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Living cells dynamically modulate the local morphologies of their actin cytoskeletons to perform
biological functions, including force transduction, intracellular transport, and cell division. A major
challenge is to understand how diverse structures of the actin cytoskeleton are assembled from
a limited set of molecular building blocks. Here we study the spontaneous self-assembly of a
minimal model of cytoskeletal materials, consisting of semiflexible actin filaments, crosslinkers,
and molecular motors. Using coarse-grained simulations, we demonstrate that by changing con-
centrations and kinetics of crosslinkers and motors, as well as filament lengths, we can generate
three distinct structural phases of actomyosin assemblies: bundled, polarity-sorted, and con-
tracted. We introduce new metrics to distinguish these structural phases and demonstrate their
functional roles. We find that the binding kinetics of motors and crosslinkers can be tuned to op-
timize contractile force generation, motor transport, and mechanical response. By quantitatively
characterizing the relationships between the modes of cytoskeletal self-assembly, the resulting
structures, and their functional consequences, our work suggests new principles for the design of
active materials.

1 Introduction
Mechanical functions of living cells are determined by dynamic
restructuring of the actin cytoskeleton, a highly conserved cellu-
lar machinery composed of filamentous actin (F-actin), myosin
molecular motors, and crosslinking proteins1. An enormous
variety of F-actin binding proteins with diverse physicochemi-
cal properties2 can combine with F-actin to assemble function-
specific cellular structures. Spatiotemporal control over these
structures is essential for coordinated force generation during
cell migration3,4, cell adhesion5, cytokinesis6, and intracellular
transport7,8. A quantitative understanding of how diverse cy-
toskeletal structures are assembled from a limited set of molec-
ular building blocks presents an outstanding challenge at the in-
terface of soft matter physics and cell biology.

Much effort has been devoted to understanding how contracted
states arise in actomyosin networks that lack sarcomeric orga-
nization. One mechanism that has emerged is that actin fila-
ments rectify randomly directed forces to select for contractile
ones because they can buckle readily but cannot stretch signif-
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icantly9–14. Alternatively, crosslinking can arrest relative slid-
ing of filaments as they increase their overlap15,16 (see also17

in the context of microtubules). The prevalence of these mecha-
nisms and, in turn, contractile dynamics, depends on motor den-
sity and activity12,15,18–20, network connectivity18,21–23, actin fil-
ament turnover24, and filament stiffness16.

Sufficient variation of system parameters leads to other states.
Networks with low densities of motors exhibit bundled morpholo-
gies18,25–27; lattice-like (lamellar) and clustered morphologies
have been seen in simulations as well26. Consistent with exper-
iments and simulations of microtubules28,29 as well as theories
of active gels30, polarity-sorted asters of crosslinked actin bun-
dles have also been observed16. Understanding how these di-
verse structures relate and can be elicited requires systematically
mapping phase diagrams for networks of filaments, motors, and
crosslinkers in terms of both molecular parameters (e.g., associ-
ation and dissociation kinetics, molecular sizes, binding geome-
tries, and microscopic mechanical properties) and system param-
eters (e.g., molecular composition, turnover, system geometries,
external forces).

In this paper, we take a step towards this goal. We investigate
the structures accessible to a coarse-grained model that has been
parameterized to represent actomyosin networks involving only
a single crosslinking protein that binds without geometric restric-
tions. We consider the interplay of motor and crosslinker density,
their binding kinetics, and filament length. We observe homo-
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geneous, contracted, bundled, and polarity sorted structures and
introduce order parameters that quantify their prevalence. We
then explore the materials properties of these structures. Specif-
ically, we examine the viscoelastic response to shear strain and
the motor transport properties. Our study thus unifies previously
observed structures in a single model, reveals the dependence of
these structures on molecular parameters, and links the structures
to functional consequences.

2 Results and Discussion

2.1 Model

To study the spontaneous self-assembly of cytoskeletal structures
at experimentally relevant length and time scales (microns and
minutes), we use AFINES, a simulation framework we recently
developed31. In brief, actin filaments are modeled as polar worm-
like chains (represented by beads connected by springs) with de-
fined barbed and pointed ends (Fig. 1); crosslinkers are modeled
as linear springs with ends (heads) that can stochastically bind
and unbind from F-actin via a kinetic Monte Carlo procedure
that preserves detailed balance; molecular motors are modeled
as active crosslinkers such that once bound, they walk toward
the barbed ends of filaments at load-dependent speeds. While
competing simulation frameworks are available and have their
advantages32,33, a unique feature of AFINES is its preservation of
detailed balance in the absence of motors31. Treating the physics
of passive systems correctly facilitates their comparison with ac-
tive systems and, in turn, interpretation of the simulations.

We use Brownian dynamics to evolve the positions of con-
stituents in 2D. The choice of dimension is consistent with the
fact that actomyosin networks reconstituted in vitro are typically
restricted to a region close to a supporting substrate12,16,25. At
the same time, to reflect the finite thickness of the experimental
systems and enable rearrangement in 2D, we neglect excluded
volume. For this reason, we restrict our attention to actin con-
centrations at which we expect the network connectivity to dom-
inate the dynamics. This precludes modeling active nematic sys-
tems34,35, previously studied by others36–38; it may also lead to
quantitative artifacts in the rates of structure formation (owing to
a lack of entanglement39) and in density-dependent statistics of
states with features such as contracted clusters or bundles. Over-
all, however, the model yields results in good agreement with
observations for many cases of experimental interest16,31. The
model is described in detail in Section S1, and Table S1 lists all
simulation parameters.

2.2 Network structures

We observe three distinct network architectures formed from ini-
tially disordered mixtures of F-actin, motors, and crosslinkers:
bundled, polarity-sorted, and contracted. Examples are shown
for simulations of 500 10-µm-long filaments in Fig. 1. When F-
actin is mixed with crosslinkers, thick bundles form and intersect
to yield a well-connected mesh. When F-actin is mixed with mo-
tors, barbed ends aggregate to form a polarity-sorted network.
Combining F-actin with both motors and crosslinkers results in
macroscopic contraction of the filaments into dense and discon-
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Fig. 1 Network structures. (lower left) Schematic of the model 31

with F-actin (red), crosslinkers (green), and motors (black). Bound mo-
tors walk towards F-actin barbed ends (blue). (remaining panels) Net-
work structures at 400 s for indicated motor and crosslinker densities.
These include a bundled network (upper left) formed by filaments and
crosslinkers, a polarity-sorted network (lower right) formed by filaments
and motors, and a contracted network (upper right) formed from fila-
ments, crosslinkers, and motors. For clarity, only the actin filaments are
shown; the motors and crosslinkers are shown in Fig. S1. Cyan scale
bar represents 10 µm.

nected aggregates. These structures are qualitatively consistent
with recent experimental observations16,40.

2.3 Order parameters for characterization of network struc-
tures

To systematically explore how varying the properties of the net-
work constituents affects structure formation, we introduce order
parameters that characterize each of the observed structures. We
compute the spatial extent of F-actin aggregation using the radial
distribution function,

g(r) = P(r)/(2prd rr
a

) (1)

where P(r) is the probability that two actin beads are separated
by a distance in the range [r,r+d r] (here, d r = 0.05 µm), and r

a

is
the number density of actin beads. For a homogeneous network,
g(r)⇡ 1 at all distances (Fig. 2A; the small peaks at integer r arise
from the spacing of beads within actin filaments). In contrast, for
contracted networks, g(r) � 1 for r < 10 µm, indicating F-actin
exceeds the bulk density, as observed experimentally12.

While Fig. 2A shows that actin filaments are nearly uniformly
distributed in polarity-sorted networks, Fig. 1 indicates that their
barbed ends are concentrated. To quantify their aggregation
specifically, we compute the ratio g(r

barb

)/g(r), where r

barb

is the
distance between barbed ends. Fig. 2B shows that in polarity-
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Fig. 2 Order parameters. Bundled, polarity-sorted, and contracted
cases correspond to the conditions highlighted in Fig. 1; the homoge-
neous case has no motors or crosslinkers. (A) Radial distribution func-
tion of actin, g(r). (B) Radial distribution function of F-actin barbed ends,
normalized by g(r); the dashed line marks the motor rest length, 0.5 µm.
(C) Mesh size distribution. Inset: Evolution of the average mesh size,
normalized by hg(r)i. (D) Spatially averaged divergence (Section S2). All
averages are over the final 50 s of 5 simulations of 400 s.

sorted networks F-actin barbed ends aggregate (and have a sec-
ondary peak at 0.5 µm, the rest length of motors). In contracted
networks, barbed ends also aggregate to a higher degree than in
bundled networks, indicating a degree of polarity sorting. This
is consistent with recent experiments that indeed show that con-
tracted F-actin forms polarity sorted asters16.

The inset to Fig. 2A indicates that bundled networks aggre-
gate at length scales comparable to the crosslinker rest length,
l

xl

= 0.15 µm. To quantify the degree of bundling, and to dis-
tinguish it from contractility, we measure the distribution of net-
work pore sizes by a procedure that is similar in spirit but simpler
than that in Ref. 41. Namely, we grid the simulation box into
(0.25 µm)2 bins and compute how many filaments pass through
each. For each empty bin, we determine the lengths of the con-
tiguous vertical and horizontal stretches of empty bins that inter-
sect it (Fig. 3). We average these lengths over all empty bins to
obtain an average mesh size for each structure. This procedure
can be used for analysis of experimental images, in addition to
the simulation structures in the present study.

In Fig. 2C, the distributions of mesh sizes for polarity-sorted
and homogeneous networks are similar, indicating that the for-
mer does not coarsen significantly. The bundled and contracted
networks exhibit larger pore sizes; indeed, contracted networks
exhibit pore sizes spanning the simulation region, indicating that
the network has ripped apart. We can distinguish these cases
by normalizing the mesh size by hg(r)i = (1/R)

R
R

0

g(r)dr, (here,
R = 10 µm is the approximate size of a contracted aggregate un-
der our maximally contractile conditions, as shown in Fig. 2A; see
Fig. S2 for further details) which quantifies the extent of aggrega-
tion. The inset shows that, while the contracted networks initially

Fig. 3 Example of mesh size calculation described in the text. Actin is
shown in white (compare with bundled structure in Fig. 1) and the size
of the local mesh corresponds to the depth of color, as indicated by the
scale.

bundle, at long times this effect is small compared to aggrega-
tion. In contrast, bundled networks have a steadily increasing
normalized mesh size (Fig. 2C, inset), consistent with continuous
coarsening of filamin crosslinked networks of long actin filament
bundles40. We thus have a metric for the degree of bundling.

To examine the relationship between actin network structure
and contractility, we use the divergence of actin’s velocity field,
h— · vi, where h...i indicates spatial averaging (Section S2)31. As
shown in Fig. 2D, h— ·vi becomes significantly more negative for
aggregating networks than for bundling or polarity-sorted net-
works. Comparison with Fig. 2A shows that extensive contraction
is associated with large g(r).

2.4 Phase diagram for molecular composition
Using these order parameters, we map the structural phase
diagram of actomyosin networks as functions of motor and
crosslinker densities (Fig. 4). Consistent with Fig. 1, net-
works are contracted when motor and crosslinker densities are
high (Fig. 4A), polarity-sorted when only motor density is high
(Fig. 4B), and bundled when crosslinker density is high (Fig. 4C).
These results echo observations in experiments and simulations
that at low motor density, crosslinkers can bundle actin into
meshes18,27, and at high motor density, crosslinkers promote con-
tractility by increasing network connectivity9,18,27,42. While po-
larity sorting is not usually observed independent of contractility
in actomyosin networks, our result that increasing motor den-
sity promotes this effect is consistent with previous experimen-
tal observations and simulations of microtubules interacting with
plus-end oriented motors29. Furthermore recent experiments on
reconsituted actomyosin networks show that rigid F-actin bundles
can form polarity-sorted structures without undergoing bulk con-
traction16.

Interestingly, we also observe one non-monotonic trend in this
phase diagram: while high motor densities inhibit bundling, a
small population of motors (r

m

⇡ 0.02 µm�2) enhances bundling.
Other non-monotonic trends have been reported, including that
high crosslinker densities18,22, and more surprisingly, high mo-
tor force21 can inhibit contractility and yield bundled or criti-
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Fig. 4 Maps of network properties. Colors indicate the values of or-
der parameters characterizing network contractility (A,D), polarity sort-
ing (B,E), and bundling (C,F), at constant filament length, L = 10 µm,
binding affinity k

off

m

= k

off

xl

= 0.1 s�1 (left), and densities r
m

= 0.2 µm�2,
r

xl

= 1 µm�2 (right, plotted as a function of lifetime, 1/k

off

m(xl); structures
shown in Fig. S5). Averages are over the last 50 s of five simulations
of 400 s; order parameters that are functions of distance, e.g., g(r), are
integrated over 0 < r  10 µm. Error bars for representative curves are
shown in Fig. S3.

cally connected networks. We did not observe these effects in
the ranges of densities that we considered. This may be because
our crosslinker-to-filament ratios (up to 7.5:1) are lower than ob-
served thresholds for crosslinker inhibition (ranging from 15:122

to >90:118); we expect this threshold to depend on the kinetics
of association, as we now discuss.

2.5 Phase diagram for binding kinetics
We also modulate molecular-level interaction parameters be-
tween F-actin and its binding partners (crosslinkers, motors), and
dissect their relative roles in building different structures. These
parameters are hard to control in experiment because they re-
quire modifying protein-protein interactions. At fixed motor and
crosslinker densities, we find that cytoskeletal structures can be
tuned by varying the dissociation constants, k

off

m(xl) (Fig. 4D-F).
The trends are non-monotonic, in contrast to those in Fig. 4A-
B. In particular, contraction is highest for intermediate values
of k

off

m(xl) (Fig. 4D), similar to observations that increasing mo-
tor and crosslinker densities beyond a threshold inhibits contrac-
tion18,21,22. Bundling is highest for low values of k

off

xl

with low or
high k

off

m

(Fig. 4F). Notably, this non-monotonic trend only arises
for a fixed simulation time, t

F

. For a fixed value of t

F

k

off

m(xl), chang-
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Fig. 5 Effects of varying motor and crosslinker lifetimes, 1/k

off

m(xl), for fila-
ments of different lengths, L, at t

f

= 400 s (filled squares). (A) Contractil-
ity order parameter, radial distribution function, for mixtures of filaments,
motors, and crosslinkers with r

m

= 0.2 µm�2 and r
xl

= 1 µm�2. (B) Po-
larity sorting order parameter, radial distribution function of barbed ends,
for mixtures of filaments and motors, without crosslinkers. (C) Bundling
order parameter, mesh size, for mixtures of filaments and crosslinkers,
without motors. Normalizing quantities in (B) and (C) with respect to
hg(r)i does not change the qualitative behaviors (Fig. S4). Error bars
indicate standard error of the mean. The green dashed lines show how
order parameters vary for one length, L = 10 µm, if the corresponding
green squares are rescaled such that t

f

= 4/k

off

xl(m).

ing 1/k

off

m(xl) modulates structure formation in a monotonic man-
ner (dashed lines in Fig. 5). The non-monotonic trends are im-
portant, however, for understanding how structures form in the
presence of competing kinetic processes, such as turnover of dif-
ferent network elements7,43.

2.6 Effect of filament length
As the length (L) of F-actin varies considerably within cells44,
we tested how modulating L and k

off

m(xl) in tandem affects struc-
ture formation. In Fig. 5A, we show that increasing L favors
aggregation by increasing network connectivity; short filaments
(L < 5 µm) do not organize. As in Fig. 4D, the dependence of ag-
gregation on binding affinity is non-monotonic whenever there is
significant aggregation (i.e., L � 5 µm). In Fig. 5B, we show that
for networks with only motors, at low k

off

m

, increasing filament
length promotes polarity sorting. By contrast, at high k

off

m

, short
lifetimes of motor attachment suppress polarity sorting. As evi-
dent from the representative network structures in Fig. S6, short-
ening the filaments also suppresses polarity sorting.

For networks with only crosslinkers, the mesh size (Fig. 5C)
is non-monotonic with respect to both filament length and
crosslinker affinity. Low crosslinker affinity and short filament
lengths prevent forming stably crosslinked networks (Fig. S7).
Conversely, assemblies with high crosslinker affinity or long fil-
ament lengths form crosslinked networks, but they rearrange
slowly, so further coarsening is impeded, and the mesh size re-
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mains small. As these non-monotonic trends only occur for L > 5

µm, they are more likely to impact structures with longer actin
filaments found in budding yeast45, stereocilia46, filopodia, or re-
constituted in vitro16,40 (though we note that long microtubules
have been obseved to form different structures in the presence
and absence of a membrane47). Structures with shorter fila-
ments, as found in lamellipodia or the actin cortex (< 2 µm)23,48,
are less likely to have a finite binding affinity that maximizes con-
tractility. We discuss the effects of length further in conjunction
with the mechanical response of networks, below.

2.7 Network structure tunes molecular transport

While the structures of contracted, polarity-sorted, and bundled
networks clearly differ, their consequences for biophysical func-
tions are not immediately apparent. To determine how these
structures influence motor transport49,50, we follow the dynamics
of small numbers of motors introduced after the structures form
(Fig. 6A). In Fig. 6B, we plot their mean-squared displacement,

MSD(t
f

,D) = 1

t

f

�D

Z
t

f

�D

0

[~v
m

(t,D)]2dt (2)

where t

f

is the length of the trajectory and ~v
m

(t,D) = ~r
m

(t +

D)�~r
m

(t) is the displacement of a motor with center of mass
position ~r

m

(t) at time t after a lag of D. While the scaling of
the mean-squared displacement is consistent with simple diffu-
sion (Fig. 6B), sample trajectories (Fig. 6A) indicate that mo-
tors in contracted and polarity-sorted structures spend significant
amounts of time trapped in aggregates of barbed ends.

We quantify caging using a previously defined metric that can
distinguish different kinds of motion51: we compute the distri-
bution of angles, q , between consecutive displacement vectors
~v

m

(t,D) and ~v
m

(t +D,D), at different values of D. We find that for
all structures, there is at least one time scale in which the distri-
bution has a broad peak at q = p (Fig. 6C), indicating that mo-
tors are reversing direction, consistent with confinement51. For
polarity-sorted networks, barbed ends are tightly aggregated, and
the motors exhibit caging at all time scales measured. Contracted
networks are partially polarity-sorted, so filaments can direct mo-
tors both in and out of aggregates, making the caging more spa-
tially extended. Because it takes longer to explore the extended
length scale, the peak has is smaller than in the polarity sorted
network. Bundled networks exhibit peaks at both q = 0 and q = p
depending on the time scale. The former corresponds to moving
steadily along a filament, while the latter corresponds to switch-
ing between oppositely oriented filaments.

Consistent with our results, it was recently shown that actin
networks with different structures result in different angle distri-
butions52. As in our results for bundled networks, reconstituted
networks of actin and filamin supported simultaneous peaks at
q = 0 and q = p at short times (0.1 s)52. Interestingly, in our simu-
lations, the peak at q = p diminishes at intermediate times. A key
feature of the experiments that is not represented in the present
model is that the myosin minifilaments in the experiments have
many heads51–53, and this was previously shown to be important
for observed glassy dynamics53.
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Fig. 6 Transport properties of motors on actin structures. (A) Exam-
ple trajectories of three motors (each a different color) on actin networks
(filaments shown in Fig. 1 and Fig. S1). Open circles show initial po-
sition of each motor, and open squares show their final position after
500 timesteps. (B) Mean squared displacement for motors on structures.
Black dashed line shows diffusive behavior, MSD(t

f

,D) µ D. (C) Distri-
butions of angles between subsequent motor displacements for different
lag times, D 51. Averages in (B-C) are over 770 motors over the last 100
s of 5 independent trajectories of 200 s, at each condition.

2.8 Network structure tunes mechanical response
Next, we evaluated how structural rearrangements in actin net-
works affect their ability to propagate mechanical forces over long
length scales. To this end, we subjected the final network config-
uration to a shear strain of magnitude g = 0.5 (Fig. 7A, algorithm
described in Section S3) and measured the resulting strain en-
ergy. In Fig. 7B, we show the strain dependence of the strain
energy density, w(g)�w(0), where

w(g) = (U
f

(g)+U

m

(g)+U

xl

(g))/V, (3)

U

f

, U

m

, and U

xl

are the potential energies of the F-actin, motors,
and crosslinkers, respectively, (Section S1) and V = 250 µm3 is
the simulation volume, assuming a thickness of 0.1 µm. To de-
termine the viscoelastic response of the material, we fit the com-
puted strain energy density to the function 1/2Gg2 +h ˙gg where
G is the shear modulus, h is the dynamic viscosity, and ˙g = 1 s�1

is the strain rate (see Section S3 for details)54.
We found that bundled networks exhibited the most solid-

like material response (G = 1.07 Pa, within range of experi-
mentally measured values for actin-filamin networks25, and h =

0.007 Pa · s), while polarity-sorted and homogenous networks ex-
hibited fluid-like responses (G ⇡ 0,h = 0.080, 0.014 Pa · s respec-
tively). Contracted networks exhibited a viscoelastic response
(G = 0.30 Pa, h = 0.063 Pa · s), consistent with theoretical pre-
dictions from active gel models55,56.

We used this method to measure the material response of the
broad spectrum of structures that resulted from varying motor
and crosslinker densities, and the various bundled networks that
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resulted from varying filament length and crosslinker lifetime. We
find that these structures can be elastic (h ⇡ 0), viscous (G ⇡ 0),
or viscoelastic (nonzero G and h). The viscous systems exhibit no
quadratic response to strain because they are not well-connected
(indicating there exists a percolation threshold). For a given
crosslinker lifetime (1/k

off

xl

= 10 s) and filament length (10 µm),
we find that all networks below r

xl

= 0.05 µm�2 have G ⇡ 0 and
high viscosity (Fig. 7C,E). Therefore, r

xl

= 0.05 µm�2 defines the
percolation threshold of the gel, which is independent of motor
density. Above the percolation threshold, networks have a range
of viscoleastic behavior, with low motor density yielding more
elastic behavior, and high motor density yielding more viscous
behavior. For networks without motors, increasing the crosslinker
concentration yielded higher shear elastic moduli, consistent with
theoretical predictions57, experiments25,58, and previous simula-
tions59.

In Fig. 7D,F we show that even at high crosslinker density
(1.2 µm�2), the network can respond as a fluid if the crosslinker
lifetime or filament length is sufficiently low (1/k

off

xl

 2 s or
L  5 µm). At intermediate lifetimes, such as for the crosslinker
filamin (1/k

off

xl

⇡ 10 s), our results agree with experiments: below
a critical length, networks respond as fluids40, and increases in
filament length lead to increases in the elastic modulus60. At
the longest filament lengths (15 µm) and crosslinker lifetimes
(� 50 s), crosslinked networks are nearly solid with h ⇡ 0. A vis-
coelastic regime occurs at intermediate values of filament length
and crosslinker lifetime, corresponding to the networks with the
largest mesh sizes (Fig. 5C).

3 Conclusion and Outlook
We have shown how modulating the abundance and physico-
chemical properties of cytoskeletal constituents can tune emer-
gent network structures and in turn their materials properties. We
also introduced order parameters that should facilitate analysis
of other models and images from experiments. We find that mo-
tor and crosslinker binding affinities, as well as filament lengths,
have optimal values for maximizing contractility, bundling, and
polarity sorting at finite times. From the perspective of materi-
als design, our work demonstrates how a limited set of molecular
building blocks can self-assemble diverse active materials.

In the present study, we consider only a single type of
crosslinker (as defined by its stiffness and size), which binds with-
out geometric restrictions. It would be straightforward to mod-
ify the energy function of the model to introduce geometric re-
strictions, and studies of passive systems indicate that such terms
can introduce additional structural phases26. The model can also
be extended to include actin polymerization and turnover, which
have been shown to modulate contractility42,61 and bundling39.
Finally, the model can be parameterized for other polymer as-
semblies, such as microtubules, kinesin, and dynein, which form
vortices and polarity sorted asters29,62,63.

Our framework can thus be built on to treat diverse types of
crosslinkers, filaments, and motors. We expect that rich behavior
can be achieved by simulating mixtures with four or more con-
stituents. Because it is straightforward to vary the abundance
and properties of the constituents computationally, they could be

A B

0.25 s

0.5 s

0.1 s

C D

E F

Fig. 7 Elasticity of network structures. (A) Shearing a bundled network
for 0.5 s at a strain rate of ˙g = 1/s. Depth of color indicates stretch of
filament. (B) Viscoelastic response of the network to a simple shear, as
measured by the dependence of the strain energy density on the strain.
(C-D) Shear modulus of structures (shown in Fig. 1) formed with constant
filament length (L = 10 µm) and lifetimes (1/k

off

xl,m = 10 s), but different
motor and crosslinker densities (C), and for structures (shown in Fig. S7)
formed without motors and constant crosslinker density (r

xl

= 1.2 µm�2),
with different filament lengths and crosslinker lifetimes (D). (E-F) Viscos-
ity of these networks. Strain calculations in (B-F) are averaged over 5
independent trajectories.

automatically optimized to achieve desired properties64, and the
results could inform the design and synthesis of new active mate-
rials.
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