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Robots in invertebrate neuroscience
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Can we now build artificial animals? A combination of robot technology and neuroethological knowledge is
enabling the development of realistic physical models of biological systems. And such systems are not only
of interest to engineers. By exploring identified neural control circuits in the appropriate functional and
environmental context, new insights are also provided to biologists.

I

f we understand how an animal
controls its behaviour, and
comparable
technology
is
available, it should be possible to
build a robot that behaves the
same way. Recent advances in both
knowledge and technology have begun
to make this possibility a realistic aim
in invertebrate neuroscience. We have
computing power of similar capacity
to the nervous systems of insects, and
can reproduce at least some of the
capabilities of their sensor and
actuator systems. Investigation of the behaviour and
neurophysiology of invertebrates has produced
sensorimotor ‘circuit diagrams’ to copy. There is now a
growing number of studies in which hypotheses for the
behavioural function of neural circuits are tested by
implementing them as controllers for robots and
evaluating the robot behaviour. Often such work reveals
just how little we really know, but the results are
nevertheless generating relevant insights into biology, not
just robot engineering.
Several groups have been pursuing this approach for
some time, such as Franceschini and colleagues1–4 in their
investigation of fly visual navigation, and Cruse and associates5,6 studying gait control in stick insects. Robot modelling
has been used to explore the function of identified neural
elements within the overall context of required behavioural
output. For example, work on the ‘Sahabot’7,8 has copied the
navigation capabilities of the Saharan desert ant
Cataglyphis9 using polarized light detectors based on the
properties of polarization-sensitive interneurons characterized by Labhart10. Similarly, the dendritic processing
thought to underlie the ‘looming’ detection of the lobular
giant movement-detector neuron in the locust11 has been
tested on a robot12. A slightly different approach is illustrated in a robot model of chemotaxis of nematode worms13, in
which the sensor and motor mechanisms of the worm were
represented by robot equivalents (Fig. 1) and the neural
controller tuned by an automatic adaptive process. Biological mechanisms of adaptation are themselves studied in
some robot implementations, such as the investigation of
the effectiveness for robot learning of mechanisms of
habituation and sensitization based on the gill-withdrawal
reflex in the sea slug Aplysia14.
Although much of the contribution of this work in
clarifying and evaluating hypotheses is similar to more
conventional modelling, it differs in some important

respects. Robots are required to exist
within, and interact with, the real world,
unlike the simplified representation of
the world used in typical computer simulations. This prevents unrealistic
assumptions about the available
environmental signals, the nature of
‘noise’, or how the consequences of
actions on the environment might interact with the behaviour. Robots can
potentially be tested in the same natural
or experimental situation as the animal
itself — for example, the ‘robolobster’15,16 was built to do chemotaxis in the same flow tank as
real lobsters, producing a better understanding of the nature
of the complex chemical plume they track. Robots may also
be able to represent more realistically the physics of sensors
and actuators by using physical copies of them. Researchers
in insect walking have built robots with the same body plan
as cockroaches17,18, and the antennae sensors of a real moth
have been used as input devices to a robot19.
A computer simulation can sometimes include more
realistic detail or represent lower-level mechanisms than a
robot. Nevertheless, it is becoming more common within
biology to complement simulation models with physically
embodied ones, so obtaining different perspectives on a
problem. A more wide-ranging review of the approach can
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Figure 1 A robot model of chemotaxis of a nematode worm. Schematic
representations of a, the nematode, and b, the robot, showing how
sensory and motor systems correspond. Signal intensity is detected at a
point x, y; the direction of movement  is controlled by head angle and the
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speed v by body thrust. Reprinted with permission from ref. 13.
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be found in refs 20 and 21. Here I focus on work in several areas
where the neural circuits are as well explored as any in neuroscience,
to show some of the insights derived from the holistic, embodied
view that robots provide, and how they can produce predictions for
neurophysiology. I will also discuss why invertebrate neuroethology
seems particularly well suited for the robot modelling approach,
providing an opportunity for real progress on issues that will translate to the wider context of behavioural neuroscience.

Robot phonotaxis
Many mobile robots have been built with generic ‘taxis’ capabilities
to approach sensory sources, often inspired by the ‘thought experiments’ described by Braitenberg22. Taxis behaviours have also been
well studied by neuroethologists, and there is much specific data
available about particular animal responses to particular signals,
and the neural pathways involved. Consequently this would seem a
promising area for robot modelling. Cricket phonotaxis is one
example where the behaviour, neuroanatomy and neurophysiology
have been studied for many years23–28. Robotic implementations of
this system have been investigated over the past decade29–32, and
improved copies of the sensory and neural processing mechanisms33
now allow us to draw direct comparisons to the cricket.
Female crickets can locate a mate by orienting towards the
species-specific calling song produced by the male. The cricket’s ears
are connected by a tracheal tube and thus function as pressure-difference receivers. That is, the vibration of the ear drums is the sum of
direct and delayed inputs and hence is dependent on relative phase,
which varies with sound-source direction for a given wavelength34.
The resulting difference in vibration amplitude between the ears is
neurally encoded both in spike rate and spike onset latency. The
characteristic temporal pattern of the sound is preserved in the spike
pattern of auditory neurons and interneurons25,35. The question is
how the subsequent neural processing can filter the pattern to
recognize the song and compare the difference between the ears to
determine the direction of the singer.
The main hypothesis tested on the robot so far is that the tasks of
recognition and localization may be closely interlinked. For example, using an electronic circuit to model the tracheal delays in the
cricket auditory system, it was shown that a selective approach to
particular carrier frequencies can result from tuning the delays to
give maximal directionality for particular wavelengths of sound31.
Use of a spiking neural network, which mimicked the temporal
coding properties of identified auditory interneurons, showed that a
circuit reacting to the relative latency of activation on each side
would respond only to particular temporal patterns, in a way that
resembled the female cricket’s preference33.
Using a robot demonstrated that this explanation of phonotaxis is
viable for a real sound source in a noisy environment. It was also relatively straightforward to test the model with multiple sound sources,
repeating experiments carried out on the cricket to look at the choice
between similar but not identical songs, the behaviour when a song
was played directly above the robot, and the reaction to a song split
between two directions. The robot results were surprisingly similar to
the cricket in the first two cases, suggesting that no additional recognition or decision mechanism is needed to explain these behaviours.
But the results differed in the case of split song, highlighting some
limitations of the model and directions for further work.
The cricket robot is intended as a test-bed for evaluating
hypotheses, rather than as an engineering project with a fixed target.
For example, a well-characterized pair of mutually inhibitory
auditory interneurons in the cricket was not included in the model
described above. How these connections might change the
functionality of the system is the subject of current investigation
focusing on the problems of more realistic sound fields. This means
testing the robot outdoors, dealing with a large range of signal
amplitudes, background noise and signal distortion from reverberation. It would be difficult to build adequate simulation models of
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such environmental factors, but they can be easily replicated in the
real world. Phonotaxis outdoors also raises the problem of how the
auditory response can be integrated with other sensorimotor
responses needed for movement through a complex environment.
Some work in this direction is discussed below.

Robot optomotor reflex
One of the best studied areas in invertebrate neuroscience is the
sensory system underlying visual motion perception in insects, so it is
not surprising that this is also an area in which a number of robot
models have been built. Several authors3,36,37 have speculated on how
some rather simple but clever algorithms apparently used by insects
could be adopted for controlling mobile robots, and a number of
systems have been implemented. Additionally, some new discoveries
in biology have been made as a result of the task-oriented perspective
enforced by robotics. For example, an insect (or robot) can use
motion parallax as an efficient way to avoid collisions in cluttered
environments2. However, such a means for detecting obstacles has
the drawback that the range of effective vision decreases as the visual
axis approaches the line of travel (that is, obstacles directly ahead are
the hardest to see). One solution is to oscillate the direction of motion
(producing a zig-zag path) or make scanning movements of the eye
itself. Lewis38 reports examples of zig-zag paths in insects and uses
this behaviour successfully on a robot to navigate through a field of
obstacles. And in a detailed investigation of the compound eye, motivated by the results of robot modelling, Franceschini and Chagneuz
report39 a muscle and tendon system behind the fly’s eye that could
produce the required scanning movement. A microscale sensor has
been built based on this principle40.
A recent study with a number of interesting features is the
implementation of an optomotor aVLSI (analog very-large-scale
integration) chip by Harrison and Koch41,42. They use a new technology to build a physical replica of the insect’s visual motion detection
system, and test it by direct substitution for the insect in an experimental apparatus, and by controlling a mobile robot in an everyday
environment. The technology, pioneered by Carver Mead43, uses
transistor circuits in the sub-threshold domain to do highly efficient,
specialized calculations that exploit the inherent exponential
dynamics of the silicon substrate. Harrison’s circuit implements the
Hassenstein–Reichardt44 model of elementary motion detection.
Each detector correlates the response at one photoreceptor with the
delayed response from a neighbouring receptor. This is implemented
on the chip by a multiplier operation on signals delayed by inherent
lags in temporal low-pass filters. By subtracting the outputs of
detectors for opposite directions, a strong direction-selective
response is produced. Summing the response across all the detectors
provides a signal representing full-field motion, which resembles the
response of certain tangential cells in the lobular plate of the fly brain.
This output is a measure of self-rotation, and is used by the fly to
produce compensatory torque responses to correct deviations in
heading direction — the well-known optomotor reflex.
The advantage of reproducing this model in hardware is that it
performs the computationally demanding task in real time, with very
low power consumption, using parallel analog computation to
reduce the large bandwidth of visual input to a single, meaningful
output. Hence it is possible to test the response of this system with
stimulation identical to that used for experiments on the fly. The fly’s
optomotor response is often tested in a closed-loop flight simulator,
in which the torque movements of a tethered fly in response to visual
motion are fed back to control the motion of the visual scene. In this
situation, flies can compensate for an imposed drift in the direction
of motion (Fig. 2). Individual trials show a characteristic oscillation
in torque during this behaviour. If the fly and the torque meter are
then replaced by the optomotor chip, so that it receives the equivalent
visual stimulus, the output from the chip can be used as a torque signal fed back to the flight simulator. In this situation, similar compensation for the imposed rotation was produced (slightly larger drift is
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Figure 2 Replicating an insect’s visual motion detection system using an optomotor chip. a, Experimental set-up used to test the optomotor response in the fly and in a model
implemented on a silicon chip in aVLSI. b, The fly can produce torque that stabilizes the visual environment (thick line) against imposed drift (thin line); the chip produces similar
results. Reprinted with permission from ref. 41.

recorded for the chip, but this is most likely a consequence of the
much smaller visual angle it sees compared with the fly). This indicates that relatively straightforward connections between the output
from the fly’s tangential cell and its motor system are sufficient to
explain this behaviour, without additional processing. Moreover, the
same oscillatory behaviour was also observed, suggesting that this is a
natural result of the inherent feedback lags in the system.
The optomotor chip is straightforward to interface to a real
motor-control mechanism such as a mobile robot platform. This
enables the same circuit to be tested with realistic natural input and
feedback simply by driving it around in an everyday environment45.
The output of the motion processor is sufficient to instantaneously
correct for as much as a 5:1 bias in left–right motor gearing, converting tight-circling behaviour without the optomotor control into
straight-line motion. An unexpected bonus is that interfacing this
sensory capacity to the cricket robot is also simple, allowing tests of
how these behaviours might best be combined.

Combining sensorimotor systems
The examples so far illustrate the use of robots to investigate singlemodality sensorimotor systems. A necessary advance is to use
embodied models to address more complex behaviours, such as the
combination of output from several systems. To take a specific case,
can the stabilizing optomotor signal be used to improve the directness of approach to a sound source, or would the sensory systems
interfere? Studies on the cricket suggest that it does more efficient
taxis in the light than the dark46. Böhm, Schildberger and Huber47
recorded the orientation behaviour of crickets when an optomotor
stimulus was varied in direction and amplitude in the context of a
specific phonotaxis stimulus, and vice versa. They found “a turning
tendency that can be explained as the weighted sum of the turning
tendencies evoked by the two individual stimuli”. Taking this as a
starting point, Webb and Harrison48 assessed the effectiveness of
such a mechanism for controlling a robot equipped with both
phonotaxis and optomotor systems.
The output from the network model of phonotactic processing
was motor commands to change the speed of the robot’s left and right
wheels, either making a turn towards the sound or moving forward.
The optomotor chip output was added to this at the motor command
stage by increasing the speed of one wheel and decreasing the other
by an amount proportional to any detected visual rotation.
It quickly became clear that a problem with just adding these two
outputs is that if the robot turned in response to a sound it would
immediately turn away again in response to the optomotor signal
NATURE | VOL 417 | 16 MAY 2002 | www.nature.com

produced during the turn. Indeed, the potential for interference of
‘automatic’ corrections with ‘intended’ deviations is a well-known
problem, having inspired the concept of ‘efferent copy’ as a solution.
This is the proposal that a signal corresponding to an intended
motor command is sent directly to the sensory system to cancel out
the expected sensory feedback from that motor action.
A simpler solution than this — just inhibiting the optomotor
response during turns in response to sound — was found to be
sufficient. In trials using real sound sources and an everyday visual
environment, the robot was able to correct for a motor bias while
approaching the sound source48, and including the optomotor control resulted in a significant decrease in the variance of phonotactic
tracks. This algorithm also produces results consistent with those of
Böhm and co-workers47 for the cricket tested in ‘open-loop’ behaviour on a treadmill, although efferent copy or simple addition are also
consistent with their results, which suggests a more fine-grain analysis
of the response is needed to distinguish between these possibilities.
Two conclusions are evident from these studies. First, a precise
efferent copy is impossible to produce, as it requires the system to
predict the exact visual input that will occur, which is not known in a
natural environment. Second, the temporal dynamics of the
sensory processing and of the feedback through motor actions in
the environment are critical factors to consider in evaluating the
integration of different modalities. Additional constraints that may
come from considering a more neurally plausible implementation
of the integration mechanisms are currently being studied.

Robot escape
The implementation of neural circuits to control a robot places an
emphasis on behavioural output that can sometimes be forgotten in
the detailed analysis of sensory circuits. For example, in investigating phonotaxis it was noticeable that much of the reliability of the
behaviour may be explained by the fact that the animal can
constantly correct its movements during the approach to sound. By
contrast, avoiding a stimulus, although logically the opposite of
taxis, typically requires a different behavioural response.
A cricket stimulated by a puff of air, such as might be created by a
predator’s strike, rapidly turns and runs away from the direction of
the wind, producing a complete behaviour sequence in response to a
short-lived stimulus. The cricket has two rear appendages (the
cerci) covered in hair sensors that detect air movement. The
anatomical layout and neural connectivity of the sensory axons
from the cercal wind sensors has been well described49,50 and a small
number of identified neurons well characterized. These include
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Figure 3 Robot modelling of a cricket’s escape response.
a, The robot with artificial cercal wind sensors. b, The neural
model for the escape response. Giant interneurons (GI) in the
terminal abdominal ganglion (TAG) receive input from cercal
sensory neurons (SN). The trigger pathway integrates the
response and activates the thoracic central pattern generator
(CPG). The motor output is mediated by the direction
pathway. Reprinted with permission from ref. 51.

LGI

MGI

TAG GI
trigger

Cercal SN trigger

four pairs of ‘giant’ interneurons connecting the abdominal
ganglion to the motor areas of the thoracic ganglion, which are
involved in initiating and steering a rapid escape. Chapman51 has
built a set of direction-sensitive wind sensors that resemble the hair
sensors on the cricket’s cerci (Fig. 3a), and modelled the neural
system using a dynamic spiking neural simulation (Fig. 3b) to
produce a cricket-like escape response in a robot.
In this model, the neural pathway is divided into a ‘trigger’
system and a ‘direction’ system, which respond to ‘accelerationsensitive’ and ‘velocity-sensitive’ hairs, respectively. The cricket has
cercal hairs that vary in length, resulting in different mechanical
properties, with longer hairs best deflected by a constant wind, and
short hairs by a rapid puff52. The mechanical model hairs (essentially
a fine wire attached to a spring, which when deflected in a specific
direction briefly closes a contact switch) can be similarly classified.
Each closure of a switch is treated as a ‘spike’ from a sensory neuron.
This results in a low-bandwidth signal from an array of sensors that
can be detected and processed at a millisecond timescale.
The neural simulation exploits the robot’s microprocessor for
maximum efficiency while maintaining sufficient detail to copy
appropriate neuron properties. For example, synaptic delays (axon
lengths) are represented by shifting a bit (a spike) along a byte. It uses
a single-compartment neuron representation based on a simplified
‘integrate and spike’ model, and includes synaptic depression and
facilitation effects. At the level of the ‘thoracic ganglion’ (Fig. 3b) the
trigger system integrates sensory input and starts a central pattern
generator circuit for forwards or backwards movement. The direction system modulates this response by inhibiting one side or the
other, causing a turn. The combined output produces different
kinds of turn-and-run sequences, depending on the direction of the
wind stimulus, that closely resemble the cricket’s behaviour53. The
complete network (not shown) includes input from ‘antennae’
(close-range distance sensors), light and sound sensors, enabling the
robot to integrate these other modalities with its escape response.
Thus it can avoid obstacles and follow walls while escaping, show
heightened sensitivity for wind-evoked escape when light or noise
levels are high, and produce an escape response to sufficiently strong
changes in any one of these additional sensory cues.
This robot represents the most complete model of this neural
system to date. It combines in a single coherent circuit many aspects
of escape behaviour that have previously been simulated separately49,54, and places the circuit within the sensorimotor–environment
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loop, generating the complete behavioural response. By combining
physical, behavioural and physiological constraints, particular
solutions to the possible pathways become more plausible than
others. Sometimes simple solutions remove potential problems. For
example, by providing the robot with a cardboard buffer to make its
shape more like the body of a cricket, the need for highly reliable
obstacle detection was reduced as it was less likely to get stuck when it
hit something. Finally, this robot shows a more complex behavioural
output than the largely reactive responses of the systems described
previously, by incorporating mechanisms for context-dependent
plasticity of the response.

Conclusion
Robot implementations have become an accepted method for
exploring issues in invertebrate neuroscience. I have described a few
specific examples in detail, to show how the idea of physical modelling can contribute interesting new insights into neurobiological
systems. Many other invertebrate systems have been explored in this
way, and similar work is being done on a variety of vertebrate systems,
including snakes, rats, fish and humans. But invertebrate systems
have been a particularly successful area for the approach. Invertebrate behaviours tend to be more stereotyped and thus easier to
analyse comprehensively. The number of neural connections
between sensing and action is orders of magnitude less than for
vertebrates, making the possibility of complete pathway mapping
plausible. We should have comparable processing power available in
modern computers to that in insect brains, so failure to replicate
their behavioural capabilities will indicate areas in which we lack
knowledge of how the systems work.
In addition, although the importance of ‘embodiment’ is still
debated for higher cognitive processes, there is little doubt that the
efficient functioning of invertebrates is highly dependent on the
nature of the physical interface between their neural control systems
and their environment. This is an area where robotic models have
particular advantages. In a box-and-arrow, mathematical or
computer model, the included constraints are only those we can
think of in advance. Robot implementations introduce us to
constraints inherent to the sensorimotor problem that we might
otherwise fail to consider.
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