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8 Things You Can Do
to Promote Human Rights in Science, Engineering, and Medicine

1. Highlight the Importance of Free Speech and the Dangers of 
Political Censorship for Work


2. Use your Expertise to Help Address Human Rights Challenges


3. Host a Discussion on Human Rights and/or Integrate Human 
Rights into your Teaching


4. Notify Human Rights Monitoring/Advocacy Bodies if you Suspect 
Rights Violations


5. Urge Institution to Assist Colleagues Fleeing Persecution Through 
Fellowships and Other Means


6. When Planning Travel, Learn about the State of Human Rights in 
your Destination


7. Write to U.S. or International Officials in Support of Colleagues


8. Stay Informed by Attending Human Rights Events

www.nationalacademies.org/8-things-you-
can-do

+ Ask me for this slide for you to share in your talks!

https://rdcu.be/elOdv
Leifer, Liu and Nagel

Nature, 641, 592 (2025)



A Mystery of Life

• How do vast numbers of many different molecular components coordinate to 
produce organisms, not only in form but emergent, collective function?

• Biological systems are physical and must obey physical constraints
• But for function they must also obey design constraints

• Statistical physics: collective behavior with physical constraints but with few 
different components

• Biology: detailed networks of many different interacting components but not 
collective function
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A Mystery of Life

• How do vast numbers of many different molecular components coordinate to 
produce organisms, not only in form but emergent, collective function?

• Biological systems are physical and must obey physical constraints
• But for function they must also obey design constraints

• Statistical physics: collective behavior with physical constraints but with few 
different components

• Biology: detailed networks of many different interacting components but not 
collective function

Need bridge between highly heterogeneous components with physical/design constraints 
and collective function

Why so much heterogeneity?



Condensed Matter and Tunable Matter
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Many more is more different
neural networks, brains
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Tunable Matter
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• Network parameters (tunable degrees of freedom) are adjusted to give desired 
output

• How to adjust? 

– Minimize    by adjusting tunable DOF

Output 1  (1/0 for dog /cat)

Output 2  (1/0 for cat/dog)

 
 

Learning from Neural Networks
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• Network tunable DOF are adjusted to give desired output

• How to adjust? 

– Evaluate cost function

– Minimize    by adjusting tunable DOF

• # constraints that can be satisfied increases with # tunable DOF

• Many more is different bc # tunable DOF increases with system size

Output 1  (1/0 for dog /cat)

Output 2  (1/0 for cat/dog)

 
 

Why is Many More Different in Neural Networks?
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Random Constraint-Satisfaction Problems

non-universal stuff

Can satisfy constraints Can’t satisfy constraints

over-parameterized under-parameterized
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• Modern AI operates in over-parameterized regime
– Easy/fast to find global minimum
– Training is robust to many parameter changes
– Many good solutions



Gradient Descent is Great! BUT…

• Requires precise and complete microscopic knowledge of network to calculate 
cost function

• Requires calculation of direction of gradient descent
• Requires ability to modify individual edges of network

• Design by minimizing cost function is inherently global and therefore requires 
processor



Gradient Descent is Great! BUT…

• Requires precise and complete microscopic knowledge of network to calculate 
cost function

• Requires calculation of direction of gradient descent
• Requires ability to modify individual edges of network

• Design by minimizing cost function is inherently global and therefore requires 
processor

Can tunable degrees of freedom be 
adjusted for desired collective response 

without a processor?



• Tunable DOFs: choice of amino acid at 
each point in sequence

• Physical DOFs: amino acid positions/
orientations/conformations

• Double optimization: tunable DOFs satisfy 
functionality, physical DOFs minimize free 
energy

Tunable Matter I: Proteins

Rocks, Pashine, Goodrich, Bischofberger, Liu, Nagel PNAS 2017
Rocks, Ronellenfitsch, Liu, Nagel, Katifori PNAS 2019
Hexner, Liu, Nagel PNAS (2020)
Stern, Hexner, Rocks, Liu PRX (2021)
Rouviere, Ranganathan, Rivoire, PRX Life (2023)
Rocks, Katifori, Liu arXiv (2024)
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each point in sequence

• Physical DOFs: amino acid positions/
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functionality, physical DOFs minimize free 
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heterogeneity!



Are Proteins Over-Parameterized?

non-universal stuff

Can satisfy constraints Can’t satisfy constraintsField theory, order parameters, and length 
scales for the glass transition: To understand 
a phase transition perturbatively around the 
mean-field limit, one needs to describe the 
fluctuations of the order parameter and the 
associated correlation length.  Franz & Parisi 
developed a general formalism for identifying 
an order parameter  describing the glass 
transition (the overlap) and the relevant 
diverging four-point susceptibility [44].  They 
[45] and Berthier [46] developed numerical 
methods for free-energy calculations in finite-
dimensional liquids based upon global fluctuations of the overlap.  Biroli & Kurchan studied the possible existence of 
hidden forms of spatial order in glasses [47] and Franz studied these in the mean-field limit [48].  Based on these 
studies, Biroli, Franz, Parisi & Zamponi developed a field theory to describe fluctuations above the upper critical 
dimension (d=8) and constructed a renormalization group for glasses [49].  Berthier, Biroli & Reichman formulated a 
consistent dynamical mean-field theory for describing space-time scaling and dynamical heterogeneities [40] while 
Franz, Parisi & Zamponi formulated a similar theory in a thermodynamic framework [50].  Franz & Kurchan pursued 
the formal analogy between glassy dynamics and supersymmetry-breaking, both in- and out-of-equilibrium and 
obtained an analytical solution for the generic mean-field problem [51].  
Connecting low dimensions to d=∞:  Numerical simulations allow us to explore the whole dimensional range, from the 
perturbative large-d regime to the non-perturbative low-d regime.  Reichman [52] and Charbonneau [53] simulated 
high-dimensional supercooled liquids to demonstrate the relevance of the mean-field starting point.  Kurchan 
developed a model that smoothly interpolates between the finite-dimensional mean-field and the real-space behavior of 
glassy and jamming systems [12].  Parisi & Zamponi derived a cavity-based description of this model [54], and, with 
Charbonneau, used it to understand the mean-field contribution to the breakdown of the Stokes-Einstein relation in 
supercooled liquids and to detect the Gardner transition [55].  
Activation in glasses and dynamical heterogeneity: The ultimate goal is to understand activation in the strongly non-
perturbative regime of long times and low dimensions.  Biroli, Berthier & Charbonneau identified and measured 
different diverging length scales that control the slowing down of the dynamics [56].  Biroli showed that randomly 
pinning a fraction of particles gives access to these length scales in experiments [57] and Reichman showed how 
activated processes emerge and govern transport even at relatively high T [58].  
c) Summary:  These achievements – solving the d=∞ hard-sphere glass transition, introducing and understanding the 
jamming transition in low d and showing the relevance of these phenomena to one another – have set the stage for the 
next era of theoretical glass research.  With these results in hand we now propose how to attack glasses generally.   
3.  Planned research: Low-energy states – starting deep in the landscape 
 We propose to build on the solid basis established in Sec. 2 to understand the essential features of the glass phase of 
matter and to tackle the glass problem from the low-temperature side (as indicated by the arrow #1 in Fig. 1). Our 
starting point is the jammed state, which is marginally stable mechanically and exhibits an associated critical jamming 
transition and scaling behavior.  The jamming transition only exists for systems with finite-ranged repulsive potentials, 
and some of its properties are special to spheres. Nevertheless, we have shown that the jammed solid yields valuable 
insight into properties of amorphous solids with covalent [15] or long-ranged [16] or attractions, or other non-
spherically-symmetric potentials [59].  Our strategy is therefore to start with jammed solids to study the anomalous 
harmonic low-energy excitations and the anharmonic, non-perturbative particle rearrangements that occur at nonzero 
temperature or strain and ultimately cause the system to melt.  We will follow arrow #1 to develop a proper description 
of the glassy state, the free-energy landscape out of which it emerges, and finally the glass transition.  The aim is to use 
a low-energy approach to address a strong-coupling problem, as, for instance, in the droplet theory of spin glasses.  
Simultaneously, we will examine how this description is modified by attractions and non-spherically-symmetric 
potentials.  In addition, we will study the evolution of the Gardner transition, which marks the transition from a simple 
glass basin structure to a fractal hierarchy of subbasins (Fig. 3), as the dimension is lowered from infinity (arrow #2).   
a) Exact mean-field solution for systems with continuous potentials: We have shown that the infinite-dimensional 
solution of hard spheres describes critical exponents in d=2,3 near the onset of jamming at infinite pressure, p=∞ 
[8,43], thus unifying the p�∞ behavior in d=∞ with that in d=2,3.  For hard spheres, however, there is no difference 

Fig. 3  Depiction of accessible phase space (blue regions) as P increases or 
T decreases. (a) Liquid is fully ergodic. (b) Upon approaching glass 
transition bottlenecks appear that (c) lead to ergodicity breaking (phase 
space clustering). These states undergo a Gardner transition, (d-e) forming 
a fractal hierarchy of subbasins that (f) ultimately results in jammed states. 

over-parameterized under-parameterized
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• # tunable DOFs is extensive in length of sequence
• Easy/fast to find global minimum
• Generalizable: many mutations do not affect protein function
• Many good solutions: phenotypic convergence



Yes—by Evolution

• Evolution is great!
• But…
• It is very slow, requiring many generations
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• But…
• It is very slow, requiring many generations

Can tunable degrees of freedom be 
adjusted for desired collective response 
without a processor on time scales fast 

compared to evolution?



Epithelial Tissues during Development

• Function: tissue doubles in length in 2 hours at fixed area

•

Tah, Härtter, Crawford, Kiehart, Schmidt, Liu (2024)
Arzash, Tah, Liu, Manning (2024)
Arzash, Liu Manning

Different cells express different 
amounts of proteins to adjust their 
interactions
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Tunable Vertex Model of 2D (Epithelial) Tissue

Cell’s	optimal	
perimeter

Cell’s	optimal	 
area

actomyosin contractility
adhesion/cortical tension

cell incompressibility
preferred cell height
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Double optimization: 
(1) adjust vertex positions to minimize E
(2) adjust junctional tensions to elongate 
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• Evolution is great!
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Can tunable degrees of freedom be 
adjusted for desired collective response 
without a processor on time scales fast 
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Decentralized Tuning via Local Rule (Don’t Have to Know Everything)



Myosin Intensity Depends on Angle of Junction
m

yo
si

n 
in

te
ns

ity

junction angle

Local rule:

Blankenship et al., Dev. Cell (2006)

Arzash, Liu, Manning, bioRxiv (2025)
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minimizing the total energy with respect to ‘, i.e., by solving
ˆE/ˆ‘ = 0 (see SI for more details).

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 (11–13, 37) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (41, 42), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di�cult to
simulate/study (43).

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 AP 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 ◊ij :

cmyo Ã cos(2◊ij) [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.
(44) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ≠“Tij cos(2◊ij) [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanisms. We then minimize the mechanical energy defined
in Eq. 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 ◊ and find that
the results are quite similar to that for the cos(2◊) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible.

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, many
of the local tuning rules are inspired by the idea of “contrastive
learning.” Contrastive learning alternates between a free state,
where the physical system evolves the physical degrees of
freedom to minimize its energy, and a “clamped state”, where
the system is constrained to be in the desired state–or in a
state nudged towards the desired state (29, 30, 32) encoded in
the cost function (? ). Related alternatives, such as directed
aging (? ), instead ’soften’ the energy of the system in the
direction of the clamped state.

Inspired by these ideas, we seek a local rule that softens 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. Specifically, starting from the total energy expression of
Eq. (1), the third term represents the total tension energy E�,
which depends on both the edge lengths ¸ij and the interfacial
tensions �ij . When a global pure shear deformation is applied
to the box via the transformation

D =
5

1 + ” 0
0 1 ≠ ”

6
. [8]

Note that this is the linearized version of shear deformation in
Eq. (3). The energetic cost of such a deformation is governed
by how E� changes with ”. Specifically, the derivative

ˆE�
ˆ”

=
ÿ

ÈijÍ

�ij

3
ˆ¸ij,x

ˆ”
ˆ¸ij

ˆ¸ij,x
+ ˆ¸ij,y

ˆ”
ˆ¸ij

ˆ¸ij,y

4
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ˆ¸ij,x/ˆ” = ¸ij,x and ˆ¸ij,y/ˆ” = ≠¸ij,y. Substituting these,
we obtain

ˆE�
ˆ”

=
ÿ

ÈijÍ

�ij

3
¸2

ij,x ≠ ¸2
ij,y

¸ij

4
=

ÿ

ÈijÍ

�ij¸ij cos(2◊ij), [10]

where ◊ij is the angle of the edge with respect to the x≠axis.
To reduce this resistance locally—i.e., to ”soften” 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
= ≠“Tij¸ij cos(2◊ij), [11]

where “ is the learning rate. This rule decreases tension along
edges aligned with the x≠axis (AP axis of embryo), where
cos(2◊) > 0, and increases tension along the y≠axis (DV axis
of embryo), where cos(2◊) < 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 directed aging rule is
implemented using a similar numerical framework as the rule
in the previous section, see SI for details.

The directed aging rule is simple, local, and orientation-
based – making it biologically plausible. From a theoretical
perspective, because it involves a single-edge based approxi-
mation 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

4 — www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Arzash et al.
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minimizing the total energy with respect to ‘, i.e., by solving
ˆE/ˆ‘ = 0 (see SI for more details).

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 (11–13, 37) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (41, 42), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di�cult to
simulate/study (43).

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 AP 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 ◊ij :

cmyo Ã cos(2◊ij) [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.
(44) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ≠“Tij cos(2◊ij) [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanisms. We then minimize the mechanical energy defined
in Eq. 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 ◊ and find that
the results are quite similar to that for the cos(2◊) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible.

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, many
of the local tuning rules are inspired by the idea of “contrastive
learning.” Contrastive learning alternates between a free state,
where the physical system evolves the physical degrees of
freedom to minimize its energy, and a “clamped state”, where
the system is constrained to be in the desired state–or in a
state nudged towards the desired state (29, 30, 32) encoded in
the cost function (? ). Related alternatives, such as directed
aging (? ), instead ’soften’ the energy of the system in the
direction of the clamped state.

Inspired by these ideas, we seek a local rule that softens 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. Specifically, starting from the total energy expression of
Eq. (1), the third term represents the total tension energy E�,
which depends on both the edge lengths ¸ij and the interfacial
tensions �ij . When a global pure shear deformation is applied
to the box via the transformation

D =
5

1 + ” 0
0 1 ≠ ”

6
. [8]

Note that this is the linearized version of shear deformation in
Eq. (3). The energetic cost of such a deformation is governed
by how E� changes with ”. Specifically, the derivative

ˆE�
ˆ”

=
ÿ

ÈijÍ

�ij

3
ˆ¸ij,x

ˆ”
ˆ¸ij

ˆ¸ij,x
+ ˆ¸ij,y

ˆ”
ˆ¸ij

ˆ¸ij,y

4
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ˆ¸ij,x/ˆ” = ¸ij,x and ˆ¸ij,y/ˆ” = ≠¸ij,y. Substituting these,
we obtain

ˆE�
ˆ”

=
ÿ

ÈijÍ

�ij

3
¸2

ij,x ≠ ¸2
ij,y

¸ij

4
=

ÿ

ÈijÍ

�ij¸ij cos(2◊ij), [10]

where ◊ij is the angle of the edge with respect to the x≠axis.
To reduce this resistance locally—i.e., to ”soften” 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
= ≠“Tij¸ij cos(2◊ij), [11]

where “ is the learning rate. This rule decreases tension along
edges aligned with the x≠axis (AP axis of embryo), where
cos(2◊) > 0, and increases tension along the y≠axis (DV axis
of embryo), where cos(2◊) < 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 directed aging rule is
implemented using a similar numerical framework as the rule
in the previous section, see SI for details.

The directed aging rule is simple, local, and orientation-
based – making it biologically plausible. From a theoretical
perspective, because it involves a single-edge based approxi-
mation 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
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minimizing the total energy with respect to ‘, i.e., by solving
ˆE/ˆ‘ = 0 (see SI for more details).

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 (11–13, 37) are
local. A challenge is that many such local rules, and similar
ones developed for other confluent tissues (41, 42), generate
temporal dynamics for myosin interacting with other spatial
fields, which become dynamically complex and di�cult to
simulate/study (43).

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 AP 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 ◊ij :

cmyo Ã cos(2◊ij) [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.
(44) investigated a phenomenological rule that evolves edge
tensions based solely on their orientation

dTij

dt
= ≠“Tij cos(2◊ij) [7]

To implement this rule, we update the total edge tensions
Tij at each time step according to the specified local feedback
mechanisms. We then minimize the mechanical energy defined
in Eq. 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 ◊ and find that
the results are quite similar to that for the cos(2◊) case. (See
SI for details). As this local rule is inferred from data, it is
clearly biologically plausible.

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, many
of the local tuning rules are inspired by the idea of “contrastive
learning.” Contrastive learning alternates between a free state,
where the physical system evolves the physical degrees of
freedom to minimize its energy, and a “clamped state”, where
the system is constrained to be in the desired state–or in a
state nudged towards the desired state (29, 30, 32) encoded in
the cost function (? ). Related alternatives, such as directed
aging (? ), instead ’soften’ the energy of the system in the
direction of the clamped state.

Inspired by these ideas, we seek a local rule that softens 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. Specifically, starting from the total energy expression of
Eq. (1), the third term represents the total tension energy E�,
which depends on both the edge lengths ¸ij and the interfacial
tensions �ij . When a global pure shear deformation is applied
to the box via the transformation

D =
5

1 + ” 0
0 1 ≠ ”

6
. [8]

Note that this is the linearized version of shear deformation in
Eq. (3). The energetic cost of such a deformation is governed
by how E� changes with ”. Specifically, the derivative

ˆE�
ˆ”

=
ÿ

ÈijÍ

�ij

3
ˆ¸ij,x

ˆ”
ˆ¸ij

ˆ¸ij,x
+ ˆ¸ij,y

ˆ”
ˆ¸ij

ˆ¸ij,y

4
[9]

captures how edge tensions contribute to the resistance against
shear. The expression inside the parentheses simplifies using
ˆ¸ij,x/ˆ” = ¸ij,x and ˆ¸ij,y/ˆ” = ≠¸ij,y. Substituting these,
we obtain

ˆE�
ˆ”

=
ÿ

ÈijÍ

�ij

3
¸2

ij,x ≠ ¸2
ij,y

¸ij

4
=

ÿ

ÈijÍ

�ij¸ij cos(2◊ij), [10]

where ◊ij is the angle of the edge with respect to the x≠axis.
To reduce this resistance locally—i.e., to ”soften” 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
= ≠“Tij¸ij cos(2◊ij), [11]

where “ is the learning rate. This rule decreases tension along
edges aligned with the x≠axis (AP axis of embryo), where
cos(2◊) > 0, and increases tension along the y≠axis (DV axis
of embryo), where cos(2◊) < 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 directed aging rule is
implemented using a similar numerical framework as the rule
in the previous section, see SI for details.

The directed aging rule is simple, local, and orientation-
based – making it biologically plausible. From a theoretical
perspective, because it involves a single-edge based approxi-
mation 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
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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 ◊ satisfying 75¶ < ◊ < 105¶, where ◊ is measured with respect to the horizontal (x-) axis. Experimental data (black circles) are replotted from
Ref. (10). Simulation results are shown for four protocols: external shear (green diamonds), global gradient descent (blue circles), local rule cos(2◊) (red pentagons), and local
rule ¸ cos(2◊) (orange triangles). Data represent averages over 50 independent samples; shaded regions denote standard deviations for the GD and ¸ cos(2◊) protocols. (b)
Same as (a), but for the average cell shape index p = P/

Ô
A, where P and A are the cell perimeter and area, respectively. Experimental data (black circles) are reproduced

from Ref. (44).

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. Fig. 4a) illustrates the strain
evolution of the edges tensions normalized by their average
value at zero strain, Tij/ ÈTijÍ0 under the directed aging
local rule. 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 directed aging rule.
To further quantify the behavior of the tails, we fit these
distributions to a gamma function f(x) Ã x–≠1e≠—x, where
– > 1 characterizes the low tension onset, and — characterizes
the fall o� of the high tension tails. As shown in the insets
to Fig. 4a) and d), — decreases substantially as a function of
the strain for the local rule as the tails become heavier, and
instead increases under gradient descent. Fig. 4g compares the
distributions of active tensions for all of the tuning processes,
plus external shear, at a high tissue strain of ‘ = 0.4. The
directed aging local rule, which agrees best with experimental
data, has a significantly enhanced high tail. This suggests that
maintaining low active tensions at cell-cell junctions is not an
important biological constraint.

To probe how individual edges respond to mechanical
perturbations, we utilize the concept of edge susceptibility,
following the approach by Guzmán et al. (47). Edge suscep-
tibility 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 softness or
responsiveness, capturing how edge geometry couples to global
force distributions. Formally, for each edge ij, we define a
susceptibility vector s̨ij , whose components describe how the
length ¸ij 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 = Îs̨ijÎ2. 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 directed aging rule (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 quite constant as tissue deforms (see
Fig 4e). To quantify this evolution, we fit these distributions
to blah . . .

Again, we compare edge susceptibility distributions for all
three tuning processes as well as external shear in Fig. 4h at the
tissue strain of ‘ = 0.4. Clearly, the directed aging rule (orange)
has the most suppressed high tail of susceptibilities. 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 directed aging
rule, we observe that the tail of �T C

ij increases steadily with

8 — www.pnas.org/cgi/doi/10.1073/pnas.XXXXXXXXXX Arzash et al.

expt

LO O

GD
shear

expt
LO

shear
O

GD

• Biologically-plausible local rule agrees better with experiments
• Can distinguish among ensembles of tuned solutions produced by different 

tuning processes to get insight into local rule!

Wang, et al. PNAS (2019)



Is Tissue Undergoing Convergent Extension Over-Parameterized?

Can satisfy constraints Can’t satisfy constraints

non-universal stuff

over-parameterized under-parameterized
<latexit sha1_base64="6xWzCYsUwZb8nr9Fm4FjYs9lzWg="></latexit>

# constraints

# tunable DOF
⌧ 1
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# constraints

# tunable DOF
⇠ 1
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# constraints

# tunable DOF
& 1

• # tunable DOFs is extensive in number of cells
• Easy/fast to find global minimum
• Generalizable:  robust to stochasticity in gene expression, many mutations
• Many good solutions: ensemble of solutions is different for gradient descent/O 

local rule/LO local rule/external shear!



Another Reason to Love Local Rules (Decentralized Tuning)

• Gradient descent on cost function 
requires knowing all network details

• Requires processor

Output 1

Output 2

 

• Neurons update via local rules (eg 
neurons fire together wire together

• Doesn’t require processor



Why the Difference in Energy Efficiency?

• Costs much energy
– ChatGPT query for 100 words ~ 500 kJ 

Image generation ~10,000 kJ

• Digital
• von Neumann bottleneck/inference
• von Neumann bottleneck/training

Output 1

Output 2

 

• Energy efficient: adult human brain ~ 
2000 kJ/day 

• Analog
• In-memory compute
• In-memory learning



Differences in Learning

• Mainly feedforward
• Requires much data to train
• Digital/Precise/Fast
• Needs A/D conversion of analog data
• von Neumann bottleneck/inference
• von Neumann bottleneck/training
• Can be parallelized

Output 1

Output 2

 

• Highly recurrent
• Can require little data to train
• Analog/Imprecise, Noisy/Slow
• Natural for processing analog data
• In-memory compute
• In-memory learning
• Decentralized/automatically parallelized



Contrastive Local Learning Networks

• Analog
• Perform gradient descent using local rule
• In-memory compute/learning
• Automatically parallelized
• As recurrent as desired

Gen 1: electrical networks of 
adjustable linear resistors

Dillavou/Stern/Liu/Durian PRApplied (2022)

Gen 1I: electrical networks of adjustable 
nonlinear resistors

Dillavou/Beyer/Stern/Liu/Miskin/Durian PNAS (2024)

• Doesn’t mimic brain!
• Physical relaxation performs  

inference automatically
• Physics harnesses local rule for  

supervised learning

Stern, Hexner, Rocks, Liu PRX 2021



Contrastive Local Learning Networks

• Linear supervised learning
– Linear regression
– Linear classification

Gen 1: electrical networks of 
adjustable linear resistors

Dillavou/Stern/Liu/Durian PRApplied (2022)

Gen 1I: electrical networks of adjustable 
nonlinear resistors

Dillavou/Beyer/Stern/Liu/Miskin/Durian PNAS (2024)

• Nonlinear supervised learning
– Nonlinear regression
– Nonlinear classification



To Scale Up, Need Robustness to Defective Edges

• Brains incredibly 
robust to damage

• processors aren’t

• our networks are

Dillavou, Stern, Liu, Durian, PR Applied (2022)
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To Scale Up, Need Robustness to Defective Edges

• Brains incredibly 
robust to damage

• processors aren’t

• our networks are

Dillavou, Stern, Liu, Durian, PR Applied (2022)

System is over-
parameterized!
Many different 

solutions to same 
task



Scaling Up

• Robust to damage so manufacturable 

• Parameter changes are calculated in parallel by every edge

• Current ~10 pJ/parameter/inference

• Already comparable to ~1 pJ/parameter/inference on most 
energy-efficient Qualcomm AI chip

• Next step: printed circuit boards/chips for networks with  
~100-200 edges (parameters)

• 3rd-gen design (Miskin) microfabrication of 100 edges on chip
• 10 fJ/parameter/inference



Why Lump These Systems Together?
• Proteins
• Epithelial tissue during convergent extension
• Contrastive Local Learning networks
• Allosteric proteins (Yue Shang,  Adam Frim, Sid Nagel)

• Actin cortex (Haina Wang, Marco Galvani Cunha, John Crocker)

• Tumors (Haina Wang, John Crocker, Dennis Discher)

• Mitotic spindle (Emre Alca, Reza Farhadifar, Mike Shelley)

• Replace detailed parts list with simple tunable models to study emergence
• Study how detailed parts list gives tunability

They share a common theoretical advantage



Why Lump These Systems Together?
• Proteins
• Epithelial tissue during convergent extension
• Contrastive Local Learning networks
• Actin cortex (Haina Wang, Marco Galvani Cunha, John Crocker)

• Tumors (Haina Wang, John Crocker, Dennis Discher)

• Mitotic spindle (Emre Alca, Reza Farhadifar, Mike Shelley)

• Overparameterization
– Easy/fast to find good solutions
– Robustness to damage
– Many good solutions

They share interesting common features



Tunable Matter
• Proteins
• Epithelial tissue during convergent extension
• Contrastive Local Learning networks
• Actin cortex (Haina Wang, Marco Galvani Cunha, John Crocker)

• Tumors (Haina Wang, John Crocker, Dennis Discher)

• Mitotic spindle (Emre Alca, Reza Farhadifar, Mike Shelley)

Are biological systems generically overparameterized for function?

Tunable matter is new class of condensed matter requiring new 
unifying frameworks

Challenge for condensed matter physics!

Heterogeneity is both cause and consequence of tuning
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