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Abstract

Physical reservoir computing leverages the intrinsic dynamics of mechanical systems to perform computation through
their natural responses to input signals. Here, we study a compliant fiber network inspired by orb-weaving spider webs
and investigate how its mechanical design and operating conditions shape its computational capability. Using Cosserat
rod-based simulations, we identify how network topology, geometry, actuation, and axial tension impact the nonlinear
computation and memory capacity of the network. We further evaluate several readout reduction strategies to assess
how computational performance varies with the number and placement of measured outputs. We then experimentally
validate these results using a physical fiber-network prototype. Overall, results provide insights and guidance on design,
actuation, and sensing choices to enable fiber networks for mechano-intelligent computation. They demonstrate the abil-
ity of structured compliant fiber networks to serve as physical reservoirs capable of nonlinear transformation and input-
history retention.
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Introduction capability of an engineered network of compliant fibers
through the lens of physical reservoir computing.
Physical reservoir computing leverages the nonlinear
dynamic properties of physical systems to perform com-
plex computations (Tanaka et al., 2019). Compliant
mechanical systems in particular have attracted signifi-
cant interest due to the ability of their nonlinear
dynamics to be leveraged to exhibit ‘mechanically intel-
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Spider webs, in particular the well-structured webs built
by orb-weaving spiders, consist of networks of slender,
flexible fibers. These webs serve a function critical to
the spider’s survival, allowing the spider both to cap-
ture prey and sense its local environment. Spiders have
evolved a unique ability to interface with and extract
information about their environment by sensing vibra-

loading taxing computational tasks to the nonlinear
physical dynamics, such systems can simplify sensing
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and control tasks (Pfeifer and Bongard, 2006; Ulrich,
1988).

Reservoir computing was originally inspired by
recurrent neural structures in the brain and focused on
how the nonlinear dynamics of recurrent neural net-
works with fixed internal weights serve to separate
input streams into a high-dimensional state space from
which arbitrary functions can be learned via a simple
linear output layer of weights (Jaeger, 2001; Maass,
2011; Nakajima and Fischer, 2021; Schrauwen et al.,
2007). In time, this insight has been generalized to the
realization that any nonlinear dynamical system simi-
larly performs this transformation on the input, mean-
ing that any sufficiently complex, nonlinear dynamical
system can serve as a reservoir computer.

Physical reservoir computing has applied this insight
to physical systems, using the nonlinear dynamics of
complex systems to perform computation (Konkoli
et al., 2018; Nakajima, 2020; Tanaka et al., 2019). This
approach has achieved notable recent interest due to its
potential to provide a scalable pathway toward embed-
ding computation into material and structural systems,
laying the groundwork for new forms of distributed,
embodied intelligence. Notable examples include non-
linear spring-mass networks capable of emulation and
pattern generation tasks (Dion et al., 2018; Du et al.,
2017; Hauser et al., 2011, 2012; Urbain et al., 2017
Yamanaka et al., 2018; Yamane et al., 2015), archi-
tected materials that respond predictably to input sti-
muli (Caluwaerts and Schrauwen, 2011; Paul, 2004,
2006; Zhang and Wang, 2022), origami-based mechani-
cal systems that extract complex information from its
structural dynamics (Bhovad and Li, 2021; Liu et al.,
2023; Wang and Li, 2023, 2025), and soft robotic sys-
tems that integrate sensing and actuation to process
information (Degrave et al., 2015; Li et al., 2012;
Nakajima et al., 2013, 2014, 2018; Wang et al., 2025).

Critically, the performance of a physical reservoir
depends strongly on the design and operating condi-
tions of its mechanical substrate. In our prior work, we
identified that networks of compliant, overlapping
fibers inspired by spiderwebs are capable of serving as
physical reservoir computers (Khairnar et al., 2025).
Here, through both simulations and experiments, we
investigate the effects of key topological, geometric and
actuation features of such networks to define funda-
mental design principles and operational ranges for
their ability to serve as physical reservoir computers.
Further, we consider methods to reduce the dimension-
ality of the fiber network readouts with minimal loss of
performance in order to reduce data redundancy and
simplify the fiber network’s implementation.

Overall, our findings indicate that networks of flex-
ible fibers inspired by spider webs can effectively serve
as physical reservoir computers. This positions such
fiber network reservoirs to potentially serve as unique,
physically intelligent structures capable of serving as a

low-cost and easy to manufacture compliant sensing
technology with potential applications in robotics,
autonomous systems, and structural monitoring.

Methods

Fiber network setup

Inspired by the structured webs of orb-weaving spiders
(Figure 1(a)), two fiber network topologies are consid-
ered: crosshatch and polygonal. Fiber networks consist
of slender, compliant fibers arranged in overlapping
architectures with intersecting fibers bonded together.
Crosshatch topologies consist of an N XN fiber
arrangement of horizontal and vertical fibers (Figure
1(b)) while polygonal topologies consist of a N-sided
polygon where fibers connect all non-neighboring ver-
tices (Figure 1(c)). Each fiber spans the network with
one end fixed in place while the other end is preten-
sioned and attached to a spring to facilitate fiber
deformations.

To actuate the fiber networks, a lateral mechanical
deformation input u(¢) is applied to the midpoint of a
single fiber (green arrows in Figure 1(b) and (c)). The
input u(z), which in general may be any continuously
varying function, consists of a timeseries constructed by
fitting a cubic spline to random points sampled at regu-
lar frequency from a uniform distribution. This
approach allows generation of a continuous and
smooth input that is compatible with the elastic
dynamics of the fiber while still ensuring that any struc-
ture observed in the output arises from the reservoir
itself rather than from correlations in the input
(Dambre et al., 2012). The x—y displacements at m read-
out locations on the fiber network are tracked as the
physical reservoir output x(¢) = {x;(¢),y;(¢t) Vi € 1...m}
where x;(¢),:(¢): =R and m is determined based on the
number of fibers in the network (i.e. x(¢) has 2m
entries). The readout locations are generally selected to
be any location where two fibers cross (nodes) as well
as midpoints on fibers between any two nodes.

Quantifying physical reservoir capacity

Reservoir computers are universal filters (Nakajima
and Fischer, 2021) such that, for an arbitrary, real-
valued nonlinear functional z[u(7)], there exists a map-
ping, W: x(#)—z[u(t)] where W is linear in x(¢). An
approximation of such a map,

2(t) = W-x(1) (1)

can be identified by estimating the linear weights
W € R*" through ridge regression. Here ridge regres-
sion with a train/test split of 75/25 is used in all cases
with splits performed chronologically (i.e. no data shuf-
fling) to prevent information leakage from future sam-
ples into training.



Khairnar et al.

s aYa p
bf‘*‘*""‘} 21.04 >1.0 = 2x2 d Lt i M
Py JR £ > 4x4 ) \/-\/ W
[ < 4 1
Na [ 0[5 | o 2 —oe || ZOV N 0
* * O, f4§4 8 = 8x8 @ 314 _dth-order -1{/_5th-order
1 L 5901 e 08 —=10x10||85 -1 6 1 -1 0 1
[ ® c ] = 12x12 || Q°E 44 . 4] - Predicted
I N -~ 8x8 £ o5 14 p 1 e
Py e S ~-10x10 2 S o ALAT o) !
! | Z00 - 12x12 0.0 3V WV N
AU 2 4 6 8 fo 00 05  to|| -1 Sthoderd 7trorder
NxN crosshatch Iayout Legendre Polynomial Order Time (s) -1 0 114 0 1
\

Reservoir input

== 6 sides -

8 sides a

== 10 sides £

= 12 sides E

=

o

o}

o

T T -
2 4 6 8 10 0.5 1.0 0 2 4 6 8 10
N-polygon Iayout Legendre Polynomial Order Time (s) JL Time (seconds) )

Figure |. Spider web-inspired fiber network physical reservoirs. (a) Spider webs transmit mechanical perturbations from captured
prey and the surrounding environment to spiders who process the mechanical information via sensitive hairs on their legs. (b) Cross
hatch networks consisting of a NXN network of horizontal and vertical fibers were examined. Simulation results for an increasing
number of N fibers show improvement in both nonlinear and memory capacity, with larger networks generally exhibiting better
performance than smaller networks, though occasional performance degradation (e.g. memory capacity of 12X 12 network) is
observed. (c) Polygonal networks, where fibers connect all non-neighboring vertices on a N-sided polygon were also considered.
Polygons with more vertices, and so more fibers in the network, did not produce improved performance like in the crosshatch
networks. The hexagon (N = 6) network exhibits the best nonlinear capacity while all network topologies had similar memory
performance. (d) Example computations of computing nonlinear Legendre polynomials and recalling past inputs for the 8X8
crosshatch network, which exhibits the best all-around performance of the network topologies investigated. Black dashed lines

denote true values.

In practice, the types of functions that can be learned
are limited by the dynamics of the particular reservoir.
Our goal then is to probe the capability of a fiber net-
work to serve as a physical reservoir computer. In line
with our prior work (Khairnar et al., 2025), we do so
by defining a general capacity metric capable of quanti-
fying the reservoir’s ability to accurately learn a linear
map W that provides an approximation z(¢) = W - x(¢)
of the functional z[u(z)] over the time interval [a,b]
(Dambre et al., 2012).

I, () — 2lu(e))ar
I, Clu() - 2)ar

where z is the mean of z[u(¢)] over the time interval
[a,b]. We then define two specific metrics that quantify
the computational capability of the reservoir: nonlinear
capacity and memory capacity.

Nonlinear capacity measures the reservoir’s ability
to perform nonlinear computations on the current
input u(¢) into the network. Here, we consider the abil-
ity of the reservoir to learn Legendre polynomials
P (u(t)) of order k, such that z;[u(¢)] = Pi(u(t)) for
k € {1,..N} where N = 10. Legendre polynomials pro-
vide a complete and orthogonal basis set that spans the
interval [—1, 1] and so provide not only a challenging
test of a fiber network’s nonlinear capability, but also
indicate the ability of the reservoir to approximate any

clz] =1-

2)

smooth function over this interval due to the efficiency
with which Legendre polynomials represent such func-
tions. We additionally define an total nonlinear capac-
ity of the reservoir as the sum of the individual capacity
metrics C,y = 1/N Y3 _ | clzi].

Memory capacity measures the reservoir’s ability to
generate linear mappings that recall previous inputs. In
this case, z;[u(¢)] = u(t — 7) where 7 € [0,7] is a time
lag. We consider recall up to 1 s in the past (7 = 1.0 s).
Finally, we define the total memory capacity of the
reservoir as the integration of the individual capacity

metrics over the recall interval C,, = 1/T fTT: o Clzz)-

Simulation experiments

To investigate the role of different fiber network para-
meters, we perform numerical simulations of fiber net-
work dynamics. We model fiber networks as assemblies
of Cosserat rods, which provide a computationally effi-
cient description of elastic fibers as one-dimensional
filaments while still allowing the full range of deforma-
tion modes: bending, twisting, stretching, and shearing.
Each fiber is modeled as an individual Cosserat rod
with a diameter of 2 mm, Young’s modulus of
100 MPa, and a density of 1000 kg/m®. The diameter
and Young’s modulus were selected to ensure numeri-
cal stability in the simulations. At every crossing, fibers
are coupled using a zero-displacement spring—damper
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boundary condition (Zhang et al., 2019), which
enforces connection at the intersection points. Each
fiber is fixed at one end, while the other end is free to
translate but loaded with a constant tensile force F, to
apply a constant tension to the fiber. This force F; is
independent of displacement. Rather, it is applied as a
constant force to the fiber end even as the fiber trans-
lates axially and rotates in the fiber network plane.

To actuate the network, we apply a time-dependent
external force Fo.(f) = Fuqu(t) at the midpoint of the
central horizontal fiber where u(¢) is generated via 5 Hz
random sampling. For all simulations, the timestamp
sampling uses a fixed seed such that every network is
actuated using the same u(#) with only the force magni-
tude varied between cases.

Each simulation was 100 s long and sampled at
250 Hz with recorded measurements consisting of the
planar x—y displacements at fiber intersection points
and with the midpoints of fiber segments between inter-
sections. These measurements define the physical reser-
voir state x(z) € R*". The resulting input-output data is
then used within the physical reservoir computing pro-
cedure described earlier to evaluate the capacity
metrics. The ridge regularization parameter « is 0.01
for all simulations except for output feature analysis
where it is 0.1 as empirical testing found the best gener-
alization agreement (similar train and test scores) at
this level for the output feature analysis. Additional
cross-validation results supporting these choices are
provided in the Supplemental Information.

We implement this numerical modeling approach
using FElastica (Gazzola et al., 2018; Naughton et al.,
2021; Zhang et al., 2019), an open-source Cosserat-rod
framework in Python that has been applied to and vali-
dated against a wide set of fibrous-dynamics problems,
including animal locomotion and manipulation
(Tekinalp et al., 2024; Zhang et al., 2021), fibrous struc-
tures (Bhosale et al., 2022; Khairnar et al., 2025), and
soft robotic control (Chang et al., 2023; Naughton
et al., 2021, 2026; Shih et al., 2023).

Physical experiments

Physical experiments were performed for the cross-
hatch network topology. Fibers consisted of nylon
monofilament with lengths of 520 mm and diameters
of 0.45 mm. One end of each fiber is fixed, while the
other is connected to linear springs (k = 52.5 N/m) to
maintain consistent tension (Figure 5(a)). Fiber inter-
sections are bonded using a silicone rubber adhesive
(Sil-Poxy).

The network was actuated at the midpoint of the
central horizontal fiber using a Dynamixel AX-18A ser-
vomotor. A lever attached to the servomotor was then
attached to the horizontal fiber via a thread, allowing
rotation of the servomotor to produce controlled actua-
tion of the fiber network with minimal out-of-plane

displacement (Figure 5(b)). For these experiments, the
input u(¢) is defined as the normalized vertical displace-
ment of the actuation point rather than the applied
force time-series used in simulation since the applied
force at the input location is not directly measured. The
input actuation was generated by modulating the motor
joint angle using a cubic spline fitted to random inputs
at regularly spaced intervals. The same input profile
type was used to modify the motor joint angle as was
used to generate the force profile for the simulation
experiment (e.g. same random seed), but adjusted such
that the profile was generated by fitting a spline to uni-
form random data sampled at a 2 Hz rate. The result-
ing spline was then sampled at 100 Hz to generate the
input u(z).

Each trial ran for 150 s and was recorded at
120 FPS in HD (1920 X 1080) using a Sony « 7 I1I mir-
rorless camera. To measure the reservoir state, red opti-
cal tracking markers were attached to fiber intersection
points and at the midpoints between intersections, and
motion tracked using custom Python code to extract
marker trajectories over time. The x—y displacements of
all tracked marker locations were then used to form the
reservoir output state x(¢), which was used to compute
the same capacity metrics as in the simulation experi-
ments. For all experiments, the ridge regularization
parameter « is fixed at 1 based on empirical testing of
generalization performance.

Results

To identify key fiber architectural features, we first use
simulation to explore a wide range of parameter combi-
nations. This allows us to efficiently identify a feature’s
impact on the mechanical computation and physical
reservoir capability of the fiber network setup.

Fiber network topology

We first consider the role of network topology on reser-
voir capacity. We compare crosshatch and polygonal
networks by sweeping N € {2,4,6,8,10,12} for the
crosshatch case and N € {6,8, 10, 12} for the polygon
case while keeping the nominal network length (outer
edge distance) constant. As fiber density increases, the
spacing between fiber intersection nodes decreases. This
effectively stiffens the network, making it more resis-
tant to deformation for the same input force. To ensure
consistent levels of deformation across networks, we
scale the actuation force to produce a consistent lateral
deflection 6 = 13.3 mm based on a model of a simply
supported Euler-Bernoulli beam

488E1
3

max —

(3)
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where E is the fiber Young’s modulus, 7 is the second
area moment of inertia, and s is the distance between
the two connection nodes of the fiber section where the
input force is applied.

For crosshatch networks (Figure 1(b)), nonlinear
capacity increases as networks become denser up to
8 X 8 networks before saturating, with limited to no
improvement for the densest networks. Nonlinear
capacity improvement is achieved through improved
estimation of Legendre polynomials of all orders. In
particular, very high capacity (>0.99) is achieved for
progressively higher Legendre polynomials as network
density increases. Similar improvement is observed for
memory capacity, which rises steadily as fiber density
increases up to the 8 X 8 network before plateauing for
the 10 X 10 network and decaying substantially for the
12 X 12 network. Larger networks generally support
longer recall horizons (up to 0.5 s), indicating improved
memory of larger delays. This improved performance is
a coupled effect of both an increasing number of read-
outs as well as increased dynamical richness as fiber
network density increases (see SI). The computational
performance of the 8 X 8 network is illustrated in
Figure 1(d). It shows the performance of the network
when challenged to estimate Legendre polynomials of
orders four (¢ = 0.999) through seven (¢ = 0.896) as
well as recall past inputs with time delays of 200 ms
(¢ = 0.997) and 400 ms (¢ = 0.713).

In contrast, polygonal networks do not exhibit the
same scaling with fiber density (Figure 1(c)) indicating
that network structure, and not just size, plays an
important role in reservoir computational ability. All
polygonal networks exhibit similar nonlinear and mem-
ory performance (though the hexagonal network mod-
erately outperforms the others in nonlinear capacity).
Notably, both nonlinear and memory capacity is on
par with or below the worst performing crosshatch
(2 X 2) network. Together, these results indicate the
crosshatch topology consistently outperforms a polygo-
nal topology under the conditions tested. As such, our
remaining analyses focus on crosshatch networks.

Input force scaling and fiber spacing

Matching input and reservoir dynamics is well estab-
lished to be critical to physical reservoir performance.
In Figure 1, we heuristically scaled the input force to
produce comparable lateral deflections at the input
location. To investigate how variations in the input
force impact reservoir performance, in Figure 2(a) we
vary input force scaling and fiber spacing in a 4 X4
crosshatch network to identify its impact on total non-
linear capacity C,; and total memory capacity C, (the
sum of the individual capacities). The spacing between
nodes was varied from 20 to 150 mm. For each spacing,
a reference actuation force was determined via equation

(3) (black dashed diagonal lines) and all spacing-force
combinations were then simulated.

For a fixed spacing, increasing actuation force tends
to gradually improve both nonlinear and memory
capacity up to a point before a strong drop off occurs
(Figure 2(a)). This drop off forms a ridge in the heat
map that is consistent for both nonlinear and memory
capacity. Notably, the maximum performance does not
follow the constant displacement scaling but rather
appears clustered right at the edge of the performance
ridge. This is broadly true for nonlinear capacity while
memory capacity appears to also be bounded by fiber
spacing, with a strong peak in performance occurring
for intermediate spacings of 60—100 mm.

It has been commonly observed that reservoir per-
formance is often maximal when the reservoir operates
at the ‘edge of chaos’ (Boedecker et al., 2012;
Legenstein and Maass, 2007). Our results appear to be
consistent with this, as the best reservoir performance
is found right before a strong drop beyond which per-
formance is permanently decayed. To identify the
source of this performance drop, we consider the role
of fiber buckling. Specifically, we consider buckling in
the two vertical fibers on either side of the horizontal
fiber where the input force is applied. In this context,
the fibers can be viewed as columns, each subjected to
a maximum compressive load P = F,/2 that splits
the maximum actuation force. Based on this, we define
a non-dimensional buckling number B that describes
the onset of buckling in the fiber (B=1)

Ps?

B =5 4)
In Figure 2(b), the total capacity results of Figure 2(a)
are replotted against this buckling number, showing
the onset of the performance ridge seen in the heatmaps
of Figure 2(a) corresponds with the onset of buckling
B =1 in these vertical fibers. The existence of buckling
is further visually confirmed in the renderings of fiber
dynamics, clearly showing visibly buckled configura-
tions once this threshold is crossed.

We briefly note that, post-buckling, there is a region
in the memory capacity heatmap of Figure 2(a) for
large fiber spacing and large force magnitudes where
memory performance appears to recover. This suggests
there may be a post-buckling region of large fiber spac-
ing where memory capacity can be recovered. However,
the uniformly poor nonlinear capacity of post-buckling
networks limits the utility of such a regime and so it is
not considered in detail here. Post-buckling configura-
tions can be highly sensitive to their initial positions but
can also propagate their buckling behavior through the
network in consistent ways. The partial recovery of
memory but no recovery of nonlinear computation sug-
gests that information related to these two metrics may
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Figure 2. Crosshatch performance depends on input dynamics matching fiber dynamics. (a) For a 4 X 4 crosshatch network, the
input force and spacing between fibers was varied. For each fiber spacing, an input force was selected to produce a constant lateral
deflection of 13.3 mm for a Euler-Bernoulli simply supported beam (dashed diagonal lines). These input forces were also applied for
all other fiber spacings and the total nonlinear capacity (left) and total memory capacity (right) were computed for each case. For
each spacing, nonlinear and memory capacity tends to increase for increasing input force before exhibiting a rapid deterioration. (b)
Plot of the total memory capacity (left) and total nonlinear capacity (right) versus the Euler-Bernoulli buckling criteria where values
greater than unity predict buckling onset. The strong performance deterioration in computational capacity observed in (a) is found
to be associated with the onset of buckling (B>1) in the vertical fibers. (c) Computational performance of networks with increasing
number of fibers using the input force associated with the best performance for that fiber spacing in (a). X’s indicate numerically
unstable simulations that failed to solve. Overall, improved performance is exhibited as the fiber network size increases, with a
broad improvement in nonlinear capacity for nearly all fiber spacing while memory performance improvement is more concentrated

in fiber spacings between 50 and 70 mm apart.

be located in these different aspects of the fiber net-
work’s dynamics.

Based on these results, we identified the unbuckled
(B<1) force-spacing pairs that yielded the best total
nonlinear capacity and best total memory capacity and
used them to investigate the impact of fiber network
size for a fixed spacing between nodes (the results of
Figure 1 are for a fixed fiber length with increasingly
smaller spacing). N X N networks of N € {2,4,6,8,
10, 12} were considered (Figure 2(c)).

Generally, both nonlinear capacity and memory
capacity increase with network size, though with some
notable caveats. While nonlinear capacity increased
with number of fibers for spacings less than 120 mm,
for spacings greater than this, there is instead a decrease
in nonlinear capacity. Improvement in nonlinear capac-
ity is most rapid up to networks of 8 X 8 before plateau-
ing. Further, the improvement in nonlinear capacity is
more broad-based than the improvement in memory

capacity, with improvement in memory capacity
restricted to spacings between 50 and 70 mm, similar to
the higher performance band between spacings of 60
and 100 mm identified in Figure 2(a).

Fiber pretension

Prior experimental results have indicated that the axial
tension applied to each fiber, F;, can strongly influence
memory capacity (Khairnar et al., 2025). In our setup,
this pretension is applied at one end of every fiber along
its axial direction. To understand the impact of this pre-
tension, we investigated the force-spacing pairs that
produced the highest memory capacity within the 50—
100 mm spacing range and simulated their performance
under pretension loads between 0.01 and 5N on a
4 X 4 network (Figure 3). Nonlinear capacity (Figure
3(a)) monotonically decreases as both F, and fiber spac-
ing increase, with the best nonlinear performance
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Figure 3. Fiber pretension and computational capacity. Total
capacity results of a 4X4 crosshatch network under different
spacing and fiber pretension levels. (a) Total nonlinear capacity
declines with pretension, achieving best performance when
there is no pretension applied. (b) Total memory capacity
increases, generally peaking for | N of pretension applied to
each fiber before decreasing.

occurring for minimal (0.01 N) pretension. In contrast,
memory capacity (Figure 3(b)) increases with spacing
(for a fixed F;) and also initially increases with F, before
peaking at 1 N and then decreasing. Pretensioning
fibers increases their resonance frequency, potentially
suggesting a connection between how memory is stored
in the network and fiber dynamics.

Output feature down-selection

To this point, fiber network reservoir performance has
been evaluated by using the (x,y) output of fiber cross-
ing points and the midpoints between crossings. For a
N X N network, this yield 6N? + 4N total features that
make up the reservoir readout layer. The use of these
features as readout locations has been heuristic, focused
on ensuring consistent and uniform coverage of the net-
work. However, these readout locations exhibit large
amounts of co-linearity, indicating redundant informa-
tion is contained in the reservoir output vector. It is
natural then to consider if a compact set of readout fea-
tures can be identified to yield a more optimized reser-
voir design.

To do so, we adopt an empirical strategy whereby
we group the readout points into three groups based on
locations at either a fiber crossing point, the midpoint
of a horizontal fiber section, or the midpoint of a verti-
cal fiber section. We further consider the x- and y-
displacements of each group separately, yielding 6 total
subgroups of reservoir outputs. All tests were per-
formed on a 6 X 6 crosshatch network with an input
force magnitude of 0.85 N, a fiber length of 500 mm,
and a tension force of 0.01 N.

In Figure 4(a), we examine the nonlinear and mem-
ory capacity of each output feature subgroup compared
to the computational performance achieved using all of
the reservoir outputs. Interestingly, fiber connection
points exhibited relatively lower computational

performance compared to midpoint groups. For non-
linear capacity, performance remained relatively uni-
form across subgroups. Note that due to co-linearity,
this does not indicate that each subgroup has unique
information, simply that each subgroup contains some
nonlinear information within it. The y-component of
the horizontal midpoint group and the x-component of
the vertical midpoint group, which together are the lat-
eral midpoint components, were the two highest per-
forming  subgroups. For memory capacity,
performance was notably highest in the y-component
of the horizontal midpoint group with all other sub-
groups exhibiting substantially lower memory.

Based on these results, we create a feature group
consisting of the lateral midpoints (y-component of the
horizontal midpoint group and the x-component of the
vertical midpoint group) with a total of 2N (N + 1) fea-
tures to compare with the full output feature set. We
also created two additional ad hoc feature groups based
on spatial localization of features within the network
(Figure 4(c)). The first group, termed ‘near actuation’
consists of readout locations located near the actuation
point under the theory that strong dynamics occur in
this region of the network. The second group consists
of readouts located between the actuation points and
the ends of fibers where the pretension force is applied
as this region will be most free to deform compared to
the opposite side where the fibers are fixed in place.
This group is termed as ‘near springs’, though in these
simulations the fiber ends are not attached to physical
springs; they are loaded through a constant axial pre-
tension, and the term is used only to indicate proximity
to the tensioned boundary.

Of these three feature groups (Figure 4(c)), the lat-
eral midpoint and ‘near springs’ group performs best.
The lateral midpoint group achieved >95% the non-
linear computational performance and >85% the
memory performance of when all the output features
were used but with a two-third reduction in output fea-
tures. This result indicates the majority of the mechani-
cal computation of the fiber network is captured by the
lateral bending deformations of the fibers. The ‘near
springs’ group performed similarly, with slightly worse
nonlinear and slightly better memory performance
compared to the lateral midpoint group. The near-
actuation group performed worse, achieving ~85% the
nonlinear computation performance of when all out-
puts were used but with ~60% the memory
performance.

Experimental validation

In Figure 5 we seek to confirm our simulation results
via physical experiments on 4 X 4 and 6 X 6 crosshatch
networks across a range of input magnitudes for a fixed
total fiber length (Figure 5(a)). Motor joint angle was
used as a proxy for input force, with the maximum
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groups. The total nonlinear and memory capacity of each group alone is then computed and compared with the capacity achieved
when all outputs are used. (b) Schematics depicting the readout locations of the midpoint lateral, near springs, and near actuation
feature groups. For midpoint lateral, only the lateral direction (y-direction on horizontal fibers; x-direction on vertical fibers) is used
while near springs and near actuation groups use both x- and y-displacement data for each node in the group. (c) Computational
capacity of the three feature sub-groups. Overall, use of midpoint lateral features (Hors-Y and Vers-X) achieves greater than 85% the
performance of all the outputs using only 35% the number of features.
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Figure 5. Physical reservoir fiber network experimental validation. (a) Overview of experimental setup for 4X4 and 6 X6
crosshatch geometries investigated. (b) Schematic illustrating how the maximum motor angle corresponds to the maximum fiber
deflection. (c) Total nonlinear capacity (Top) and memory capacity (Bottom) experimental results of the 4X4 and 6 X6 network
show both networks exhibit similar total nonlinear capacity, which increases as the maximum deflection angle increases. The 6 X6
network initially exhibits poor memory capacity for small deflection angles but rapidly improves as the angle increases, eventually
outperforming the 4X4 network. (d) Individual nonlinear and memory capacity results of 4X4 (Top) and 6 X6 (Bottom) networks
for different motor joint angles. () Output feature down selection of 4X4 (Top) and 6X6 (Bottom) networks. Results broadly
match simulation results of Figure 4(c). All three groups showed strong retention of memory performance. ‘Midpoint lateral’ and
‘near springs’ groups show similarly strong retention of nonlinear capacity for both networks, with the ‘near actuation’ group
showing weaker relative performance.
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motor angle varied from 25° to 50° in steps of 5°
(Figure 5(b)).

As actuation magnitude increases, both network
sizes show improved nonlinear performance (Figure
5(c)), consistent with simulations. Both networks gener-
ally exhibit similar total nonlinear capacity for a given
maximum motor joint angle. When considering the spe-
cific capacities for different Legendre polynomial orders
(Figure 5(d)), as maximum joint angle increases, the
networks become progressively better at approximating
individual Legendre polynomials.

Notable differences in memory performance are
observed between the 4 X 4 and 6 X 6 networks. For the
4 X 4 network, the total memory capacity increases
modestly with actuation before largely plateauing for
larger angles (Figure 5(c)). The 6 X 6 network displays
a different progression. At 25°, its total memory capac-
ity is close to zero. As actuation increases from 25° to
40°, memory increases sharply before similarly plateau-
ing for higher angles. Notably, for these higher angles,
memory capacity is substantially better than the simu-
lated networks, with the 6 X 6 network able to recon-
struct inputs from up to 0.5 s ago with a capacity above
0.8 (Figure 5(d)). Together, these experimental results
confirm key observation from simulations that indicate
that crosshatch networks of compliant fibers can effec-
tively serve a physical reservoirs capable of both non-
linear computation and memory recall.

We further evaluate if the feature-selection insights
from Figure 4 apply to physical networks. We defined
the same three output feature groupings as in Figure
4(b) and computed the total nonlinear and memory
capacities of the network using only readouts from
these subsets (Figure 5(e)). Results for both network
sizes broadly agree with the simulation results of Figure
4, with the lateral midpoint group and the ‘near springs’
group performing strongly and the ‘near actuation’
group performing worse. Notably, memory perfor-
mance was retained to a higher degree than nonlinear
capacity, a flip of the simulation results of Figure 4.

Finally, we tested the performance of our physical
6 X 6 network with a 50° maximum motor joint angle
on the NARMA-n benchmark tasks, which have
become a common benchmark for evaluating physical
reservoir performance (Wringe et al, 2025).
Experimental trajectories were down-sampled from 120
to 10 Hz and the input signal u(¢) was normalized to lie
between 0 and 0.2. NARMA-n task trajectories for
n= 2,5, and 10 were then generated using the stan-
dard benchmark coefficients and update rules sug-
gested by Wringe et al. (2025).

Figure 6(a) shows violin plots of the test set error dis-
tribution for the three different NARMA-n tasks while
Figure 6(b) shows a direct comparison between the
benchmark timeseries and the reservoir estimate over
the test set. Both plots indicate strong, unbiased estima-
tion performance by the fiber reservoir on all three
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Figure 6. NARMA-n benchmark performance. (a) Violin plots
of error (y(t) — y(t) where y(t) is the fiber reservoir prediction
of the timeseries at the next timestep) of NARMA-n benchmark
tasks for n = 2,5, and 10. The fiber reservoir provides
unbiased estimation for all tasks, however, its error tails increase
for higher values of n, consistent with the increased nonlinearity
and memory difficulty of higher order NARMA tasks. The root
mean square error (RMSE) of the n = 2, 5, and 10 tasks is
0.00096, 0.00924, and 0.01573, respectively, while the
interdecile range (IDR) of the error is 0.00246, 0.02383, and
0.04082, respectively. (b) Reservoir output estimates of the
three NARMA-n timeseries.

NARMA-n benchmarks, with error bands increasing
for NARMA-5 and NARMA-10, reflective of its stron-
ger nonlinear and memory processing requirements.

Discussion

This work explores the mechano-computational power
of a spider web-inspired physical reservoir. By quanti-
fying physical reservoir capability through the joint
metrics of nonlinear and memory capacity, we identi-
fied how network topology, actuation magnitude, fiber
spacing, network size, and axial pretension impact the
ability of the fiber network to serve as a physically
computing substrate.

Overall, the fiber network was sensitive to changes
in its input and structure. In particular, the crosshatch
fiber topology strongly outperformed a polygonal
topology, despite the polygonal topology being more
visually similar to a spider web. The exact reasons for
the crosshatch’s better performance are not clear. It is
possible the crosshatch’s highly uniform organization
may help information propagate further through the
network before being damped out, while the polygonal
topology’s central connection node may damp out
information due to the multiple fibers acting to stiffen
the mechanical response of that node. Further, the fiber
network topologies explored here are symmetric, likely
causing redundancy in the mechanical response of dif-
ferent parts of the network. Incorporation of random
fiber organization and optimization of the fiber’s topo-
logical motif may enable further improvement in com-
putational performance.
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Reservoir performance was also found to be maxi-
mal immediately before the onset of buckling.
Buckling injects a level of chaos into the fiber reser-
voir dynamics due to its extreme sensitivity to small
variations in the fiber position at the onset of buck-
ling. As such, it is not surprising that it destroys com-
putational performance in the reservoir. The ability
to predict buckling in fiber networks may provide a
useful design tool for future reservoirs, as maximizing
the portion of the network that is near, but not
undergoing, a buckling response may increase the net-
work’s computational performance.

The physical experimental implementation of the
fiber network broadly agreed with the Cosserat rod
simulation results, demonstrating that, indeed, fiber
networks can effectively serve as physical reservoir
computers. To ensure numerical stability, the Cosserat
rod simulations used in this paper used a softer elastic
modulus than the nylon monofilament (fishing line)
used in the experiments. Additionally, the fibers in
simulation are subjected to a constant tensile force
applied at their ends while in the experimental setup the
reaction tensile force exerted by the springs attached to
the ends of the fibers is proportional to the fiber’s axial
displacement. These discrepancies may explain some of
the limited disagreement that is observed as the combi-
nation of stiffer fibers and springs used in the physical
implementation may effectively be pretensioning the
network, in which case the better memory and worse
nonlinear performance is consistent with the preten-
sioning simulation results of Figure 3.

Finally, we note that the fiber network design used
in this work was focused on demonstrating the com-
putational ability of a network made of compliant
fibers, which was successfully accomplished.
However, further refinements to the network design,
such as non-optical reservoir readouts, enabling envi-
ronmental signal inputs rather than relying on a dedi-
cated motor, and improving fiber network endurance
to sustained loadings are necessary to advance fiber
network physical reservoirs toward a deployable state
where they could be used as a sensor. Incorporation
of such features would then yield fiber network reser-
voirs that are inherently compliant, lightweight, low-
cost, easily manufacturable, and perform computa-
tion directly through the distributed mechanical
deformation of the sensing structure itself. This
makes them especially attractive for applications in
which the substrate is already mechanical, such as
soft robotic proprioceptive sensing or infrastructure
monitoring and proximity monitoring. In such appli-
cations, it may be possible to classify or infer the loca-
tion of a disturbance through readout of the fiber
network, similar in spirit to how spiders localize dis-
turbances on a web.

Conclusion

Inspired by the ability of spiders to use their webs to
sense their environment, this work combined simula-
tions and physical experiments to investigate the ability
of a network of compliant fibers to serve as a physical
reservoir computer. The impact of network topology,
geometry, input scaling, and feature outputs were iden-
tified and the ability of a fiber network to perform non-
linear transformations in an input signal and recall
prior inputs was demonstrated. These basic hallmarks
of physical reservoir computing demonstrate the ability
of a fiber network to serve as a mechanically intelligent,
embedded computational substrate, with potential
applications in robotics, autonomous systems, and
structural health monitoring.
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