellular footprints, rather than the concentration only of a
specific protein. We cannot exclude that other molecular or supra
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high persistence. Scale bar (repeated vertical line) 100 μm. c Trajectories of cells on control (Ctl: substrate kept in PBS, Medium only: substrate kept in
DMEM during the same time as the conditioning) or conditioned susbtrates as a functions of time. This shows high persistence on conditioned susbtrates.
Only trajectories of at least 10 h duration are shown. d Trajectories of single cells plated on 2D surfaces on control (Ctl, blue) or conditioned (Cond., red)
substrates. e Distance of the cell to its original position after 16 h on control and conditioned substrates in 1D and 2D. Differences were assessed using the
2-sample Kolmogorov–Smirnov test, n.s.: non-significant (p > 0.1), ***p < 0.001. Exact p-values are p= 0.89, 1.4e−29, 4.5e−26, 4.8e−27, 7.2e−24
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f Phase-contrast image of a MDCK cell on a conditioned line on soft PDMS, overlaid with traction stress. Scale bar 20 μm. Typical force profile observed in
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Difference between n= 26 and 31 cells was tested using the 2 sample Kolmogorov–Smirnov test, ***p= 1.6 × 10−4. j Fluorescence pictures of a
line conditioned by MDCK cells, then fixed. ‘Pattern’ denotes the stamped labelled fibronectin, cellular fibronectin and laminin are immuno-stainings.
k–l Cellular fibronectin (k) and laminin (l) staining intensity in control (blue) and conditioned (red) lines devoid of cells. Difference between n= 48 pictures
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cells are able to assemble or produce extra-cellular matrix
proteins, and in particular fibronectin35, which thus appears as a
natural candidate. Thus, we fixed both control samples after the
patterning procedure, and conditioned samples after decellular-
isation. By immuno-staining, we showed that, on the conditioned
substrates, the cells had deposited a subsequent amount of both
fibronectin and laminin, which were absent from the control lines
(Fig. 2j–l and Supplementary Fig. 16). In order to distinguish cell-
produced fibronectin from pre-coated fibronectin, we used an
antibody directed specifically to the fibronectin produced by the
cells themselves36. Yet, the depletion of cell-produced fibronectin
alone, using siRNAs, was not sufficient to suppress the
oscillations (Supplementary Fig. 15), indicating that cellular

footprints were not defined by cell-produced fibronectin only. We
also added marked plasma fibronectin in the medium, thus
making it available for cells to capture, assemble and deposit
along their path37. This strategy yielded similar results as the
staining of cellular fibronectin, showing that cells are also able to
deposit fibronectin that is available in the medium (Supplemen-
tary Fig. 10). Surprisingly, changing the initial surface density of
fibronectin on the patterns did not affect the motion of cells,
either on control or on conditioned substrates. Altogether, these
results suggest that the deposition of ECM components by cells,
and potentially their specific remodelling are key factors defining
the cellular footprints, rather than the concentration only of a
specific protein. We cannot exclude that other molecular or supra
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Stigmergy: the construction guides the behaviour of workers
R E C O N S T R U C T I O N  E T  S T I G M E R G I E  65 

critique ; les situations des ouvriers, sur Fun et sur l 'autre, sont identiques : 
ils sont soumis ~ la double stimulation du pilier qui les porte et du pilier 
voisin. L 'un incite ~ d@oser la boulette sur le bord du sommet du pilier 
support, l 'autre ~ l'orienter vers l'autre pilier. Bien que les travaux soient 
accomplis par des ou~riers qui changent d tout instant, qui n 'oat  pas de 
rapports entre eux, du fair m~me de la qualit6 des stimuli, les construe- 
tions, areeaux ou lames, convergent exactement Fun vers l'autre. La 
mat~rialit~ des faits est tr~s ais6e ~ v~rifier et l 'ajustement des lames et 
des arceaux s'effectue avec precision et apparemment sans difficult~ 
(voir notamment la planehe VII). 

La consgquence de ce type de stimulation est de rdgler automatiquement la 
marche de l'ou~rage. 

La coordination des tfiehes, la r~gulation des constructions ne d@endent 
pus directement des ouvriers, mais des constructions elles-m~mes. L'ou~rier 
ne dirige pas son travail, il est guidg par lui. C'est h cette stimulation d'un 
type particulier que nous donnons le nora de STIGMERGIE (stigma, piqfire ; 
ergon, travail, oeuvre=oeuvre stimulante). 

Ce qui complique les choses, mais conditionne la construction et la 
reconstruction du nid dans le cadre d'un complet automatisme, c'est bien 
l'influence simultange de plusieurs stimuli significatifs. Nous en avons 
montr6 deux jouant ensemble et nous sommes stir qu'il y e n  a parfois 
davantage ~ agir, au m~me instant, sur l'ouvrier. 

Une autre preuve ~ l'appui de notre explication par la stigmergie du 
comportement bfitisseur a ~t6 fournie par l'observation de la conduite 
individuelle des ouvriers magons. Elle nous a rd~dld, sans contestation 
possible, que ceux-ci ne bdtissent pus en constituant dquipes. L'ouvrier 
se contente de r@ondre individuellement et automatiquement aux stimuli 
qui s'exercent sur lui. 

L'influence de deux stimuli a parfois des consequences inattendues. 
Soient deux piliers voisins, Fun est ~difi~ sur une surface plane horizontale, 
l 'autre au sommet d'un monticule d'humus (eette circonstance se pr~sente 
souvent dans nos boites d'exp~rience). Lorsque ces deux piliers ont atteint 
la hauteur critique normale, leurs sommets se situent h des niveaux bien 
diff~rents. Dans ce cas, la mont~e du pilier sur le monticule s'arr~te, tandis 
que celle du pilier ~rig6 sur le plan se poursuit. La construction des arceaux 
sur le pilier du bas ne se fera que lorsque celui-ci aura atteint une hauteur 
faiblement inf~rieure ~ celle du pilier du haut. Dans une telle ~ventualit~, 
est-on autoris~ ~ parler de r~gulation ? Nous ne le pensons pas: selon nous, 
il n 'y  a qu'une influence pr6pond~rante de Faction orientante (forme- 
odeur, voir p. 66) du pilier voisin ; Ie stimulus daas ce cas l'emporte sur 
l'arr~t de la construction en hauteur et du d@St lateral des boulettes. Tout 
tient aux propri~t~s stimulantes des constructions mais non ~ l 'adaptation 
des Termites ~ une situation particuli~re. L~ encore l'observation de la 
confection de tels piliers sur~lev~s par des ouvriers se met tant  au travail 
seulement quand la hauteur critique ~tait atteinte montre qu'il s'agit 
de r@onses automatiques aux deux stimuli consid~r6s ici. 
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In t roduc t ion .  

Nombreux sort  les Termites qui construisent des nids en terre ou en car- 
ton stercoral. Les uns ~l~vent leurs ~difices au-dessus du sol, les autres les 
laissent enfouis dans la profondeur. 

Certaines de leurs constructions passent par une succession de stades cor- 
respondant aux degr~s du d6veloppement de la soci~t~ ; tel est le cas de 
Bellicositermes natalensis, d'Acanthotermes acanthothorax et probabtement 
de bien d'autres (Grass~ et Noirot, i95i,  c). 
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nuit6 du travail, il faut un changement de stimulation par la cr6ation de 
nouveaux stimuli, en l'esp~ce de nouvelles constructions modifi6es par le 
travail qu'aceomplissent les ouvriers. Cela fait bien comprendre le r61e 
et la signification de ce que nous nommons plus loin la stigmergie. 

Tout change lorsque les boulettes sont assez nombreuses, en un point 
donn~ de l'espaee, pour devenir, par elles-mdmes, des stimuli significati]s (i). 
A la stimulation vague, diffuse, du d~but se substitue une excitation infi- 
niment plus pr6cise. Nous avons observd, en toute certitude, qu'un tas de 
boulettes de terre agit sur les ouvriers constructeurs d la maniire d'un centre 
attractif : il constitue un stimulus vraiment social. 

B.  - -  L a  s t i g m e r g i e  e t  l e s  s t i m u l a t i o n s  s i m u l t a n d e s .  - - M a i s  il y a 
plus encore. Selon que les boulettes sont rassembl~es en tas ou dispos~es 
en ligae, elles ne d~clenchent pas la m~me r6ponse. La forme du stimulus 
acquiert le pouvoir, signifieatif, d'orien~er la construction. Elle tient done 
un r61e capital pour le devenir de l'~difice. 

a. Les boulettes d~pos~es cSte ~ c5te et les unes sur les autres de mani~re 
former un petit tas, sur une ~l~vation du sol ou sur une surface horizon- 

tale (~ proximit~ de la reine, duns le cas de Bellicositermes), sont le point 
de d~part de piliers, et ceux-ci, ~ leur tour, comme le montre l'~tude de 
leur construction, de~,iennent le stimulus directeur de l'actir des ouvriers. 
Voici un fait qui le prouve : tels individus qui, auparavant, ne travaillaient 
pas ~ l'~rection d'un pilier, arrives au voisinage de celui-ci, y grimpent et, 
jueh~s au sommet, y d6posent leur boulette ou une goutte de mortier 
f~cal. 

b. DSs que les boulettes sont pros les unes des autrcs et dessinent une 
ligne h peu pros droite, elles ddclenchent une nouvelle acti~itd constructrice : 

savoir la confection d'une lame horizontale, verticale ou oblique en 
fonction de la position de la ligne. Si le support de la ligne est vertical (cas 
des patois lat~rales de la bolte de Petri), la lame sera horizontale ou oblique; 
si le support est horizontal, la lame sera verticale. Deux~'stimuli orientent 
alors et simultandment l'activit~ de l'ouvrier : i o l'ceuvre aceomplie par 
ses semblables ; 2o la position du support materiel de cette oeuvre. 

Lorsque les lames et les piliers ont atteint une certaine taille, ils 
acqui~rent de nouvelles qualit~s stimulantes, particuli~rement manifestes 
dans le cas des seconds. 

Lorsque le pilier mesure 4 ~ 5 mm ( +  l) de haut chez Cubitermes, 
de 5 ~ 6 mm (-~ i) chez Bellieositermes [aupr~s de la reine], les ouvriers 
arr~tent sa mont~e (sauf dans des circonstances ~tudi~es plus 10in). Cette 
hauteur, que nous qualifierons de critique, marque le virage de la stimula- 

(1) Tous l e s  s t imul i  enregistr~s par les organes sensoriels ne sont  pas 6galement ,( r6actog~nes ),. 
Un petit  nombre d 'entre  eux jouissent  de la propri6t6 de provoquer une r~action sp~cifique, qui 
g6n~ralement s ' int~gre dans le compor tement  normal. A c e s  st imuli  privil~gi~s, nous avons donn~ le 
nom de stimuli significati/s (GrassY, i944). 

Comme nous l 'avons montr~, ils d~clenchent les r~actions caract6ristiques de l'esp6ce. Ils 
correspondent  aux  s t imul i -s ignaux de l'6cole objectiviste (Lorenz-Tinbergen), mais  d~bordent 
largement  cette cat6gorie par trop restreinte. 
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Transfer of memory onto substrate/environment
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Learning during embryonic development?

• Cellular decisions and differentiation: sudden and irreversible dynamics 
Mostly chemical learning (sometimes mechanical as well) 

• Morphogenesis: irreversible changes in shape 
Mechano-chemical learning

38
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• Proliferating pool of progenitor cells gives rise to 
two mutually exclusive states by different signals
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and pluripotency has grown, protocols for the efficient derivation 
of mES cells by promoting or inhibiting the expression of specific 
genetic pathways were developed. Oct4 (Pou5f1) is a transcription 
factor that is essential for the maintenance of pluripotency in cells 
of the ICM, the epiblast and in mES cell lines. Importantly, loss 
of Oct4 was shown to be a feature of cultured embryos that failed  
to give rise to stable ES cell lines14. On the basis of this discovery, 
culture conditions that promote Oct4 expression, namely inhi-
bition of the MAP kinase pathway, were introduced. However, 
successful derivation of mES cells from the recalcitrant strain 
background, CBA, still required a combination of diapause  
induction, epiblast excision and inhibition of MEK kinase via 
PD98059 (ref. 14). In the context of these modifications to  
traditional ES cell derivation protocols, derivation efficiency in 
the CBA strain was ~25%, which is a significant advance for a 
nonpermissive strain14.

The pluripotent ground state and overcoming barriers to 
mESC derivation
The discovery that self-renewal and pluripotency are intrinsic 
properties of mESCs was demonstrated by Smith and colleagues14, 
who showed that the inhibition of MEK/ERK and glycogen syn-
thase kinase-3 (GSK3) signaling (three inhibitors (3i): PD184352,  
PD173074/SU5402 and CHIR99021, respectively) were together 
sufficient, combined with activation of STAT3 by LIF (3i/LIF), 
to promote the pluripotent ground state of emergent ESCs from 
mice and from rats15–17. These laboratories went on to show that 
the inhibition of FGF receptor signaling is dispensable in the con-
text of more potent inhibition of MEK signaling (2i: CHIR99021 
to inhibit GSK3β and PD0325901 to inhibit MEK1/2)16. Both 
3i/LIF and, subsequently, 2i/LIF culture conditions have since 
been successfully applied for efficient (50–70%) derivation of 
germline-competent mESCs from recalcitrant strains such as 
NOD, CBA and DBA18–21. Moreover, these culture conditions 
have been used to successfully derive germline-competent rat 
ESCs from rat embryos16,17, which is an accomplishment that 
quickly led to the creation of the first rat gene knockout by 
homologous recombination in rESCs22. The successful deriva-
tion of ESCs from recalcitrant strains and from rat by using 2i/LIF 
culture conditions suggests that emergent ESCs from these strains 

or species are unable to maintain a pluripotent ground state under 
traditional ESC culture conditions (serum + LIF). In fact, it was 
later shown that, unlike emergent ESCs from permissive strain 
background (e.g., 129), emergent ESCs from nonpermissive strain 
backgrounds (e.g., NOD) are unstable and differentiate to a more 
advanced epiSC (postimplantation epiblast stem cell) state, which 
has been termed a primed pluripotent state, in the absence of 
exogenously provided inhibitors of ERK signaling23.

Although the basis of strain and species recalcitrance to ESC 
derivation is not yet fully understood, these results suggest that 
inhibition of the pathways responsible for differentiation of ICM 
epiblast cells to postimplantation epiblast cells might be sufficient 
to overcome barriers to mESC derivation in all inbred strain back-
grounds. This new model of the pluripotent, ground state of ESCs 
is an important advance in our understanding of early lineage 
commitment, and it has informed our mESC derivation protocol, 
which is highly efficient, regardless of strain background.

Experimental design
We previously published efficient derivation of germline-competent  
mESC lines from the recalcitrant strain DBA/2J (ref. 20). Crucial 
to the success of this protocol was the exclusion of serum  
during the outgrowth phase, combined with the inhibition 
of MEK/ERK (1i: PD98059) signaling during the outgrowth 
phase and during subsequent culture of emergent ES cell lines  
(3i: CHIR99021, PD173074 and PD0325901). As published data 
later showed the FGF receptor inhibitor PD173074 to be dis-
pensable and the MEK inhibitor PD98059 to be redundant, in the  
context of the more potent MEK inhibitor PD0325901 (ref. 16),  
our current protocol uses the now standard 2i combination 
(CHIR99021 and PD0325901) to achieve the same exogenous 
inhibition with simpler media formulae.

Our protocol begins with the collection and culture of late 
blastocyst–stage embryos, which can be generated by natural 
mating or by in vitro fertilization. These embryos are then  
cultured in derivation medium to allow for ICM outgrowth. 
Unlike traditional ESC derivation medium, which contains 
serum, our derivation medium uses serum replacement in 
the form of an artificial serum replacement or, in the case of 
nonpermissive strain backgrounds, we use defined serum-free 
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Figure 1 | Overview of preimplantation development in mice. The pre-epiblast lineage in the early embryo is defined by lineage-restricted expression of the 
Oct3/4, Nanog and Gata6 genes. As early lineage specification proceeds, the pluripotent epiblast lineage is defined by Nanog expression. The epiblast lineage 
will give rise to all three definitive germ layers of the embryo-proper, namely all somatic cells and germ cells, and it is the population from which mESCs are 
derived. mESC cell lines retain the developmental potential of the epiblast lineage, and as such they can contribute to all three germ layers and the germ line 
of host blastocyst- or morula-stage embryos.
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and pluripotency has grown, protocols for the efficient derivation 
of mES cells by promoting or inhibiting the expression of specific 
genetic pathways were developed. Oct4 (Pou5f1) is a transcription 
factor that is essential for the maintenance of pluripotency in cells 
of the ICM, the epiblast and in mES cell lines. Importantly, loss 
of Oct4 was shown to be a feature of cultured embryos that failed  
to give rise to stable ES cell lines14. On the basis of this discovery, 
culture conditions that promote Oct4 expression, namely inhi-
bition of the MAP kinase pathway, were introduced. However, 
successful derivation of mES cells from the recalcitrant strain 
background, CBA, still required a combination of diapause  
induction, epiblast excision and inhibition of MEK kinase via 
PD98059 (ref. 14). In the context of these modifications to  
traditional ES cell derivation protocols, derivation efficiency in 
the CBA strain was ~25%, which is a significant advance for a 
nonpermissive strain14.

The pluripotent ground state and overcoming barriers to 
mESC derivation
The discovery that self-renewal and pluripotency are intrinsic 
properties of mESCs was demonstrated by Smith and colleagues14, 
who showed that the inhibition of MEK/ERK and glycogen syn-
thase kinase-3 (GSK3) signaling (three inhibitors (3i): PD184352,  
PD173074/SU5402 and CHIR99021, respectively) were together 
sufficient, combined with activation of STAT3 by LIF (3i/LIF), 
to promote the pluripotent ground state of emergent ESCs from 
mice and from rats15–17. These laboratories went on to show that 
the inhibition of FGF receptor signaling is dispensable in the con-
text of more potent inhibition of MEK signaling (2i: CHIR99021 
to inhibit GSK3β and PD0325901 to inhibit MEK1/2)16. Both 
3i/LIF and, subsequently, 2i/LIF culture conditions have since 
been successfully applied for efficient (50–70%) derivation of 
germline-competent mESCs from recalcitrant strains such as 
NOD, CBA and DBA18–21. Moreover, these culture conditions 
have been used to successfully derive germline-competent rat 
ESCs from rat embryos16,17, which is an accomplishment that 
quickly led to the creation of the first rat gene knockout by 
homologous recombination in rESCs22. The successful deriva-
tion of ESCs from recalcitrant strains and from rat by using 2i/LIF 
culture conditions suggests that emergent ESCs from these strains 

or species are unable to maintain a pluripotent ground state under 
traditional ESC culture conditions (serum + LIF). In fact, it was 
later shown that, unlike emergent ESCs from permissive strain 
background (e.g., 129), emergent ESCs from nonpermissive strain 
backgrounds (e.g., NOD) are unstable and differentiate to a more 
advanced epiSC (postimplantation epiblast stem cell) state, which 
has been termed a primed pluripotent state, in the absence of 
exogenously provided inhibitors of ERK signaling23.

Although the basis of strain and species recalcitrance to ESC 
derivation is not yet fully understood, these results suggest that 
inhibition of the pathways responsible for differentiation of ICM 
epiblast cells to postimplantation epiblast cells might be sufficient 
to overcome barriers to mESC derivation in all inbred strain back-
grounds. This new model of the pluripotent, ground state of ESCs 
is an important advance in our understanding of early lineage 
commitment, and it has informed our mESC derivation protocol, 
which is highly efficient, regardless of strain background.

Experimental design
We previously published efficient derivation of germline-competent  
mESC lines from the recalcitrant strain DBA/2J (ref. 20). Crucial 
to the success of this protocol was the exclusion of serum  
during the outgrowth phase, combined with the inhibition 
of MEK/ERK (1i: PD98059) signaling during the outgrowth 
phase and during subsequent culture of emergent ES cell lines  
(3i: CHIR99021, PD173074 and PD0325901). As published data 
later showed the FGF receptor inhibitor PD173074 to be dis-
pensable and the MEK inhibitor PD98059 to be redundant, in the  
context of the more potent MEK inhibitor PD0325901 (ref. 16),  
our current protocol uses the now standard 2i combination 
(CHIR99021 and PD0325901) to achieve the same exogenous 
inhibition with simpler media formulae.

Our protocol begins with the collection and culture of late 
blastocyst–stage embryos, which can be generated by natural 
mating or by in vitro fertilization. These embryos are then  
cultured in derivation medium to allow for ICM outgrowth. 
Unlike traditional ESC derivation medium, which contains 
serum, our derivation medium uses serum replacement in 
the form of an artificial serum replacement or, in the case of 
nonpermissive strain backgrounds, we use defined serum-free 
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Figure 1 | Overview of preimplantation development in mice. The pre-epiblast lineage in the early embryo is defined by lineage-restricted expression of the 
Oct3/4, Nanog and Gata6 genes. As early lineage specification proceeds, the pluripotent epiblast lineage is defined by Nanog expression. The epiblast lineage 
will give rise to all three definitive germ layers of the embryo-proper, namely all somatic cells and germ cells, and it is the population from which mESCs are 
derived. mESC cell lines retain the developmental potential of the epiblast lineage, and as such they can contribute to all three germ layers and the germ line 
of host blastocyst- or morula-stage embryos.

Basic phenomenology
• Fate: cell fates are discrete 
• Competence: cells are competent to respond to signals in a temporal window 
• Commitment/specification: cells are committed when they no longer need signals 
• Determination: other signals can no longer deviate the assigned cell fate. 

cluster at the origin of themesodermal branch, indicated by a red
star *, is also at the origin of a branch going to neural tissues. The
cells in this cluster are enriched for both neural and mesodermal
transcription factors (sox2 and tbxta, respectively; Data S1).

These transcription factors are the molecular signature of the
NMPs—a recently characterized population of late pluripotent
axial progenitors believed to contribute to mesoderm and neural
tissue post-gastrulation.22,28
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Figure 3. Whole-embryo RNA velocity and derived cell state transition map
(A) Projection (UMAP) of zebrafish embryo transcriptomes (early development, 10 to 24 hpf time points), color coded by cell type. Arrow streams correspond to

the average RNA velocities of single cells. On the right, stack bar plot of the cell-type proportion over time.

(B) Workflow to reconstruct state transitions from RNA velocity graph. (1) Weighted directed graph represents the expected transitions between transcriptional

states from single cells. (2) This graph defines a Markov process that can be represented as a matrix. (3) We can then estimate cluster transitions by simulating

successive state transitions for groups of cells through the graph. (4) Finally, we summarize cluster-level transitions as a coarse-grained graph.

(C) Examples of average transition probabilities for neural tube, endothelial cells, and mesodermal tissue.

(D) A coarse-grain graph of cell state transitions shows transitions between all cell states. The width of the arrows is proportional to the transition rates. Colors and

numbers correspond to the annotation in (A). Nodes grouped by a bounding box indicate clusters of cells that belong to the same broad cell types; colors

correspond to those in (A). Very weak edges should be interpreted with caution, e.g., the connection between germline cells and endoderm might be spurious.

See also Video S1C and Data S1.
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Dynamics of developmental cellular decisions
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• Encoding of ensemble of possible cellular states in a cell type  
ie. in genome /cell, GRN, geometric landscapes as 
representation. 

• Cells evolve sequentially by learning transition to new states.  
This is not readily available to it at the onset 

• This requires new signals, or ensemble of signals that trigger cell 
decisions (paths to new states) 

• The cells keep a memory, sometimes permanently. 
Inducing signals may be removed without any consequence 
once decision has been made (commitment). 

• A cellular decision as a learning process. 

Learning during embryonic development
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star *, is also at the origin of a branch going to neural tissues. The
cells in this cluster are enriched for both neural and mesodermal
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These transcription factors are the molecular signature of the
NMPs—a recently characterized population of late pluripotent
axial progenitors believed to contribute to mesoderm and neural
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(B) Workflow to reconstruct state transitions from RNA velocity graph. (1) Weighted directed graph represents the expected transitions between transcriptional

states from single cells. (2) This graph defines a Markov process that can be represented as a matrix. (3) We can then estimate cluster transitions by simulating

successive state transitions for groups of cells through the graph. (4) Finally, we summarize cluster-level transitions as a coarse-grained graph.

(C) Examples of average transition probabilities for neural tube, endothelial cells, and mesodermal tissue.
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numbers correspond to the annotation in (A). Nodes grouped by a bounding box indicate clusters of cells that belong to the same broad cell types; colors
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Learning in the context of Marr’s level of analysis

Thomas LECUIT   2025-2026

• Computational level: making predictions in a changing environment 
Learning systems build internal models of regularities. 
These models are compressed representations of their environment (ex. signals as in 
chemotaxis). 
The external environment of an embryonic cell is the internal environment of the embryo. 
This environment is not constant: there are regularities and stochastic fluctuations. 

• Algorithmic level: making algorithms learnable. 
• The algorithm is modified by experience (the changing environment): 

• Learning parameters

A framework to disentangle: 
• Purpose(why): computation 
• Strategy (how): algorithm 
• Biology/physics (what):   implementation 

1982, Vision, David Marr 
W. H. Freeman and Company 
2010: MIT press (re-published)
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Geometric landscape and cell decision
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Article

Statistically derived geometrical landscapes capture
principles of decision-making dynamics during cell
fate transitions

Graphical abstract

Highlights
d Quantified effect of signaling on fate decisions in an in vitro

differentiation system

d Constructed a Waddingtonian-like dynamical landscape

model from the quantitative data

d Identified two fundamentally distinct types of binary cell fate

decisions

d Landscape recapitulated experimental data and predicted

new experimental outcomes
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In brief
Fate decisions in developing tissues

involve cells transitioning between

discrete cell states. We developed an

approach to construct a dynamical

landscape from quantitative gene

expression data, in which the

development of a cell is represented by a

trajectory through the landscape.

Applying it to pluripotent stem cells

exposed to different combinations of

signaling factors accurately predicted cell

fate outcomes. This revealed two distinct

architectures for the way cells make a

binary choice between one of two fates.

Sáez et al., 2022, Cell Systems 12, 12–28
January 19, 2022 ª 2021 The Author(s). Published by Elsevier Inc.
https://doi.org/10.1016/j.cels.2021.08.013 ll

• A geometric representation of cellular devisions. 
• Landscape for Binary choice 

Epiblast cells (EPI) can become Anterior Neural or Caudal 
Epiblast cells depending on signals received (Wnt). 
3 attractors with 2 saddle points, 1 attractor in the middle. 
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earlier ideas of Morse [15]. The systems satisfying these con-
ditions have become known as Morse–Smale (MS) systems.
For systems, such as the ones we consider, in which the
phase space is in n-dimensional Euclidean space the
MS conditions also require a condition on the dynamics
near infinity (see [2] electronic supplementary material,
§I.1) that is satisfied for biological systems because trajec-
tories must stay bounded and cannot escape to infinity
because molecular numbers are limited.

The MS conditions are important because many useful
results follow from them. Moreover, for any generic landscape
family that only involves rest points and a finite number
of periodic orbits, for all parameters that are not on the
bifurcation set, the corresponding dynamical system is MS.

In order to introduce the key ideas, we discuss them in the
context of systems that live in a 2D space. However, all these
ideas carry over to an arbitrary number of dimensions as
summarized in §3.7. More mathematical details can be
found in [2]. In a 2D MS system the saddles will always be
positioned at the intersection between a one-dimensional
(1D) stable manifold (a ridge that separates basins) and a
1D unstable manifold (figure 2b). These 1D unstable mani-
folds play a particularly important role in decision-making
because, as we explain below, they define the escape routes
along which cell state transitions take place.

3.1. Decisions
Developmental decisions involve cells transitioning between
fates by leaving the vicinity of attractor A, escaping from its
basin, moving into the basin of another attractor B and transi-
tioning to its vicinity. This generally happens when a change
in signalling modifies the dynamical system resulting in
either A disappearing in a bifurcation or the attractor A
being so close to the basin of B that the cells can escape by a
stochastic fluctuation, in which case the system is close to a
bifurcation. Mathematically, we model the change in signals
by regarding the parameters of any model as being functions
of the signals, so that changing signals changes the parameters
and this will alter the model and can cause bifurcations.

Thus, bifurcations play a key role in cell state transitions
and cell fate decisions happen when parameters cross the
so-called bifurcation set. As explained below, the bifurcation
set divides parameter space into regions of qualitatively
equivalent structurally stable landscapes (in figure 3b there
are two regions, in figure 3d there are three regions).

The notion that bifurcations are involved in cellular
decisions is relatively well accepted [16–23]. They have been
postulated in a range of decision-making systems including
the triggering of human promyelocytic HL60 cells to

neutrophil differentiation [17], differentiation of progenitor
FDCP-mix cells into either the erythroid/megakaryocyte or
the myelomonocyte lineage [18], early mouse embryonic
development [12,20,24], differentiation of a primitive streak-
like cell population into mesodermal and endodermal lineages
[21], somitogenesis [22] and the transition of haematopoietic
stem cells to neutrophils [23]. However, current discussions
are largely restricted to local bifurcations where saddles and
attractors collide. Less consideration has been given to global
bifurcations that alter the decision topology. However, these
more complex bifurcations can result in landscape families
that allow for more complex decisions (figures 7–12). Below
we introduce different types of bifurcations that play a role
in cellular decision-making.

3.2. The saddle-node or fold bifurcation
The typical bifurcation that destabilizes an attractor, as in the
above examples, and allows escape from the attractor is
known as a saddle-node or fold bifurcation. A change in par-
ameters results in either an attractor colliding with a saddle
and both disappearing or the inverse process occurring. It
is particularly relevant because in a generic two-parameter
family all other local bifurcations only happen at isolated
points in the parameter space, whereas fold bifurcations
occur on curves (called fold curves) that correspond to critical
parameter values. An analogous result holds when there are
more parameters. Thus, a fold bifurcation is the only type of
local bifurcation that is expected to be observed. The bifur-
cations that occur at isolated points act as organizing
centres for the fold bifurcations, as we explain below (§4).

3.3. Escape routes are determined by the unstable
manifolds of index 1 saddles

At a fold bifurcation (figure 4), cells are forced to transition out
of the now vanished attractor and into the adjacent attractor.
As the parameters approach the fold curve (the bifurcation),
the branch of the unstable manifold connecting the saddle to
the adjacent attractor approaches what we term the escape
route. As the parameters cross the fold curve the flow of the
cells leaving the disappeared attractor are directed along the
escape route into the newly available adjacent attractor. Of
course, in saying this we are ignoring stochastic effects
which could cause some cells to escape elsewhere.

Cell state transitions can also be caused by random fluctu-
ations in the position of the cell state in the landscape. These
can result in a cell spontaneously jumping over a stable mani-
fold and moving from one basin to another (figure 3c). This is
most likely if the starting attractor has a shallow basin of

escape
route

fold bifurcation

Figure 4. Fold bifurcation. Representation of a landscape before (left) a fold bifurcation, at the bifurcation point (middle) and beyond it (right). The attractor and
saddle collide and disappear (middle) so cells in that basin of attraction follow the escape route (red) to another attractor.
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Figure 3. Initial experimental series and landscape geometry
(A) Schematic of the 11 experimental conditions used to acquire the initial dataset. Experimental conditions marked in bold comprise the training sets; the

datasets for the conditions in italics formed the validation dataset andwere not used for model fitting. The conditionsmarkedwith a symbol form the reference set

used for clustering. Colored bars show the times at which cells were exposed to each of three signals. CHIR, CHIRON99021 (purple); FGF (red); PD,

PD0325901 (green).

(legend continued on next page)
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• Saddle node or fold  
bifurcation:  

• Bifurcation between EPI and 
either of 2 saddle points.  

• Peripheral attractors never 
connect directly
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Parametrisation of the geometric decision landscape

the fact that we are using the PL defined by the universal unfolding of this catastrophe
guarantees that the number of parameters used is minimal.

For the first decision we used the parametrised family of potential functions

F1(x, y; p) = x4 + y4 + y3 � 4x2y + y2 � p1 x+ p2 y. (2)

The bifurcation locus for the family F1 is as shown in Figure SM19A .
In this family the region with three attractors is the area inside the middle diamond

shape. Here, the central attractor is always the same and it can bifurcate with any of
the two saddles. For our model only the part of the family inside the central diamond
and below it was relevant, because we considered the bifurcation of the middle attractor
with either of the two saddles.

For the second decision we took the family of potential functions

F2(x, y; p) = x4 + y4 + x3 � 2xy2 � x2 + p3 x+ p4 y. (3)

The bifurcation locus for the family F2 is shown in Figure SM19B.
In this family, the region with three attractors corresponds to the big central tri-

angle, excluding the smaller one (blue curves with cusps) close to (0, 0). Inside the
small triangle a repeller in the middle of the three attractors appears as part of the
landscape. The purple dotted lines denote the regions where the unstable manifold for
one of the saddles flips, changing the middle attractor. For our model only the part
inside the big central triangle on the left hand side and possibly further to the left is
relevant because, we assume that neither PN nor M bifurcate.

Each of the two landscapes contains an attractor assigned to CE, by which the two
landscapes were ”glued” together in order to build the global landscape.

3.3 Defining the landscape model

The dynamical flow L(x, y; p) for the global landscape was defined by

L(x, y, p) = �(1� �(x)) p5 rF1(x, y; p)� �(x) p6 rF2(x+ 2, y + 1; p) (4)

with

F1(x, y; p) = x4 + y4 + y3 � 4x2y + y2 � p1 x+ p2 y binary choice landscape

F2(x, y; p) = x4 + y4 + x3 � 2xy2 � x2 + p3 x+ p4 y binary flip landscape

v = (�2,�1) translation vector to match

respective CE attractors

�(x) =
tanh(10(x� 0.5)) + 1

2
gluing function.

The global model depends on parameters p1, . . . , p6 that are a function of the signals
s1, s2.

The first step to join the two decisions was to translate one of the landscapes to
place the two instances of the CE attractor at a similar position in the (x, y) plane. We
applied the translation (�2,�1) to the second landscape F2. The exact position of the
attractors changes with di↵erent values of the parameters, although they remain in a

28

Landscape for Binary Choice
Saddle-node bifurcation diagram

-1 1

2 EPIAN CEA

Figure SM19: A. Bifurcation curves for the family F1 corresponding to the first de-
cision. B. Bifurcation curves for the family F2 corresponding to the second decision.
Continuous curves correspond to bifurcation curves and they are coloured according to
the attractor that bifurcates when crossing it. Purple dotted lines show the flip lines
where the middle attractor changes. The landscape corresponding to a point on the
purple line includes a saddle connection (the stable/ unstable manifold of one saddle
contains the other one). Examples of landscapes in the di↵erent regions are shown.
The black circle marks the exact parameter combination used to plot the landscape.
Note that near the cusp in A the unstable manifold of the saddles (red curves) glue
together smoothly at the middle attractor.

fixed region for relatively small regions of the parameter space. With this translation
the two instances of the common attractor land around (1, 1) (Fig. SM20).

Since the global landscape should have only one attractor around (1, 1), the second
step was to establish a transition area so that the CE attractor from the first potential
F1 was lost in favour of the CE attractor from the second potential F2 (in Fig. SM20
part of the level curve from F1 is dashed meaning that it is deleted from the global
model). That is, we glued the two landscapes using a sigmoid function to ensure a
smooth transition between the two flows and we chose a vertical stripe around x = 0.5
for the transition to happen (vertical purple line in Fig. SM20)). Other specific values
of the parameters for the transition and gluing would work, giving the same results
after fitting the rest of the parameters.

Finally, the dynamical flow L(x, y; p) for the global landscape was defined by the
linear combination of the two gradient systems corresponding to F1 and F2 (with F2

translated) smoothly glued together with a sigmoid function � as in equation (4). The
parameters p5 and p6 control the magnitude of the gradient system for each of the two
decisions and hence the velocity of the trajectories through that region.
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Non linear part defines the 
number and position of attractors

Parametrised linear part 
akin to a global tilt 
Model the effect of 
signalling

Fold bifurcation curves  
colour coded according to 
which attractor bifurcates

landscapes to a smaller subset boasting a specific decom-
position that allows us to algebraically separate the under-
lying landscape from a simple signal effect.
Both the binary choice and the binary flip are examples

of a particularly simple type of parametrized landscape, in
which the essential structure of the landscape is fixed and
the influence of the parameters in altering the landscape is
linear. For this reason, we will refer to the parameters as tilt
parameters, denoted τ, and to these parametrized land-
scapes as tiltable landscapes. Moving forward, we restrict
our consideration to this class of landscapes. Formally, we
can express a tiltable landscape as the sum of a static,

nonlinear portion ϕ̃ðxÞ that does not depend on the
parameters, and a linear term:

ϕðx; τÞ ¼ ϕ̃ðxÞ þ xTτ: ð2Þ

The binary choice landscape [Fig. 2(a)] is given by the
normal form

ϕbcðx; y; τÞ ¼ x4 þ y4 þ y3 − 4x2yþ y2 þ τ1xþ τ2y ð3Þ

and admits fold bifurcations (also known as saddle-node
bifurcations) as τ1 and τ2 vary. In a generic fold bifurcation,

(a)

(c)

(b)

FIG. 2. Parametrized landscape specified by an algebraic normal form exhibits bifurcations and models a binary decision.
(a) Archetypal parametrized landscape, the binary choice [43]. The potential function is given by ϕbcðx; y; τÞ ¼ x4 þ y4 þ y3 −
4x2yþ y2 þ xτ1 þ yτ2. The landscape tilts as the vector τ changes, with the potential increasing in the direction of τ. The plotted
landscape corresponds to the tilt vector τ ¼ ð0; 0.5Þ, for which three attractors (circles) are separated by two saddles (crosses).
(b) Potential ϕbc exhibiting fold bifurcations at particular values of τ. The color of each fold curve corresponds to the fixed point that
vanishes or appears as τ passes through it. In the central region, all three attractors are present. (c) Landscape given different values of the
tilt τ. Each plot corresponds to a position in parameter space, as marked in panel (b). Minima are denoted with a circle and saddle points
with a cross. Of particular importance are the bifurcations that have occurred in subpanels 3 and 4, in which the central attractor
bifurcates with one of the neighboring saddles.
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(p1, p2)

A. Howe and M. Mani. Phys. Rev. X 15, 031070 (2025)

M. Saez et al. E. Siggia, D. Rand and J. Briscoe, 2022, Cell Systems 12, 12–28

Potential function defined by a polynomial:

The potential defines attractors and saddle points, unstable 
manifolds that connect the saddle points and attractors 
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Evolution of landscape geometry as a function of signals

Wnt signalling

Figure 5. A refined model improves the accuracy of predictions
(A) Details for the 2 experimental conditions designed to refine the model. Colored bars show the times at which the CHIR (purple) or FGF (red) were added and

removed from the medium.

(B) Comparison between the mean proportions of cell types predicted by simulations of the initial model (Initial Sim) and the refined model (refined Sim) and the

proportions of cell types obtained experimentally (Test Exp) for the conditions in (A). Colors correspond to cell identities as detailed. For the pulsing experiments,

(legend continued on next page)
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Figure 4. Comparison of model simulations to experimental data
(A) For each condition at each time point, the proportions of cells assigned to each cell identity by the clustering method (experiment) were compared with the

proportion predicted by the model (simulations). A detailed analysis of the goodness of fit is provided in Methods S1 Section 5. For the simulated data the

proportions of each cell type were obtained by averaging the proportions of cell types obtained by simulating the model using all 10,000 parameter sets found by

the fitting algorithm. Colors correspond to cell identities (B). Cells with a low probability of belonging to any cell type were considered transitioning cells (UT) and

labeled in light yellow.

(B) Qualitative form of the global landscape model used in the fitting. Cell identities correspond to attractors in the landscape. Different signaling regimes change

the particular form of the landscape.

(C) Experimental conditions not used in the fitting were comparedwithmodel simulations. For each validation condition at each time point, the proportions of cells

assigned to each cell identity by the clustering method (experiment) were compared with the proportion predicted by the model (simulations). For the simulated

data, the proportions of each cell type were obtained by averaging the proportions of cell types obtained by simulating the model using all the parameter sets

found by the fitting algorithm. Colors correspond to cell identities as detailed. Overall, the model performed well at predicting the experimental results. We note

that when CHIR is removed after 12 h (CHIR 2–2.5) many cells that were in transition (Tr; orange) at D2.5 were recaptured by the EPI attractor both in the

experiments and the simulations at D3. However, the simulations underestimated the CE the proportion of cells that remained CE at D3.

(legend continued on next page)
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Geometric landscape and learning rule
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• Potential with time evolving parametrisation: V(x; θ(t, u))
that determines the dynamics. V is tuned by signals. 

• Learning function (or update rule):  
dθ/dt = F(θ(t), x, u(t)) 

History of signals: u(t)
• Landscape parameters are learned as they depend 

on history of signals and memory. 
• Internal memory: past signals permanently change 

the state of cells. 

The genome encodes:  
• A space of possible landscapes V(x;θ),  
• And a rule F that says how θ should be updated given 

local signals and internal states.

Learning algorithm in the egg: 

Geometric landscape framework: dx/dt = ∂V(x, θ)/∂x 

46

Proposal:  
• What is encoded in the egg is not simply a fixed 

programme of landscapes, but a learning rule for the 
landscape parameters. 

• The learning rule says how chemical and mechanical 
signals update the effective landscape in development. 

• The developmental history of signals, morphogens, 
mechanics, cell–cell contacts etc is the “training data set”. 

• The evolved rule F compresses environmental 
regularities (ie. signals in the embryo) into the landscape 
geometry. 

• Development as learning the correct landscape for a 
particular environment and history, starting from a 
genetically specified prior. 
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Learning during embryonic development

• The external environment of an 
embryonic cell is the internal 
environment of the embryo. 

• This environment is not constant: 
there are regularities and stochastic 
fluctuations. 

• Cells tune the environment 
composition, volume. 

What is the environment? Internal or external. 

Secreted protein in vitelline fluid 
in Drosophila embryo

Vitelline fluid in zebrafish embryoProtein diffusion in vitelline fluid

C. Autorino et al, and N. Petridou, bioRxiv  2025 
https://doi.org/10.1101/2025.06.06.658228 

G. Mundhe et al, and T. Lecuit
bioRxiv 2025.04.11.648359
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• Many local cell learners coupled 
to an environment they 
collectively generate 

• The patterns of signals that a cell 
learns from are produced by the 
collective behaviour of the cells 
themselves. 
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Learning during embryonic development

• The patterns of signals that a cell 
learns from are produced by the 
collective behaviour of the cells 
themselves. Vitelline fluid in zebrafish embryo

• Co-regulation between the tissue 
material state and cell fate decisions. 
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Figure 1. Meso-endodermal patterning in zebrafish correlates spatiotemporally with a tissue rigidity phase 
transition 
(a) Schematic diagram of the zebrafish embryo at blastula stage, composed of the blastoderm, yolk and yolk 
syncytial layer, YSL. The blastoderm is composed of loosely-attached cells surrounded by interstitial fluid (cyan). 
The meso-endodermal layer is at the blastoderm margin. (a’) Schematic diagram of cell response to Nodal 
signalling including phosphorylation of Smad2/3, translocation to the nucleus and transcription of nodal, lefty 
and meso-endodermal genes. (b) Schematic diagram of the zebrafish embryo during meso-endoderm 
specification (right side), coinciding with changes in blastoderm rigidity and viscosity (left side). (c) Exemplary 
projected confocal sections from time lapse of transgenic embryos expressing eGFP in meso-endodermal 
progenitor cells (Tg(mezzo:eGFP), sebox) labelled with membrane-RFP, H2B-BFP and dextran-647 in the 
interstitial fluid, with overlaid connectivity maps. (d) Rigidity analysis of the cellular networks shown in (c), with 
the GRC shown in orange. (e-f) Plots of the distribution of the GRC (e) and sebox intensity (f), as a function of 
the distance from the YSL, over time, time intervals of 30 min. Dashed lines indicate the rigid-floppy boundary 
in (e) and the meso-endoderm - prospective ectoderm boundary in (f) (n = 4 embryos for (e) and n = 8 embryos 
for (f)). (g) Schematic diagram of the relative surface tension ! as defined by the Young-Dupré relation, 
measured by the contact angle. (g’) Plot of the distribution of ! as a function of the distance from the YSL, over 
time (left), time intervals of 30 min, and exemplary confocal images of the contact angles (right) in the different 
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Figure 4: A rigidity transition enhances the Nodal-Lefty biochemical network 
(a, b) Simulations of Nodal signalling activity in conditions with rigidity feedback (a) and without (b) over space 
and time. Time points are from 0.25 to 2.75 of normalised time as shown in Fig. 3f (c-e) Smad2-GFP N/C ratio 
signal in wildtype (c), MZwnt11/slb (d) and MZwnt11/slb +Opto-RhoGEF (e) embryos as a function of their 
distance from the YSL. Timepoints are every 30 min starting from t 90 min. Dotted lines indicate the mean of t 
90 min, t 120 min and t 150 min: wildtype = 40.8 μm, MZwnt11/slb = 49.7 μm, MZwnt11/slb +Opto-RhoGEF = 
41.2 μm (n = 3 embryos for each condition). Arrowheads indicate the amplitude. (f, g) Quantification of Smad2-
GFP N/C ratio signal for the conditions shown in (c-e) at the cells close (0-20 μm) (f) and further away from the 
YSL (35-60 μm) (g) over time. Asterisks indicate Nodal maximum levels. (h-j) Simulations of the integrated Lefty 
production over time (h) and the Nodal-Lefty inhibition over space and time (I, j) with and without the rigidity 
feedback. Time points are from 0.25 to 2.75 of normalised time as shown in Fig. 3f. (k) Representative brightfield 
images of lefty1 expression visualized via in situ hybridisation in wildtype, MZwnt11/slb and MZwnt11/slb +Opto-
RhoGEF at 50%-epiboly and shield-stage. The number of embryos with similar phenotype is indicated in the 
figure. (k’) Percentage of embryos showing lefty1 expression, reduced expression, strongly reduced expression 
at 50% epiboly-stage and shield-stage. (l) UMAP of cells derived from wildtype and MZwnt11/slb embryos at 
shield stage profiled with scRNA-seq, coloured by cluster. Clusters were defined in UMAP space, and cluster 2 
indicates the meso-endoderm. (m) Expression levels for a set of Nodal target genes across all clusters in wildtype 
and MZwnt11/slb embryos, with most genotype-specific differences concentrated in meso-endoderm (box, 
cluster 2). Red asterisks indicate upregulated genes, blue asterisks indicate downregulated genes and grey 
asterisks indicate unchanged gene expression. (n) Schematics illustrating a closed feedback between Nodal 
signalling and tissue rigidity. N/C, Nuclear-to-cytoplasmic ratio. Scale bar: 200 μm (k)  
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• tissue rigidity phase transition guides patterning 
by tuning the length-scales and time-scales of 
morphogen (Nodal) signalling.



Multi-agent learning in a self-generated environment
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Ants and pheromone trails 
• Each ant is an “agent”. 
• Environment = pheromone concentration on the 

ground. 
• That environment is the result of ants’ past actions 

(where they walked, how much they deposited). 
• Each ant learns a foraging behaviour from this 

environment. 

Cells and chemical gradients 
• Each cell is an “agent”. 
• Environment = chemical concentration of signals, e.g. a 

morphogen 
• The environment is the result of total cells past activities 

(production, diffusion, advection, sequestration etc) 
• Each cell learns a new cell state from this environment 

Internal mechanochemical environment E(t): 
Is the result of the past history of the embryo 
• morphogen and signalling fields, 
• local mechanical stresses and strains, 
• ECM composition and topology, 
• geometry of the tissue (cell neighbours, orientation, etc.). 

• Learning function (or update rule function):  
dθi/dt = F(θi(t), x, Ei(t)) where Ei(t) is the 
local environment the cell i sees. 
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• Instead of saying that all the information for development is « already 
in the egg », we propose that the egg contains a learning algorithm 
for the epigenetic landscape.  

• As cells experience sequences of chemical and mechanical signals, 
these signals do not just drive them down a fixed landscape, they re-
shape the landscape itself.  

• The evolving landscape encodes a memory of developmental history 
and environmental context. 

• In that precise sense, development is a form of learning.

Learning during development

Conclusion

50



Case study: Structural and mechanical learning: Physarum

Thomas LECUIT   2025-2026

When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 
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Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.

Strain
A measure of deformation  
of an object with respect to  
a reference length upon 
application of a mechanical 
stress. This is a dimensionless 
parameter
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individuals can be very large, even up 
to several feet in diameter. Given the 
right conditions (depleted food and 
exposure to light), a plasmodium will 
develop small, stalked fruiting bodies 
resembling typical fungal molds. 
These fruiting bodies contain haploid 
spores, each of which hatch a single 
mononucleate amoeba, completing the 
basic life cycle.

How long has Physarum been used as 
a model in biology? The groundwork for 
research on Physarum was laid by H.P. 
Rusch and colleagues, and during its 
heyday in the late 1970s to early 1980s, 
there were about 60 Physarum papers 
per year. Research ranged around three 
topics: differentiation and development, 
the cell cycle, and motility. Its complex, 
potentially reversible life cycle made 
the slime mold a rich model for 
developmental biologists. Because 
Physarum’s plasmodium has a naturally 
synchronous nuclear division, with 
thousands of nuclei dividing every 8–10 
hours, the organism is ideal for cell 
cycle experiments. Moreover, the slime 
mold moves using an acto-myosin 
cytoskeletal system similar to systems 
used by animals, and is a widely 
relevant model for motility. The last 
decade has been witness to a surge of 
interest in the self-organizing behaviors 
of Physarum’s tubular network and the 
use of these behaviors to solve complex 
engineering problems.

Why is Physarum sometimes 
described as ‘intelligent’? Obviously, 
Physarum doesn’t have a brain, but 
its emergent behaviors are more 
complex than the localized decisions 

Physarum

Karen Alim1,*, Natalie Andrew2, 
and Anne Pringle2

What is Physarum? Physarum, 
or more precisely Physarum 
polycephalum, is an acellular slime 
mold, or myxogastrid. Myxogastrids 
are closely related to the cellular slime 
molds, or dictyostelids, including the 
well known Dictyostelium discoideum. 
Physarum is more distantly related 
to the protostelids (together these 
groups are discussed as the 
eumycetozoans, or ‘true’ slime molds) 
and very distantly related to other 
species also called slime molds, for 
example acrasids. 

Why ‘acellular’? Physarum first grows 
as single-celled amoebae, but the 
amoebae fuse, and the organism 
loses its ‘cellular’ makeup (Figure 1). 
As the organism continues to grow, 
nuclei divide without cell division. 
The resulting bag of nuclei is called 
a ‘coenocyte’ or ‘plasmodium’. It is 
covered in a layer of glycoprotein 
gel, giving it a slimy appearance. 
The plasmodium forms a tubular 
network, and as it moves, the 
network is reshaped and adapted 
to the environmental stimuli the 
tubes encounter. Cytoplasm streams 
through the network, and the streams 
periodically change direction. Slime 
molds are typically found in moist forest 
environments and probably feed on 
microbes growing in leaf litter, bark, 
mushrooms and other substrates. Here, 

of its parts, and the slime mold can 
solve complicated problems. For 
example, it can find the shortest 
path through a maze. The network 
can connect different resources and 
allocate biomass proportionally to 
derive an optimal diet. Networks 
transport substrates efficiently, but 
also are sufficiently redundant to be 
robust to the destruction of tubes. 
As these examples illustrate, the 
organism makes behavioral decisions 
based on aggregate knowledge of 
each of its parts. Physarum must have 
mechanisms to move information along 
its tubes, and sum diverse sources of 
information into a behavior.

What enables communication across 
an individual? Information in the form 
of molecular signals and nutrient 
concentrations can be rapidly sent 
around the tubular network using the 
streaming cytoplasm. Cytoplasmic 
flows change direction about every 100 
seconds, and can reach speeds of up to 
1 mm/s. Cross-sectional, acto-myosin 
based contractions of the tubes drive 
flows. Contractions are organized in a 
peristaltic wave to create coordinated 
flows optimal for transport. The length 
of the peristaltic wave is actively 
matched to the organism’s size, so 
that points of zero flow velocity are 
eliminated. With these flows signaling 
molecules or nutrients are rapidly 
distributed throughout the organism. 
The net transport of cytoplasm from one 
end of the network to the other is also 
the basis for movement by the slime 
mold. Cytoplasmic flows not only move 
signals, they also move the organism as 
a whole. 

Figure 1. Physarum polycephalum.
(A) The slime mold is typically found on organic substrates in humid, shady habitats. Scale bar ~0.5 cm. (B) Bright field microscopy image show-
ing the tubular network of the organism with more fan-like structures at the growing front (to the right). Scale bar 0.5 cm. (C) The cytoplasm 
streams within the network’s tubes. Scale bar 100 µm.

Alim K.  Phil. Trans. R. Soc. B 373: 20170112. (2018)
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Physarum polycephalum: an acellular self-organised optimal transport system  
• A plasmodial myxomycete (Protist, Amoebozoa) 
• Contains 1000s to millions of nuclei in a syncytium called plasmodium 
• Grows and migrates towards food source 
• Self-organizes a hydrodynamic network to distribute food to the entire cell/organism and 

promote its growth

Heather Barnett

1 cm/hr
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Peristaltic contraction and internal fluid flow

Thomas LECUIT   2025-2026

plasmodium is oscillating with the shuttle streaming. Con-
sider the ratio of the displacement by the forward flow to the
displacement by the backward flow. In a migrating cell, the
ratio should be larger than one. The problem is to determine
the origin of this imbalance.

Let us consider the movement of a virtual particle in the
plasmodium as shown in Fig. 6, assuming the type of space-
time structure of vector field such as we observed in the
plasmodia. The hatched band on the left-hand side is the
forward flow region, and the band on the right-hand side is
the backward flow region. A virtual fluid particle starting
from point A is carried to point B by the forward flow, and
then reaches point C via the backward flow. We will call the
forward and backward migration distances lF and lB, re-
spectively. The migration distance reflects the transportation
capability of each flow. If there is no other constraint in the
system, the longer migration distance means the longer dis-
placement of the center of gravity.
The forward migration distance lF is always greater than

the backward one lB when the shifting velocity of the flow is
forward, namely lB , lF. If this asymmetry in migration
distance is a major source that eventually moves the plas-
modium forward, the ratio of migration distance lF/lB should
correspond to the ratio of the displacement by the forward
flow to the displacement by the backward flow in amoeboid
movement. In the next subsection, we check this relationship
experimentally.

Examination of relationship between migration
distance ratio and displacement of center
of gravity

First, we calculate the migration distances in Fig. 6. For
simplicity, assume that the flow velocity is constant in one
band of Fig. 6. We can estimate the migration distance from
the shifting velocity of the flow u . 0, the constant velocity

FIGURE 4 A sequence of velocity fields

and the rate of width change of the plas-

modiummoving upwards. The open arrows
represent the vector field at the points on

the lattice whose size is arbitrarily chosen.

The solid arrows represent the rate of

change of the width of the plasmodium.
The width is measured in the direction

perpendicular to the longitude line. A pair

of solid vectors of opposite direction and
equal length is drawn on the line perpen-

dicular to the longitude line.

FIGURE 5 The grayscale plot of the maximum velocity vector of the
same plasmodium as in Fig. 4 on the time-AP axis plane. The length of the

maximum velocity vector over the latitude line with sign indicating the di-

rection of the flow is plotted. The forward flows are represented by the
lighter shade, and the backward flows are represented by the darker shade.

The open circles mark the onset of the forward flow, and the solid circles

mark the onset of the backward flow. These circles are fitted with lines to

obtain the shifting velocity of the vector field. The shifting velocities except
first two flows are 126 1mm/s. The absolute value of the averaged velocity

of the flow over the channel is 3 6 0.5mm/s.
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Measurement of velocity field of protoplasmic
streaming by particle image velocimetry

The DV format movies of plasmodia were transferred from the DV camera to

computer files, and then read with analyzing programs. The velocity fields
inside the plasmodia were measured by a method called particle image ve-

locimetry (34). In this approach, movies of fluids containing small marker

particles are numerically analyzed to determine the velocity fields by tracking

themovement of each particle, assuming the velocity of the marker particle to
be equal to that of the fluid around it.

In our case, the plasmodia already contained the vesicles and they could

not be removed, so we used them as marker particles. Here we briefly de-
scribe the process of particle recognition and velocity field measurement.

Appendix A gives a more complete and precise description.

The original video is in full color, but the color is not strong enough to be

useful in the subsequent analysis. Therefore, we are working with converted
grayscale images, like in Fig. 1 a. In this example, the vesicles appear as dark

spots.

As we are mainly interested in the moving particles, we want to eliminate

immovable particles and enhance the images of moving particles. This is ac-
complished by subtracting the image accumulated over a long period (;17 s)

from the present image. A sample of the image enhanced in this way is shown

in Fig. 1 b. In this image, the darker spots represent moving particles, and the

lighter spots represent the free space previously occupied by particles in the
accumulated image. To recognize the moving particle, the pixels darker than

a threshold are defined to be occupied by particles and one connected group

of occupied pixels (indicated by open polygons in Fig. 1 b) is defined as one
particle.

Next, we track the movements of recognized particles. This amounts to

identifying a particle in one frame with a particle in the next frame. This task

is not always possible for every particle. Especially as, in our case, the
particles themselves are not stable. The vesicles changed shape and aggre-

gated to form larger particles that may subsequently split again.

To avoid the complexity and to minimize the possible errors in this sit-

uation, we take the simplest approach to this task. We only identify two
particles in consecutive two frames if and only if two particles overlap each

other exclusively: a particle in the present frame overlaps not multiple par-

ticles but only one particle in the next frame and vice versa. Some sample

trajectories connecting the center of gravity of identified particles are shown

in Fig. 1 c. The longest trajectory near the center lasts .1 s.

We calculate the velocity of each particle from these trajectories. To
exclude the possible erroneous identifications, we calculate velocity only for

trajectories of greater than four-frame length. Thus, we can assign velocity to

some particles, as shown in Fig. 1 d.
As seen in this figure, the number of particles successfully assigned ve-

locities seems too little at one moment, but if we collect velocity data over a

few seconds, we get enough data to interpolate the entire space. In Fig. 2 a,
the velocity data of the last three seconds are depicted.We assign some pixels
the velocity averaged over time according to the method described in Ap-

pendix A. In this stage, the velocity is not defined on every pixel.

Then the velocity is averaged over space by the method in Appendix A. If

the initial data of velocities of clusters is dense enough, the velocity is as-
signed on every pixel as depicted in Fig. 2 b.

As a check, we compare the trajectories of the vesicles and the trajectories

of virtual fluid particles obtained by integrating the velocity field measured

above. The integration is calculated numerically using Runge-Kutta method.
The values of the vector field for pixels are assigned to the centers of the

pixels. The values of the vector field at the other points are bilinearly inter-

polated from these values at lattice points.
Depicted in Fig. 2 c is the superposition of the positive part of the en-

hanced image discussed above. A moving vesicle appears as an elon-

gated spot indicating its direction of movement. In Fig. 2 d, we draw

integrated orbits on Fig. 2 c. They agree very well, considering the size of one
pixel.

Since the resulted velocity field is obtained by averaging over some tens

of individual data, theoretically the error of the mean is only a few percent

even if the error of the individual data is some tens of percent. In this case, the
error should be measured by the time and space resolutions, which are;6 s

and 5 mm. Because the typical period of shuttle flow in plasmodia is;100 s,

this time resolution is good enough to investigate the various phenomena
related to shuttle flows. However, the typical width of channels in our

plasmodia is 10–30 mm. Therefore, to get the velocity profile across the

channel, or to get the total flux through a section of the channel, is beyond the

precision of our data.

FIGURE 2 The process of vector field
measurement and comparison of trajecto-

ries of vesicles and the path line obtained

from the measured vector field. All images
are captured from processed movies. Panels

a and b are at the same frame in the movies

as in Fig. 1. Panels c and d are at the same

frame. (a) The cluster velocity data in the
last 3 s. The older the data, the darker the

arrows. (b) The resultant vector field ob-

tained by averaging the data depicted in

panel a over time (690 frames) and space
(63 pixels). (c) The superposition of pos-

itive enhanced image over;10 s. The older

the image, the fainter the spot. The moving

vesicles should appear as elongated dark
spots like comets. (d) The path lines ob-

tained by numerically integrated the con-

structed vector field are drawn on panel c.
A circle is depicted on the path line every

0.5 s.

2494 Matsumoto et al.

Biophysical Journal 94(7) 2492–2504

• Motility of small fragments plasmodia

Matsumoto et al Biophysical Journal 94:2492–2504 (2008)

• Particle imaging velocimetry of cytosolic 
structures: cytosolic flow.  

• Cytosolic flow towards the anterior or 
posterior. 

• Peristaltic wave of contraction from 
Posterior to Anterior: cortical 
contraction + shape change (width and 
thickness variation). 
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plasmodium is oscillating with the shuttle streaming. Con-
sider the ratio of the displacement by the forward flow to the
displacement by the backward flow. In a migrating cell, the
ratio should be larger than one. The problem is to determine
the origin of this imbalance.

Let us consider the movement of a virtual particle in the
plasmodium as shown in Fig. 6, assuming the type of space-
time structure of vector field such as we observed in the
plasmodia. The hatched band on the left-hand side is the
forward flow region, and the band on the right-hand side is
the backward flow region. A virtual fluid particle starting
from point A is carried to point B by the forward flow, and
then reaches point C via the backward flow. We will call the
forward and backward migration distances lF and lB, re-
spectively. The migration distance reflects the transportation
capability of each flow. If there is no other constraint in the
system, the longer migration distance means the longer dis-
placement of the center of gravity.
The forward migration distance lF is always greater than

the backward one lB when the shifting velocity of the flow is
forward, namely lB , lF. If this asymmetry in migration
distance is a major source that eventually moves the plas-
modium forward, the ratio of migration distance lF/lB should
correspond to the ratio of the displacement by the forward
flow to the displacement by the backward flow in amoeboid
movement. In the next subsection, we check this relationship
experimentally.

Examination of relationship between migration
distance ratio and displacement of center
of gravity

First, we calculate the migration distances in Fig. 6. For
simplicity, assume that the flow velocity is constant in one
band of Fig. 6. We can estimate the migration distance from
the shifting velocity of the flow u . 0, the constant velocity

FIGURE 4 A sequence of velocity fields

and the rate of width change of the plas-

modiummoving upwards. The open arrows
represent the vector field at the points on

the lattice whose size is arbitrarily chosen.

The solid arrows represent the rate of

change of the width of the plasmodium.
The width is measured in the direction

perpendicular to the longitude line. A pair

of solid vectors of opposite direction and
equal length is drawn on the line perpen-

dicular to the longitude line.

FIGURE 5 The grayscale plot of the maximum velocity vector of the
same plasmodium as in Fig. 4 on the time-AP axis plane. The length of the

maximum velocity vector over the latitude line with sign indicating the di-

rection of the flow is plotted. The forward flows are represented by the
lighter shade, and the backward flows are represented by the darker shade.

The open circles mark the onset of the forward flow, and the solid circles

mark the onset of the backward flow. These circles are fitted with lines to

obtain the shifting velocity of the vector field. The shifting velocities except
first two flows are 126 1mm/s. The absolute value of the averaged velocity

of the flow over the channel is 3 6 0.5mm/s.
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• The forward flows are represented by the lighter 
shade, and the backward flows are represented 
by the darker shade. 

• Each straight line defines a velocity with which 
the vector field moves from the posterior to the 
anterior part of the plasmodium. 

• Shifting velocity field 

Determination of cell shape and position
of center of mass, and introduction
of anterior-posterior coordinate
system for plasmodia

The cell shape is detected by outlining the edge of a plasmodium. The center
of gravity of a plasmodium is calculated by assuming the existence of unit

point mass at the center of each pixel occupied by the plasmodium.

To measure and describe the movement of plasmodia, we need an

appropriate time-independent coordinate system. Our coordinate system
consists of one longitude curve coinciding roughly with the center line

of shuttle flow and/or the trail of the plasmodium (called anterior poste-

rior axis or AP axis), and a set of straight lines perpendicular to the lon-

gitude curve (called latitude lines; see Appendix B for more precise
definitions).

To construct this coordinate system we only need the edge curve out-

lining the plasmodium, and the position of the anterior and posterior
ends of this edge. As explained in Appendix B, we can calculate the an-

terior and the posterior positions from two edge curves that are an appro-

priate time apart.

Our coordinate system for a sample plasmodium is shown in Fig. 3. The
same sample was used for most of the following figures. This coordinate

system is calculated from the four edge curves 140 s apart, which are depicted

in Fig. 3. We define the length of the longitude curve measured from point P
as the longitude coordinate value. All points on the same latitude line have
the same longitude coordinate value. The latitude coordinate value can be

defined as the length of the latitude line from the longitude curve with the

appropriate sign to distinguish the two sides. However, we do not need the
latitudinal coordinates here.

The width of a plasmodium is defined as the area occupied by the plas-

modium between two adjacent latitude lines equally spaced on the longitude

line divided by the space between two adjacent latitude lines. In our sample
case, the spacing is 6.5 mm. This amounts to measuring the width in the

direction perpendicular to the longitude line.

RESULTS

Propagation of changes in streaming direction
from posterior to anterior end

Fig. 4 shows a sequence of velocity fields of protoplasmic
streaming in two-dimensional space (open arrows) and rates
of width changes measured perpendicularly to the AP axis
(shaded arrows). The width of the tail end began to become
thinner although the anterior parts became thicker (see the
figure at 290 s). This thinning motion propagated forward
(306 s and 322 s). At 338 s, the tail began to thicken, although
the anterior parts still showed thinning, and the thickening
propagated forward again (354, 370 s). The width changes
always propagated from the posterior end to the anterior end.
Changes in the direction of protoplasmic streaming also

propagated from the tail to the front similar to the propagation
of width changes. The forward flow was observed only in the
rear region at 290 s, and then became clear at the middle
region at 306 s. At 322 s, the forward flow was observed only
in the anterior region. At 338 s, backward flow appeared in
the tail region and propagated forward at 354 and 370 s.
Accompanying the propagation of the width changes, the
changes of streaming direction also propagated from the
posterior to anterior end. Fig. 4 shows a typical sequence of a
sample, but these propagation patterns were always observed
with almost no exceptions in a few tens of fast migrating
samples.
We concluded that flows in both directions and the de-

formation of both contraction and relaxation all begin at the
posterior end of the plasmodium, and then propagate toward
the anterior. These flows are established by the cooperative
contraction and relaxation of actomyosin systems distributed
throughout the plasmodium. The contraction and relaxation
of these systems appear as shrinkage or expansion of width of
the plasmodium.
To capture the spatiotemporal patterns of the propagation

of these changes, a spatiotemporal plot was depicted by re-
ducing two-dimensional space to one-dimensional space
along the AP axis in Fig. 5. The maximum streaming velocity
over a latitude line is assigned at the corresponding position
on the AP axis. Grayscale in Fig. 5 indicates this velocity.
Brighter levels correspond to the forward direction and
darker levels correspond to the backward direction. Closed
and open circles indicate zero velocity points, which are the
points where the streaming direction reverses. The set of zero
velocity points comprise almost straight lines in Fig. 5. Each
straight line defines a velocity with which the vector field is
moving from the posterior to the anterior part of the plas-
modium. We will call this type of velocity field a shifting
velocity field or SVF, and call this velocity the shifting ve-
locity.
Consider this vector field in relation to the locomotive

mechanism of plasmodia. The center of gravity moves for-
ward by the forward streaming flow and backward by
the backward flow. Therefore, the center of gravity of the

FIGURE 3 Coordinate system of the plasmodium in Fig. 4. This plasmo-

dium has come from the right and is completing an upward turn. Edge curves

are shown at 10 s (thin dotted curve), 150 s (thin broken curve), 290 s (thin
solid curve), and 430 s (thick solid curve). The numbers indicate length scale

(mm). The curve P to A is the longitude curve. The solid and dotted lines

perpendicular to this longitude curve are the latitudinal lines. Arrows are
examples of anterior and posterior dipole vectors, which are defined in

Appendix B.
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Peristaltic contraction, internal fluid flow and motility

period of ~100 s
• Motility of small fragments plasmodia
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u = L/T

of the flow v, and duration of the flow in one direction T. The
length of each forward or backward flow region is given by
L ¼ uT. This region is moving with velocity u in the positive
direction. In accordance with the experimental results, we
assume jvj , u. Then, a virtual fluid particle is in the flow
region for time duration of t, as given by

t ¼ L

u" v
:

The migration distance of the virtual fluid particle for this
flow is given by

l ¼ vt ¼
!!!!
Lv

u" v

!!!! ¼
!!!!
uvT

u" v

!!!!: (1)

This formula holds for the forward flow when v . 0 and for
the backward flow when v , 0.
For the actual data in Fig. 5, the shifting velocity u was

calculated as the average of inclinations of the two sides of
the flow band and T was measured at the center of the figure .
For v, we first find the maximum velocity vector for each
forward and backward flow band in Fig. 5. As these values
can be anomalous, we took v as the average velocity over 10
pixels around the position of that maximum in the original
velocity field at the time of that maximum.
Next we calculated the ratio of the forward displacement to

the backward displacement of the center of gravity. Fig. 7
shows the orbit of the center of gravity projected onto the line
connecting the initial and the last positions of the center of
gravity plotted against time. The extrema are marked by
small squares. The forward displacement DF from one local
minimum to the next local maximum is due to the forward

flow, and the backward displacementDB from a maximum to
the next minimum is due to the backward flow.
The displacement ratios DF/DB in six samples of freely

migrating plasmodia are plotted against the migration dis-
tance ratio, lF/lB, in Fig. 8. The sizes of the samples ranged
from 200 mm to 500 mm. Although some points deviate
considerably from the diagonal, the agreement is good in the
sense that the center of the distributed data points is close to
the theoretical diagonal line despite the crude approximation.
This implies that the asymmetry of migration distance ratio is
the major source of asymmetric displacement of the center of
gravity. Furthermore, the above plot can detect the anoma-
lous data points as explained below. We conclude that SVF is
the main cause of directional migration of center of gravity.

Abrupt formation of streaming channel in
relation to deviation in ratio

Many factors might contribute to the deviation in Fig. 8. We
now present a case in which we can identify a cause of the
large deviations in Fig. 8. This is related to the structure of the
shuttle flow near the anterior ends of plasmodia.
As seen in Fig. 5, the strong shuttle flow abruptly disappears

;100 mm short of the anterior end in the time from 0 to 260 s,
as indicated by the dashed line. Judging only from this figure,
the flow seems to contradict the law of continuity in fluid
dynamics. But actually, at this point of disappearance, the
strong flow plunges into a gel-rich region and slowly fans out.

FIGURE 6 Schematic drawing of the locomotive mechanism of shuttle

flow in plasmodia. The two hatched bands on the time-latitude plane are the
shifting vector fields from Fig. 4. The width of the vector field is L, and
the duration at the fixed latitudinal point is T. Hence the shifting velocity of

the vector field is u ¼ L/T. A fluid particle starting from point A on the

latitude curve is carried by the forward flow to point B, then by the backward
flow to point C. The migration distance lF is the distance between A and B
and lB is the distance between B and C.

FIGURE 7 Movement of the center of gravity of the plasmodium in Fig.

4. The inset in the upper left-hand corner is the movement on the original
image plane, and a broken line connects the first and last data points. A small

square marks the last data point. The upper curve is the projection of the two-

dimensional data onto the dotted line of the inset. Small squares mark the
extreme points. The bottom curve is the area of the plasmodium in the movie

image. The central solid line of this curve is the average. The broken lines

above and below the center line represent 105% and 95% of the average

value. Vertical broken lines are drawn from the local minimum of this curve
to the center of gravity curve. Note the coincidence between the extrema of

the two curves.
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• Forward peristaltic movement (velocity u) = a 
traveling wave of cortical contraction + shape 
change (width and thickness variation) 

• Flow at velocity +v or -v.  
• The peristaltic wave advects the flow velocity 
• This creates an intrinsic asymmetry in the flow 

and cell center during motility. 
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• Presence of a contractile actin cortex. 

Di were calculated by particle image velocimetry (PIV) from a
reference frame which was recorded at the end of the experiment
once the microplasmodium was detached from the substratum
by gently pipetting the medium around it. We used the toolbox
mPIV (http://www.oceanwave.jp/softwares/mpiv/) written
for Matlab (http://www.mathworks.com). A recursive algor-
ithm beginning with a window size of (64 ! 64) pixels, ending
with a window size of (16 ! 16) pixels, and a 50% overlap
between windows was typically set. We inverted the Fredholm
integral equation relating substrate deformations to traction
forces using the package of Matlab routines Regularization
Tools by P. C. Hansen (http://www.netlib.org/) already
adapted for Dictyostelium single cells and slugs [10,12]. The
L-curve of zero-order Thikonov algorithm is used to calculate
the value of the regularization parameter, and we approximate
the force pattern by an ensemble of localized point-like forces
Fi under a triangular mesh generated under the cell by a Delau-
nay triangulation (Matlab pde toolbox). We compute the overall
force as F and stress S as F ¼ SkFik and S ¼ F/A, where Fi is the
force under a given triangular mesh unit cell and A is the cell
area. We also compute the mean deformation D under the cell
as D ¼mean(Dj), where Dj is the deformation under a given
PIV mesh unit cell j and the mean is performed under unit
cells under the cell only.

2.4. Birefringent microscopy
The organism was observed by an advanced polarized light
microscope, an LC-Pol Scope. This microscope can detect bire-
fringence in all directions in two-dimensional plane by
combining liquid-crystal devices with the polarizer [13]. In this
system, the liquid-crystal device with the polarizer is placed
before the condenser in the illumination optical path of the
upright microscope (Nikon Eclipse 80i) and the analyser is

placed after the objective lens. Birefringence was observed by
monochromatic light of l ¼ 546 nm using 40! objectives at inter-
vals of 2 s. In the observed birefringent images, the parts with a
higher retardance, i.e. a larger phase shift between the fast and
slow axes of birefringence, are indicated by brighter level of
black-and-white grey scale, the brightest indicating 6 nm shift
and the darkest indicating no phase shift. According to previous
studies [4,14], the high birefringence came from thick bundle of
filamentous actin, or intermediate filaments. The birefringent
fibril structures were observed most sharply and clearly at the
dorsal layer of the plasmodium.

3. Results
Microplasmodia of P. polycephalum (300–800 mm long) are able
to exert regular rhythmic activity and streaming, and they are
able to migrate on collagen-coated soft polyacrylamide. They
induce large displacements of fluorescent beads (i.e. about
5 mm at zB ¼ 215 mm) when using a substratum of Young’s
modulus E ¼ 6 kPa (figure 2a; electronic supplementary
material, movie M1). For larger microplasmodia, we some-
times observed deformations far from the cell body that we
interpreted as the contractile effect of secreted slime adhering
on the substrate. We selected only microplasmodia for which
deformations were vanishing at long distances. Forces were
calculated using explicit regularization techniques already
developed for Dictyostelium single cells [12] and slugs [10,11].
They are always directed centripetally whatever their type
(figures 2–6). The total force (sum of absolute values of
forces under the organism) lies in the range 10–30 nN. We
now present traction force measurements for the three typical
microplasmodia types:
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Figure 2. Deformation and force field of two amoeboid type microplasmodia. (a) PIV deformation field and (b) corresponding force field of a first amoeboid
microplasmodium slowly moving towards the top (arrow in b). (d,e) Force field at 0 and 7 min 20 s of another amoeboid microplasmodium moving quickly towards
bottom left (arrow in d ) and experiencing large shape changes. Forces are very peripheral almost absent from the inner region, always directed centripetally
(inwardly) and maximum in the rear parts (arrowheads). (c,f ) For each microplasmodium, the sum of the forces F (in micronewtons, green line), the mean
bead deformation D (in units of 100 nm, orange line) and the stress S (in units of 10 Pa, blue line) oscillate in phase opposition with the oscillations of area
A (in units of 104 mm2, black line). Vertical dotted lines corresponding to peaks of cell area (i.e. maxima). The mean interval between lines (i.e. period of
contraction – relaxation cycles) is T ¼ 1.6 min in (c), T ¼ 1 min in ( f ).
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• Periodic contraction and traction in 
micro plasmodia (fragments) 

• Motility when there is an asymmetry 
in traction force pattern
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Plasmodium architectures are flexible and tuned by the environment

Thomas LECUIT   2025-2026
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The contraction rhythm sometimes fluctuated
$ %when temperature oscillations were applied 13 .

The degree of the synchronization was quantified
by averaging the difference between the periods
of rhythmic contraction of the organism " andi
those of the external temperature oscillation " .f

Ž .The synchronization index SI was calculated as

! !SI"& Ý " &" !Ý .Ž .i i f i

3. Results

3.1. Three patterns of 'ein organization and
intracellular mixing of protoplasm after stimulation

Fig. 3 shows three typical patterns of vein orga-
nization in the plasmodium after various stimula-
tion was applied. Fig. 3a,b show the vein structure
in the plasmodium crawling freely in the culture
conditions. The dendritic structure of the vein has
developed, and a sheet-like structure was formed
in the periphery. In this dendritic vein and sheet
structure, marked particles from a peripheral site
were transported to almost all sites within the
plasmodium during a half period of the contrac-
tion cycle. Destinations of the particles seemed to
be determined by chance, because the particles
were shuffled while flowing in a vein and then
distributed at many bifurcation points of the veins.
As above, the protoplasmic sol was mixed
throughout the plasmodium in one period of the
contraction oscillation.

Fig. 3c shows the second type of vein organiza-
tion, the veinless structure. The veins have disap-
peared, and the cell is shaped like a sheet. This
structure was transiently observed when the tem-
perature was changed from 25#C to 33#C. The
disappearance of the veins was extreme when the
plasmodium was on the phenylalanin-containing

Ž .agar 10 mM . In the veinless structure, the mix-
ing of protoplasm was found to be slow, as the
marked particles in the cell were mixed no longer

Fig. 3. Plasmodia with three typical patterns of vein organiza-
Ž .tion: a,b dendritic vein and sheet structure in the culture

Ž . Ž .conditions; c veinless structure; and d vein-net structure.
Scale bar: 1 cm.

over the plasmodium in one period of the rhythmic
contraction. Fig. 3d shows the third type of vein
organization, the vein-net structure. The thick-
ness of all the veins was similar, and their con-
figuration resembled a net. This structure was

Ž .observed: 1 when the plasmodium extended on
the oat flake-containing agar or on the casamino

Ž .acid-containing agar; or 2 at half a day after 15
Ž .min UV light irradiation see Section 2 . In this

vein-net structure, protoplasmic mixing did not
occur all over the organism in one cycle of con-
traction. In the latter two-vein patterns, the pro-
toplasmic mixing was not global, as in the den-
dritic vein and sheet structure, but was local in
one oscillation.

3.2. Different patterns of contraction in the
plasmodium with the 'einless and the 'ein-net
structures

Fig. 4 shows a typical oscillation pattern in a
plasmodium with the veinless structure. The black

Ž .and white pattern is detailed Fig. 4b in compar-
ison with the pattern in the dendritic vein and

Ž .sheet structure Fig. 4a . For example, a curved
Žzone the black part indicated by the arrow in Fig.
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• Different structures form in isotropic 
plasmodia (absence of food):  
Vein, veinless and net structures

contractions self-organize over time, showing first irregular
contraction patterns and later highly coordinated spatio-
temporal patterns including standing, travelling and spiral
waves [16–19]. Similar dynamics and patterns can be repro-
duced in models by describing the protoplasmic droplets by
two phases of a viscoelastic solid phase representing the cytos-
keleton, interpenetrated by a second fluid phase representing
the cytosol and coupling both phases by a soluble molecule
that activates tension in the solid phase [20,21]. Even on the
much larger scale of an entire tubular network contractions
are also highly coordinated, forming a peristaltic wave span-
ning specimens of at least 2 cm in size [14,22] (figure 1b–c).
While the contraction period only increases moderately with
network size [23,24], the wavelength of the peristaltic wave
matches the organism size spanning two orders of magni-
tude [14]. It is fascinating to investigate how this scaling
can arise. Given the success of mechanochemical models
for protoplasmic droplets it is likely that the organism-
spanning peristaltic wave is also a result of mechanochemical
patterning, which could nicely complement our emerging
understanding of this novel patterning mechanism wide-
spread in biological systems [25,26]. From a fluid mechanics
point a view, a peristaltic wave matching organism size
induces the highest flow velocities throughout a network. As
flows change with organism morphology, they are likely not
only important for organism homoeostasis but also for the
coordination of morphological adaptation itself.

3. Effective intracellular transport by
oscillatory flow

Peristalsis is a common mechanism in biological systems, creat-
ing oscillatory flow and pumping fluid along a tube [27–30]. In

P. polycephalum, the tubular network can be considered to be of
fixed volume on the time scales of tens of contraction periods.
Therefore, net fluid transport is not relevant on these short
time scales [14,31]. Yet, creating shuttle flows by a peristaltic
wave of contractions is a simple but powerful mechanism
to increase the spread of any particles, like metabolites or
signalling molecules, within this closed network. Rare measure-
ments show organism-wide, approximately 2 cm, transport
of particles within half a contraction period [22] out-competing
diffusive spread that would have travelled only 0.25 mm in that
time frame. Because of the oscillatory nature of flow, particles
flow mainly back to their initial site after a whole period. But
the peristaltic flow also increases the effective diffusion
k! k!U2R2=48k according to Taylor dispersion in long slen-
der tubes [32,33], also applicable to contractile tubes [34,35].
Here, k denotes the bare molecular diffusivity. Rapid diffusion
across the tiny tube cross-sections allows particles to transition
between fast and slow streamlines of the Poiseuille profile
rapidly increasing their dispersion along the tube by an order
of magnitude (figure 1d). The adjacency of large and small
tubes and therefore different flow velocities in a slime mould
network make it a hard task to theoretically map out how far
particles can spread [36]. One successful strategy is to map out
an effective dispersion [37,38], which unveils, for example,
that particle spread is increased by pruning/coarsening of the
network when P. polycephalum is left to starve [38]. This already
provides a glimpse of the challenging question on how network
morphology impacts network-wide transport [22]. Is mor-
phology geared to optimizing dispersion? If so, how does it
evolve towards an optimized morphology? Transport by fluid
flow seems to lie at the basis of network self-organization
since advected signalling molecules may propagate information
about the acquisition of a food source throughout the network
by hijacking fluid flows [39]. Here, signalling molecules
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Figure 1. Network morphology and peristaltic wave driving long-ranged cytoplasmic flows in the plasmodial slime mould P. polycephalum. (a) Self-organization of the
network morphology over the course of 12.5 h. An initially well-reticulated network migrates to the left thereby retracting connections and altering tube radius hierarchy.
Scale bar, 5 mm. (b) Bright-field microscopy image of P. polycephalum network trimmed to a rectangular shape. Scale bar, 2 mm. (c) Analysis of actin-cytoskeleton-driven
contractions of tube walls in (b) reveal phases of contractions to be patterned in a roughly linear gradient. The wavelength of this peristaltic phase pattern on a network
matches the organism size. (d) Simulation results of the spread of particles (copper colour) due to the streaming of fluid flow driven by the peristaltic contractions.
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• In presence of food the network reorients 
in the direction of the food source. 

• The network becomes anisotropic. 

Vein
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x y ! !where V "V #V , and V indicates a length ofi i i
V.

The contraction rhythm sometimes fluctuated
$ %when temperature oscillations were applied 13 .

The degree of the synchronization was quantified
by averaging the difference between the periods
of rhythmic contraction of the organism " andi
those of the external temperature oscillation " .f

Ž .The synchronization index SI was calculated as

! !SI"& Ý " &" !Ý .Ž .i i f i

3. Results

3.1. Three patterns of 'ein organization and
intracellular mixing of protoplasm after stimulation

Fig. 3 shows three typical patterns of vein orga-
nization in the plasmodium after various stimula-
tion was applied. Fig. 3a,b show the vein structure
in the plasmodium crawling freely in the culture
conditions. The dendritic structure of the vein has
developed, and a sheet-like structure was formed
in the periphery. In this dendritic vein and sheet
structure, marked particles from a peripheral site
were transported to almost all sites within the
plasmodium during a half period of the contrac-
tion cycle. Destinations of the particles seemed to
be determined by chance, because the particles
were shuffled while flowing in a vein and then
distributed at many bifurcation points of the veins.
As above, the protoplasmic sol was mixed
throughout the plasmodium in one period of the
contraction oscillation.

Fig. 3c shows the second type of vein organiza-
tion, the veinless structure. The veins have disap-
peared, and the cell is shaped like a sheet. This
structure was transiently observed when the tem-
perature was changed from 25#C to 33#C. The
disappearance of the veins was extreme when the
plasmodium was on the phenylalanin-containing

Ž .agar 10 mM . In the veinless structure, the mix-
ing of protoplasm was found to be slow, as the
marked particles in the cell were mixed no longer

Fig. 3. Plasmodia with three typical patterns of vein organiza-
Ž .tion: a,b dendritic vein and sheet structure in the culture

Ž . Ž .conditions; c veinless structure; and d vein-net structure.
Scale bar: 1 cm.

over the plasmodium in one period of the rhythmic
contraction. Fig. 3d shows the third type of vein
organization, the vein-net structure. The thick-
ness of all the veins was similar, and their con-
figuration resembled a net. This structure was

Ž .observed: 1 when the plasmodium extended on
the oat flake-containing agar or on the casamino

Ž .acid-containing agar; or 2 at half a day after 15
Ž .min UV light irradiation see Section 2 . In this

vein-net structure, protoplasmic mixing did not
occur all over the organism in one cycle of con-
traction. In the latter two-vein patterns, the pro-
toplasmic mixing was not global, as in the den-
dritic vein and sheet structure, but was local in
one oscillation.

3.2. Different patterns of contraction in the
plasmodium with the 'einless and the 'ein-net
structures

Fig. 4 shows a typical oscillation pattern in a
plasmodium with the veinless structure. The black

Ž .and white pattern is detailed Fig. 4b in compar-
ison with the pattern in the dendritic vein and

Ž .sheet structure Fig. 4a . For example, a curved
Žzone the black part indicated by the arrow in Fig.

Hypothesis: The vein organization of the cell interacts 
with the contractile activity to form a feedback loop. 
Note: morphological changes occur on longer time 
scale (45 min) than flow (100s). 

T. Nakagaki et al. Biophysical Chemistry 84:195 204 (2000)

• Contraction patterns are characterised by 
measuring the time difference in brightness 
of transilluminated plasmodia: contracting 
tubes are narrower and thicker and transmit 
less light.  

( )T. Nakagaki et al. ! Biophysical Chemistry 84 2000 195!204 199

Ž . Ž .Fig. 4. The rhythmic contraction " I in the vein organization of Fig. 3a,c. a Synchronous pattern of the rhythmic contraction
except in the peripheral part in the dendritic vein and sheet structure of Fig. 3a. Two-dimensional snapshots were taken every 24 s.

Ž . Ž" I is higher as the graded shades are darker. b Successive snapshots of the contraction in the veinless structure like Fig. 3c every
. Ž .40 s . The curving zone indicated by the arrows moved leftward. c Time variations of the contraction observed from the right to

the left along the diameter indicated by the white dotted line in Fig. 4b. The arrow indicates the part that ceased the contraction
oscillation.

Ž .Fig. 5. The contraction pattern in the extremely veinless structure induced by phenylalanine treatment. a Time course of " I at a
Ž . Ž .fixed site indicated by the arrow in Fig. 5b of the plasmodium. The variations are irregular. b One-dimensional variations of " I.

" I is higher as the graded shades are darker.
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.4b was formed and moved leftward. Fig. 4c shows
the time course of spatially one-dimensional vari-
ations from the right to the left along the white
dotted line indicated in Fig. 4b. Black and white
stripes run between bottom and top in Fig. 4c,
and the slope of the stripes varies in space and
time. Specifically, although contraction waves
were propagated in the cell, the propagation speed
varied. And in some parts of the organism, the

Žoscillation was suspended indicated by the ar-
.row . Synchrony of the contraction decreased, and

the contraction pattern was complicated.

Fig. 5b shows a typical pattern of oscillation in
a plasmodium with an extremely veinless struc-
ture. There are many black and white domains
that are isolated from each other in Fig. 5b, which
means that a contraction wave is no longer propa-
gated throughout the cell. Fig. 5a showed the
contraction oscillation at the site indicated by the
arrow in Fig. 5b. Periods and amplitudes of the
oscillations were also no longer constant, so the
oscillations were disordered in space and time.

Fig. 6 shows oscillation patterns in a plasmod-
ium with the vein-net structure. As indicated by

Ž .Fig. 6. The contraction patterns in the vein-net structure. a Time course of " I at a fixed site in the plasmodium. For the sake of
Ž .comparison, the time course which was observed in the dendritic vein and sheet structure is shown in a. b Time course of

Ž .one-dimensional variations. c!f Successive two-dimensional snapshots of the contraction pattern every 32 s. The line drawings
indicate the propagation directions of the contraction waves. " I is higher as the graded shades are darker.

( )T. Nakagaki et al. ! Biophysical Chemistry 84 2000 195!204198
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3.1. Three patterns of 'ein organization and
intracellular mixing of protoplasm after stimulation

Fig. 3 shows three typical patterns of vein orga-
nization in the plasmodium after various stimula-
tion was applied. Fig. 3a,b show the vein structure
in the plasmodium crawling freely in the culture
conditions. The dendritic structure of the vein has
developed, and a sheet-like structure was formed
in the periphery. In this dendritic vein and sheet
structure, marked particles from a peripheral site
were transported to almost all sites within the
plasmodium during a half period of the contrac-
tion cycle. Destinations of the particles seemed to
be determined by chance, because the particles
were shuffled while flowing in a vein and then
distributed at many bifurcation points of the veins.
As above, the protoplasmic sol was mixed
throughout the plasmodium in one period of the
contraction oscillation.

Fig. 3c shows the second type of vein organiza-
tion, the veinless structure. The veins have disap-
peared, and the cell is shaped like a sheet. This
structure was transiently observed when the tem-
perature was changed from 25#C to 33#C. The
disappearance of the veins was extreme when the
plasmodium was on the phenylalanin-containing
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ing of protoplasm was found to be slow, as the
marked particles in the cell were mixed no longer

Fig. 3. Plasmodia with three typical patterns of vein organiza-
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over the plasmodium in one period of the rhythmic
contraction. Fig. 3d shows the third type of vein
organization, the vein-net structure. The thick-
ness of all the veins was similar, and their con-
figuration resembled a net. This structure was

Ž .observed: 1 when the plasmodium extended on
the oat flake-containing agar or on the casamino

Ž .acid-containing agar; or 2 at half a day after 15
Ž .min UV light irradiation see Section 2 . In this

vein-net structure, protoplasmic mixing did not
occur all over the organism in one cycle of con-
traction. In the latter two-vein patterns, the pro-
toplasmic mixing was not global, as in the den-
dritic vein and sheet structure, but was local in
one oscillation.

3.2. Different patterns of contraction in the
plasmodium with the 'einless and the 'ein-net
structures

Fig. 4 shows a typical oscillation pattern in a
plasmodium with the veinless structure. The black

Ž .and white pattern is detailed Fig. 4b in compar-
ison with the pattern in the dendritic vein and

Ž .sheet structure Fig. 4a . For example, a curved
Žzone the black part indicated by the arrow in Fig.

• Contraction patterns are different in 
plasmodia with different architectures: 
veinless and vein-net structures. 

• Change in contraction patterns induced by 
temperature affects network architecture. 
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resources to be distributed across an entire individual.

Results
Cross-Sectional Contractions of Tubes Drive Flows in P. polycephalum.
We let P. polycephalum endocytose fluorescent beads of 1 μm in
diameter and recorded time series of the flowing beads along a
single tube of a network over 30–60 min, using fluorescent im-
aging. Simultaneously, the slime mold was illuminated from be-
low and imaged using bright-field microscopy, at a frame rate of
10 images per minute and magnifications ranging from 1× to 5×
(Materials and Methods). An overlay of the bright-field and
fluorescent images can be seen in Fig. 2A, where the bead
positions at two consecutive time points are shown in red and
green, respectively. The radii of tubes were determined from
the bright-field images, and their spatiotemporal development
served as the sole input to our model of flows within a con-
tracting tube (Fig. 2B).
To explore flows driven by cross-sectional contractions of

tubes, we solve the equations for incompressible fluid flow. If
a= aðz; tÞ is the radius of a tube as a function of its axial co-
ordinate z and time t, the flow velocities u and v along and
perpendicular to the tube follow from solving the Stokes
equations

μ∇2~u=∇P;   with ~u= ðu; vÞ; [1]

combined with the no-slip boundary conditions on the walls,
u= 0 and v= ∂a

∂t at r= a. The Stokes equations are a good ap-
proximation for the flows created by P. polycephalum: Using
a representative tube radius of a0 = 50 μm, a velocity of
u= 1 mm=s, and the kinematic viscosity of water, the Reynolds
number is small, Re= 2ua0=ν∼ 0:1. Moreover, the tube radius a0
is much smaller than the oscillatory boundary layer thickness!!!!!!!!
ν=ω

p
, with ω= 0:05 Hz. Our experiments show that the char-

acteristic length scale of the contraction is much larger than the
radius of the tube, which suggests a generalization of the ansatz
of refs. 14, 26, and 27,

uðz; r; tÞ= 2uðz; tÞ
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which satisfies the no-slip boundary condition at r= a. Imposing
∇~u= 0 implies a relationship between the cross-sectionally aver-
aged axial flow velocity u and the contractions ∂a

∂t ,
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where the cross-sectionally averaged fluid flux isQ= πa2u. In Eq. 5,
the first term describes the flow input to a particular tube from
other tubes at z= z0, whereas the second term is the flow gener-
ated by the contractions in the tube over the length z− z0, ΔQ.
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Fig. 1. (A) Bright-field image of P. polycephalum, a true slime mold
(myxomycete) that grows as a network of tubes. (B) Transmitted light in-
tensity at two sample tubes as a function of time. Vertical lines indicate
maxima of oscillations. The oscillating cross-sectional contractions of a tube
directly modulate the intensity of transmitted light (Fig. S1), enabling the
contraction state and the phase of contractions over time to be identified
and tracked. Phase as a function of time is shown at the top of each graph,
using a periodic color code that cycles from black at zero to blue, green, and
red and then back to black at 2π.
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Fig. 2. Testing for a causal relationship between cross-sectional tube con-
tractions and cytoplasmic flows. (A) Overlay of bright-field (gray) and fluo-
rescent (red and green) images, to simultaneously measure tube radius
along a tube over time and track fluorescent beads advected by the flow.
Moving beads, indicated by arrows, are red in an initial time frame and
green in the time frame taken 1 s later. (B) Illustration of how cross-sectional
contractions (black arrows) of a tube of radius a drive fluid flow (blue
streamlines) along a 3D tube extending in radial r and longitudinal z
dimensions. (C) Flows predicted by the contracting tube model based on
experimentally obtained tube radii. Flow to the right, away from the tube
end (0 mm), is shown in red and that toward the tube end is in blue,
highlighting flow arrests (marked by asterisks) and reversals in white.
Overlaid experimental time points of real flow reversals (dashed lines) show
very good agreement with the model. Moreover, time points where the
model predicts that the flow arrests without reversing its direction (asterisks)
correspond to what is observed experimentally (Movie S1).
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by optimizing transport within its network of tubes, enabling
resources to be distributed across an entire individual.

Results
Cross-Sectional Contractions of Tubes Drive Flows in P. polycephalum.
We let P. polycephalum endocytose fluorescent beads of 1 μm in
diameter and recorded time series of the flowing beads along a
single tube of a network over 30–60 min, using fluorescent im-
aging. Simultaneously, the slime mold was illuminated from be-
low and imaged using bright-field microscopy, at a frame rate of
10 images per minute and magnifications ranging from 1× to 5×
(Materials and Methods). An overlay of the bright-field and
fluorescent images can be seen in Fig. 2A, where the bead
positions at two consecutive time points are shown in red and
green, respectively. The radii of tubes were determined from
the bright-field images, and their spatiotemporal development
served as the sole input to our model of flows within a con-
tracting tube (Fig. 2B).
To explore flows driven by cross-sectional contractions of

tubes, we solve the equations for incompressible fluid flow. If
a= aðz; tÞ is the radius of a tube as a function of its axial co-
ordinate z and time t, the flow velocities u and v along and
perpendicular to the tube follow from solving the Stokes
equations

μ∇2~u=∇P;   with ~u= ðu; vÞ; [1]

combined with the no-slip boundary conditions on the walls,
u= 0 and v= ∂a

∂t at r= a. The Stokes equations are a good ap-
proximation for the flows created by P. polycephalum: Using
a representative tube radius of a0 = 50 μm, a velocity of
u= 1 mm=s, and the kinematic viscosity of water, the Reynolds
number is small, Re= 2ua0=ν∼ 0:1. Moreover, the tube radius a0
is much smaller than the oscillatory boundary layer thickness!!!!!!!!
ν=ω

p
, with ω= 0:05 Hz. Our experiments show that the char-

acteristic length scale of the contraction is much larger than the
radius of the tube, which suggests a generalization of the ansatz
of refs. 14, 26, and 27,
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which satisfies the no-slip boundary condition at r= a. Imposing
∇~u= 0 implies a relationship between the cross-sectionally aver-
aged axial flow velocity u and the contractions ∂a
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where the cross-sectionally averaged fluid flux isQ= πa2u. In Eq. 5,
the first term describes the flow input to a particular tube from
other tubes at z= z0, whereas the second term is the flow gener-
ated by the contractions in the tube over the length z− z0, ΔQ.
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(myxomycete) that grows as a network of tubes. (B) Transmitted light in-
tensity at two sample tubes as a function of time. Vertical lines indicate
maxima of oscillations. The oscillating cross-sectional contractions of a tube
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Fig. 2. Testing for a causal relationship between cross-sectional tube con-
tractions and cytoplasmic flows. (A) Overlay of bright-field (gray) and fluo-
rescent (red and green) images, to simultaneously measure tube radius
along a tube over time and track fluorescent beads advected by the flow.
Moving beads, indicated by arrows, are red in an initial time frame and
green in the time frame taken 1 s later. (B) Illustration of how cross-sectional
contractions (black arrows) of a tube of radius a drive fluid flow (blue
streamlines) along a 3D tube extending in radial r and longitudinal z
dimensions. (C) Flows predicted by the contracting tube model based on
experimentally obtained tube radii. Flow to the right, away from the tube
end (0 mm), is shown in red and that toward the tube end is in blue,
highlighting flow arrests (marked by asterisks) and reversals in white.
Overlaid experimental time points of real flow reversals (dashed lines) show
very good agreement with the model. Moreover, time points where the
model predicts that the flow arrests without reversing its direction (asterisks)
correspond to what is observed experimentally (Movie S1).
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• Cross-sectional contractions of tubes drive 
fluid flows 

• Observations:  
contraction oscillations  (transmitted 
light), frequency and amplitudes.  
Phase (color coded) 

• Model: solve equation of incompressible 
fluid flow in a tube, using measurement of 
time variation of tube radius.  

• Results of simulated flow in a closed tube 
agree with experiments. 

Alim K, et al., Brenner MP, Pringle A. Proc. Natl Acad. Sci. USA 110, 13306-13311 (2013)
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We tested the predictions of this analysis by measuring the tube
radii as described above and then using Eqs. 4 and 5 to compute
the fluid flow at each point in the tube. Fig. 2C shows the pre-
dicted flows along the tube over time. To compare predictions
and observations we measured the times of flow reversals in
experiments, depicted in Fig. 2C by dashed lines. Theoretical
predictions of the time points of flow reversals quantitatively
agree with experiments. Although the flow dynamics agree, we
find that the predicted velocities are significantly (10-fold) smaller
than experimental measurements (Fig. S2). This is likely due to
the measured outer radius of the tube being different from
the inner radius, which actually drives the flow (28) and the ex-
change of matter between the fluid cytoplasm and the gel-like
outer layer (29, 30).

Flows Are Controlled by Spatial Pattern of the Phase of Contractions.
We next explored global patterns of flow across entire slime
molds. The spatiotemporal development of a periodically con-
tracting tube is shaped by four parameters: the spatial pattern of
phase, the baseline radius of the tube, and the amplitude and
period of the contractions (Fig. 1B). In principle, P. polycephalum
could use any of these parameters to control flow patterns. A
striking feature of observed networks is the reproducible ar-
rangement of phases in a pattern, which appeared as the most
likely control parameter in our experiments. By contrast, the tube
radius and its distribution can vary widely from organism to or-
ganism, and tube radii grow and shrink as an organism forages for
food or adapts to its environment. The timescale of morpholog-
ical rearrangements (∼45 min) is much larger than the timescale
over which flow is generated (∼100 s). The periods of contractions
between different tube segments do not vary significantly over
the whole organism or over time, at least not during the time
course of our experiments of 1.5 h (average period±SD is 131± 43 s
for the organism in Fig. 3A). The amplitudes of contractions are
somewhat correlated with the tube radii, with bigger tubes
showing bigger contractions (Fig. S3). However, along a single
tube, the amplitudes of contractions are variable, mostly because
of fluctuations in the contractions (Fig. S4). However, the period

and amplitude distributions are peaked (Fig. S5). For these rea-
sons we focused our analysis on the phase of contraction as the
primary parameter controlling global patterns of flow on time-
scales less than 1 h.
We documented the patterns of phases for organisms of dif-

ferent sizes, ranging from 3 to 17 mm. Results show a robust,
reproducible behavior, and typical examples of a large-, a medium-,
and a small-sized network are displayed in Fig. 3. Contractions
cycle over time, and the phase of the contractions at any single
point in an individual increases linearly as time passes (Fig. 3,
Top to Bottom). However, the spatial phase gradient between
adjacent points along a tube stays constant. The phase gradient
is almost linear and the maximal spatial phase gradient over the
whole organism equals a whole cycle of zero to 2π; strikingly,
this pattern is irrespective of the organism size. In the framework
of a peristaltic wave we observe that there is always about one
wavelength encompassed within an organism of P. polycephalum.
Furthermore, the orientation of the phase gradient in space stays
roughly constant along the direction of the longest axis of the
network in the case of spatially anisotropic organisms, whereas it
can assume virtually any direction in the case of spatially isotropic
organisms (Movies S2–S4). The slime mold P. polycephalum
is known to grow to an arbitrary size, as long as food and the
right environment are provided, which raises the question of
the scale at which the adaption of the phase gradient to size
breaks. We investigated organisms as large as 2.1 cm and still
observed a single wavelength (Fig. S7). Our observations are
consistent with previous research on the scaling of the Aden-
osine-5′-triphosphate gradient with organism size, observed up
to sizes of 50 cm (31).

A Contraction Pattern Consisting of a Single Wavelength Across an
Organism Optimizes Transport. To explore the transport properties
conferred by P. polycephalum’s choice of phase pattern we built
a theoretical description of the phase patterns in the network.
Previous research proves a linear phase gradient is optimal
for transporting matter down a tube when the mechanism of
movement is peristalsis (14). However, the slime mold grows as

2 mm0 s

18 s

36 s

2 mm 2 mm

A B C

large smallmedium

Fig. 3. (A–C) Typical phase patterns of P. poly-
cephalum networks ranging from approximately (A)
17 mm to (C) 3 mm. Independently of size, an almost
linear phase gradient establishes across the network.
The gradient encompasses a single cycle of zero to 2π
extending along the longest axis of an individual.
Colors mark the phases of contractions calculated as
the fraction of the contraction cycle elapsed relative
to the last maximum (Fig. 1B). (A and B, Top) Black
rectangles mark the approximate regions cut at the
end of each experiment to obtain the medium net-
work (B) from the large network (A) and the small
network (C ) from the medium network (B), re-
spectively. For tube architecture see bright-field data
in Fig. S6.
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• Phase patterns in plasmodia: 
• At any single point in the network, the phase increases 

linearly over time 
• The spatial phase gradient between adjacent points 

along a tube stays constant.  
• The spatial phase gradient is linear across organisms 
• The maximal phase gradient equals a cycle 0-2π 

irrespective of organism size.

Optimal transport in a random Physarum

Alim K, et al., Brenner MP, Pringle A. Proc. Natl Acad. Sci. USA 110, 13306-13311 (2013)
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a random, closed network without net mass transport on the
timescales considered in this work. Mass conservation imposes
that the sum of contraction-driven flows ΔQj in all tubes j∈N has
to total zero,

XN

j∈ tubes

ΔQj = 0: [6]

This has a profound effect on the allowed phase patterns in the
network. To investigate, we neglect variations in the contraction
period 2π=ω, amplitude «, and base radius a0 and consider cross-
sectional contractions of the form

a2ðz; tÞ= a20 + 2a0eeiðφ−ωtÞ: [7]

Eq. 5 then simplifies to

ΔQðz; tÞ= ia0e2πωe−iωt
Zz

z0

dz′eiφðz′Þ: [8]

We assume that networks are discretized into segments of length ℓ,
where the phase within each tube segment is approximately con-
stant. This is a good approximation as long as the characteristic
length scale of contractions is much larger than the tube segment
size considered. If φj is the phase within the jth tube segment,
conservation of mass in Eq. 6 implies

ia0e2πωℓe−iωt
XN

j∈ tubes

eiφj = 0: [9]

The general solution to this constraint is given by any integer
partition of N, where the smallest addend is 2: Namely, if we
consider any sum

PK
k Nk =N, with each Nk ≥ 2, then the phases

are given by

φjðkÞ =
2πj
Nk
: [10]

For the spatial arrangement of the phases we choose a linear
gradient, in which case any set partition with more than one
element gives rise to multiple phase waves along the network.
The solution with a single wavelength across the organism has
the phases of the tubes being the Nth roots of unity; i.e.,
φj = 2πj=N;   j= 1; . . . ;N. All of these solutions equally satisfy
conservation of mass; the fact that P. polycephalum chooses a so-
lution with a single wavelength per organism implies that there
must be another constraint. We know from a single closed peri-
staltic tube that transport is maximized for a single wavelength,
because particles do not need to travel past any node point,
where the fluid flow vanishes (SI Text). In this simple scenario
transport is optimized by a phase pattern going linearly from
zero to 2π from one end of the vein to the other, which is equiv-
alent to minimizing the overall phase difference.
Does this argument translate to a network of contracting

tubes? To investigate this, we choose phases from a solution set
in Eq. 10 with Nk =N and then find the spatial distribution of
phases that minimizes the local differences between the phases.
We do this by first randomly distributing the phases and then
using a Monte Carlo scheme that iterates possible spatial phase
distributions by swapping phases between two tubes if favorable
to achieve small phase differences throughout the network
(Materials and Methods). Fig. 4, Insets A and B, show a random
and an optimized phase pattern for the P. polycephalum network
architecture mapped from the large organism in Fig. 3A, discretized

into tube segments of length ℓ= 0:3274 mm, at least an order of
magnitude smaller than the extent of the organismL, i.e., the length
scale of the phase pattern.
Given the phase patterns, we can now assess the transport

properties of the corresponding networks. We compute for each
homogeneously contracting tube segment the contractions from
Eq. 7 and fluid flows generated by the contractions, using Eq. 4.
The flow boundary conditions for every single tube are calculated
by imposing Kirchhoff’s circuit law. We derive the Taylor dis-
persion for a contracting tube, which is used to equate the ad-
vection–dispersion of a cloud of tracer particles and to determine
the mean distance the cloud travels within the network (Materials
and Methods). Fig. 4 shows the displacement, normalized by the
largest distance L within a network, of a particle cloud over 10
periods of contractions (Movies S5 and S6). The optimized phase
pattern outperforms the random phase pattern more than sev-
enfold in spread after 10 periods and reaches more than 15% of
the total distance within the network, whereas the random phase
pattern covers only about 2%. In the network with the random
phase pattern, particles essentially diffuse with the molecular
diffusion constant κ on the scale of the tube segment, being mixed
fast due to the oscillating flow within individual tube segments.
With the long-ranged correlated phases in the optimized network
the overall flow velocity is highly enhanced. When particles dif-
fuse between faster and slower streamlines, the net diffusivity of
particles is enhanced by a term u2a2=κ∼ e2L2ω2=κ. By the na-
ture of the shuttle flow, there is no selected orientation of trans-
port, and particles are transported away from wherever they enter
the network. However, the particle diffusivity is not isotropic,
given that it is proportional to the squared flow velocity. Dispersal
is, thus, fastest for particles halfway along the phase gradient,
spreading uniformly either way along the direction of the gradi-
ent. This finding is similar to that of a single, closed peristaltic
tube, now generalized to a random network.

Phase Patterns Optimized for Particle Transport Agree with
P. polycephalum Patterns. To what degree are the phase patterns
found in P. polycephalum peristaltic waves on a network? In a
single peristaltic tube the signature of the spatial phase pattern is
unmistakably reflected in the spatial phase correlation. The lin-
ear increase from zero to 2π gives rise to a cosine for the phase
correlation, with perfect anticorrelation for phases separated by
L/2 and perfect correlation for phases separated by L (Fig. 5B).
To compare we now calculate the phase correlation for both
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Fig. 4. Networks optimized for minimal local phase difference maximize
particle transport. Numerically calculated mean displacement of tracer par-
ticles within the large real P. polycephalum network architecture of Fig. 3A is
shown here for theoretically optimized (Inset A, solid line) and random (Inset
B, dashed line) phase patterns. The mean displacement is normalized by the
largest distance L in the network. Arrows mark the site of tracer initiation.
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• Networks optimized for minimal local phase 
difference, given constraint of mass conservation, 
maximize particle transport. 

• The movement of signals is optimized when the 
wavelength of the peristaltic wave is of the order of 
the size of the network.

Numerically calculated 
mean displacement of 
tracer particles within the 
large real P. polycephalum 
network architecture with 
optimised and random 
phase patterns.  



How does Physarum tunes its architecture in response to food signals?

Thomas LECUIT   2025-2026

• Food increases the contraction frequency 
• Repellants decrease the contraction frequency 
• Contraction affects network architecture  
• What is the underlying mechanism?

accumulate on a large FS outside the arena (LFS
in Fig. 2A).

A range of network solutions were apparent
in replicate experiments (compare Fig. 2A with
Fig. 1F); nonetheless, the topology of many
Physarum networks bore similarity to the real rail
network (Fig. 2D). Some of the differences may
relate to geographical features that constrain the rail
network, such as mountainous terrain or lakes.
These constraints were imposed on the Physarum
network by varying the intensity of illumination, as
the plasmodium avoids bright light (16). This
yielded networks (Fig. 2, B and C) with greater
visual congruence to the real rail network (Fig. 2D).
Networks were also compared with the minimal
spanning tree (MST, Fig. 2E), which is the shortest
possible network connecting all the city positions,
and various derivatives with increasing numbers of
cross-links added (e.g., Fig. 2F), culminating in a
fully connected Delaunay triangulation, which rep-
resents the maximally connected network linking
all the cities.

The performance of each network was char-
acterized by the cost (TL), transport efficiency
(MD), and robustness (FT), normalized to the
corresponding value for the MST to give TLMST,
MDMST, and FTMST. The TL of the Tokyo rail
network was greater than the MST by a factor
of ~1.8 (i.e., TLMST ≈ 1.8), whereas the average
TLMST for Physarum was 1.75 T 0.30 (n = 21).
Illuminated networks gave slightly better clus-
tering around the value for the rail network (Fig.
3A). For comparison, the Delaunay triangulation
was longer than the MST by a factor of ~4.6.
Thus, the cost of the solutions found by Physarum
closely matched that of the rail network, with
about 30% of the maximum possible number of
links in place. The transport performance of the
two networks was also similar, with MDMST of
0.85 and 0.85 T 0.04 for the rail network and the
Physarum networks, respectively. However, the
Physarum networks achieved this with margin-
ally lower overall cost (Fig. 3A).

The converse was true for the fault tolerance
(FTMST) in which the real rail network showed
marginally better resilience, close to the lowest
level needed to givemaximum tolerance to a single
random failure. Thus, only 4% of faults in the rail
network would lead to isolation of any part,
whereas 14 T 4%would disconnect the illuminated
Physarum networks, and 20 T 13% would
disconnect the unconstrained Physarum networks.
In contrast, simply adding additional links to the
MST to improve network performance resulted
in networks with poor fault tolerance (Fig. 3B).

The trade-off between fault tolerance and cost
was captured in a single benefit-cost measure, ex-
pressed as the ratio of FT/TLMST = a. In general,
the Physarum networks and the rail network had
a benefit/cost ratio of ~0.5 for any given TLMST

(Fig. 3B). The relationship between different a
values and transport efficiency (Fig. 3C) high-
lighted the similarity in aggregate behavior of the
Physarum network when considering all three per-
formance measures (MDMST, TLMST, and FTMST).

Fig. 1. Network formation in Physa-
rum polycephalum. (A) At t = 0, a
small plasmodium of Physarum was
placed at the location of Tokyo in an
experimental arena bounded by the
Pacific coastline (white border) and
supplemented with additional food
sources at each of the major cities in
theregion(whitedots). Thehorizontal
width of each panel is 17 cm. (B to F)
The plasmodium grew out from the
initial food source with a contiguous
margin and progressively colonized
each of the food sources. Behind the
growingmargin, the spreadingmyce-
lium resolved into a network of tubes
interconnecting the food sources.
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Fig. 2. Comparison of the Physarum
networks with the Tokyo rail network.
(A) In the absence of illumination, the
Physarum network resulted from even
exploration of the available space. (B)
Geographical constraints were imposed
on the developing Physarum network
by means of an illumination mask to
restrict growth to more shaded areas
corresponding to low-altitude regions.
The ocean and inland lakes were also
given strong illumination to prevent
growth. (C andD) The resulting network
(C) was compared with the rail network
in the Tokyo area (D). (E and F) The
minimum spanning tree (MST) con-
necting the same set of city nodes (E)
and a model network constructed by
adding additional links to the MST (F).
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(MD), and robustness (FT), normalized to the
corresponding value for the MST to give TLMST,
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network was greater than the MST by a factor
of ~1.8 (i.e., TLMST ≈ 1.8), whereas the average
TLMST for Physarum was 1.75 T 0.30 (n = 21).
Illuminated networks gave slightly better clus-
tering around the value for the rail network (Fig.
3A). For comparison, the Delaunay triangulation
was longer than the MST by a factor of ~4.6.
Thus, the cost of the solutions found by Physarum
closely matched that of the rail network, with
about 30% of the maximum possible number of
links in place. The transport performance of the
two networks was also similar, with MDMST of
0.85 and 0.85 T 0.04 for the rail network and the
Physarum networks, respectively. However, the
Physarum networks achieved this with margin-
ally lower overall cost (Fig. 3A).

The converse was true for the fault tolerance
(FTMST) in which the real rail network showed
marginally better resilience, close to the lowest
level needed to givemaximum tolerance to a single
random failure. Thus, only 4% of faults in the rail
network would lead to isolation of any part,
whereas 14 T 4%would disconnect the illuminated
Physarum networks, and 20 T 13% would
disconnect the unconstrained Physarum networks.
In contrast, simply adding additional links to the
MST to improve network performance resulted
in networks with poor fault tolerance (Fig. 3B).

The trade-off between fault tolerance and cost
was captured in a single benefit-cost measure, ex-
pressed as the ratio of FT/TLMST = a. In general,
the Physarum networks and the rail network had
a benefit/cost ratio of ~0.5 for any given TLMST

(Fig. 3B). The relationship between different a
values and transport efficiency (Fig. 3C) high-
lighted the similarity in aggregate behavior of the
Physarum network when considering all three per-
formance measures (MDMST, TLMST, and FTMST).
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experimental arena bounded by the
Pacific coastline (white border) and
supplemented with additional food
sources at each of the major cities in
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width of each panel is 17 cm. (B to F)
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initial food source with a contiguous
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lium resolved into a network of tubes
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Physarum 

Real Tokyo rail network

• Physarum can compute the shortest path connecting food sources 
• Emergent property of self-organised network 
• What are the feedback self-tuning mechanisms?
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triggers an increase in contraction amplitude initiating at the
stimulus site. The amplitude front propagates across the organ-
ism with a velocity comparable to the dispersion of particles in
cytoplasmic fluid flows. We use unrelated trace particles in the
cytoplasm to measure flow velocities. We build a mathematical
model based on these data and in the aggregate experiments and
the model identify the mechanism of signal propagation across
a body: The nutrient stimulus triggers the release of a signal-
ing molecule. The molecule is advected by fluid flows but simul-
taneously hijacks flow generation by causing local increases in
contraction amplitude as it travels. The molecule is initiating a
feedback loop to enable its own movement. Although the chem-
ical nature of the signaling molecule so far remains unidenti-
fied the discovery of the mechanism of signal propagation itself
allows us to understand P. polycephalum’s complex dynamics.
The mechanism implies that the peristaltic wave matches organ-
ism size, explaining our previous observation (12). Moreover the
mechanism, working in tandem with tube radius adaptation in
response to the increased flow, seems sufficient to explain how
P. polycephalum is able to solve a maze and build efficient trans-
port networks.

Network before and after stimulation
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Fig. 1. Propagating amplitude front. (A) Bright-field images of a P. polycephalum network before (�3 s, including approaching pipette) and after stim-
ulation with a droplet of nutrient media. Droplet added at 0 s. Tubes swell where they make contact with the droplet (green arrow). (Scale bar, 2 mm.)
(B) The same time points as in A showing contraction amplitude relative to the average over the last 10 periods before stimulation. Stimulation site marked
by black arrow. The front (hot colors) spreads preferentially through tubes of larger radii. (C) Amplitude front and particle speeds extracted from bright-
field dataset. (i) Locations of particle speed (blue) and front speed (magenta) measures. (ii) Contraction patterns at three different points further and
further away from stimulation site. Dotted vertical lines mark sudden changes in contraction amplitude. (iii) Kymograph along trace in i showing change in
contraction amplitude, observed as increased contrast during a contraction cycle. Front of increased amplitude propagates over time (red dashed line). (iv)
Inset of iii: Particles advected along the tube appear as dark spotted trajectories. (v) Representative maximal speeds of particles (blue), located as pictured
in i. Average front propagation speed (red) along trajectory in i as shown in iii.

Results
P. polycephalum Responds to a Stimulus with a Propagating Change
in Contraction Dynamics. To follow the propagation of a stimu-
lus throughout a P. polycephalum network we first observed net-
works before and after stimulation using bright-field microscopy
over the course of 2 to 3 h. Data were analyzed to extract
and track contractions along each tube (Materials and Meth-
ods). A nutrient stimulus gives rise to immediate changes in
tube contraction dynamics and these propagate spatially over
time (Fig. 1 and Movie S1). After a short delay, the response
begins with a localized inflation of the tubes directly exposed to
the nutritive liquid (green arrow in Fig. 1). A uniform reduc-
tion in tube volume elsewhere follows and is caused by the fixed
amount of fluid within a network. Analysis of the wave patterns
shows a clear increase in oscillation amplitude at the stimula-
tion site (Fig. 1B and Movie S2); see ref. 22 for an indepen-
dent dataset done in an entirely different context. Our dataset
shows the change in amplitude subsequently propagates along
the tubes with a speed of about 13 µm/s (Fig. 1C, i and ii).
The spread of the change is not symmetric in space around
the stimulation site; instead, the change in amplitude obviously

Alim et al. PNAS | May 16, 2017 | vol. 114 | no. 20 | 5137
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triggers an increase in contraction amplitude initiating at the
stimulus site. The amplitude front propagates across the organ-
ism with a velocity comparable to the dispersion of particles in
cytoplasmic fluid flows. We use unrelated trace particles in the
cytoplasm to measure flow velocities. We build a mathematical
model based on these data and in the aggregate experiments and
the model identify the mechanism of signal propagation across
a body: The nutrient stimulus triggers the release of a signal-
ing molecule. The molecule is advected by fluid flows but simul-
taneously hijacks flow generation by causing local increases in
contraction amplitude as it travels. The molecule is initiating a
feedback loop to enable its own movement. Although the chem-
ical nature of the signaling molecule so far remains unidenti-
fied the discovery of the mechanism of signal propagation itself
allows us to understand P. polycephalum’s complex dynamics.
The mechanism implies that the peristaltic wave matches organ-
ism size, explaining our previous observation (12). Moreover the
mechanism, working in tandem with tube radius adaptation in
response to the increased flow, seems sufficient to explain how
P. polycephalum is able to solve a maze and build efficient trans-
port networks.
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Fig. 1. Propagating amplitude front. (A) Bright-field images of a P. polycephalum network before (�3 s, including approaching pipette) and after stim-
ulation with a droplet of nutrient media. Droplet added at 0 s. Tubes swell where they make contact with the droplet (green arrow). (Scale bar, 2 mm.)
(B) The same time points as in A showing contraction amplitude relative to the average over the last 10 periods before stimulation. Stimulation site marked
by black arrow. The front (hot colors) spreads preferentially through tubes of larger radii. (C) Amplitude front and particle speeds extracted from bright-
field dataset. (i) Locations of particle speed (blue) and front speed (magenta) measures. (ii) Contraction patterns at three different points further and
further away from stimulation site. Dotted vertical lines mark sudden changes in contraction amplitude. (iii) Kymograph along trace in i showing change in
contraction amplitude, observed as increased contrast during a contraction cycle. Front of increased amplitude propagates over time (red dashed line). (iv)
Inset of iii: Particles advected along the tube appear as dark spotted trajectories. (v) Representative maximal speeds of particles (blue), located as pictured
in i. Average front propagation speed (red) along trajectory in i as shown in iii.

Results
P. polycephalum Responds to a Stimulus with a Propagating Change
in Contraction Dynamics. To follow the propagation of a stimu-
lus throughout a P. polycephalum network we first observed net-
works before and after stimulation using bright-field microscopy
over the course of 2 to 3 h. Data were analyzed to extract
and track contractions along each tube (Materials and Meth-
ods). A nutrient stimulus gives rise to immediate changes in
tube contraction dynamics and these propagate spatially over
time (Fig. 1 and Movie S1). After a short delay, the response
begins with a localized inflation of the tubes directly exposed to
the nutritive liquid (green arrow in Fig. 1). A uniform reduc-
tion in tube volume elsewhere follows and is caused by the fixed
amount of fluid within a network. Analysis of the wave patterns
shows a clear increase in oscillation amplitude at the stimula-
tion site (Fig. 1B and Movie S2); see ref. 22 for an indepen-
dent dataset done in an entirely different context. Our dataset
shows the change in amplitude subsequently propagates along
the tubes with a speed of about 13 µm/s (Fig. 1C, i and ii).
The spread of the change is not symmetric in space around
the stimulation site; instead, the change in amplitude obviously
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• Local stimulation is followed by a 
wave of contraction in the network 

• The speed of contraction wave 
(13µm/s) is 2-3 times lower than the 
maximum flow speed.  

• In same order as transport velocity 
within the cytoplasm

• Suggests a mechanism coupling 
signal inducing contraction and 
flow

Shape adaptation in response to environment
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propagates more quickly along larger tubes compared with
tubes with smaller radii. These observations are reproducible
(Fig. S1).

As we tracked contraction dynamics we simultaneously
observed unrelated particles or vacuoles moving with shuttle flow
within tubes. These appear as dark streaks in the kymograph
(Fig. 1C, ii). Because of the ephemeral nature of the particles net
transport velocity could not be calculated, but the streaks allow
us to measure the maximal fluid flow velocity along a tube during
a given contraction period. Fig. 1C, iii compares maximal flow
speeds with speeds of the propagation front; the front propaga-
tion velocity is about two- to threefold slower than the maximal
flow velocity and as such is likely to be similar to the net transport
velocity within the cytoplasm (Fig. S2).

Mechanism of Signal Propagation. Experimentally we observe
a propagating change in contraction amplitude triggered by
a localized stimulus. The velocity of the amplitude front,
1� 20 µm/s, is significantly slower than expected from propa-
gation mechanisms involving elastic waves, > 0.2 m/s, or action
potentials, > 2.7 mm/s, but is in the range expected from an
internally advected signal (Fig. 2). Data also rule out the diffu-
sive spread of a stimulus within the agar substrate: This mecha-
nism would result in a radially symmetric increase in contraction
amplitude around the stimulus site, but we observe an asymmet-
ric spread along larger tubes with higher flow velocities. Exper-
iments suggest a basic feedback mechanism: An initial stimulus
triggers release of a signaling molecule and the molecule changes
local wall contractions, increasing local fluid flow. Greater flow
increases the dispersion of the signaling molecule away from
its source, and the molecule continues to trigger wall contrac-
tions downstream. The process repeats itself and creates a self-
propagating front across the entire organism.

To test whether this mechanism can explain experiments, we
now translate it into a formal mathematical model, using param-
eters measured from the organism itself (Materials and Meth-
ods). Cytoplasmic flows are well described as a low-Reynolds-
number (Re ⇠ 10�3), incompressible fluid. The tube radius
a0 is much smaller than the oscillatory boundary layer thick-
ness

p
⌫/!, defined by the ratio of kinematic viscosity ⌫ and

oscillation frequency !. Thus, the flow velocity, ~u =(u, v),
with the flow longitudinal u and radial v flow components
in a cylindrical coordinate system, follows from the Stokes
equations

µr2~u = rp � ~f , r · ~u = 0, [1]

where µ denotes fluid viscosity and p pressure. The force~f repre-
sents force on the cell wall caused by the active tension T gener-
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Fig. 2. Front speed identifies mechanism. (A) Propagation speeds for elastic waves (red), action potentials (blue), (19, 20), and P. polycephalum (green).
Wave velocity in a fluid filled elastic tube varies between wave speed in the elastic wall (lower bound) and the fluid only (upper bound) (21). (B) Front
speed increases with tube radius as predicted by the model. Amplitude fronts along tubes of a network centrally stimulated by nutrient droplet. Data show
average speed and tube diameter with one SD error measured at five locations along the corresponding route (Inset). (Scale bar, 5 mm.)

ated by the actin–myosin cytoskeleton embedded in tube walls, as
well as the elastic restoring force FE . We represent these effects
through

~f = (T + FE )�(r � a)~er , [2]

so the force density is localized at the tube boundary where
r = a(z , t), oriented radially with the unit vector ~er . Because the
thickness h of the tube wall is small compared with the base
radius a0, we can approximate the elastic restoring force using
the linear law

FE =
E

h
(a � a0),

where E characterizes the wall elasticity (23). The orientation
of the restoring force is negative for a < a0, thus counteract-
ing tension, while acting in parallel with tension for a > a0.
Experiments have shown that the tension in the tube wall of
P. polycephalum oscillates with a well-defined frequency (24, 25).
A typical period is around 120 s. Oscillations seem independent
of cytoplasmic flows because they persist if cytoplasm is replaced
by air (26), even though they become spatially uncorrelated if
flows are stalled (26, 27). We incorporate this into our model by
taking T = � cos(!t), where the tension strength � depends on
the concentration of the signaling molecule c. We expect actin–
myosin to respond to a time average hci of the signal concen-
tration, so that �= �(hci), which for simplicity we assume to be
linear, �(hci)= �hci.

We note an important simplification of the fluid mechanics:
Because the characteristic length scale of the contraction is much
larger (i.e., organism size) than the radius of the tube, the Stokes
equations (Eq. 1) simplify via lubrication theory (SI Text). This
gives the flow velocity in the tube as a response to the forcing,

ū = � a
2

8µ
@
@z

(T + FE ), [3]

where ū is the cross-sectional average advection velocity in the
tube. This equation is supplemented by the incompressibility
condition, an equation for conservation of mass (Eq. 5), which
holds throughout the closed tube.

Finally, to complete our model, we must specify the dynamics
of the signaling molecule itself. This is given by

@c
@t

= r(�~uc + rc), [4]

where  is the molecular diffusivity. In the limit that the timescale
for diffusion across the radius of the tube (a2/) is fast relative to
a typical time for transport along the tube, the transport dynamics

5138 | www.pnas.org/cgi/doi/10.1073/pnas.1618114114 Alim et al.
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propagates more quickly along larger tubes compared with
tubes with smaller radii. These observations are reproducible
(Fig. S1).

As we tracked contraction dynamics we simultaneously
observed unrelated particles or vacuoles moving with shuttle flow
within tubes. These appear as dark streaks in the kymograph
(Fig. 1C, ii). Because of the ephemeral nature of the particles net
transport velocity could not be calculated, but the streaks allow
us to measure the maximal fluid flow velocity along a tube during
a given contraction period. Fig. 1C, iii compares maximal flow
speeds with speeds of the propagation front; the front propaga-
tion velocity is about two- to threefold slower than the maximal
flow velocity and as such is likely to be similar to the net transport
velocity within the cytoplasm (Fig. S2).

Mechanism of Signal Propagation. Experimentally we observe
a propagating change in contraction amplitude triggered by
a localized stimulus. The velocity of the amplitude front,
1� 20 µm/s, is significantly slower than expected from propa-
gation mechanisms involving elastic waves, > 0.2 m/s, or action
potentials, > 2.7 mm/s, but is in the range expected from an
internally advected signal (Fig. 2). Data also rule out the diffu-
sive spread of a stimulus within the agar substrate: This mecha-
nism would result in a radially symmetric increase in contraction
amplitude around the stimulus site, but we observe an asymmet-
ric spread along larger tubes with higher flow velocities. Exper-
iments suggest a basic feedback mechanism: An initial stimulus
triggers release of a signaling molecule and the molecule changes
local wall contractions, increasing local fluid flow. Greater flow
increases the dispersion of the signaling molecule away from
its source, and the molecule continues to trigger wall contrac-
tions downstream. The process repeats itself and creates a self-
propagating front across the entire organism.

To test whether this mechanism can explain experiments, we
now translate it into a formal mathematical model, using param-
eters measured from the organism itself (Materials and Meth-
ods). Cytoplasmic flows are well described as a low-Reynolds-
number (Re ⇠ 10�3), incompressible fluid. The tube radius
a0 is much smaller than the oscillatory boundary layer thick-
ness

p
⌫/!, defined by the ratio of kinematic viscosity ⌫ and

oscillation frequency !. Thus, the flow velocity, ~u =(u, v),
with the flow longitudinal u and radial v flow components
in a cylindrical coordinate system, follows from the Stokes
equations

µr2~u = rp � ~f , r · ~u = 0, [1]

where µ denotes fluid viscosity and p pressure. The force~f repre-
sents force on the cell wall caused by the active tension T gener-
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Fig. 2. Front speed identifies mechanism. (A) Propagation speeds for elastic waves (red), action potentials (blue), (19, 20), and P. polycephalum (green).
Wave velocity in a fluid filled elastic tube varies between wave speed in the elastic wall (lower bound) and the fluid only (upper bound) (21). (B) Front
speed increases with tube radius as predicted by the model. Amplitude fronts along tubes of a network centrally stimulated by nutrient droplet. Data show
average speed and tube diameter with one SD error measured at five locations along the corresponding route (Inset). (Scale bar, 5 mm.)

ated by the actin–myosin cytoskeleton embedded in tube walls, as
well as the elastic restoring force FE . We represent these effects
through

~f = (T + FE )�(r � a)~er , [2]

so the force density is localized at the tube boundary where
r = a(z , t), oriented radially with the unit vector ~er . Because the
thickness h of the tube wall is small compared with the base
radius a0, we can approximate the elastic restoring force using
the linear law

FE =
E

h
(a � a0),

where E characterizes the wall elasticity (23). The orientation
of the restoring force is negative for a < a0, thus counteract-
ing tension, while acting in parallel with tension for a > a0.
Experiments have shown that the tension in the tube wall of
P. polycephalum oscillates with a well-defined frequency (24, 25).
A typical period is around 120 s. Oscillations seem independent
of cytoplasmic flows because they persist if cytoplasm is replaced
by air (26), even though they become spatially uncorrelated if
flows are stalled (26, 27). We incorporate this into our model by
taking T = � cos(!t), where the tension strength � depends on
the concentration of the signaling molecule c. We expect actin–
myosin to respond to a time average hci of the signal concen-
tration, so that �= �(hci), which for simplicity we assume to be
linear, �(hci)= �hci.

We note an important simplification of the fluid mechanics:
Because the characteristic length scale of the contraction is much
larger (i.e., organism size) than the radius of the tube, the Stokes
equations (Eq. 1) simplify via lubrication theory (SI Text). This
gives the flow velocity in the tube as a response to the forcing,

ū = � a
2

8µ
@
@z

(T + FE ), [3]

where ū is the cross-sectional average advection velocity in the
tube. This equation is supplemented by the incompressibility
condition, an equation for conservation of mass (Eq. 5), which
holds throughout the closed tube.

Finally, to complete our model, we must specify the dynamics
of the signaling molecule itself. This is given by

@c
@t

= r(�~uc + rc), [4]

where  is the molecular diffusivity. In the limit that the timescale
for diffusion across the radius of the tube (a2/) is fast relative to
a typical time for transport along the tube, the transport dynamics
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simplify to Taylor dispersion (Eq. 7) (28, 29). Specifying the
dynamics of the cross-sectionally averaged concentration by Tay-
lor dispersion shows that the quick diffusion across the tube cross-
section augments diffusion proportional to the flow velocity.

Altogether the complete equations governing flow and trans-
port are given by

@a2

@t
= � @

@z

�
a
2
ū
�

[5]

ū = � a
2

8µ
@
@z

✓
�hci cos(!t) + E

h
(a � a0)

◆
, [6]

@c
@t

=
@
@z

(
� ūc +

✓
+

ū
2
a
2

48

◆
@c
@z

)
, [7]

@hci
@t

= �hci � c

⌧
, [8]

where we omitted higher-order correction terms in Taylor dis-
persion due to nonuniform tube radius (30). Eq. 8 time-averages
the concentration c over a timescale ⌧ . The precise value of ⌧
does not affect model predictions as long as it is of the order of a
period of contraction.

Amplitude Fronts Propagate by Taylor Dispersion. First we use
our model (Eqs. 5–8) to explore the dynamics of flow and trans-
port of a signal generated by a localized stimulus, as shown in
Fig. 3. We find that the dynamics give rise to a self-propagating
front of increased contraction amplitude. The localized signal’s
concentration causes nonzero contraction amplitudes through-
out the tube that peak with the peak in concentration. The con-
tractions drive a shuttle flow and thus both signal concentration
and increased contraction amplitude self-propagate with the flow
through the tube. The propagation of the region of high ampli-
tude is a diffusive process, because in a shuttle flow advective con-
tributions cancel out over each period of contraction (Fig. S3A).
The observed diffusivity of the concentration matches the Taylor
dispersion coefficient + ū2a2

48 (see Eq. 7), where flow velocity
and radius are averaged in between the fronts of the central-
ized stimulus (Fig. S3B). The speed of the diffusively propa-
gating front is therefore smaller than the maximal flow velocity
within the tube, in agreement with experimental observations.
Because the region of elevated contraction amplitude is diffus-
ing and not being advected the speed of the increased amplitude
frontslowsdownover time. Inexperimentalnetworks, theslowing-

A
[m]

Tube snap shots

time = 2 periods

time = 4 periods

time = 8 periods

time = 16 periods

0 5 10 15
time [periods]

0

0.2

0.4

0.6

0.8

1

di
st

an
ce

 a
lo

ng
 tu

be

4.5

5

5.5
10-5

B tube radius C

0 5 10 15
time [periods]

0

0.2

0.4

0.6

0.8

1

di
st

an
ce

 a
lo

ng
 tu

be

0

0.5

1

1.5

2
10-3

time-averaged signal concentration

Fig. 3. Signal propagation in a theoretical model. (A) Sketch of a tube and the concentration of a signaling molecule within the tube over time (color gra-
dient, see legend of C). The signal increases the amplitude of radial contractions (smaller radius at high concentration) and so establishes a self-propagating
front of increased signal concentration and contraction amplitude. When a region of large contraction amplitude contracts (between two white lines mark-
ing amplitude front location) surroundings expand, or vice versa. (B) Kymograph of tube radius along the tube over time. Amplitude front is marked by
phase jump between stimulated region and surroundings (white line). (C) Map of the time-averaged signal concentration; spread is caused by flow. The
location of the front as measured by the position of the phase jump coincides with the mean averaged concentration across the tube at every time point
(white line).

down effect is hard to observe because the front propagates
with different speeds in tubes of different radii; exceptions show-
ing slowing down are given in Fig. 1B, Movie S2, and Fig. S1A.

In simulations, we find that the front speed is strongly affected
by parameters that control flow velocity according to Eq. 6.
Specifically, an increase in tube radius a , tension strength �, and
overall concentration c0 increases front velocity, whereas fluid
viscosity µ and tube length L decrease it. In an experiment we
then tested the model’s prediction that front velocities increase
with tube radius. We stimulated a P. polycephalum network at its
center and induced a propagating increase in amplitude along
both larger and smaller tubes. We find the amplitude fronts
to propagate more quickly within larger tubes compared with
smaller tubes (Fig. 2).

Conservation of Mass Allows Calculation of Mean Concentration. In
simulations the region of greatest contraction amplitude is easily
distinguished from its surroundings by a jump in the contraction
phase of value ⇡ (Fig. 3B). The phase jump is caused by conser-
vation of fluid volume within a closed tube. An entire tube can-
not contract (or expand) synchronously; instead, when one zone
contracts the other must expand, and vice versa. In mathemati-
cal terms we can rationalize the observed phase jump from Eq. 6.
Given that both tension and elastic forces are far bigger than the
resulting small flow velocity, tension and elastic restoring force
almost balance. Balanced forces imply tube dynamics of

a = a0 �
�

E/h
(hc(z , t)i � hc̄(t)i) cos(!t). [9]

hc̄(t)i marks the time-averaged signaling molecule concentra-
tion where the phase jump of ⇡ occurs. Where concentrations
are larger than this reference concentration the tube contracts,
whereas for smaller concentrations the tube extends. The ampli-
tude of the radial contractions is small compared the the tube’s
base radius a0. From conservation of fluid volume in the tube,
that is, d

dt

R L

0
⇡a2(z )dz =0, it follows that the reference concen-

tration is just the spatial mean of the averaged concentration at
a given time hc̄(t)i=

R L

0
hc(z , t)idz (SI Text). hc̄(t)i calculated

from concentration dynamics exactly predicts the phase jump
(Fig. 3). Contraction and flow dynamics are also well captured by
Eq. 9 (Fig. S4). This finding implies that the mechanism of signal
propagation enables the system to calculate the mean signaling
molecule concentration.

System Size Is Calculated by Contraction-Driven Gradient Generation.
P. polycephalum adapts the wavelength of its contractions to

Alim et al. PNAS | May 16, 2017 | vol. 114 | no. 20 | 5139
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• A chemical signal advected with the flow is a likely 
mechanism for coupling contractility and cytoplasmic flow

• Model:  
Principle: basic feedback mechanism: An initial stimulus 
triggers release of a signaling molecule and the molecule 
changes local wall contractions, increasing local fluid flow. 
Greater flow increases the dispersion of the signaling 
molecule away from its source, and the molecule 
continues to trigger wall contractions downstream. 
The dynamics give rise to a self-propagating front of 
increased contraction amplitude (Taylor dispersion) 

Predictions:  
1) similar kinematics of contractility wave front and 

signal propagation;  
2) the propagation speed increases with tube 

diameter, consistent with observations. 

Shape adaptation in response to environment
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Shortest path selection by Physarum

Thomas LECUIT   2025-2026

• Increases in contraction amplitude will increase the flow rate in a route proportional 
to the average amplitude increase along the entire route.  

• The region of high contraction amplitude has a fixed length scale. 
• In shorter routes, this length scale is a bigger fraction of the route so the average 

contraction amplitude is higher than on a longer route where the contraction 
amplitude is « diluted ».  

• Therefore, longer routes will experience a smaller increase in flow rate compared 
with shorter ones. 

• Explains why shorter paths are selected in the growth of Physarum 

accumulate on a large FS outside the arena (LFS
in Fig. 2A).

A range of network solutions were apparent
in replicate experiments (compare Fig. 2A with
Fig. 1F); nonetheless, the topology of many
Physarum networks bore similarity to the real rail
network (Fig. 2D). Some of the differences may
relate to geographical features that constrain the rail
network, such as mountainous terrain or lakes.
These constraints were imposed on the Physarum
network by varying the intensity of illumination, as
the plasmodium avoids bright light (16). This
yielded networks (Fig. 2, B and C) with greater
visual congruence to the real rail network (Fig. 2D).
Networks were also compared with the minimal
spanning tree (MST, Fig. 2E), which is the shortest
possible network connecting all the city positions,
and various derivatives with increasing numbers of
cross-links added (e.g., Fig. 2F), culminating in a
fully connected Delaunay triangulation, which rep-
resents the maximally connected network linking
all the cities.

The performance of each network was char-
acterized by the cost (TL), transport efficiency
(MD), and robustness (FT), normalized to the
corresponding value for the MST to give TLMST,
MDMST, and FTMST. The TL of the Tokyo rail
network was greater than the MST by a factor
of ~1.8 (i.e., TLMST ≈ 1.8), whereas the average
TLMST for Physarum was 1.75 T 0.30 (n = 21).
Illuminated networks gave slightly better clus-
tering around the value for the rail network (Fig.
3A). For comparison, the Delaunay triangulation
was longer than the MST by a factor of ~4.6.
Thus, the cost of the solutions found by Physarum
closely matched that of the rail network, with
about 30% of the maximum possible number of
links in place. The transport performance of the
two networks was also similar, with MDMST of
0.85 and 0.85 T 0.04 for the rail network and the
Physarum networks, respectively. However, the
Physarum networks achieved this with margin-
ally lower overall cost (Fig. 3A).

The converse was true for the fault tolerance
(FTMST) in which the real rail network showed
marginally better resilience, close to the lowest
level needed to givemaximum tolerance to a single
random failure. Thus, only 4% of faults in the rail
network would lead to isolation of any part,
whereas 14 T 4%would disconnect the illuminated
Physarum networks, and 20 T 13% would
disconnect the unconstrained Physarum networks.
In contrast, simply adding additional links to the
MST to improve network performance resulted
in networks with poor fault tolerance (Fig. 3B).

The trade-off between fault tolerance and cost
was captured in a single benefit-cost measure, ex-
pressed as the ratio of FT/TLMST = a. In general,
the Physarum networks and the rail network had
a benefit/cost ratio of ~0.5 for any given TLMST

(Fig. 3B). The relationship between different a
values and transport efficiency (Fig. 3C) high-
lighted the similarity in aggregate behavior of the
Physarum network when considering all three per-
formance measures (MDMST, TLMST, and FTMST).

Fig. 1. Network formation in Physa-
rum polycephalum. (A) At t = 0, a
small plasmodium of Physarum was
placed at the location of Tokyo in an
experimental arena bounded by the
Pacific coastline (white border) and
supplemented with additional food
sources at each of the major cities in
theregion(whitedots). Thehorizontal
width of each panel is 17 cm. (B to F)
The plasmodium grew out from the
initial food source with a contiguous
margin and progressively colonized
each of the food sources. Behind the
growingmargin, the spreadingmyce-
lium resolved into a network of tubes
interconnecting the food sources.

A

0 hr

D

11 hr

B

5 hr

E

16 hr

8 hr

C F

26 hr

Fig. 2. Comparison of the Physarum
networks with the Tokyo rail network.
(A) In the absence of illumination, the
Physarum network resulted from even
exploration of the available space. (B)
Geographical constraints were imposed
on the developing Physarum network
by means of an illumination mask to
restrict growth to more shaded areas
corresponding to low-altitude regions.
The ocean and inland lakes were also
given strong illumination to prevent
growth. (C andD) The resulting network
(C) was compared with the rail network
in the Tokyo area (D). (E and F) The
minimum spanning tree (MST) con-
necting the same set of city nodes (E)
and a model network constructed by
adding additional links to the MST (F).
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accumulate on a large FS outside the arena (LFS
in Fig. 2A).

A range of network solutions were apparent
in replicate experiments (compare Fig. 2A with
Fig. 1F); nonetheless, the topology of many
Physarum networks bore similarity to the real rail
network (Fig. 2D). Some of the differences may
relate to geographical features that constrain the rail
network, such as mountainous terrain or lakes.
These constraints were imposed on the Physarum
network by varying the intensity of illumination, as
the plasmodium avoids bright light (16). This
yielded networks (Fig. 2, B and C) with greater
visual congruence to the real rail network (Fig. 2D).
Networks were also compared with the minimal
spanning tree (MST, Fig. 2E), which is the shortest
possible network connecting all the city positions,
and various derivatives with increasing numbers of
cross-links added (e.g., Fig. 2F), culminating in a
fully connected Delaunay triangulation, which rep-
resents the maximally connected network linking
all the cities.

The performance of each network was char-
acterized by the cost (TL), transport efficiency
(MD), and robustness (FT), normalized to the
corresponding value for the MST to give TLMST,
MDMST, and FTMST. The TL of the Tokyo rail
network was greater than the MST by a factor
of ~1.8 (i.e., TLMST ≈ 1.8), whereas the average
TLMST for Physarum was 1.75 T 0.30 (n = 21).
Illuminated networks gave slightly better clus-
tering around the value for the rail network (Fig.
3A). For comparison, the Delaunay triangulation
was longer than the MST by a factor of ~4.6.
Thus, the cost of the solutions found by Physarum
closely matched that of the rail network, with
about 30% of the maximum possible number of
links in place. The transport performance of the
two networks was also similar, with MDMST of
0.85 and 0.85 T 0.04 for the rail network and the
Physarum networks, respectively. However, the
Physarum networks achieved this with margin-
ally lower overall cost (Fig. 3A).

The converse was true for the fault tolerance
(FTMST) in which the real rail network showed
marginally better resilience, close to the lowest
level needed to givemaximum tolerance to a single
random failure. Thus, only 4% of faults in the rail
network would lead to isolation of any part,
whereas 14 T 4%would disconnect the illuminated
Physarum networks, and 20 T 13% would
disconnect the unconstrained Physarum networks.
In contrast, simply adding additional links to the
MST to improve network performance resulted
in networks with poor fault tolerance (Fig. 3B).

The trade-off between fault tolerance and cost
was captured in a single benefit-cost measure, ex-
pressed as the ratio of FT/TLMST = a. In general,
the Physarum networks and the rail network had
a benefit/cost ratio of ~0.5 for any given TLMST

(Fig. 3B). The relationship between different a
values and transport efficiency (Fig. 3C) high-
lighted the similarity in aggregate behavior of the
Physarum network when considering all three per-
formance measures (MDMST, TLMST, and FTMST).

Fig. 1. Network formation in Physa-
rum polycephalum. (A) At t = 0, a
small plasmodium of Physarum was
placed at the location of Tokyo in an
experimental arena bounded by the
Pacific coastline (white border) and
supplemented with additional food
sources at each of the major cities in
theregion(whitedots). Thehorizontal
width of each panel is 17 cm. (B to F)
The plasmodium grew out from the
initial food source with a contiguous
margin and progressively colonized
each of the food sources. Behind the
growingmargin, the spreadingmyce-
lium resolved into a network of tubes
interconnecting the food sources.
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Fig. 2. Comparison of the Physarum
networks with the Tokyo rail network.
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adding additional links to the MST (F).
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forced or decays when it lies parallel or per-
pendicular, respectively, to the direction of
local periodic contraction7; the final tube,
following the wave propagation, will there-
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Maze-solving by an
amoeboid organism

The plasmodium of the slime mould
Physarum polycephalum is a large
amoeba-like cell consisting of a den-

dritic network of tube-like structures
(pseudopodia). It changes its shape as it
crawls over a plain agar gel and, if food is
placed at two different points, it will put out
pseudopodia that connect the two food
sources. Here we show that this simple
organism has the ability to find the mini-

mum-length solution between two points
in a labyrinth.

We took a growing tip of an appropriate
size from a large plasmodium in a 25#35
cm culture trough and divided it into small
pieces. We then positioned these in a maze
created by cutting a plastic film and placing
it on an agar surface. The plasmodial pieces
spread and coalesced to form a single
organism that filled the maze (Fig. 1a),
avoiding the dry surface of the plastic film.
At the start and end points of the maze, we
placed 0.5#1#2 cm agar blocks contain-
ing nutrient (0.1 mg g$1 of ground oat
flakes). There were four possible routes (!1,

Figure 1 Maze-solving by Physarum polycephalum. a, Structure of the organism before finding the shortest path. Blue lines indicate the

shortest paths between two agar blocks containing nutrients: !1 (41%1 mm); !2 (33%1 mm); "1 (44%1 mm); and "2 (45%1 mm).

b, Four hours after the setting of the agar blocks (AG), the dead ends of the plasmodium shrink and the pseudopodia explore all possible con-

nections. c, Four hours later, the shortest path has been selected. Plasmodium wet weight, 90%10 mg. Yellow, plasmodium; black, ‘walls’

of the maze; scale bar, 1 cm. d, Path selection. Numbers indicate the frequency with which each pathway was selected. ‘None’, no

pseudopodia (tubes) were put out. See Supplementary Information for an animated version of a–c.
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Physarum has the ability to find the mini- 
mum-length solution between two points 
in a labyrinth.

Tero A, et al. Science 327:439–442 (2010)
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observations, we theoretically formulate a mechanism of encod-
ing the location of a nutrient stimulus into the network hierar-
chy: the stimulus triggers the release of a chemical agent that
causes the gel-like tube walls to soften, resulting in a significant
dilation of tubes receiving sufficient soluble agent. The chem-
ical agent propagates by contraction-driven cytoplasmic flows,
initiating dilation downstream of the stimulus and thus, propa-
gating the information about the stimulus location. Numerical
solution of the theoretical model correctly predicts the exper-
imentally observed flow-dependent tube diameter response to
the stimulus—generating the new network hierarchy. Finally,
we show that memories encoded in network hierarchy are read
out as network morphology is shaping the direction of future
migration. This strategy to encode information by strengthening
existing transport connections close to the stimulus reminisces
of associative memory formation and thus may be important for
living flow networks in general.

Results
Changes in Tube Diameter Hierarchy Imprint Nutrient Stimulus Posi-
tion. To study the response of P. polycephalum to nutrient stim-
uli, we collected time series of bright-field images of the organism
while foraging over approximately 5 h, during which a nutrient
stimulus was applied as a single local source in close proximity
to the network (Fig. 1). Within 45 min after stimulus application,
the organism internally reorganized to create a new migration
direction facing the stimulus. Subsequently (i.e., 90 and 310 min),
the organism migrated toward the stimulus. At 310 min, the
organism almost fully consumed the nutrient source and con-
tinued to forage. Strikingly, a ring of thick tubes around the
consumed nutrient source imprinted the stimulus location in the
network. This observation ignited the idea that tube diameters
may encode the location of a nutrient source. Given that P. poly-
cephalum is known to make decisions even within 10 to 20 min,
we next focused on the immediate response after the stimulus
was applied.

To quantify network morphology and its dynamics in response
to nutrient stimuli, we trimmed the specimen and analyzed
networks with a stable morphology (i.e., before the onset of
migration and without overt reaction to microscope light). We
followed the initial reorganization during the 45 min after stimu-
lus application (Fig. 2). We subsequently analyzed the time series
of bright-field images to quantify the dynamics of tube diame-
ters. A tube designates a segment between two network vertices.
By diameter, we refer to the diameter trend of the rhythmi-
cally contracting tube in order to identify long-lasting changes
in the network (Materials and Methods and SI Appendix). The
network rapidly acquires a new spatial distribution of tube diam-
eters within about 15 min after stimulus application—a pattern
that persists until the end of the experiment (45 min), when the
organism starts to migrate toward the stimulus.

Initially, application of the stimulus causes a large-scale
increase in diameter of the tubes in immediate proximity to the
stimulus location and a decrease in tube volume farther away from
the stimulus location (Fig. 2A). Close inspection of the stimulus-
induced relative changes in tube diameter across the network
reveals spatial heterogeneity in the response: the diameters of the
thick tubes directed toward the nutrient stimulus increase, while
the diameters of thinner tubes in general decrease—the more the
farther the distance from the stimulus or the farther from the thick
tubes directed toward the stimulus location (Fig. 2B). Altogether,
this heterogeneous response increases the hierarchy in network
tube diameters (SI Appendix, Fig. S1).

The observation that thinner tubes that are close to thick tubes
do not shrink compared with those farther away from thick tubes
correlates with the dispersion pattern of chemicals in networks
(24) and thus, suggests that fluid flows-based transport is at the
basis of the observed network reorganization.

Fluid Flow Propagates Stimulus into the Network. To investigate if
transport by flow is underlying the change in tube diameters, we
sort all network tubes by their Euclidean distance to the stim-
ulus location and display their diameter dynamics (Fig. 3). We
find that the dilation of tubes propagates in a wave-like manner
from the stimulus site at the speed of 15µm/s, corresponding
to the speed of particles advected through the network, orders
of magnitude slower than change in pressure (21) yet outpacing
the speed by diffusion (SI Appendix, Fig. S2). The heterogeneous
spread of the dilation front further excludes diffusion as driver
of transport (SI Appendix, Fig. S3). Direct observation of flow
shear rate during changes in tube diameters also explicitly rules
out shear forces as driver (SI Appendix, Fig. S4).

A remarkable feature of the observed process is the persis-
tence of tube dilation. The new distribution of tube diameters is
established within about 15 min of stimulus application and per-
sists to the end of the experiment (45 min). The stability of the
new tube diameters indicates a lasting change of the mechanical
properties of the tube material caused by the stimulus that would
allow withstanding the rapid movement of mass by shuttle flows
throughout the network. The rapid and significant, up to twofold,
dilation of tubes near the stimulus site suggests that a chemi-
cal agent acts on the mechanical properties of the tubes. Direct
softening of tube wall would also account for the network-wide
transient increase in contraction amplitude (SI Appendix, Fig.
S5). Agent-driven softening of tube walls is in line with observa-
tions of migration fronts being softer than the remaining tubular
network, arising from the difference in actomyosin organization
(29–32).

Mechanism of Encoding Memory in Differential Tube Diameter
Dynamics. Experiments suggest the following mechanism to
encode memory of a stimulus location into network hierarchy.

min -60 min 0 min 45 min 90 min 310

5 mm 5 mm 5 mm 5 mm 5 mm

Fig. 1. Memory of a nutrient stimulus’ position is encoded in network hierarchy. Bright-field images of a foraging P. polycephalum network subject to a
localized nutrient stimulus (red arrow) applied at 0 min. The network previously migrating to the right reorganizes migration direction facing the nutrient
within 45 min. Subsequently, nutrient is exhausted (90 min) until foraging is resumed (310 min). Nutrient location is imprinted in the network hierarchy by
thick tubes formed around the nutrient source—persisting long after the nutrient is consumed.

2 of 6 | PNAS
https://doi.org/10.1073/pnas.2007815118

Kramar and Alim
Encoding memory in tube diameter hierarchy of living flow network

D
ow

nl
oa

de
d 

fro
m

 h
ttp

s:/
/w

w
w

.p
na

s.o
rg

 b
y 

77
.2

05
.2

1.
94

 o
n 

Ju
ly

 3
, 2

02
5 

fro
m

 IP
 a

dd
re

ss
 7

7.
20

5.
21

.9
4.

• In the presence of an external source 
of food, Physarum reorganises within 
10 min the diameter of internal tubes. 

• In the vicinity of the food source, the 
diameter of tubes expands, while 
they shrink at a distance (due to 
constant volume: mass 
redistribution). 

• Nutrient location is imprinted in the 
network hierarchy by thick tubes 
formed around the nutrient source. 

• This effect persists 10s of minutes 
after the food has been consumed by 
Physarum. 

• This shows a structural/geometrical 
memory in its organisation. 
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Fig. 2. Rapidly after nutrient stimulus application, hierarchy of tube diameters changes, establishing a new migration direction. (A) Bright-field images of
a network before and after the application of a nutrient stimulus (red arrow). A new migration direction is being created at the top of the network. (B)
Relative tube growth over the 45 min after stimulus (red dot) application. While overall mass is redistributed from the bottom to the top of the network,
close to the stimulus site, initially larger tubes lose less mass, thus increasing network hierarchy. N(tubes) = 2,165.

Upon stimulus application, a soluble chemical agent gets
released within the cytoplasm at the stimulus location. The chem-
ical agent softens tube wall material and thereby, triggers tube
dilation. This effect spreads throughout the network as the agent
gets advected by cytoplasmic flows.

To test whether this mechanism can explain experiments,
we build a theoretical model with physiological parameters
(Materials and Methods). More precisely, we compute tube
diameter dynamics that arise from peristaltic contraction-driven
transport of the chemical agent within the flow for differ-
ent, experimentally determined contraction frequencies of the
organism.

As the networks’ response is dominantly graded with distance
to stimulus site (Fig. 3), we focus on the dynamics within a sin-
gle tube of network size directed toward the stimulus site only.
The cylindrical tube of radius a(z , t) extends along the longi-
tudinal axis z 2 [0,L]. The thin shell of the active, elastic tube
represents the actomyosin cortex that is enclosing the incom-
pressible, low-Reynolds number cytoplasmic fluid (Re ⇠ 10�3).
The cortex exerts stress � (z , t)=�T +�E in radial direction,
where �T is the contractile stress of the cortex activity and �E

is the elastic restoring stress of the tube wall. As the tube is long
and slender, a/L⌧ 1, the flow velocity of the cytoplasm u(z , t)
caused by tube contractions follows Stokes equation simplified
with lubrication approximation (33):

ū =� a2

8µ
@
@z

(�T +�E ), [1]

where µ denotes cytoplasm viscosity. To describe the peristaltic
contractions, the contractile stress is set to �T =A cos (!t � kz ),
A being the amplitude of the contraction-inducing cortex ten-
sion and ! being the contraction frequency. The elastic stress is
considered linear due to the small thickness of the tube wall com-
pared with the radius of the tube: �E =E/h (a � a0), where E is
the elastic modulus of the tube wall, h is the tube wall height,
and a0 is its resting radius (34). We model the softening effect
of the time-averaged concentration of the chemical agent hci on
the elastic modulus as

E =E0 � �E
hci

hc0i+ hci , [2]

where E0 is the elastic modulus of the unperturbed tube wall and
hc0i is the time average of the agent concentration released at the
site of the stimulus along the tube.

To average out concentration gradients arising solely due to
shuttle flow, we time average the concentration of the chem-
ical agent over two contraction periods, @

@t hci=(hci� c)/ ⌧ ,
where ⌧ is the characteristic stimulus–response timescale of

the elastic modulus. The transport of the chemical agent by
fluid flow is described by Taylor dispersion (35, 36), which
we extend by a decay term accounting for the chemical being
degraded:

@c
@t

=
@
@z

⇢
�ūc+

✓
+

ūa2

48

◆
@c
@z

�
� kdegc, [3]

where  is the molecular diffusivity and kdeg is the decay rate
of the chemical agent. Note that we here aim to model the
very quick sensing response of the organism on the timescale of
tens of minutes, which precedes the engulfment of the nutrient
stimulus on the timescale of hours. Therefore, we account for
a one-time release of the chemical agent due to sensing only.
Finally, the total mass in the tube is conserved:

@a2

@t
=� @

@z

�
a2ū

�
, [4]

giving rise to self-organized tube radii. As before, we use the
term diameter to refer to diameter trend of the contracting tube
averaged over two contraction periods.

Memory-Encoding Mechanism Predicts Flow-Driven Tube Diameter
Dynamics in Agreement with Experiments. We test the memory-
encoding mechanism by simulating a one-time, local release of
the softening agent and tracking the diameter dynamics along
the closed tube as the chemical gets advected by flow. We dis-
tinguish diameter dynamics at two segments along the tube at

Fig. 3. Tube dilation propagates by flow transport velocity from stimulus
site. Here depicted is the evolution of relative tube diameters in the entire
network. Individual tubes are sorted by their Euclidean distance to the stim-
ulus site. Stimulus time is denoted by the white vertical line. The speed of
the dilation front triggered by stimulus matches flow advection velocity of
P. polycephalum networks. N(tubes) = 2,165.
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Fig. 2. Rapidly after nutrient stimulus application, hierarchy of tube diameters changes, establishing a new migration direction. (A) Bright-field images of
a network before and after the application of a nutrient stimulus (red arrow). A new migration direction is being created at the top of the network. (B)
Relative tube growth over the 45 min after stimulus (red dot) application. While overall mass is redistributed from the bottom to the top of the network,
close to the stimulus site, initially larger tubes lose less mass, thus increasing network hierarchy. N(tubes) = 2,165.

Upon stimulus application, a soluble chemical agent gets
released within the cytoplasm at the stimulus location. The chem-
ical agent softens tube wall material and thereby, triggers tube
dilation. This effect spreads throughout the network as the agent
gets advected by cytoplasmic flows.

To test whether this mechanism can explain experiments,
we build a theoretical model with physiological parameters
(Materials and Methods). More precisely, we compute tube
diameter dynamics that arise from peristaltic contraction-driven
transport of the chemical agent within the flow for differ-
ent, experimentally determined contraction frequencies of the
organism.

As the networks’ response is dominantly graded with distance
to stimulus site (Fig. 3), we focus on the dynamics within a sin-
gle tube of network size directed toward the stimulus site only.
The cylindrical tube of radius a(z , t) extends along the longi-
tudinal axis z 2 [0,L]. The thin shell of the active, elastic tube
represents the actomyosin cortex that is enclosing the incom-
pressible, low-Reynolds number cytoplasmic fluid (Re ⇠ 10�3).
The cortex exerts stress � (z , t)=�T +�E in radial direction,
where �T is the contractile stress of the cortex activity and �E

is the elastic restoring stress of the tube wall. As the tube is long
and slender, a/L⌧ 1, the flow velocity of the cytoplasm u(z , t)
caused by tube contractions follows Stokes equation simplified
with lubrication approximation (33):

ū =� a2

8µ
@
@z

(�T +�E ), [1]

where µ denotes cytoplasm viscosity. To describe the peristaltic
contractions, the contractile stress is set to �T =A cos (!t � kz ),
A being the amplitude of the contraction-inducing cortex ten-
sion and ! being the contraction frequency. The elastic stress is
considered linear due to the small thickness of the tube wall com-
pared with the radius of the tube: �E =E/h (a � a0), where E is
the elastic modulus of the tube wall, h is the tube wall height,
and a0 is its resting radius (34). We model the softening effect
of the time-averaged concentration of the chemical agent hci on
the elastic modulus as

E =E0 � �E
hci

hc0i+ hci , [2]

where E0 is the elastic modulus of the unperturbed tube wall and
hc0i is the time average of the agent concentration released at the
site of the stimulus along the tube.

To average out concentration gradients arising solely due to
shuttle flow, we time average the concentration of the chem-
ical agent over two contraction periods, @

@t hci=(hci� c)/ ⌧ ,
where ⌧ is the characteristic stimulus–response timescale of

the elastic modulus. The transport of the chemical agent by
fluid flow is described by Taylor dispersion (35, 36), which
we extend by a decay term accounting for the chemical being
degraded:

@c
@t

=
@
@z

⇢
�ūc+

✓
+

ūa2

48

◆
@c
@z

�
� kdegc, [3]

where  is the molecular diffusivity and kdeg is the decay rate
of the chemical agent. Note that we here aim to model the
very quick sensing response of the organism on the timescale of
tens of minutes, which precedes the engulfment of the nutrient
stimulus on the timescale of hours. Therefore, we account for
a one-time release of the chemical agent due to sensing only.
Finally, the total mass in the tube is conserved:

@a2

@t
=� @

@z

�
a2ū

�
, [4]

giving rise to self-organized tube radii. As before, we use the
term diameter to refer to diameter trend of the contracting tube
averaged over two contraction periods.

Memory-Encoding Mechanism Predicts Flow-Driven Tube Diameter
Dynamics in Agreement with Experiments. We test the memory-
encoding mechanism by simulating a one-time, local release of
the softening agent and tracking the diameter dynamics along
the closed tube as the chemical gets advected by flow. We dis-
tinguish diameter dynamics at two segments along the tube at

Fig. 3. Tube dilation propagates by flow transport velocity from stimulus
site. Here depicted is the evolution of relative tube diameters in the entire
network. Individual tubes are sorted by their Euclidean distance to the stim-
ulus site. Stimulus time is denoted by the white vertical line. The speed of
the dilation front triggered by stimulus matches flow advection velocity of
P. polycephalum networks. N(tubes) = 2,165.
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Fig. 2. Rapidly after nutrient stimulus application, hierarchy of tube diameters changes, establishing a new migration direction. (A) Bright-field images of
a network before and after the application of a nutrient stimulus (red arrow). A new migration direction is being created at the top of the network. (B)
Relative tube growth over the 45 min after stimulus (red dot) application. While overall mass is redistributed from the bottom to the top of the network,
close to the stimulus site, initially larger tubes lose less mass, thus increasing network hierarchy. N(tubes) = 2,165.

Upon stimulus application, a soluble chemical agent gets
released within the cytoplasm at the stimulus location. The chem-
ical agent softens tube wall material and thereby, triggers tube
dilation. This effect spreads throughout the network as the agent
gets advected by cytoplasmic flows.

To test whether this mechanism can explain experiments,
we build a theoretical model with physiological parameters
(Materials and Methods). More precisely, we compute tube
diameter dynamics that arise from peristaltic contraction-driven
transport of the chemical agent within the flow for differ-
ent, experimentally determined contraction frequencies of the
organism.

As the networks’ response is dominantly graded with distance
to stimulus site (Fig. 3), we focus on the dynamics within a sin-
gle tube of network size directed toward the stimulus site only.
The cylindrical tube of radius a(z , t) extends along the longi-
tudinal axis z 2 [0,L]. The thin shell of the active, elastic tube
represents the actomyosin cortex that is enclosing the incom-
pressible, low-Reynolds number cytoplasmic fluid (Re ⇠ 10�3).
The cortex exerts stress � (z , t)=�T +�E in radial direction,
where �T is the contractile stress of the cortex activity and �E

is the elastic restoring stress of the tube wall. As the tube is long
and slender, a/L⌧ 1, the flow velocity of the cytoplasm u(z , t)
caused by tube contractions follows Stokes equation simplified
with lubrication approximation (33):

ū =� a2

8µ
@
@z

(�T +�E ), [1]

where µ denotes cytoplasm viscosity. To describe the peristaltic
contractions, the contractile stress is set to �T =A cos (!t � kz ),
A being the amplitude of the contraction-inducing cortex ten-
sion and ! being the contraction frequency. The elastic stress is
considered linear due to the small thickness of the tube wall com-
pared with the radius of the tube: �E =E/h (a � a0), where E is
the elastic modulus of the tube wall, h is the tube wall height,
and a0 is its resting radius (34). We model the softening effect
of the time-averaged concentration of the chemical agent hci on
the elastic modulus as

E =E0 � �E
hci

hc0i+ hci , [2]

where E0 is the elastic modulus of the unperturbed tube wall and
hc0i is the time average of the agent concentration released at the
site of the stimulus along the tube.

To average out concentration gradients arising solely due to
shuttle flow, we time average the concentration of the chem-
ical agent over two contraction periods, @

@t hci=(hci� c)/ ⌧ ,
where ⌧ is the characteristic stimulus–response timescale of

the elastic modulus. The transport of the chemical agent by
fluid flow is described by Taylor dispersion (35, 36), which
we extend by a decay term accounting for the chemical being
degraded:

@c
@t

=
@
@z

⇢
�ūc+

✓
+

ūa2

48

◆
@c
@z

�
� kdegc, [3]

where  is the molecular diffusivity and kdeg is the decay rate
of the chemical agent. Note that we here aim to model the
very quick sensing response of the organism on the timescale of
tens of minutes, which precedes the engulfment of the nutrient
stimulus on the timescale of hours. Therefore, we account for
a one-time release of the chemical agent due to sensing only.
Finally, the total mass in the tube is conserved:

@a2

@t
=� @

@z

�
a2ū

�
, [4]

giving rise to self-organized tube radii. As before, we use the
term diameter to refer to diameter trend of the contracting tube
averaged over two contraction periods.

Memory-Encoding Mechanism Predicts Flow-Driven Tube Diameter
Dynamics in Agreement with Experiments. We test the memory-
encoding mechanism by simulating a one-time, local release of
the softening agent and tracking the diameter dynamics along
the closed tube as the chemical gets advected by flow. We dis-
tinguish diameter dynamics at two segments along the tube at

Fig. 3. Tube dilation propagates by flow transport velocity from stimulus
site. Here depicted is the evolution of relative tube diameters in the entire
network. Individual tubes are sorted by their Euclidean distance to the stim-
ulus site. Stimulus time is denoted by the white vertical line. The speed of
the dilation front triggered by stimulus matches flow advection velocity of
P. polycephalum networks. N(tubes) = 2,165.
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• Tube dilation propagates by flow transport velocity 
from the food source (stimulus) at v= 15µm/s

• Hypothesis: a tube dilation molecule triggered 
by the stimulus propagates by advection in the 
flow emerging from the peristaltic wave. 
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increasing distances from the stimulus site (Fig. 4A). Shortly after
stimulus release close to tube end, the tube segment closest to
the stimulus site dilates, while the other reference segment far-
ther away decreases in diameter—due to conservation of fluid
volume. Only as time progresses does the tube segment farther
downstream receive softening agent by flow driving it to dilate
subsequently (SI Appendix, Fig. S6). Yet, the tube segment down-
stream does not dilate as much as the segment close to the
stimulus site, thereby creating a hierarchy of tube diameters in
our beforehand uniform tube. The hierarchy arises as tube seg-
ments downstream receive less agent. These different softening
agent concentrations are not caused by agent’s decay, which is
very slow kdeg =0.001 s�1 (here, also exemplified by the long-
term persistence of the dilation). Rather, the flow velocity at
stimulus site is much slower than in the middle of the tube due to
the eminent closed boundary at the end of the tube. Thus, most
of the soluble agent stays close to its release site, while only a
part gets advected, causing the delayed and decreased response
downstream.

We next aim to make a quantitative prediction from the model
that exemplifies the crucial role of flow-based transport. To this
end, we probe how the tube diameter response time is altered
by changing flow velocities. Here, we use that contraction fre-
quencies, which directly control flow velocities, vary naturally in
P. polycephalum. We quantify as response time the time between
stimulus application and minimal diameter in our tube segment
farther along the tube (Fig. 4A) while decreasing contraction fre-
quency (Fig. 4B). We find that the response time increases with
decreasing contraction frequency, underlining the central role of
flow-based transport in setting up the hierarchy in response to
the stimulus.

Having in hand these two predictions on the tube diameters
dynamics close and far to the stimulus and the response time,
we return to our experimental data. We automatically sort all
tubes in the network [N(tubes) = 2,165] by their response to the
stimulus (described in SI Appendix), resulting in the two char-
acteristic dynamics predicted by the model (Fig. 4C), with pure
tube dilation close to the stimulus and tube shrinkage and sub-

sequent dilation farther from the stimulus. This tube behavior
is robust among all datasets (SI Appendix, Fig. S9–S13). Pre-
dicted dynamics along a single tube and experimentally observed
dynamics within a network strongly resemble each other apart
from two factors that arise due to the simplification of a single
tube in the model. First, the magnitude of dilation and shrink-
age is directly tied to the total volume of the tube (37) and as
such, smaller in the single tube compared with the voluminous
network. Second, in a network, the softening agent is diluted in
the multitude of tubes: the farther it gets from the stimulus site,
the less softening agent gets to an individual tube. This results
in an on average smaller dilation and subsequent tube shrinkage.
Taking these geometry-related considerations into account, the
resemblance of predicted dynamics and observations is striking.

Finally, we categorize our experimental datasets by contrac-
tion frequency (SI Appendix, Fig. S7) and quantify the response
time across the networks (Fig. 4D). As predicted, the observed
response time increases as contraction frequency decreases—
despite the very different morphologies and sizes of the net-
works. Taken together with the dynamics of tube diameters, this
agreement of data and prediction confirms that the advection of
a softening agent by fluid flows imprints nutrient location into a
specific change in hierarchy of tube diameters.

Encoded Memory Is Read Out. Taken together, our experiments
and model show that a nutrient stimulus changes the hierarchy
of tube diameters and thereby, imprints its location into the net-
work. To state that the imprint in network hierarchy poses a
memory for the organism, we need to test if the memory (i.e.,
network hierarchy) can be read out. Does the network respond
differently to a new nutrient stimulus when previously having
encountered one in the same direction or not?

Directly testing this is a futile approach as for P. polycephalum,
there are never two identical networks to compare dynamics
with and without memory. Furthermore, the innate tendency
of the network to reorganize its topology and migrate becomes
adverse to quantification beyond the time window used here.
Fortunately, every network comes with a given hierarchy of

A

C

B

D

Fig. 4. Theoretical model of elastic tube dilation triggered by flow-transported softening agent captures characteristic tube dynamics observed in the
experiment. (A) Predictions of a theoretical model of a closed peristaltic tube (sketch) on the tube diameter dynamics at the marked segments. Releasing
a soluble wall-softening agent (red symbol/vertical line) within the elastic tube predicts characteristic tube dilation and relaxation. Tube dilation response
time (dotted line) is shifted in time due to the agent being transported by peristaltic flow. (B) A decrease in contraction frequency slowing down flows
directly increases the tube segment’s response time until dilation. (C) Experimental tube diameter dynamics are fully classified into the two characteristic
dynamics predicted by the model (sketch). The dynamics of the mean tube diameter averaged over each ensemble of tubes follow theoretically predicted
tube dynamics. N(tubes) = 2,165. (D) Quantification of the response time until dilation in experimental datasets shows increase of response time with
decreasing contraction frequency, in line with theory. Error bars show the full range of tube response times in every dataset. N(tubes) = 2,165, 486, 438, and
45 for 10, 8, 6, and 4 mHz, respectively.
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Model

Data

• Model and Expts: 
Theoretical model of elastic tube dilation 
triggered by flow-transported softening agent. 
The tube dilates in the vicinity of the source, 
but less so at a distance. 
The response time (the time from stimulus to 
minimum of tube diameter at a distance) 
increases as the frequency of contraction 
decreases. 
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• Stable internal representation (tube hierarchy) as memory 
• Improved performance associated with structural memory

M. Kramar and K. Alim PNAS 118, 10 e2007815118 (2021)

• Thick tubes starting close to the stimulus (red) hardly undergo a decrease in the diameter next to thin 
tubes that strongly shrink in a shrinking domain.  

• But thick tubes at a distance shrink because they do not receive softening agents by flow.  
• Tube diameter hierarchy does impact stimulus response. 
• Having thick tubes as memories of previous stimuli positioned close to the stimulus allows the new stimuli 

to spread more quickly and reorganize mass transport more efficiently.
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Fig. 5. Network reads out memory encoded in network hierarchy by previous stimuli. (A) Bright-field image of the plasmodial network right after stimulus
application as in Fig. 2. (B) Within the part of the network overall undergoing shrinkage (Fig. 4C), thick transport tubes positioned close (red) and far
(orange) with respect to stimulus differ in dynamics. The average tube diameters of the tubes closer by flow-based travel time to stimulus undergo negligible
shrinkage and recover their prestimulus diameter, whereas the tubes farther away shrink overall permanently.

tube diameters (Fig. 5A), with particularly thick tubes formed in
response to nutrient stimuli (9, 13). We here use this fact to test
if the memory of previous stimuli represented by thicker tubes
affects the response to a new nutrient stimulus.

At first sight, our analysis of Fig. 4C identifies two characteristic
tube dynamics depending on Euclidean distance to food stimulus
only. This suggests that initial tube diameter does not impact stim-
ulus response. However, given the insight gained from our model,
it is clear that particularly thick tubes matter for the stimulus
response as thicker tubes have higher flow velocities (24) and thus,
more effectively transport the softening agent. Indeed, analyzing
only the dynamics of thick tubes highlighted in Fig. 5B reveals
that thick tubes starting close to the stimulus hardly undergo a
decrease in the diameter next to thin tubes drastically shrinking
in an overall shrinking domain. Thus, at close inspection tube
diameter hierarchy does impact stimulus response. Yet, memory
retrieval is also not a mere self-reinforcement of thick tubes as
observed in long-term network adaptation for P. polycephalum
(9): Fig. 5 also highlights an even thicker tube far from the stimulus
site that drastically shrinks (⇡50% loss in diameter). The faraway
tube is far in travel time by flow from the stimulus and therefore,
hardly receives softening agent.

Hence, memories stored in the hierarchy of tube diameters
and particularly in the location of thick tubes are subsequently
layered on top of each other, with every new stimulus dif-
ferentially reinforcing and weakening existing thick tubes in
superposition of existing memories (SI Appendix, Fig. S8).

The key to why tube hierarchy represents memory and impacts
organism behavior is the flow. Flows are the means to migrate
toward a nutrient source. Ingeniously, these flows are used to
enhance transport toward a nutrient source by growing specif-
ically those tubes that are quickest to be reached from the
stimulus site by flow-based transport. Having thick tubes as mem-
ories of previous stimuli positioned close to the stimulus allows
the new stimuli to spread more quickly and reorganize mass
transport more efficiently.

Discussion
Our observation of a nutrient stimulus leaving an imprint on
network morphology leads to the discovery of memory forma-
tion in the living flow network P. polycephalum. We showed that
the process of stimulus encoding starts with a local softening of
tube walls, creating a stimulus-specific hierarchy in tube diame-
ters. Both experiments and model show that softening is caused
by a chemical agent transported by flows, propagating graded
tube growth across the network. While the softening agent flows
through the network, it reads out the existing hierarchy of tube
diameters as it is encoding a new stimulus, thus using information
stored by previous stimuli.

The quick process of memory formation by changing network
hierarchy we observe has a long-lasting effect on the network as

flow patterns are irretrievably changed, thus governing long-term
network reorganization (9). An idle network decreases the estab-
lished hierarchy of its tube diameters by pruning away the thin
tubes first (23, 24), the tubes surviving longest being the tubes
directly bearing the memory of the nutrient stimulus that led to
their growth. Such persistence of the encoded memory, as well as
the ability of the network to encode multiple consecutive stimuli,
surpasses transient adaptation to nutrient source.

The identity of the chemical agent causing tube softening is
still unknown. However, the phenomenon of actomyosin soften-
ing has been observed across living organisms [e.g., in fibroblasts
(38) or blood vessel endothelial cells (39)]. The decreased den-
sity of the actomyosin cortex measured in the migration front
of P. polycephalum (30) is in line with the softening hypothe-
sis. Perhaps the most likely candidate for the chemical agent is
adenosine triphosphate (ATP), whose concentration is found to
be twice as high at the migration front compared with the back
of the organism (40), the migration front formation here being a
direct result of stimulus sensing.

Softening of tube walls to trigger their immediate growth is
a mechanism that allows for very quick changes in tube diam-
eter hierarchy. The timescale of less than 15 min observed by
us explains P. polycephalum’s fast decisions within 10 to 20 min
(9–11) that outcompete other basal organisms in speed (6, 8).
Our observations show that these memories can be overwrit-
ten or reinforced as tubes close in flow-based travel times to
stimuli keep being fueled. Finally, P. polycephalum’s ability to
highlight the shortest path in a maze (13, 14) or solve the travel-
ing salesman problem (41) seems the logical result of memories
being formed. By identifying the mechanism the organism uses
to initially encode the nutritive stimulus, we present the missing
piece of the puzzle connecting nutrient encounter and long-term
network reorganization that P. polycephalum is famous for (9).

The concept that tube diameter hierarchy serves as memory
not only elucidates the remarkable problem-solving capabilities
of P. polycephalum, but also demonstrates its ability to mimic
phenomena known from higher organisms, in this case synap-
tic facilitation (42) or synaptic plasticity (43) and reinforcement
learning (44). Demonstrating the ability of the network to exhibit
a phenomenon reminiscent of associative memory (45) may very
well be of relevance for the plethora of living flow networks
and contribute to biologically inspired design for biomimetic
materials and soft robots (46).

Materials and Methods
Culturing and Imaging of P. polycephalum. Plasmodial networks were pre-
pared from microplasmodia grown in a liquid culture using the medium by
Daniel and Rusch (47) with hematin (5 mg/mL) instead of chicken embryo
extract (48). The networks were imaged 24 to 36 h after plating on 1.5%
agar and incubated under microscope light for 1 h after trimming to
decrease the influence of light and cutting on the tube contraction (22). The
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Self-learning and self-organisation

Thomas LECUIT   2025-2026

• Programme: Initial conditions and execution of a deterministic programme 
• Inheritance of specific conditions and of algorithms in the genome 

• Self-organisation: internal algorithm that characterises interaction rules 
• The algorithm is distributed in the whole cell: genome plus cell. 
• The algorithm is not static (in the genome). 
• The algorithm changes in time: it learns some parameters.  

• Where does the update come from? From environment of cells. 
• The environment is updated as a function of development itself 

67

When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 
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Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.
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When the production of molecular species is coupled 
to their diffusion, striking spatial–temporal molecular 
patterns can emerge. Reaction–diffusion systems such 
as Turing instabilities21 produce patterns with length 
scales that depend on the details of activator–inhibitor 
interactions22 (BOX 2). Excitable systems manifest charac-
teristic temporal dynamics, in which, for instance, trigger 
wave velocities depend on diffusion and positive feedback 
timescales23. Concentration gradients of molecules where 
the local concentration depends on the production–
degradation rates and on the diffusion/transport  

constants24, define time and length scales of morphogenetic  
fields. The emergent biochemical patterns are read 
and interpreted by cells via cell signalling and direct a 
sequence of downstream cellular decisions. For instance, 
the concentration-dependent activity of morphogens 
transforms a homogeneous field of cells into discrete 
regions of defined length, each with its own morpho-
genetic and differentiation programmes driven by the 
induction of specific changes in gene expression25,26. 
As another example, Turing instabilities control pal-
ate ridges27 and digit number in growing limbs28 in the 

λ = √D/k 
τ = λ2/D 

Biochemistry Geometry

Mechanics

BiochemistryGenes Biochemistry

Geometry

Geometry

Morphogenesis Morphogenesis

Information

Information

Programmed Self-organizedModules of 
morphogenesis

a

b

Diffusion D

Applied 
stress Strain propagation

σ

Time

Time

ε
More viscous

Elastic Viscoelastic

Applied stress (σ)

Induced strain (ε)

Biochemistry Mechanics

Strain propagation

τ = η/E
λ = √η/γ

Timescale
Length scale

Actin cortex viscosity/stiffness
Activation of motors

Degradation k
Length scale
Timescale

Stiffness E
Viscosity η
Friction γ

Production
zone

DistanceC
on

ce
nt

ra
ti

on

C(x) = C0e–x/λ

x

Cx

C0

Mechanics

Mechanics

Geometry

Gradient

Molecule transport (advection)
Mechanotransduction

Fig. 1 | Programme versus self-organization in the flow of morphogenetic 
information. a | Length and timescales of morphogenetic information can 
be defined by biochemical (in red on the left) or mechanical (in blue on the 
right) interactions occurring within the given geometry of the tissue (in grey). 
On the left: the constant of effective diffusion (D) of a molecular species (red 
star) from a spatially restricted production zone and its rate of degradation 
(k) define the local concentration and thus the length scale (λ) and timescale 
(τ) of the cellular and tissue level processes driving shape changes. These 
length and timescales can be quantitatively estimated by measuring D and 
k (equations in the yellow quadrant). The graph on the left illustrates the 
spatial decay of the concentration of a molecular species following an 
exponential decay with length scale λ. On the right: the propagation of 
deformation due to an applied stress can define the length scale (λ) and 
timescale (τ) of morphogenetic events in a tissue. Strain propagation 
depends on the elastic modulus (stiffness) E, the viscosity η and the friction 
coefficient γ . The length (λ) and timescales (τ) are defined quantitatively as 
in the yellow quadrant at the bottom left. The graph illustrates how the 
viscosity of a material impacts on the timescale of deformation following an 
applied stress. A fully elastic material has a coefficient of viscosity equal to 0 
and never dissipates the elastic energy due to the applied stresses (that is, 
they can return to their initial configuration when the stress is released) while 

a viscoelastic material dissipates the elastic energy (that is, it cannot return 
to the initial configuration upon stress release) when the stress is applied for 
long enough beyond a certain timescale. The applied stress is indicated by σ 
and the induced strain by ε. Of note, biochemical interactions and cell and 
tissue mechanics can regulate each other. For instance, biochemical 
signalling can regulate the stiffness/viscosity of the actin cortex or may 
activate force-generating molecular motors. Mechanics can regulate local 
protein concentrations by advection or elicit biochemical signalling via 
mechanotransduction. b | Idealized information flows illustrating how 
morphogenesis could be executed as a programme (middle) or emerge in a 
self-organized fashion (right). Biochemistry, mechanics and geometry are the 
key modules of morphogenesis (as illustrated in part a). In programmed 
morphogenesis the information is fully encapsulated in the initial patterning 
(that is, biochemistry) and geometry of the tissue. This determines fully the 
execution of cell and tissue mechanical operations and the final outcome  
of morphogenesis. The strict hierarchy and the unidirectional flow of 
information are represented by single-headed arrows. In the case of self- 
organized morphogenesis biochemistry, mechanics and geometry  
can regulate each other as a result of multiple feedbacks and thus  
the information emerges and is continuously modulated during the 
morphogenetic process.
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Tuning, Adaptation and Learning

Thomas LECUIT   2025-2026

• Propensity to respond to environment and reset state: 
Interaction with the environment, update and tuning of internal state variables. 
Tuning: internal variables are updated  
Adaptation: return to initial configuration following perturbation and deviation 
Learning: update with memory (of varying time scale), as internal representation of 
environment (training data set), to increase performance or acquire new state.

• Pre-conditionned and determined state:  
Heredity of genome, chemistry, structures, cellular algorithmic processes. 
Dynamics of cells and embryos follows a rule-based sequence of steps in a set order. 

• General properties of living system, from cells to embryos and organisms. 
The nervous system is an advanced version of these universal properties. 
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Overview of past 2 years on Information

Thomas LECUIT   2025-2026
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1. Transmission: Encoding, Recoding and Decoding 
• Shannon information theory: mutual information 
• Chemical, mechanical information 

2. Logic of biological computation:  
• Levels of analysis: computation; algorithmic; implementation 
• Algorithmic information and complexity 

3. Self-tuning and self-learning 
• Internal, low dimensional representation and memory 
• Update rules and Learning rules: learning algorithms 
• Self-organisation reflects such properties


