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Abstract. It is prevalent in contemporary AI and robotics to separately
postulate a brain modeled by neural networks and employ it to learn
intelligent and adaptive behavior. While this method has worked very
well for many types of tasks, it isn’t the only type of intelligence that
exists in nature. In this work, we study the ways in which intelligent
behavior can be created without a separate and explicit brain for robot
control, but rather solely as a result of the computation occurring within
the physical body of a robot. Specifically, we show that adaptive and
complex behavior can be created in voxel-based virtual soft robots by
using simple reactive materials that actively change the shape of the
robot, and thus its behavior, under different environmental cues. We
demonstrate a proof of concept for the idea of closed-loop morphological
computation, and show that in our implementation, it enables behavior
mimicking logic gates, enabling us to demonstrate how such behaviors
may be combined to build up more complex collective behaviors.
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1 Introduction and Background

Recent advances in artificial intelligence and machine learning have benefited
greatly from the rise of modern deep learning systems, ultimately aimed at ar-
tificial general intelligence [22]. The coming-of-age of these artificial neural net-
work systems includes a long history of bio-inspiration, dating back to Mcculloch
and Pitts [26]. Yet the processes behind biological intelligence reach far beyond
systems and processes confined to the brain of living organisms.

Our bias toward attributing intelligent behavior to the mind is far from
new. Descartes’ mind-body-dualism dates back to the 1600s [13]. However, Bon-
gard warns that “thinking about thinking is misleading” [4]. Moravec’s paradox,
the observation that reasoning takes less computational resources than sensory-
motor skills (contrary to the expectations of experts), is an example of how intu-
ition could fail in introspection on thinking [30]. Examples of complex, perhaps
intelligent-seeming, behavior stemming from non-neural processes are abound
in both engineered and natural systems. Perhaps the most notable example of
a system built to mimic a complex behavior in simple and purely mechanical
form is the passive walking robot, which gracefully walks down an incline plane
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simply due to the well-tuned structure of its joints and limbs interacting with
the physics of its environment [27]. In natural systems, the growth and shape
change towards stimuli in plants serve as an obvious example of non-neural be-
havior [20,38].

More generally, these phenomena – of the body’s complex and “intelligent”
behavior, with or without a brain – are widely studied within the fields of em-
bodied cognition [39] and morphological computation [34]. The literature argues
that the brain is not the only source of adaptive and complex behavior, and
that the body “shapes the way we think” [33]. Even for humans, who naturally
consider their brains as the source of their intelligent behavior, there are strong
indications that the body plays an important role in intelligence, for example,
natural language, something we consider one of the fundamental products of our
intelligence, is deeply connected to our bodies [21,35].

Prior works have demonstrated the concept of morphological computation in
physical bodies, designing or evolving a body plan which executes a given be-
havior with as little neural or control intelligence as possible [1,9,11,12,16,18,32],
but these body plans tend to focus on finding an effective morphology for a
single desired behavior. Conversely, very simple adaptive behaviors in neural
circuits demonstrate minimally cognitive systems that adapt the behavior of a
fixed body plan to environmental stimuli via extraordinary simple neural cir-
cuitry [2,7]. Bridging the gap between the two, prior work on brain-body co-
optimization attempt to simultaneously evolve simple controllers and evolving
robot bodies [17,5,19,23,36] or develop approaches to rapidly adapt a controller
to an ever-evolving body plan [10,28,29]. But, to the best of our knowledge, prior
work thus far has failed to demonstrate an example of adaptive real-time behav-
ior stemming entirely from morphological computation (i.e. with no controller
or neural circuitry).

Inspired by the diverse forms of complex behaviors in nature, here we study
ways in which adaptive behavior can be created in an artificial agent without a
separately postulated brain. Particularly, we evolve voxel-based soft robots [3]
for the task of locomotion to study how morphology could be a source of adaptive
behavior. Four stimuli-responsive materials change shape in response to environ-
mental cues, resulting in a gross morphological change to the robot. Robots are
optimized via an evolutionary algorithm to produce body-plans that adaptively
change direction on-the-fly in response to combinations of these environmentally-
driven morphology changes (Fig. 1), resulting in closed-loop robot behaviors with
no controller or neural circuitry (Figs. 3, 4, 2), that can be combined to create
complex morphological logic gates (Fig. 5).

2 Methodology

Simulation: We run our experiments on the EvoGym simulator [3]. It is a 2D
soft robot simulator where robots are represented by voxels that can actuate by
changing their areas (a ∈ [0.6× r, 1.6× r] where r is the resting area). Designing
robots’ bodies means placing voxels with varying materials in a grid layout and
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(a) Sensor type 1
(stimulus 1)

(b) Sensor type 2
(stimulus 1)

(c) Sensor type 3
(stimulus 2)

(d) Sensor type 4
(stimulus 2)

(e) Example morphologies under different stimuli patterns. The behavior of sensory
voxels molds the morphology of the robot, potentially changing its behavior.

Fig. 1: Images from the simulator environment [3] that shows the behavior of
sensory voxels. Voxels in (a) and (b) respond to stimulus 1 and voxels in (c) and
(d) respond to stimulus 2. Voxels in (a) and (c) shrink to their minimum width
in response to the absence of their respective stimulus (left), and expand to their
maximum width in response to the presence of their respective stimulus (right).
Voxels in (b) and (d) respond the opposite way. These materials enable robots
(e) that actively undergo shape change to produce new behaviors according to
cues from some sensory stimuli.

specifying connections with their neighbors. In our experiments, we assume all
neighboring voxels are connected to simplify the design space.

Environment: We use EvoGym’s Python API to define a custom environ-
ment with two stimuli. These stimuli work in a binary fashion – they are either
present or absent in the environment. For our robots to sense these stimuli and
adapt their behavior, we hand-design ”sensory voxels”. We consider two envi-
ronmental stimuli, each with one voxel type that expands in response to that
stimuli and one that contracts in the presence of that stimuli – for a total of 4
sensory voxel types (Fig. 1; green, red, magenta, blue). We also hand-designed
two active voxels (orange and teal) that horizontally expand and contract to
provide energy for locomotion following a sinusoidal signal with a 180° phase
offset, similar to the designs in [11], but do not provide any neural or informa-
tional connectivity between them to organize a coordinated controller by means
other than physical forces traveling through the robot’s body. Lastly, we provide
evolution with two passive voxels, soft (gray) and rigid (black).
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Evolutionary algorithms [14] are the most common approach to optimize
robot body plans in the above-cited prior work, as they work by evaluating
the empiric and holistic phenotype/behavioral effect of random mutations of a
robot’s artificial genome, selecting the most fit robots to survive and reproduce
– and thus do not require a differentiable model of the robot’s morphology for
credit assignment of the robot’s fitness to individual voxels. Here we employ the
Map-Elites algorithm [31] to evolve an archive of diverse robots. Specifically,
the archive consists of seven feature dimensions. Three of these dimensions are
based on morphological features – the number of active voxels, sensory voxels,
and total number of voxels. Following the common practice [11], we limit the
morphology space with a H × W bounding box. Limiting the total number of
voxels in this way allows us to discretize the three morphological dimensions
of the archive into four bins each. The next four dimensions are based on the
behavior of the robot, the direction of locomotion in the x-axis, under different
stimuli patterns. The two binary stimuli result in four patterns, and a robot can
move in either the positive x or the negative x direction, resulting in 16 possible
behaviors in total. By utilizing QD algorithms and defining the dimensions of
the archive in the described way, we allow evolution to search for all possible
behaviors with varying morphological structures in a single run, and keep the
best-performing robot for each unique combination of morphological-behavioral
traits, via the MAP-Elites algorithm.

Evaluation and selection: Individuals are evaluated under 5 simulated
conditions. First, they are evaluated for 40 actuation cycles (i.e. 40 periods of
the sinusoidal actuation signal) where at each 10th actuation cycle the environ-
mental stimuli change as follows: (Stimulus 1, Stimulus 2) = {(Absent, Absent),
(Absent, Present), (Present, Absent), (Present, Present)}. In the next 4 simu-
lations, individuals are simulated under each of these 4 fixed stimuli patterns
for 10 actuation cycles each. We use multi-objective selection to select robots
that maximize total displacement in the 40-cycle variable stimuli simulation and
maximize the minimum displacement across the 4 single stimuli 10-cycle simu-
lations. Inspired from [25], an offspring replaces an individual from the archive,
only if it dominates the individual, i.e. is better than the individual in both fit-
ness values. In order to also select for robots with dynamically stable gaits that
are not overly dependent on initial conditions, we disregard all robots that move
in different directions for the same stimuli pattern in combined vs. single stimuli
simulations.

Genome: Similar to [11,12], robot morphologies are represented by compo-
sitional pattern-producing networks (CPPNs) [37]. CPPN is a directed acyclic
graph, where each node represents a math function. Here we use the sine, ab-
solute value, square, and square-root as activation functions within each node.
The CPPN takes the normalized coordinates of a voxel as well as its distance
to the center of the bounding box as an input and outputs a scalar value for
each possible voxel type, including the empty voxel. The type indicated by the
max output value is assigned to the queried location. During evolution, offspring
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Fig. 2: The spacetime diagram of a run champion (left) and its gait under differ-
ent stimuli patterns as snapshots from the simulation (right). In the spacetime
diagram, the solid black line in the middle keeps track of the robot’s center of
mass over time. The two accompanying lines show the current stimuli pattern
over time. The robot moves toward the positive x-direction when one stimulus is
present, otherwise, it moves in the opposite direction. The different gait behav-
iors are achieved by the morphological changes caused by sensory voxels – an
example of morphological computation and how the body could be the source
of adaptive behavior. See more robots in action at our repository.

are created through mutation by the addition/removal of nodes/links, change of
activation functions at nodes, and change of weights in edges.

Parameters: We experiment with three different bounding boxes, (H,W ) ∈
{(5, 5), (7, 7), (10, 10)}, and repeat each experiment 10 times. Evolution was run
for 3000 generations where each generation 16 individuals were chosen as parents
from the archive uniformly randomly to create 16 offspring through mutation.
Code to repeat our experiments is available at github.com/mertan-a/no-brainer.

3 Responding to Binary Stimuli

Firstly we investigate whether purely morphological changes can result in behav-
ior that adapts to environmental stimuli. Over the 4 stimuli patterns presented
to the robot, our MAP-Elites archive collects different combinations of behav-
ioral patterns that different morphologies produce (labeled for whether a robot
moves (L)eft or (R)ight for each of the 4 stimuli). Fig. 2 visualizes the behavior
of a robot exhibiting LRRL behavior as a spacetime diagram to investigate how

https://github.com/mertan-a/no-brainer/tree/master/robots-in-action
https://github.com/mertan-a/no-brainer


6 A. Mertan and N. Cheney

Fig. 3: The spacetime diagrams of all run champions from independent runs,
plotted together. We omit the behaviors where the robot doesn’t respond to any
stimulus (LLLL and RRRR behaviors). Time is normalized to reflect actuation
cycles and position is normalized to reflect the robot’s body length. The numbers
in the bottom right corner show the average distance traveled by run champions.

the morphology gives rise to adaptive behavior. The solid line tracks the position
of the robot’s center of mass during simulation. The two lines accompanying the
solid line display the stimuli pattern at each time step. The dotted horizontal line
shows the moments when the stimuli pattern changes. The robot’s morphology
and its gait under different stimuli can be seen on the right. The robot moves to
the right only if one of the two stimuli is present (the middle two settings). In
the case where both stimuli are present or absent (the first and last setting), the
robot moves to the left. This behavior is achieved with the help of sensory voxels
– the change in the sensory voxels alters the robot’s shape and thus changes its
gait. The robot exhibits an adaptive behavior without the help of a dedicated
brain. Reactive materials are enough to unlock morphological computation.

Fig. 3 displays spacetime diagrams of all run champions successfully exhibit-
ing different adaptive behaviors. Each run champion is drawn in a different color
and the average normalized space traversed by run champions in each plot can be
seen in the bottom right corner. We see that given adequate environmentally-
sensitive building blocks to work with, evolution can find morphologies that
exhibit various adaptive behaviors – responding to stimuli in different ways via
shape change alone (without a learned and/or stimuli-aware controller).



No-brainer: Morphology-driven Adaptive Behavior 7

Fig. 4: Performances of run champions from 10 independent runs with a 10× 10
bounding box. Symmetric robot behaviors are grouped by the pattern of their
movement direction across stimuli (e.g. LRLR and RLRL are both represented
as XYXY). Colors represent the number of stimuli a robot’s morphology adapts
to. Each data point is plotted and mean values are marked with an ’x’. Behaviors
are separated with empty columns based on statistically significant performance
differences (at P < 0.001) – each distribution in a group is statistically signif-
icantly better compared to each other distribution belonging to any group to
their right. Bounding boxes of size 5× 5 and 7× 7 are qualitatively consistent.

To analyze the effect of different behavior patterns, we group the run champi-
ons from independent runs based on the directions of their movement trajectories
across the 4 stimuli. For this analysis, we group behaviors that are symmetric
in the x-axis (e.g. LLLL and RRRR are grouped as XXXX, LLRR and RRLL
are grouped as XXYY, etc.) as the challenge of achieving symmetric behaviors
is equal. As can be seen in Fig. 4, robots ignoring both stimuli and moving in
the same direction throughout (behavior XXXX; mustard color) are able to lo-
comote further compared to robots that exhibit a sensory-dependent behavior.
Similarly, robots that respond only to a single stimulus (behavior patterns XXYY
and XYXY; light blue color) perform better compared to robots adapting their
behavior following both stimuli (green). As expected, there is no statistically
significant difference between following the first stimulus (XXYY) or the second
(XYXY). Adapting behavior only when one of the two stimuli is present but not
both (behavior XYYX; right-most green) is harder compared to all other be-
haviors that use both stimuli (other green). Interestingly, this behavior (XYYX)
is analogous to XOR and XNOR binary boolean functions, which are the only
ones that are not linearly separable. All comparisons are statistically significant
at the level of P < 0.001 and hold for all experimented bounding boxes.
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Fig. 5: Top row High-level schematic of the swarm (left) and its inner wiring
(right). Lines connecting to robots from the left represent stimuli and the ones
on the right represent outputs. We assume that the behavior of one robot could
determine the stimulus of another.Bottom row The behavior of each robot with
respect to their immediate stimuli (left) and the behavior of the starred robot
with respect to swarm stimuli (right). While each robot successfully performs the
behavior that it evolved for with respect to its immediate stimuli, examination
of the selected robot with respect to swarm stimuli shows complex behavior that
would otherwise require memory to exhibit.

4 Making a Swarm for More Complex Behavior

The above section demonstrated the evolution of robots exhibiting adaptive
behavior in response to the two stimuli. To the best of our knowledge, this is the
first example of a closed-loop fully-morphological behavior in evolved robots. The
simplicity of the chosen behavior (more right or left) allows us to clearly see how
shape change due to the stimuli-sensing materials affects the robots’ behavior.
But this also invites a thought experiment: how could this proof of concept scale
to create complex “intelligent” behaviors from this simple framework?

In this section, we study how these robots can be grouped to create a swarm
exhibiting more complex behavior. As a proof of concept, we use a subset of
previously evolved robots and hand-design the swarm to show a certain behavior.

We start with an observation. Given the binary nature of the stimuli and the
possible behaviors of the robot (moving in a positive or negative direction on
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the x-axis), the robots could be considered implementing logic gates from the
perspective of an outside observer. Above, we evolved robots implementing all
possible boolean functions by evolving an archive of robots exhibiting all possible
behaviors (Fig. 3). For instance, if we assume that a robot moving in the positive
x direction on the x-axis is outputting a 1, robots exhibiting the RRRL behavior
can be considered as implementing the NOT-AND boolean function.

We can organize robots, by assuming that the behavior of one robot could
determine the stimulus of another robot. While this is arbitrary given our manu-
ally and abstractly designed stimuli, it’s not a great stretch of the imagination to
envision some analogous physical or chemical sensory apparatus that would al-
low voxels to sense the relative change in distance of a neighboring robot similar
to how animals do (e.g. it became “louder” or its “smell” became stronger).

To demonstrate a more complex function derived from these morphological
logic gates, we manually design a swarm implementing a D-type latch1. Fig. 5 top
left, shows the schematic of the swarm from an outside observer’s perspective.
The swarm consists of a single robot with behavior RRLL (leftmost robot, im-
plements AND gate), and four robots with behavior RRRL (implement NAND
gate). The swarm has two swarm stimuli, observed by three of the robots. The
rest of the stimuli that robots observe are determined by others’ behavior. The
inner wiring of the swarm can be seen in Fig. 5 top right, where wires on the left
side of the robots represent stimuli and the wires on the right side of the robots
represent the output of the robot (which determines the stimulus of another
robot). If a robot’s center of mass has moved in the positive x direction in the
last actuation cycle it is considered to be outputting 1 and turns the stimulus
on for another robot and vice versa.

We plot the behavior of the swarm as a spacetime diagram in Fig. 5 bottom
row. The behavior of each individual and their immediate stimuli can be seen
on the left. As expected, robots successfully perform the behaviors that are
evolved for, seamlessly responding to changing stimuli patterns. However, if we
observe the behavior of the starred robot (top-right robot) with respect to swarm
stimuli (as opposed to the robot’s immediate stimuli) in Fig. 5 bottom right, we
see that the robot is moving following the swarm stimulus 1, only when the
swarm stimulus 2 is present, otherwise the robot keeps moving in the direction
of last observed swarm stimulus 1. Given the right frame of reference (observing
the robot’s behavior with respect to the swarm stimuli) and certain assumptions
(behavior of one robot determining the stimulus of another), we show that robots
exhibit complex adaptive behavior, without any separately postulated brain,
that would typically require memory to achieve. This achievement is, certainly,
not a surprise, given the equivalence of robots’ behavior with boolean functions.
Once we have robots that can implement the NOT-AND function, we could build
a swarm that would perform any computable behavior. We leave the design of
such swarms as an exercise for the reader.

1 While we hand-design the swarm as a proof of concept, one could evolve the design
of the swarm towards achieving any target behavior as well.
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5 Discussion

The above results demonstrate “intelligent” morphological computation that
adapts the robot’s behavior via stimuli-educed shape change rather than by
a dedicated control or brain-like mechanism. While we feel that this proof of
concept is an important, and hopefully entertaining, demonstration, we fully ac-
knowledge that the most complex and adaptive behaviors in natural systems are
not fully morphological, but are an interplay of embodied cognition connecting
the body and the brain.

Recent literature had demonstrated the challenges of brain-body co optimiza-
tion and noted fragile co-adaptation to be a major challenge of evolving these
systems [8,29], further suggesting that increasing the adaptability and robust-
ness of the brain and body to modification in the other could result in less fragile
and thus more effective brain-body systems [10,28]. We hope that by creating
more intelligent and adaptive bodies, this work helps to open doors to transfer
additional computation to the morphology and enable less fragile co-adaptation.

Lastly, we want to connect this research to recent ideas in artificial and
natural evolution. Specifically, it has been argued that a key feature of natural
evolution is that it works with material that is active. Cells that already have an
array of functionalities come together to create multi-cellular structures, tissues,
organs, and systems, creating a “multiscale competence architecture” where each
scale exploits and regulates the already-existing functionalities of the scale below
to achieve its goals [24]. This is considered to be an important feature of natural
evolution and understanding/exploiting this in artificial evolution could have
substantial effects [6,15]. Inspired by these ideas, here we show a first pass at
demonstrating that simple materials each with straightforward behaviors can be
optimized in their emergent design to result in a complex and adaptive system.
In future work, we hope to examine how we can consider such a system as
a substrate for further evolution (potentially in combination with separately
postulated brain models).

6 Conclusion

We investigate ways in which complex, adaptive behavior can be created in
virtual voxel-based soft robots without the use of a separately postulated brain.
We hand-design simple muscle (that continuously expands and contracts) and
sensory (that expands/shrinks in the presence or absence of a binary stimulus)
voxel materials and show that evolution can create designs that exhibit closed-
loop adaptive behavior, responding to two binary stimuli. Moreover, a swarm of
such robots can exhibit even more complex behavior. In future work, we hope
to study more ways of creating adaptive and complex behavior.

Acknowledgements This material is based upon work supported by the Na-
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by NSF Award No. 1827314.
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16. Hauser, H., Ijspeert, A.J., Füchslin, R.M., Pfeifer, R., Maass, W.: Towards a theo-

retical foundation for morphological computation with compliant bodies. Biological
cybernetics 105, 355–370 (2011)

17. Hornby, G.S., Pollack, J.B.: Body-brain co-evolution using l-systems as a gen-
erative encoding. In: Proceedings of the 3rd Annual Conference on Genetic and
Evolutionary Computation. pp. 868–875 (2001)

https://www.youtube.com/playlist?list=PLAuiGdPEdw0iyApypcLk_xBKjLchQM-Mg
https://www.youtube.com/playlist?list=PLAuiGdPEdw0iyApypcLk_xBKjLchQM-Mg
https://doi.org/10.3390/biomimetics8010110
https://doi.org/10.7551/978-0-262-33936-0-ch042
https://doi.org/10.1098/rsif.2017.0937
https://doi.org/10.7551/978-0-262-33936-0-ch043
https://search.library.wisc.edu/catalog/999718190702121
https://doi.org/10.31219/osf.io/sp9kf


12 A. Mertan and N. Cheney

18. Joachimczak, M., Suzuki, R., Arita, T.: Artificial metamorphosis: Evolutionary
design of transforming, soft-bodied robots. Artificial life 22(3), 271–298 (2016)
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