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Mechanical neural networks: Architected materials that 
learn behaviors 
Ryan H. Lee1†, Erwin A. B. Mulder2, Jonathan B. Hopkins1*† 

Aside from some living tissues, few materials can autonomously learn to exhibit desired behaviors as a conse-
quence of prolonged exposure to unanticipated ambient loading scenarios. Still fewer materials can continue to 
exhibit previously learned behaviors in the midst of changing conditions (e.g., rising levels of internal damage, 
varying fixturing scenarios, and fluctuating external loads) while also acquiring new behaviors best suited for 
the situation at hand. Here, we describe a class of architected materials, called mechanical neural networks 
(MNNs), that achieve such learning capabilities by tuning the stiffness of their constituent beams similar to 
how artificial neural networks (ANNs) tune their weights. An example lattice was fabricated to demonstrate 
its ability to learn multiple mechanical behaviors simultaneously, and a study was conducted to determine 
the effect of lattice size, packing configuration, algorithm type, behavior number, and linear-versus-nonlinear 
stiffness tunability on MNN learning as proposed. Thus, this work lays the foundation for artificial-intelligent (AI) 
materials that can learn behaviors and properties. 
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INTRODUCTION 
Scientists have been inspired by the interconnected network of 
neurons that constitute biological brains and enable complex learn-
ing with unmatched speed and energy efficiency. Consequently, 
many have sought to leverage a variety of interconnected networks 
to mimic natural learning for numerous artificial-intelligent (AI) 
applications (1–3). 

Some of the first networks developed for AI purposes were 
purely mathematical in form. The concepts underlying these math-
ematical networks, called artificial neural networks (ANNs) 
(Fig. 1A), were first introduced by McCulloch and Pitts (4) but 
were later matured by Rosenblatt (5). The mathematical formula-
tion underlying ANNs can be diagrammed using interconnected 
lines, shown in blue in Fig. 1A, that represent scalar values, called 
weights (6), which are multiplied by input numbers that are fed into 
multiple layers of activation functions (6), called neurons, which ul-
timately produce output values. If the ANN is provided with a set of 
known input and output values, then the network can be trained by 
tuning its weights so that it accurately predicts previously unknown 
output values that result for any desired input values. Hornik et al. 
(7) proved the true AI potential of ANNs by demonstrating that, 
with sufficiently large numbers of neurons and layers, ANNs 
could learn to model almost anything by accurately mapping any 
number of inputs to any number of outputs. Tuning the weights 
of sizeable ANNs, however, proved to consume large amounts of 
computational time and energy using traditional digital computers. 

Thus, further inspired by the physical nature of biological brains, 
scientists began developing physical networks to more rapidly tune 
weights (i.e., learn) with higher efficiencies because of their analog 
nature. Most of these physical networks can be classified as electrical 
(8–12) or optical (13–17) networks. Although some physical neural 
networks use the vibrations of mechanical structures to improve the 

speed and efficiency of learning, none yet exists that is purely me-
chanical. Roboticists have learned to leverage the dynamics of me-
chanical bodies as a computational resource for enabling 
mathematical ANNs to be more efficiently trained by restricting 
only the final layer’s weights to be tuned. This approach, called mor-
phological computation (18), is a mechanical version of the concept 
of reservoir computing (19, 20), where the reservoir used to simplify 
the mathematical computation is the structure of the robot itself. 
Networks of springs and point masses (21, 22), tensioned cables 
and rigid bodies (23, 24), and soft bodies (25, 26) have been used 
to demonstrate this approach. The most mechanical instantiation 
of a neural network to date was proposed by Hermans et al. (27). 
This network consists of a vibrating plate that is excited by acoustic 
waves as inputs and outputs. Instead of tuning the mechanical prop-
erties of the plate itself (i.e., its stiffness, damping, or mass proper-
ties) to tune the network’s weights, masking signals of interfering 
acoustic waves were electrically generated to train the network. 
This concept was recently extended by Wright et al. (28) using mul-
tiple layers of vibrating plates to achieve a deep physical 
neural network. 

In this work, a different physical network, called a mechanical 
neural network (MNN), is introduced. MNNs are lattices of inter-
connected tunable beams, shown in blue in Fig. 1B, that join at 
nodes, which are driven by force or displacement inputs and 
outputs. The stiffness values of the interconnected beams are 
tuned as network weights to train the lattice such that it can learn 
desired mechanical behaviors (e.g., shape morphing, acoustic wave 
propagation, and mechanical computation) and bulk properties 
(e.g., Poisson’s ratio, shear and Young’s modulus, and density). 
Thus, this work introduces a class of architected materials (a.k.a., 
mechanical metamaterials) (29) that learn as a consequence of pro-
longed exposure to unanticipated ambient loading conditions. Al-
though others have proposed acoustic metamaterials that can 
perform specific mechanical computations (30, 31), these materials 
are not neural networks and thus cannot learn. Hughes et al. (32) 
proposed an acoustic metamaterial that behaves as a trained neural 
network, but a fabricated version of the proposed design could not 
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learn new behaviors because training is performed during the 
design process by adjusting the mass within a vibrating plate 
using simulation. Although other mechanical concepts have also 
been proposed and demonstrated using simulation only (33, 34), 
the MNN concept introduced here is physically demonstrated ex-
perimentally. The concept can also be extended into complex 
three-dimensional (3D) lattices, which can occupy volumes of arbi-
trary shape and accommodate desired fixturing requirements for 
practical material applications. In addition, because MNNs inher-
ently have numerous layers of nodes, which are analogous to the 
neurons within ANNs, MNNs behave as deep neural networks 
that can learn many complex behaviors simultaneously. If an 
MNN is damaged, cut to occupy an alternate volume, or fixtured 
differently, then it can relearn previously mastered behaviors and 
acquire new behaviors as needed with exposure to changing 
ambient conditions. An application could include MNN aircraft 
wings (Fig. 1C) that learn to morph their airfoil shape as desired 
in response to certain wind-loading scenarios such that the aircraft 
achieves greater efficiency and maneuverability as it accrues flight 
experience. This work demonstrates the ability of an MNN to 
learn two different shape-morphing behaviors using two different 
algorithms. Experimental and simulated studies were performed 
to determine the effect of lattice size, packing configuration, algo-
rithm type, behavior number, and linear-versus-nonlinear stiffness 
tunability on MNN learning. 

RESULTS 
Learning process 
MNNs mechanically learn behaviors analogously to how ANNs 
mathematically map numerical inputs to outputs. To understand 
the specifics of how MNNs learn, consider the eight-layer-deep 
2D MNN lattice of tunable beams packed in a triangular configura-
tion with eight input and output nodes shown in Fig. 1B. The black 
bars shown at the top and bottom of the lattice represent fixed 
ground. Suppose that when the input nodes are loaded by equal hor-
izontal forces, shown as red arrows in Fig. 1B, it is desired that the 
output nodes respond by moving to target displacements along the 
contour of the red sinusoidal curve shown in Fig. 1B. To learn this 
behavior in the midst of unexpected and changing loading scenar-
ios, each tunable beam in the lattice would be prescribed with a 
random stiffness value. Sensors (e.g., strain gauges on each beam) 
would then determine the displacement of each node in the lattice 
for each loading scenario. Because the beam stiffness values and the 
node displacements are known (i.e., prescribed and measured, re-
spectively), the MNN could determine when the lattice has been 
loaded with the desired behavior’s loading scenario (i.e., the hori-
zontal forces shown in Fig. 1B). Anytime the desired loading scenar-
io occurs, the lattice sensors would measure the resulting 
displacements of the output nodes on the lattice’s right side, and 
the mean squared error (MSE) of these displacements would be cal-
culated by subtracting them from the target displacements and av-
eraging the resulting differences squared. The tunable beams would 
then change their stiffness values according to an optimization al-
gorithm such that when the process of loading, measuring, and cal-
culating the MSE is repeated, the MSE is minimized until a working 
combination of beam stiffness values is identified. One possible 

Fig. 1. Introduction to MNNs and how they learn mechanical behaviors. (A) ANNs mathematically map numerical inputs to outputs by tuning scalar weights within 
layers of neurons consisting of activation functions. (B) MNNs are mechanical analogs to ANNs in that they map force and displacement inputs and outputs using tunable 
beams, which are analogous to weights, and physical nodes, which are analogous to neurons. (C) Example shape-morphing behaviors that could be learned by MNN 
aircraft wings in two different scenarios. (D and E) Two different combinations of beam stiffness values (i.e., solutions) that achieve the same two shape-morphing 
behaviors. 
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combination of beam stiffness values that achieve the desired behav-
ior of Fig. 1B is shown on the left side of Fig. 1D. Different shades of 
blue are used to denote different axial stiffness values. 

Suppose that it is desired that the MNN learns another behavior 
in addition to retaining the first behavior shown in Fig. 1B. Specif-
ically, suppose that it is desired that the lattice’s output nodes dis-
place to an inverted sinusoidal contour, shown as a green curve on 
the right side of Fig. 1D, in response to its input nodes being loaded 
by equal vertical input forces, shown as green arrows, instead. To 
learn the new behavior while maintaining the ability to simultane-
ously achieve the first behavior, the lattice of tunable beams would 
begin with the combination of stiffness values that were found to 
successfully achieve the first behavior. Then, those stiffness values 
would be adjusted according to the same optimization algorithm to 
find a new combination of stiffness values that achieve both behav-
iors simultaneously. This optimization would be achieved by mea-
suring the displacements of the output nodes in response to loading 
the material’s input nodes with alternating horizontal and vertical 
forces. A single MSE would be calculated that simultaneously con-
siders the results of both loading scenarios. That cumulative MSE 
would then be minimized so that a desired combination of beam 
stiffness values would be identified that successfully produced 
both the new and original behavior. Note that all the tunable 
beams are colored with the same shades of blue between the two 
corresponding lattice images of Fig. 1D because a single combina-
tion of stiffness values was identified that could successfully enable 
the MNN to achieve both behaviors. 

Because MNNs typically have multiple layers, they can learn the 
same set of desired behaviors using many different combinations of 
beam stiffness values. Note that although solution 2 of Fig. 1E ex-
hibits the same desired behaviors as solution 1 of Fig. 1D, it does so 
with a different combination of beam stiffness values. The fact that 
many different combinations of beam stiffness values can achieve 
the same behaviors enables MNNs to learn many new behaviors. 
Moreover, MNNs do not need to be configured, fixtured, or 
loaded as shown in the example of Fig. 1B to learn. Any combina-
tion of nodes within an MNN could be fixed, loaded as an input, 
and sensed as an output to learn almost any mechanical behaviors 
desired. 

Tunable beams 
There are many ways that the stiffness of a beam could be tuned to 
enable MNN learning. Principles of jamming (35) phase changing 
(36), static balancing (37), and electrorheology (38), among other 
approaches (39), could be used. Approaches that enable beams to 
continue exhibiting their prescribed stiffness without external influ-
ence (e.g., electrical power, magnetic fields, or temperature) are 
preferable for MNN applications because such networks physically 
store a kind of mechanical “muscle memory” in their architecture 
for manifesting the desired behaviors previously learned. 

The beams used to demonstrate the concept of MNNs in this 
work (Fig. 2A), however, were designed to achieve tunable stiffness 
via closed-loop active control. This approach was chosen so that any 
desired linear or nonlinear force-displacement responses (including 
responses with negative stiffness) could be prescribed to each beam 
to enable a broader study of MNN learning. These actively con-
trolled beams use voice coils and strain gauges to actuate and 
sense the deformations of flexures, which guide the extensions 
and contractions of the beams along their axes. Additional photos 

of such beams (fig. S1A) and their assembled parts (fig. S1B) are 
provided in the Supplementary Materials. A detailed discussion 
about their fabrication and function is provided in Materials and 
Methods. A diagram (fig. S2A) detailing each beam’s closed-loop 
controller (fig. S2A) is also provided in the Supplementary Materi-
als along with examples of the four calibration plots (fig. S2, B to E) 
that need to be generated by an Instron testing machine to control 
each beam’s axial stiffness. A discussion about the closed-loop con-
troller and its calibration plots is provided in Materials and 
Methods. The controller was designed so that when it was set to 
achieve a linear force-displacement response, the axial stiffness of 
the tunable beam (i.e., the slope of its response) would be the con-
troller’s proportional gain, Kp. Figure 2B provides the force-dis-
placement responses of the tunable beam in Fig. 2A as it is 
controlled using the linear scenario with different Kp values to 
achieve various positive and negative stiffness values. A video 
showing the Instron testing machine cycling the beam as it is 
being actively controlled with different Kp values is provided 
(movie S1). The maximum and minimum stiffness values that the 
beam can be controlled to achieve without becoming unstable or 
exceeding the actuator’s force capabilities were measured to be 
2.3 and −2 N/mm, respectively, as shown in Fig. 2C. 

Experimental demonstration and study 
Tunable beams of the kind shown in Fig. 2A were fabricated and 
assembled (Fig. 3) within a lattice to experimentally demonstrate 
and study MNN learning. Four additional actuators were used 
within decoupling flexures (Fig. 3A) to load the MNN’s two input 
nodes with desired in-plane forces, and cameras (Fig. 3B) were used 
to directly measure the displacements of the two output nodes. A 
discussion about the MNN’s features, fabrication, and control elec-
tronics (fig. S3, A and B) is provided in Materials and Methods. Ad-
ditional photos (fig. S4, A and B), a video (movie S2), and a 
discussion about how the MNN was calibrated after its beams 
were assembled in the lattice are provided in the Supplementary 
Materials. Plots demonstrating the importance of calibrating 
MNNs are provided in fig. S5. 

MNNs that require external sensors (e.g., cameras) to directly 
measure the displacements of their output nodes cannot learn 
without being placed in a testing rig, which is not practical for 
most applications that require in-field learning. Thus, it is impor-
tant that the same sensors (e.g., strain gauges) that measure and 
help control the extension and contraction of their corresponding 
beams be used to also measure the output-node displacements in-
directly to demonstrate practical MNN learning. Thus, the cameras 
mounted to the frame of the MNN in Fig. 3B were used to validate 
this indirect approach (i.e., the strain-gauge approach) for measur-
ing output-node displacements. The results of this validation (fig. 
S6, A and B) and a discussion about how the validation was per-
formed are provided in the Supplementary Materials. 

The MNN of Fig. 3B was used in conjunction with this strain- 
gauge approach to demonstrate that a triangular lattice of 21 tunable 
beams (shown as blue lines in Fig. 4A) could simultaneously learn 
two different sinusoidal shape-morphing behaviors (shown in red 
and green in Fig. 4A for behaviors 1 and 2, respectively). Behavior 
1 is manifest when the output nodes, labeled nodes 1 and 2 in 
Fig. 4A, displace to the right and to the left by 0.5 mm, respectively, 
as the two input nodes are both pushed to the right (as shown by the 
red arrows) with equal magnitude. Behavior 2 is manifest when 
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nodes 1 and 2 displace in the opposite directions (i.e., to the left and 
to the right by 0.5 mm, respectively) as the two input nodes are both 
sheared upward (as shown by the green arrows) with equal magni-
tude. As the MNN attempted to exhibit these two desired behaviors 
according to the learning process, the axial stiffness values of each 
beam were allowed to be tuned between the maximum and 
minimum values of 2.3 and −2 N/mm, respectively, according to 
the limits measured in Fig. 2C. 

Two optimization algorithms—genetic algorithm (GA) (40) and 
partial pattern search (PPS) (41)—were used for learning the two 
behaviors to compare their performance. The details underlying 
each optimization algorithm are provided in Materials and 
Methods, and a video showing the MNN learning is provided in 
the Supplementary Materials (movie S3). The learning results of 
the GA and PPS are provided in Fig. 4 (B and C, respectively). 
The MSE of each algorithm is plotted over time as the MNN 
learns the two desired behaviors simultaneously, and the initial 
and final displacements of nodes 1 and 2, relative to the desired 
target displacements, are also provided for each behavior. A video 
showing how the nodes move from one displacement to the next 
(corresponding to each blue dot in the MSE plots of Fig. 4, B and 
C) is provided in the Supplementary Materials (movie S4). 

The MNN of Fig. 4A was also used to compare learning with 
tunable beams that exhibit linear (e.g., Fig. 2B) versus nonlinear 
force-displacement responses. Specifically, tangent functions (e.g., 
the responses shown in fig. S7 for different Kp values) were used 
for the nonlinear scenario. The MNN’s tunable beams were initially 
set to only exhibit linear force-displacement responses with stiffness 
values that could vary between 2.3 and −2 N/mm according to the 
limits measured in Fig. 2C. Two random but different shape- 
morphing behaviors were generated for the MNN to learn. Each be-
havior was generated by selecting forces with randomly generated x- 
and y-axis components between ±2 N, which cause the MNN’s 
output nodes to move selected displacements with randomly gener-
ated x- and y-axis components between ±0.5 mm when the selected 
forces load the input nodes. The MNN then used the PPS algorithm 
to learn the generated pair of random behaviors simultaneously. 
The MSE of this learning process over time was recorded, similar 
to the example plots shown in Fig. 4 (B and C). Five additional 
random but unique pairs of behaviors were then generated and 
learned independently by the MNN. The six total resulting MSE- 
versus-time plots were averaged to produce the single solid-line 

plot of Fig. 4D (i.e., the plot corresponding to the linear scenario). 
The same six pairs of generated behaviors were then learned by the 
same MNN, but its tunable beams were set to only exhibit tangent 
force-displacement responses (i.e., a nonlinear response) with in-
stantaneous stiffness values that could vary between 2.3 and −2 
N/mm according to the limits measured in Fig. 2C. Note that al-
though 2.3 N/mm was found to be the largest axial stiffness value 
achievable by the tunable beams of this study, that finding is con-
servative and is only true for instantaneous stiffness values (i.e., 
beam stiffness values before deformation). When the beam is de-
formed an appreciable amount, it can be stably controlled with 
larger stiffness values to accommodate the rising tangent function 
profile. The six resulting MSE-versus-time plots were averaged to 
produce the single dotted-line plot of Fig. 4D (i.e., the plot corre-
sponding to the nonlinear scenario). 

Before the successful demonstration of the MNN of Fig. 4, dif-
ferent beam designs (fig. S8, A and B) were fabricated and integrat-
ed within other MNNs (fig. S9, A to C), which did not successfully 
learn desired behaviors (fig. S9D). The reasons they failed are dis-
cussed in the Supplementary Materials to highlight factors impor-
tant to successful MNN learning, such as minimal hysteresis (fig. 
S10), quality sensors, and well-designed flexures. 

Simulation study 
A computational tool, informed by the measured and modeled (fig. 
S11) characteristics of the tunable beam of Fig. 2A, was created and 
used to simulate MNN learning scenarios that the physical MNN of 
Fig. 3B was not designed to attempt. The tool’s assumptions are de-
tailed in the Supplementary Materials, and a discussion about how 
the tool was verified using finite element analysis (FEA) (fig. S12, A 
to E) is provided in Materials and Methods. The computational tool 
was used to generate the example of Fig. 1 (D and E) according to 
the details also provided in Materials and Methods. 

Three simulation studies were conducted using the tool. The 
MNNs of the first simulation study were all configured as triangular 
lattices (e.g., Fig. 1B) with eight input and eight output nodes. Their 
tunable beams were assigned axial stiffness values between 4 and −2 
N/mm. Learning was simulated using different numbers of layers 
and different numbers of random behaviors. Random behaviors 
were generated by selecting input-node forces and output-node dis-
placements with randomly generated x- and y-axis components 
between ±1 N and ± 0.5 mm, respectively. To ensure that each 

Fig. 2. Tunable beams that use closed-loop control to achieve variable axial 
stiffnesses. (A) Voice coil and strain gauges were used as actuators and sensors to 
control the axial stiffness of the beam. (B) Data collected from an Instron testing 
machine as it stretches and compresses the tunable beam while it is actively con-
trolled to achieve linear force-displacement responses using different proportional 
gain values, Kp. (C) Plot demonstrating how well the controller’s prescribed propor-
tional gain corresponds with the beam’s resulting axial stiffness. 

Fig. 3. An MNN. (A) A computer-aided design model and (B) a photo of the MNN 
used to conduct the experimental learning study of this work. 
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new behavior generated was sufficiently different from all previous-
ly generated behaviors, we calculated an MSE for each previous be-
havior by averaging the difference between the previous and new 
behavior’s input forces squared. As long as the MSEs that were cal-
culated from each of the previously generated behaviors all exceeded 
0.3 N2, the new behavior was deemed sufficiently different. Once 
sufficiently different behaviors were generated, three additional 
unique sets of different behaviors were generated for each scenario. 
The simulated MNN then attempted to simultaneously learn each 
unique set of behaviors four times, and the final MSE (i.e., the last 
MSE that the optimization algorithm achieved by comparing the 
output-node displacements with the target displacements as de-
scribed previously) of the attempt that yielded the lowest value 
was averaged with the lowest final MSEs generated by learning 
the other unique sets of behaviors. The resulting MSE average was 
plotted for different numbers of layers and behaviors in Fig. 5A. Ten 
example behaviors that were randomly generated for this study are 
shown in fig. S13. 

The MNNs of the second simulation study were all configured as 
triangular lattices (e.g., Fig. 1B) with tunable beams that were as-
signed axial stiffness values between 4 and −2 N/mm. Learning 
was simulated using different numbers of layers and different 
numbers of output nodes (note that the number of output nodes 
is equal to the number of input nodes). Regardless of the scenario, 
each MNN attempted to learn the same two behaviors shown in 
Fig. 1 (D and E), except that the amplitudes of both behaviors’ si-
nusoidal contours on which their target displacements lie were set 
to 2.5 mm and the shearing input-node forces of the second behav-
ior pushed downward instead of upward with a magnitude of 1 
N. Each scenario was attempted 15 times, and the MSE of the sim-
ulation that produced the lowest final value was plotted in Fig. 5B. 

The MNNs of the third simulation study had eight input and 
eight output nodes. Their tunable beams were assigned axial 

stiffness values between 4 and −2 N/mm. Learning was simulated 
using both triangular and square lattices (Fig. 5C) that learn differ-
ent numbers of random behaviors with two, four, and eight layers. 
Random behaviors were generated the same way as in the first sim-
ulated study. Once sufficiently different behaviors were generated, 
three additional unique sets of different behaviors were generated 
for each scenario. The simulated MNN then attempted to simulta-
neously learn each unique set of behaviors four times, and the final 
MSE of the attempt that yielded the lowest value was averaged with 
the lowest final MSEs generated by learning the other unique sets of 
behaviors. The resulting MSE average was plotted in Fig. 5C for the 
different triangular and square lattice scenarios (shown as green and 
red lines, respectively, in Fig. 5C). Dotted lines correspond to two 
layers, dashed lines correspond to four layers, and solid lines corre-
spond to eight layers. 

DISCUSSION 
The concept of MNNs as architected materials that learn behaviors 
was introduced and experimentally demonstrated using two opti-
mization algorithms, GA and PPS (Fig. 4, B and C). Although the 
GA proved to be more than 41 times slower than PPS (i.e., GA re-
quired 111.13 hours, whereas PPS required 2.68 hours), the MNN of 
Fig. 3 learned its behaviors 10.5 times more accurately using the GA 
(i.e., GA achieved an MSE of 0.006 mm2, whereas PPS achieved 
0.063 mm2). An experimental study was also conducted to 
compare the learning capabilities of MNNs consisting of tunable 
beams that are controlled to exhibit linear versus nonlinear stiffness. 
Figure 4D indicates that MNNs with linear stiffness beams learn 
with greater accuracy than MNNs with nonlinear stiffness beams 
(i.e., the lowest linear and nonlinear MSE were 0.056 and 0.093 
mm2, respectively). A computational tool was also created to simu-
late the effects of lattice size, behavior number, and packing config-
uration on MNN learning. The plots of Fig. 5 (A and C) 
demonstrate that the more layers an MNN has and the fewer 
random behaviors it is tasked to simultaneously learn, the more ac-
curately it can learn (i.e., the lower its final MSE can become). The 
plot of Fig. 5B demonstrates that as long as an MNN is three or more 
layers deep, it has enough tunable beams to accurately learn two 
shape-morphing behaviors regardless of the number of layers and 
output nodes. Note that although an MNN with fewer output nodes 
has fewer tunable beams with which to learn, it also has fewer force 
input and displacement output requirements for the beams to 
satisfy during learning. Thus, the number of output nodes is 
largely irrelevant. The plot of Fig. 5C demonstrates that triangular 
lattices can learn more accurately than square lattices because more 
tunable beams constitute triangular lattices than square lattices 
given the same number of layers and output nodes. Moreover, the 
beams of triangular lattices can more effectively propagate displace-
ments in all directions rather than predominantly along orthogonal 
directions like square lattices. 

MATERIALS AND METHODS 
Tunable beam fabrication and function 
A photo of a tunable beam used within the MNN of this work is 
provided in fig. S1A. Its parts are shown disassembled in fig. S1B. 
It consisted of a Moticont linear voice coil motor (LCVM-032-025- 
02) actuator and two Hottinger-Baldwin-Messtechnik-GmbH 

Fig. 4. Experimental study results. (A) Two behaviors (shown in red and green) 
that the MNN attempted to learn using two different optimization algorithms. The 
results of (B) the GA and (C) PPS showing MSE over time and the initial and final 
displacements of the output nodes (i.e., nodes 1 and 2) relative to their target dis-
placements. (D) The MNN’s MSE plotted over time as its beams were controlled to 
exhibit tunable linear and nonlinear force-displacement responses. 
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(HBM) strain gauge (1-LM13-1.5/350GE) sensors, which were 
mounted on opposing sides near the base of one of the flexure bear-
ings to enhance sensor sensitivity via a Wheatstone circuit in a half- 
bridge configuration. The rest of the parts were either cut using wire 
electrical discharge machining (EDM) from 6061-T6 aluminum or, 
in the case of the brackets, machined from the same material. The 
two parallel blade flexures behave as linear bearings in that they 
guide a translational motion along the beam’s axis while constrain-
ing all other directions. As the flexure bearings deform over their 
full range, however, they manifest a slight arching parasitic 
motion, which was considered in the selection and mounting of 
the voice coil actuator. Care was taken to make sure that the coil 
portion of the actuator could never make contact with or rub 
against the outer magnet portion of the actuator so that noise, fric-
tion, and hysteresis would be avoided. The brackets were mounted 
to the beam’s body via bolts, and a hard stop (labeled in fig. S1A) 
was cut into the body to prevent the flexure bearings from yielding 
by preventing them from deforming beyond ±2.5 mm in either di-
rection. The beam’s body can attach to the modular node parts, 
labeled in fig. S1B, via slide-on dove-tail joints, which were then 
locked in place by opposing wedges that are pressed together. The 
resulting joint effectively fused the beam’s body to the modular 
node parts, thus preventing slip-induced friction and hysteresis 
while also allowing the body to be disassembled and reassembled 
quickly for debugging or calibration purposes. The utility of this 
feature is more clearly recognized in the context of the full MNN 
lattice. Each modular node part used two angled blade flexures to 
permit rotational deformations about the axis where the planes of 
the blade flexures intersect (i.e., at the center of the small cylinder 
shown) while constraining deformations in all other directions. A 
hard stop (fig. S1B) was used to prevent excessive rotational defor-
mations that would yield the blade flexures. Note that although the 
tunable beams used to demonstrate the concept of MNNs in this 
work (fig. S1A) were designed such that only their axial stiffness 
could be changed, beams that can have their stiffness independently 
tuned along multiple directions (e.g., axial, transverse, and bending) 
would likely enhance MNN learning further. 

Tunable beam closed-loop controller 
The closed-loop control diagram detailing how each beam within 
the MNN of this work uses proportional-derivative control to 
achieve tunable axial stiffness is provided in fig. S2A. The digital 
displacement signal, e[k], is the difference between a reference 
offset value, r, and the digital displacement feedback signal, 
wD[k]. The derivative of e[k] is a velocity signal, v[k], which is mul-
tiplied by the controller’s derivative gain, Kd, which behaves as a 
damping coefficient. For the purposes of this work, Kd was set to 
650. The function, f (e[k]), can be set to determine the profile of 
the tunable beam’s force-displacement response. Note that if 
f(e[k]) is set equal to e[k], the beam’s force-displacement response 
will be linear, but if it is set equal to tan(e[k]), it will be a nonlinear 
tangent function. The output of f(e[k]), labeled as x[k] in fig. S2A, is 
multiplied by the controller’s proportional gain, Kp. This propor-
tional gain is set to equal the instantaneous axial stiffness of the 
beam (i.e., the stiffness of the beam before it is deformed). Note 
that the Kp values corresponding to each tunable beam within an 
MNN lattice are the variables that are adjusted during the learning 
process. Four calibration plots must be generated for each tunable 
beam in the lattice so that analytical functions can be fit to the mea-
sured data collected from an Instron testing machine and used 
within the control diagram. An example of the first calibration 
plot is provided in fig. S2B. This plot, called flexure force g(e[k]), 
relates the extension or contraction of the tunable beam along its 
axis to the force required to deform the beam without control 
(i.e., the force-displacement response of the passive flexure bear-
ings, labeled in fig. S1B). The force, F[k] (fig. S2A), represents the 
required voice coil output force to control the beam’s axial stiffness 
as desired. Both this force and e[k] are fed into the second calibra-
tion plot (fig. S2C), called voice coil calibration q(e[k], F[k]), to gen-
erate a force, FD[k], that corrects for the nonlinearity of the voice 
coil actuator by multiplying F[k] with a motor scale factor. The 
sign of F[k] determined whether the pushing or pulling analytical 
fit function was used. The third calibration plot (fig. S2D), called 
digital-to-analog converter (DAC) b(FD[k]), converts FD[k] into a 
voltage, VFD(t), that is fed to the voice coil actuator within the 
system’s plant (i.e., the tunable beam). The beam responds by dis-
placing an amount, w(t), that causes the strain gauge sensors to 
produce a voltage, Vw(t), which is then converted into wD[k] by 
the fourth calibration plot (fig. S2E), called analog-to-digital con-
verter h(Vw[k]). 

MNN features, fabrication, and control electronics 
The MNN of Fig. 3B consists of 21 tunable beams, which were 
joined together at nodes (colored purple in Fig. 3A). Each node con-
sists of blade flexures, which permit rotational deformations at each 
node’s center and thereby allow the MNN’s lattice to freely deform 
as it is loaded. The MNN’s two input nodes (Fig. 3B) are each loaded 
by a pair of voice coil actuators that collectively allow their corre-
sponding input node to be loaded with a force that points in any 
direction within the lattice’s plane. These actuators are fixtured 
within decoupling flexures (shown in green in Fig. 3A) that 
enable each input node to displace appreciable amounts without 
imparting transverse jamming loads on the actuators themselves. 
Hard stops were provided to prevent any flexures within the 
lattice from yielding as they deformed. Two pairs of grounded 
nodes (Fig. 3A) are fixtured to a frame along the top and bottom 
of the two-layer-deep MNN as shown in Fig. 3B. Two cameras 

Fig. 5. Simulation study results. The lowest MSE achieved when (A) MNNs with 
different numbers of layers learn different numbers of random behaviors, (B) 
MNNs of different numbers of layers and output nodes learn the same two behav-
iors, and (C) MNNs of different configurations (i.e., triangular and square) learn 
different numbers of random behaviors. 
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were mounted on the same frame to directly measure the displace-
ment of the two output nodes by tracking pins inserted at their 
center. Black felt was used to contrast the white color of the pin 
heads so that they stand out (Fig. 3B). 

In addition to the tunable beam parts (fig. S1B) discussed previ-
ously, the MNN of Fig. 3B consists of other parts, which were also 
cut from 6061-T6 aluminum using wire EDM (i.e., the nodes, 
grounded nodes, and decoupling flexures labeled in Fig. 3A). The 
four input actuators fixtured within the decoupling flexures are Mo-
ticont linear voice coil motors (LVCM-038-038-02), and the two 
cameras (i.e., Adafruit 636 Digital Microscopes) were mounted to 
an 80/20 T-slot aluminum frame using parts additively fabricated 
from acrylonitrile butadiene styrene with a Stratasys UPrint SE 
Plus 3D printer. Wooden boards were used to support the electron-
ics underneath the MNN. 

A close-up photo of the electronics used to control the MNN of 
Fig. 3B is provided in fig. S3A, and a schematic of the circuit used to 
drive each tunable beam (i.e., all 21) and each input actuator (i.e., all 
four) within the MNN is labeled in fig. S3B. Within the circuit, 
which is current controlled, a Microchip Technology MCP4725 
DAC produces a voltage proportional to the desired actuator 
current, which is supplied to the noninverting input of a Texas In-
struments OPA549 operational amplifier. The OPA549 operates in 
an arrangement similar to a voltage follower, and its output current 
passes through both the actuator and a Vishay RN55C3500BB14 
shunt resistor before reaching the ground. The voltage drop 
across the shunt resistor is amplified by an Analog Devices 
AD8226A instrumentation amplifier, which acts as a current- 
sense amplifier. The output of the AD8226A is in the same range 
as the DAC output, which is provided to the inverting input of 
the OPA549 operational amplifier for closed-loop control. To 
measure the displacement of the tunable beams, the circuit board 
has another AD8226A instrumentation amplifier, which acts as a 
strain gauge amplifier. An Espressif ESP32 microcontroller was 
used to set the DAC input voltage, read the strain gauge voltage, 
and shut down the OPA549. Stable supply voltages for the analog 
components were created using a Texas Instruments LM317 voltage 
regulator for the +12 V supply and an ON Semiconductor 
MC79M12 voltage regulator for the −12 V supply. Another 
LM317 voltage regulator was used for the strain gauge supply. 

Optimization algorithm details 
Optimization algorithms determine how combinations of stiffness 
values should be assigned to the tunable beams within an MNN for 
each loading scenario during the learning process. This work used 
two optimization algorithms to train the MNN of Fig. 4A such that 
it learned the two shape-morphing behaviors detailed previously. 
The two optimization algorithms used were a GA and PPS. 

The GA used for this work attempts 1000 combinations of axial 
stiffness values per generation. The most promising combinations 
(i.e., those that were measured having the lowest MSE) from each 
generation were then crossed according to MATLAB’s “ga” function 
to generate a new generation of 1000 new combinations of axial 
stiffness values. The best combination of axial stiffness values (i.e., 
the one that is measured as having the lowest MSE) from each gen-
eration was plotted and corresponds with each blue dot in the up-
permost plot of Fig. 4B. The algorithm continued until new 
generations failed to produce combinations of axial stiffness 
values with lower MSEs, at which point the algorithm terminated. 

Note that the uppermost plot of Fig. 4B resulted from 40 genera-
tions. Although the GA used for this work requires substantial 
time and computational power to complete, the algorithm is very 
thorough and thus produces accurate results. 

The PPS algorithm used for this work began with all the tunable 
beams starting with the same stiffness value (i.e., 1.15 N/mm). A 
beam was randomly selected, and its currently assigned stiffness 
value was added to and subtracted from a stiffness increment, 
which began at 2.15 N/mm. If the two resulting combinations of 
stiffness values did not reduce the measured MSE, then a different 
beam was randomly selected, and the same process was repeated. If 
all the beams in the MNN were subjected to this process and the 
MSE never reduced for any of them, then the current stiffness incre-
ment was multiplied by a reduction factor of 0.9, and the entire 
process repeated with the new, now smaller, stiffness increment. 
If adding or subtracting the stiffness increment to the current stiff-
ness value assigned to any beam ever exceeded or fell below the stiff-
ness limit achievable by the beam (i.e., 2.3 and −2 N/mm, 
respectively, according to Fig. 2C), the beam was assigned the stiff-
ness limit that was surpassed. When a combination of stiffness 
values was identified that produced a measured reduction in the 
MNN’s MSE, the entire process began again until the current stiff-
ness increment was reduced below a specified threshold (i.e., 0.5 N/ 
mm). Note from the uppermost plot of Fig. 4C that each blue dot 
corresponds to an event where the MNN’s MSE was measured as 
being reduced, which, for the specific learning example of 
Fig. 4C, occurred 10 times until the algorithm terminated. Although 
PPS produced results that are not as accurate as those of the GA used 
for this work, it required substantially less time and computation-
al power. 

Note that despite the fact that both algorithms were designed to 
identify combinations of stiffness values that produce progressively 
lower MSEs, the MSEs corresponding to some of the blue dots in the 
uppermost plots of Fig. 4 (B and C) increase in value compared with 
prior dots. These temporary increases in plotted MSE values are a 
result of system noise in the MNN (e.g., sensor noise). Last, note 
that before nodes 1 and 2 were ever displaced during learning 
using either algorithm, both output nodes began at the origin of 
the middle and lowermost plots of Fig. 4 (B and C). 

Computational tool verification 
The computational tool used to generate the simulation study of this 
work was verified using FEA. The passive nonaxial stiffness values 
(i.e., K1, K2, and K3, defined previously) of every tunable beam used 
within the computational tool’s simulation studies were informed 
via FEA performed on the tunable beam design of fig. S1A 
without its voice coil actuator or brackets (fig. S11), as discussed 
previously. The passive axial stiffness value of the same beam 
design (i.e., its axial stiffness without active control) was also calcu-
lated using FEA for 6061-T6 aluminum properties and was found to 
be 1.81 N/mm. This value was also used to inform the computation-
al tool’s tunable beams for the purposes of the tool’s verification. A 
computer-aided design model of the 21-beam MNN lattice of 
Fig. 4A without its voice coil actuators or brackets is shown in fig. 
S12A. FEA was performed on this model using the linear deforma-
tions and linear material properties of 6061-T6 aluminum to com-
putationally compare various loading conditions with the same 
loading conditions applied to the same 21-beam lattice simulated 
by the computational tool. Twenty-five different force combination 
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attempts, each with x and y components that were selected random-
ly between ±1 N, were applied to the two input nodes, and the re-
sulting displacements of the two output nodes (i.e., nodes 1 and 2) 
were calculated and plotted in fig. S12 (B to E) using both FEA and 
the computational tool of this work. Note that x1 and y1 are the dis-
placements of node 1 as measured relative to the origin of x1 and y1, 
labeled in fig. S12A, which is located where node 1 is before lattice 
deformation. In addition, note that x2 and y2 are the displacements 
of node 2 as measured relative to the origin of x2 and y2, labeled in 
fig. S12A, which is located where node 2 is before lattice deforma-
tion. The first force combination attempt shown in the plots of fig. 
S12 (B to E) corresponds to the FEA results shown in fig. S12A. The 
fact that the results of the 25 different force combination attempts 
generated by both the computational tool and FEA correspond well 
verifies the computational tool’s ability to accurately predict the re-
sponse of general lattice configurations and sizes when subjected to 
general loading scenarios. 

How the computational tool generated the example of 
Fig. 1 (D and E) 
The computational tool generated the learning results of the MNN 
lattice shown in Fig. 1 (D and E). The amplitudes of both behaviors’ 
sinusoidal contours on which their target displacements lie were set 
to 2 mm. With a final scaled force magnitude of 0.5 N applied to 
every input force of both behaviors, solution 1 (Fig. 1D) and solu-
tion 2 (Fig. 1E) achieved both behaviors with an MSE of 0.0047 and 
0.0008 mm2, respectively. Note that the nodal displacements of both 
solutions are all shown with an exaggeration factor of 25 to visually 
enhance the lattice’s behavior. Moreover, although the lattice’s 
tunable beams were subjected to axial, shearing, and bending defor-
mations, which were taken into account during the calculations per-
formed by the computational tool, the deformed beams shown in 
Fig. 1 (D and E) are graphically depicted as overly simplified straight 
lines, which directly join the final node locations together. 

Supplementary Materials 
This PDF file includes: 
Materials and Methods 
Figs. S1 to S13 

Other Supplementary Material for this  
manuscript includes the following: 
Movies S1 to S4 
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