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For many robotics applications, it is desirable to have relatively low-power and efficient onboard solutions. We

took inspiration from insects, such as ants, that are capable of learning and following routes in complex natural
environments using relatively constrained sensory and neural systems. Such capabilities are particularly rele-
vant to applications such as agricultural robotics, where visual navigation through dense vegetation remains
a challenging task. In this scenario, a route is likely to have high self-similarity and be subject to changing light-
ing conditions and motion over uneven terrain, and the effects of wind on leaves increase the variability of the
input. We used a bioinspired event camera on a terrestrial robot to collect visual sequences along routes in
natural outdoor environments and applied a neural algorithm for spatiotemporal memory that is closely
based on a known neural circuit in the insect brain. We show that this method is plausible to support route
recognition for visual navigation and more robust than SeqSLAM when evaluated on repeated runs on the
same route or routes with small lateral offsets. By encoding memory in a spiking neural network running on
a neuromorphic computer, our model can evaluate visual familiarity in real time from event camera footage.

INTRODUCTION

The challenges of robot autonomy have sparked increasing interest
in understanding the efficient and low-power neural controllers that
allow animals to perform robust, adaptive behavior in complex en-
vironments. For example, it has been recently argued (1, 2) that un-
locking the potential of new neuromorphic hardware for robotics
requires a better understanding of the computing principles of
real biological brains. Insect brains in particular (3-7) provide a
powerful combination of efficiency and effectiveness, as well as trac-
tability for understanding and emulating the details of their func-
tional architecture. Here, we provide an exemplar of such an
approach, implementing a network for visual route memory on
neuromorphic hardware that drew directly on recent insights
from insect neuroscience.

Even “simple” animals such as ants can excel at navigation under
natural outdoor conditions, including through dense vegetation,
that still challenge current robots. One problem in such environ-
ments is to recognize previously visited places or traversed routes
as the basis for a navigation system. Vision is frequently used for
this purpose but faces a number of problems, including changing
appearances, lack of any distinctive landmarks, moving vegetation,
and highly similar scenes irrespective of the distance traversed.
Visual place recognition (VPR) research has proposed solutions
to tackle the appearance variance caused by lighting, weather, and
viewpoint changes (8-12). In addition, there has been work on im-
proving computational efficiency so as to run VPR on resource-con-
strained platforms (13, 14). Nevertheless, for applications such as
agriculture, forestry, and environmental monitoring, the current
state of the art (15-19) falls short of the abilities shown by insects.
Specifically, desert ants follow precise routes to feeder locations
many meters away in their desert habitat composed of dense
scrub (20, 21) using visual cues alone (pheromones are unusable
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in the desert heat). Ants learn routes after a single trial and can rec-
ognize familiar locations after arbitrary displacements (solving the
“kidnapped robot” problem). These abilities are robust across
weather and light conditions (22) and support route following at
a higher precision than GPS would allow for a robot.

One key insight from previous algorithmic models of ant navi-
gation is that they do not necessarily need to solve the VPR problem
explicitly by recognizing which place they are in, provided they are
capable of recognizing whether or not a place is familiar. By mod-
ulating their actions in response to the current familiarity of the
view, they can successfully recapitulate previously experienced
routes leading to desired locations (23, 24). One limitation of
models based on this principle (including robotic instantiations)
has been the assumption that the ant stores static “snapshots” of
places along its route. Yet, ants appear capable of creating visual
memories (25-29) and recognizing scenes while in continuous
motion. Insect visual systems are highly sensitive to motion; that
is, they fundamentally experience a spatiotemporal input rather
than static frames (30-32). Some previous models have explored
the use of optic flow images as a basis for recognition of locations
(33, 34). Work in robotics has alternatively shown that matching the
sequence information in (static) video frames during repeated tra-
versals of a route can improve the ability to localize the current po-
sition on the route, even with low-resolution images and changing
light conditions (12, 35-37). There is also some evidence that ants'’
navigational decisions are influenced by the sequence of views they
experience and not just the current view (38, 39). Here we explore
the effectiveness of a route memory based on dynamic visual input
and using event timing in a spiking neural network (SNN) to learn
sequences.

This network model, first described in (40), is closely based on
biology. It follows our earlier work in assuming that the key neural
circuit in the insect brain for learning visual patterns is the mush-
room bodies (MBs) (41). Recent results showing that lesioning the
MB in ants specifically affects performance on tasks requiring
learned (but not innate) visual orientation have supported this
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assumption (42—44). However, computational models based on the
MB (for both olfactory and visual learning) have also mostly used
static input patterns (28, 45—-49) and, for route following, have eval-
uated performances in somewhat simplified visual environments
with little of the variability that occurs in the real world. Our
current model, by contrast, addresses the problem of learning and
recognizing, on repeated traversal, the pattern of input spikes pro-
duced from visual change detection using an event camera (Fig. 1)
on a robot moving distances comparable to those of an ant in a real
outdoor environment with a low-level view of nearby natural
vegetation.

Event cameras [also called dynamic vision sensors (DVSs)] are
inspired by the processing of light in the animal's retina (50): Local
intensity changes are output by each pixel asynchronously in con-
tinuous time in a manner resembling the transient photoreceptor
responses that encode intensity change in natural visual systems
(51). Compared with conventional global shutter cameras, event-
based systems offer high dynamic range, high temporal resolution,
and low latency, leading to their adoption for many computer vision
and robotics tasks [for a recent review, see (52)]. VPR algorithms
have benefited from improved images reconstructed from event
streams (53, 54) or by using the event stream directly in conjunction
with standard sequence-matching algorithms (55) or deep-learn-
ing—based place recognition models (56, 57). More recently, the
first VPR algorithms that combined the address event representa-
tion of event-based cameras with SNNs have been developed (58),
demonstrating their utility for this task. The SpiNNaker neuromor-
phic computing system used in our work can simulate a large-scale
SNN in real time using massively parallel low-power ARM proces-
sors incorporating a globally asynchronous locally synchronous
system (59, 60).
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As described in more detail below, we used this hardware com-
bination (event camera and neuromorphic computing platform) to
implement a biologically plausible model for sequence memory.
The model includes a previously unexplored form of SNN learning,
in which neurons make axo-axonic inhibitory connections that
adapt to the spatiotemporal pattern of spikes. Such axonic lateral
interaction has been found not only in insect MBs (61-64) but
also in many other biological neural systems (65-67) where the
output of one neuron can effectively shut down the output of
other neurons (Fig. 2) (68). We show that, using this model, it is
possible to detect the familiarity of a visual stream, which could
be used to maintain a course along a familiar trajectory.

RESULTS

Mushroom body SNN

In the previous image-matching model based on the MB circuit
structure (41), visual patterns (image frames) formed a retinotopic
pattern on a layer of visual projection neurons (PNs) that then fan
out, with random connectivity to a much larger number of Kenyon
cells (KCs). This produced a relatively unique sparse pattern of KC
activity for any visual scene. This pattern was learned, for selected
visual scenes along a homeward route, by reducing the excitatory
weights from KCs to a single MB output neuron (MBON) when a
reward signal is given. Subsequently, a familiar (learned) view pro-
duced alow MBON output, which could be used to guide direction-
al decisions.

The current neural model (Fig. 3), first presented in (40), has a
similar PN layer, this time activated by the event camera output and
down-sampled in space and time. There is a similar fan-out to KCs,
which again converge to a single MBON that should signal famil-
iarity by reduced activity. However, the learning mechanism was

Fig. 1. Robot hardware and event-based video. (A) The mobile robot was constructed from a TurtleBot3 Burger with a DAVIS346 event camera. A SpiNN-5 board (59)
housing 48 SpiNNaker chips was used for simulating our SNN model. (B) The model was trained/tested on data recorded from the robot as it was driven through natural
environments with different levels of visual clutter. (C) The camera produces “events” in continuous time whenever a pixel changes intensity. x and y, pixel address; t, time
(nanosecond time resolution from raw DAVIS output); on, dark to bright changes; off, bright to dark changes. (D) Conventional video has static intensity frames at a fixed
rate. (E) Integrating events over a period of forward motion, a scene can be visualized in the movement “frame” from the event camera. Red and blue colors are polarities

of events as shown in (C).
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Fig. 2. Axo-axonic connection. Canonical axodendritic synapse and non-canonical axo-axonic synapse depicted through schematic illustrations (A and C) and electron
micrographs of axon fiber slices (B and D). The axo-axonic triad describes a configuration in which a neuron (green) synapses on both the presynaptic element (blue) and
postsynaptic target (yellow) of an axodendritic or -somatic synapse. In this work, we modeled how a KC (green) can learn to inhibit another KC's (blue) excitatory output to
MBON (yellow) so as to generate a lower output when the network comes across a familiar visual motion pattern. Figure reproduced from (68)() with permission granted

(copyright: 2020 Wiley Periodicals LLC). Original micrographs (B) and (D) were from (106) and (107), respectively.
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Fig. 3. Mushroom body SNN (MBSNN) encodes spatiotemporal memory as KC-KC inhibition. (A and B) Event stream input from the camera is firstly down-sampled
in both spatial and temporal resolution. Down-sampled megapixels one-to-one map to the PNs in the MB network. (C) MB network structure. Eight hundred and forty PNs
make sparse random connections to 4000 KCs, which converge on a single MBON. (D) Modified STDP learning rule for KC-KC inhibition. (E) Example of a KC spiking
sequence and how the weights are updated to learn this sequence pattern based on STDP. The nearer in time (within 50 ms) the KC pair fires together, the stronger the
inhibitory connection from the first to the second in the firing sequence will become. Learned inhibitory weights will also be weakened if the pre- and postsynaptic
neurons fire in reversed order. After learning, when the same visual flow occurs, the KC firing sequence will be the same. Excitation from KCs to MBON will be shut down
because of the inhibition generated precisely for this sequence. The MBON output can thus be interpreted as the (un)familiarity between current visual flow and stored

memories.

altered. Instead of depressing the KC-MBON connection weights,
we introduced KC-KC inhibition and adapted the strength of the
inhibition using spike timing—dependent plasticity (STDP) (69).
This allowed the circuit to learn the spatiotemporal pattern of KC
spikes produced when the robot moved along a route segment. If the
same pattern occured (for example, when retraversing the route),
the increased KC-KC inhibition reduced the overall input from
the KCs to the MBON, signaling familiarity.

In the work published in (40), we simulated the MB model using
Python-based simulation tool Brian2 (70). With 10,000 KCs, the
whole network needed more than 20 min of run time to process a
2-s event stream recording, making real-time closed-loop robot
control impossible. Here, to speed up the SNN simulation, we
used the neuromorphic computing platform SpiNNaker (59, 60).
To run the model on SpiNNaker, it had to be completely reimple-
mented using the sPyNNaker software package (71), and this neces-
sitated substantial changes. Brian2 has the flexibility of defining
neuron models and synapse models using any user-proposed

Zhu et al., Sci. Robot. 8, eadg3679 (2023) 27 September 2023

mathematical equations, which is not supported by sPyNNaker.
As a result, the neuron model, synapse model, and the STDP learn-
ing rule had to be adapted from our previous work to be compatible
with the default models offered by the SpyNNaker package. On the
48-chip board (SpiNN-5), the network capacity was limited by the
local memory on each core and time constraints in simulation. Con-
sequently, the network was reduced from 10,000 to 4000 KCs.

An important additional modification was to introduce adapta-
tion to the PN layer. This addressed the variability that we observed
in the input for different environments (and sometimes different
areas in the same environment), which could produce very different
rates of input events. Initially, this required hand-tuning parameters
for each environment. We used an adaptive leaky integrate-and-fire
(LIF) neuron model (72) to model PN responses. We found a trade-
off in using adaptive neural responses: On one hand, improved gen-
eralizability from normalized network activity against varied input
in different environments; on the other hand, temporal dynamics
caused the network activity to be less deterministic on its current
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Table 1. Parameters of neuron models. Names of parameters are
consistent with the default variable names in sPyNNaker wherever

possible.
Neuron
Parameter PN KC MBON  Units Description
Viest —-60.0 —80.0 -56.7 mV Resting membrane
potential
GlE 15.0 6.0 12.0 pF Capacity of the
Tm/Rim) membrane
Tm 20.0 10.0 16.06 ms Membrane time
constant
Trefrac 20 20 0.1 ms Duration of
refractory period
Tyle 5.0 5.0 1.0 ms Decay time of the
excitatory
conductance
Wil 5.0 1.5 1.0 ms Decay time of the
inhibitory
conductance
Ioffset 0.02 0.0 0.0 nA Offset current
Vihresh —-35.0 —40.0 -35.0 mV Spike threshold
Vieset —-70.0 -90.0 -70.0 mV Reset potential

after a spike

input. This is because the adaptation accumulates over time, and
then the network generates different spike train patterns when
seeing the same visual flow but with different preceding visual ex-
periences. Overall, the advantage of being able to use the same pa-
rameters across environments was considered more crucial to
demonstrate the robustness of the approach. Neuron parameters
were set on the basis of calculations and electrophysiological data
(see Table 1) (73-77).

Some effort has been made to interface event-based cameras
with SpiNNaker boards using either an Ethernet port (with some
delay) (78) or a field programmable gate array—based SpiNN-link
port (in real time) (79). However, because of some ongoing software
compatibility issues, we have not solved the real-time interfacing
problem to close the control loop. Thus, in this paper, we demon-
strated real-time offline processing in which the simulation time is
the same as the input time length; in other words, the MB model
processes 1-ms visual input in 1-ms simulation time on the SpiN-
Naker board. In principle, this means that a robot with this hard-
ware could react in real time according to the instantaneous
familiarity signal output produced in response to the event
camera input.

Test environment

Outdoor tests were carried out in three different environments with
varied vegetation heights (Fig. 4A). In each environment, we ran the
robot on straight routes of 6 m between rows of plants. We note that
4 to 12 m is a typical range over which ant visual route navigation
has been observed and models tested. Experiments (80) show that
ants rely more on path integration for longer distances (>7 m) es-
pecially when the two cues are competing. In the middle height en-
vironment, we also ran shorter offset routes (1 m). The dataset is

Zhu et al., Sci. Robot. 8, eadg3679 (2023) 27 September 2023

available at https://doi.org/10.5281/zenodo.8289547. To ensure
smooth running of our wheeled robot, we placed wooden boards
on grassy and muddy ground. Note that in the preprocessing
stage, the lower part of the frames was chopped to get rid of the
wooden board in the camera view. Compared with the indoor en-
vironment that was used in our previous work (40), outdoor visual
surroundings became more cluttered, which meant denser visual
input for the same length of robot movement. Apart from the
visual environment change, the uneven grassy outdoor ground chal-
lenged our wheeled robot. Even running on paved wooden boards,
the unavoidable shake of the robot and camera introduced more
noise motion and thus more noisy event input. The noise motion
from the camera shaking altered the visual flow input for repeated
runs in the same location. Other factors, such as leaves moving in
the wind and lighting changes during the day, also added potential
noise and increased the difficulty of route recognition.

Recognizing routes

Although our MB model supported online learning, because of the
insufficient computing power of the robot’s onboard computer
(and unexpected technical hurdles for real-time integration of the
event camera to the SpiNNaker board), we decided to collect the
event video and perform all learning and testing offline. In offline
learning, we replayed one event video while the plasticity of KC-KC
connections was turned on to generate KC-KC inhibition that
adapts to the visual motion input. In testing, the KC-KC plasticity
was turned off, and the MBON output change due to learned KC-
KC connections was used to indicate the similarity of the test input
(either the same or a different event video) to the learned input. In
the examples shown in Fig. 4, we learned different parts of the route
(the first 2 or 3 m or 2 m in the middle) and compared the response
of the MBON in this learned segment to the remainder of the route,
which had not been learned. Our model was able to recognize
learned motion patterns (shown as strongly reduced MBON activity
in the pink segment) from unlearned ones in various environments.
Stretching or compressing the input time dimension without
changing the dynamics of the spiking network shows that recogni-
tion generalizes to this simulated change in robot speed.

Recognition after offset

Successful route following requires that the same route traversed
again is still recognized. In practice, a robot running on the same
trajectory will not do so precisely, and the noise from camera
shake and changing environmental conditions will contribute to
input variation between runs. Also, small lateral displacements
should not result in complete unfamiliarity, and, indeed, a gradient
of increasing unfamiliarity for further displacement from the route
can be used as a signal to guide the robot back toward the route
because it creates a “valley” for the robot to follow [see (47)]. In
this offset test, we ran the robot on the same route multiple times
and introduced parallel displacements to test the spatial extent of
familiarity recognition (Fig. 5). To evaluate for multiple trials and
displacements and compare different algorithms, we defined a fa-
miliarity threshold and assessed the rate of true and false positives.

Benchmarking against SeqSLAM and perfect memory

SeqSLAM (35, 81) is a well-known VPR algorithm that calculates a
locally enhanced difference matrix and selects the best matches only
in a short sequence of images. To compare performance, we ran
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Fig. 4. Route segment learning in three outdoor environments. (A) Photographs showing vegetation with varied height (H) and planting density. (B) In the DVS
camera view, red and blue dots are on and off events. Frames were cropped to get rid of some parts of the sky and ground. (C and D) In each test environment, a visual
flow pattern was collected while the robot traveled through the vegetation on a straight route (6 m). After learning the visual flow pattern from a route segment [2 m in (C)
and 3 m in (D)], the whole route pattern was replayed to the trained network. The MBON activity (membrane potential) was lower for learned segments (yellow) than for
unlearned ones, signaling familiarity. (E) The adaptive PN response kept similar generalized activity against input variation so as to maintain robustness in all three
environments. (F and G) By distorting the time axis of the visual input, speed variation can be simulated. After learning the original speed (x1.0 = 0.2 m/s), increased
or decreased speed tests also detected the learned segment as familiar. This works because in our two-compartmental model, KC axonic inhibition brings the postsyn-
aptic axon membrane potential down, which cancels the excitation from PNs. Increased speed (compressed time axis) leaves a shorter time for the KC axon membrane
potential to climb up to resting potential, causing stronger inhibition.
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Fig. 5. Offset tests. (A) In the H =1 m environment, we recorded parallel offset routes at 0.1-m intervals, each 1 m long. The robot recorded each route three times. (B)
After learning on the most central route, tests were conducted on all 27 displacement routes. The averaged MBON spiking rates over each run before (MBON Rate B) and
after learning (MBON Rate A) are plotted. Familiarity (%) was calculated using (MVBON Rate B — MBON Rate A)/MBON Rate B, showing how much the MBON spiking rate
dropped because of learning. (C to F) Instead of learning the whole short route, the first half of the route was learned and tested by replaying the complete route (1 m). (C)
MBON membrane potential after learning shows the different responses for learned and unlearned segments. (E) The orange MBON spiking rate shows network output
before learning (MBON without KC lateral inhibition). The blue (MBON-A) rate is the after-learning MBON spiking rate, used as the familiarity score, F. (D) SeqSLAM can
correctly match the query to an identical reference image set (note only half of the images are learned). We adapted SeqSLAM (see Materials and Methods) to obtain a
similar F score. (F) After getting the familiarity index for both algorithms, a variable threshold was applied to calculate the TPR and FPR to further plot the ROC curves

in Fig. 7.

SeqSLAM on our dataset using standard greyscale images collected
simultaneously with event streams (for results using the event data
for SeqSLAM, see the Supplementary Materials). SeqSLAM aims to
match each query image to the learned reference images to get the
image index (or sequential information in a video) of each query,
whereas our model only identified the familiarity of the current
input based on learned memory. Thus, we adapted the algorithm
of SeqSLAM to calculate the familiarity of each query image by ig-
noring the location of the reference image at the final match step
and only using the match score as a familiarity index. As an alter-
native comparison, we used the “perfect memory” (PM) benchmark
to represent the potential performance of previous MB models
based on static snapshot memories (24). This also compares a
query image to all learned reference images (by direct pixel-pixel
differencing) and takes the minimal difference as the familiarity
score. Essentially, this is equivalent to SeqSLAM with the local se-
quence search distance set to one. For these benchmark tests, we
plotted receiver operating characteristic (ROC) curves to visualize
the performance of the algorithms. We calculated the area under

Zhu et al., Sci. Robot. 8, eadg3679 (2023) 27 September 2023

the curve ROC (AUC-ROC) to assess the performance across a
range of conditions and repeated trials.

An AUC-ROC score of 0.5 means that the recognition is no
better than a random guess. Although SeqSLAM can perform
well in recognizing a previously traversed location regardless of
lighting or weather change (35, 81), in our test, it only gave good
results when the reference and query data were the same, that is,
the identical sequence was replayed. Input changes caused by retra-
versal of the same route degraded the performance (AUC-ROC of
SeqSLAM was already near 0.5 with 0-cm offset), and small spatially
offset routes (10 cm or more) were unrecognized by SeqSLAM. The
fall in recognition score was more gradual for MBSNN. After a 30-
cm offset, none of the algorithms could recognize the route as
learned or familiar. The drop of AUC-ROC to below 0.5 for large
offsets (70 or 80 cm) in MBSNN was caused by the unbalanced dis-
tribution of vegetation (see the Supplementary Materials for more
details). An additional minor drawback in SeqSLAM is that the very
beginning and the very end of the video could not be put into the
reference image set; in Fig. 5D, when the local sequence search is
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Fig. 6. Adapting SeqSLAM for our benchmark test. (A) In preprocessing, each
image was cropped and down-sampled. (B) Enhance contrast on the absolute diff-
erence matrix between the query images and the reference images to facilitate
sequence search. Darker color means a bigger difference. (C) For the ith query
image, a local difference matrix is selected from the contrast-enhanced difference
matrix, containing ds query images and all reference images. TDS on each local
sequence (blue line) between the range of Vi, and V.« was calculated, and
the minimal TDS (as from the best local sequence) was set as the match score
(Sy) for the ith query image on the j,, reference image. (D) For the ith query
image Q;, the best-matched reference image is where the minimal match score
S stands and its match index F is normalized by the second minimal S. The
second minimal S needs to be out of a selection window to make sure that the
global minimum and second minimum are not neighboring. A global threshold
F», can be applied to filter out weaker matches. In this work, we ignored the local-
ization of the reference image and only used the score F indicating how familiar Q;
is. Figure is based on (35).

over 20 query frames, the first 10 frames have no chance to be
matched. This is not a big issue when the video is long enough
but will be when the local sequence search distance is close to the
whole video length. Our model does nearly immediate recognition
from the beginning of the input and is thus better suited to short
route detection.

DISCUSSION

We have presented an ant-inspired neural mechanism by which
robot route memory based on continuous visual motion can be
stored. The spatiotemporal pattern of spikes produced by an event
camera on a robot moving through outdoor environments could be
learned and recognized as familiar when presented again. Retravers-
ing the route produced a familiarity signal that decreased smoothly
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with the extent of lateral displacement and hence in principle could
be used to keep the robot on the route.

The model used an SNN with 4841 neurons, which we demon-
strate can run in real time on neuromorphic hardware. It is based on
recent neuroscientific data concerning the MB region of the insect
brain, which is known to be responsible for associative memories.
More specifically, it postulates a role for the recently observed, but
functionally unexplained, KC interconnections (61). We assume
that these KC-KC connections provide axo-axonic inhibition,
such that activity in one neuron can block the output of another.
Although observed in several circuits in both vertebrate and inver-
tebrate brains (65—67), this form of neural interaction is not often
considered in standard neural network models or even in spiking
neuron simulators and hardware. As we show, using an STDP learn-
ing rule that increases the inhibitory strength when one KC fires
shortly before another, this architecture is well suited to learning
spatiotemporal patterns such as those produced by dynamic
visual input. The result is that familiar (previously experienced)
visual sequences will produce a low output.

To distinguish learned and unlearned patterns, the key is to gen-
erate an appropriate amount of KC-KC inhibition. Too few altered
KC-KC connections will limit how much the MBON activity drops
for trained patterns, making them hard to distinguish, against a
noisy background, from untrained patterns. Too many altered
KC-KC connections is even worse because the network has so
much inhibition that any input pattern produces a low response,
and again the pattern used for training cannot be distinguished—
the network has exceeded its capacity to hold distinguishable mem-
ories. Instead of using machine learning approaches to train the
network, we calculated the network parameters based on electro-
physiology data. The adaptive PN neuron generalized the network
spiking rate in various environments, providing better robustness
and generalizability. The size of our MB model (only 4000 KCs)
is smaller than those of insect navigators [for example, the honeybee
MB has about 368,000 KCs (82)]. At present, the model attempts to
learn a completely unfiltered stream of events when we turn on the
KC-KC plasticity, but learning in the insect MB is likely to be more
sophisticated and efficient in dealing with redundancies in the
sensory stream. Introducing additional smoothing and motion pro-
cessing layers between the camera output and the MB input is also
likely to be helpful. For example, edge detection or edge-motion
preprocessing might reduce the variability due to lighting. In
insects, there are multiple neural layers of visual processing. Mod-
eling these and other properties of the visual pathway is one of the
obvious next steps for this work (83-86). In short, the memory ca-
pacity of the network can be extended by tuning the learning pa-
rameters so that the weights grow slower, increasing the number
of KCs, selectively learning only useful features, and/or introducing
memory modulation and forgetting. It would then be interesting to
test the memory capacity tuning using a different DVS dataset col-
lected from longer routes with omnidirectional frames (87).

We evaluated the model in a setting that we believe is relevant,
and still challenging, for robot applications such as agriculture. This
is to perform fine-scale route following outdoors through corridors
of dense vegetation. Such a scenario raises many issues, including
high similarity of images along the route, changes induced by small-
scale robot deviations that are inevitable on uneven terrain, and en-
vironmental changes that influence the input. We collected an
outdoor dataset from an event camera (which also recorded
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Fig. 7. Offset routes recognition using MBSNN, SeqSLAM, and PM. (A to D, F to I, and K to N) ROC curves plotting TPR against FPR from MBSNN, SeqSLAM, and PM,
respectively. (E, J, and O) The AUC-ROC plots for all traverses, using MBSNN, SeqSLAM, and PM, respectively. When the query and the reference images were identical [the
same recording from the same route, as in (A), (F), and (K), and box plots labeled “ID"], all three approaches easily classified the query input as familiar. SeqSLAM was not
able to recognize the other traverses from the same route [(G): offset = 0 cm] or for any spatial offsets. PM can perform accurate but not precise detection of familiarity
within 20-cm offset. PM failed to detect familiarity in all cases after normalization, and this was again caused by the high self-similarity of the scenes (see figs. S1, S2, and
S4 for analysis). Our MBSNN model showed a gradual familiarity drop with spatial offset. Note that the drop to below 0.5 at the highest displacements is due to the
unbalanced distribution of vegetation along the routes (see fig. S3). Boxplots show median and quartiles, and whiskers show the max and minimum, with * for outlying

data points.
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conventional video) on a mobile robot traveling short distances
through several different heights of vegetation. Our model
showed successful recognition of learned route segments between
different instances of the same route and a gradual decrease in rec-
ognition as parallel displacement from the route increased. By con-
trast, SeqSLAM in these conditions was only able to recognize the
route if the same video recording was used for training and testing.
One reason for the poor generalization might be the relatively high
rate of image capture of our short outdoor routes. The datasets used
in the original SeqSLAM papers were collected from either a car or a
train over long-distance travel, moving relatively fast compared with
the frame rate. The image frames were consequently rather distinct
in appearance, whereas in our short routes, the similarity between
frames may have been too high for SeqSLAM. The image difference
from the start frame of the video to the end frame (1 m long) is no
larger than the input change caused by parallel displacement (even
in a 10-cm offset). This illustrates that different scenarios can offer
different challenges and that perhaps different algorithms need to
be combined to use their complementary strengths.

We note that, in principle, SeqSLAM (and other VPR methods)
have the advantage of potentially returning the specific memory lo-
cation that matches the current location (if they are linked during
the learning phase), whereas our method only produces a general
familiarity signal. In our application, we do not need the localization
of each query image; rather, it is necessary for our route-following
robot to perform a fine-scale familiarity assessment so that the robot
agent can stay in the valley of familiarity. However, one way to
expand the network toward VPR applications would be to introduce
multiple MBONS (as known to exist in insect MB) that could rep-
resent distinct sections, or salient locations, on the route. Alterna-
tively, the low-power and instant recognition model presented
could be used to guide a robot between sparse waypoints provided
by VPR algorithms or GPS (53, 88).

The first step of our future work is exploring the connectivity
and pattern between PN-KC and KC-KC. Both biological findings
and modeling work have argued that the connection between
neuron groups is not globally random but rather functionally pat-
terned (89-94). Here, we constructed the network connectivity
pattern using a flexible coding function and can easily adjust the
pattern in future work. Our future work also includes designing a
navigation strategy that can use the output of the MB model to gen-
erate proper route-following patterns. Our model explains how an
insect would know it is on the route but not how it would refind the
route. Our results suggested that getting closer to the route should
provide some increase in familiarity, so an oscillation strategy as
suggested in (95) could be effective. Also, the event camera provides
continuous motion sensing that should be complemented by con-
tinuous motor control, which requires the model to run in real time.
Work is ongoing to bridge fast sensing and real-time neuromorphic
computing. In the end, we aim to model insect visual motion nav-
igation behavior using neuromorphic hardware on a robot that di-
rectly interacts with a world of comparable complexity to that of
the ant.

MATERIALS AND METHODS

Objective and study design

The objectives of our study were first to evaluate the biological hy-
pothesis that MB can encode spatial-temporal memory into its KC-
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KC axo-axonic connections; second, to implement the MB model
on a hardware robot system with a neuromorphic computer SpiN-
Naker and to learn outdoor routes sensed by an event camera; and
last, to test the learning of sequential visual information and bench-
mark with SeqSLAM and PM.

Robot platform, bio-inspired sensor, and neuromorphic
computer

To evaluate our model in a realistic way, we built a hardware robot
system to interact with the real world and tested the system in
outdoor natural environments. Our robot (Fig. 1A) is a Turtlebot3
Burger (96) robot platform augmented with the visual sensor
DAVIS346 (97). The Turtlebot has a single-board computer
(SBC)—Raspberry Pi 3 Model B+ (1.4-GHz 64-bit quad-core pro-
cessor) installed with Ubuntu Mate 18.04. Related Robot Operating
System (ROS) packages control the robot movement via an OpenCR
board (STM32F746ZGT6 / 32-bit ARM Cortex-M?7). Testing re-
vealed that the SBC had insufficient computational power to run
our model online. Rather, camera data were recorded as the robot
was manually driven along a predefined path, and model learning
and testing were processed offline. In offline processing, we simu-
lated our SNN model on a neuromorphic computer, SpiNNaker
(59, 60). The SpiNNaker neuromorphic computer uses a massively
parallel computing design. Each SpiNNaker chip consists of 18 low-
power ARM cores, featuring local instruction and data memory on
each core. Given the local memory and the requirement for real-
time simulations, each core can simulate up to 250 neurons, contin-
gent on the complexity of neuron and synapse models and the
neural activity. During simulations, SpiNNaker cores were predom-
inantly idle, becoming active only when interrupted by incoming
spikes to update neural activity. Power consumption per chip
ranged from 0.25 to 0.9 W (98), leading to the SpiNNaker 5
board (48 chips, 864 cores) consuming 12 to 43 W during real-
time simulations, which is hundreds of times faster than our previ-
ous Brian2 (70) implementation (40). Note that "real-time"” simula-
tion speed here implies that the computation time associated with
the simulation does not exceed the time that has elapsed in the
model. Despite the challenges of procuring neuromorphic comput-
ing hardware and overcoming software compatibility issues in this
developing field, the power efficiency of neuromorphic computing
when running large SNNs in real time is worth noting.

To better embed the DVS into our model, some preprocessing of
the raw input was necessary. The spatial and temporal acuity of
insect visual systems vary among species and also depend on envi-
ronmental lighting conditions. The spatial acuity of insect eyes
commonly falls between 2° and 5° of their visual field (99); their
temporal resolution, measured by photoreceptor flickering re-
sponse, is usually no higher than 300 Hz (3 ms) (100-102). There-
fore, before feeding the camera output to the neural network, the
event flow was resampled. The whole image frame was down-
sampled by 8 pixels by 8 pixels. In each down-sampled megapixel,
an input event would trigger an event counter lasting 1 ms. In this 1
ms, when the number of events happening in the mega pixels out-
numbered a noise threshold (three events), the megapixel would
output a valid spike to the spatially mapped PN. After this event
counter, the next input event would trigger the next counter on
this megapixel. After resampling, the effective spatial acuity was
about 5°, and the temporal resolution was 1 ms. Note that there
are additional processing steps in the insect visual motion
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Table 2. Parameters of synapses. Names of parameters are consistent
with the default variable names in sPyNNaker wherever possible.

Parameter Weight  Units Description
WpVs2pN 1.0 Null Input to PN connection weights
WpN2KC 03 Null PN to KC connection (mean) weights
WKC2MBON 0.01 Null KC to MBON connection weights
STDPt, 1.25 ms Exponential decay factor of
potentiation weight
STDPT_ 0.1 ms Exponential decay factor of
depression weight
STDPA, 03 Null Maximum weight to add during
potentiation
STDPA 0.15 Null Maximum weight to subtract during
depression
STDPWmin 0.0 Null Minimum weight for KC-KC
connection
STDPW max 0.5 Null Maximum weight for KC-KC

connection

pathway (51), but we have not included these steps in our modeling
so far.

Mushroom body network and implementation

Neuron models

When implementing our model, we used the software package
sPyNNaker (71) to simulate PyNN (103) defined network on SpiN-
Naker hardware. The KC and MBON were modeled as standard LIF
neurons with fixed threshold and decaying exponential postsynap-
tic current (named IF_curr_exp in PyNN and sPyNNaker) de-
scribed by Egs. 1 to 3

dV: _V_ (Vrest+RmI(t)) (1)

dr Tm

Equation 1 models the dynamics of subthreshold membrane po-
tential V. I is the current combining synaptic (Iyy), intrinsic, and
background input. R, is the membrane resistance, T,, is the mem-
brane leak time constant, and V. is the resting membrane poten-
tial. When V reaches a threshold voltage (Vipyesn), the neuron
generates a spike and then the membrane potential resets

if V> Vinresh, V= Viewet (2)
For the KC and MBON LIF neuron (IF_curr_exp), its synaptic
input current Iy, is modeled as Eq. 3

dIsyn _ Isyn + 8(1’ - tj)
dt Tyn

(3)

This IF_curr_exp model has separate synaptic currents for excit-
atory and inhibitory synapses with independent time constant Tgy,.
The delta function represents addition of a step change in input
from the weight of an incoming spike.

For PN, we used an adaptive LIF neuron model (72) (named IF-
CurrExpCa2Adaptive in sPyNNaker). Compared with the KC and
MBON model, the PN model has one more Ca*" activated K*
current (I5yp) that adapts the membrane potential according to
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its firing activity. At each spike, the adaptive current increases by

(4)
where a is set to 0.2 mA in our model. When the input side is over-
active, the increased adaptive current brings down the PN mem-
brane potential to lower its firing rate. The Iyp also decays to an
offset value (Iyser = 0.02 mA) and keeps the PN firing activity at
a baseline when the input is silent (see Fig. 4E and fig. S7).

Iapp = Iapp +a

dlapp — Tanp — Lofiset
dt TAHP

()

We set the parameters for neuron models and synapse models
based on biological data found in (73-77) and the neuron parame-
ters shown in Table 1.

Connections

Each core in the SpiNNaker system updates its neuron states using a
fixed simulation time step (At). When a neuron fires, spikes are
transmitted to all postsynaptic neurons for real-time evaluation of
synaptic contribution. Although cores operate asynchronously, it is
preferable for neurons on all cores to advance roughly in parallel for
coherent simulation progression. Thus, all cores in a simulation
start synchronized. The synapse state is updated during the periodic
neuron update using exact integration, with step changes based on
synaptic input buffer contributions, as described by Egs. 6 and 7

(6)

A
IH—I = Ite Tyn |- ijua(t — tj)

At
Vt+1 - Vrest + RmIt+At —e T"‘(Vres'c + Rm1t+At - Vt) (7)

For a static synapse construction, the only parameter we set is the
wyj, apart from defining the presynaptic and postsynaptic
neuron index.

Although the connections between PNs and KCs were modeled
as globally random and weighted equally in many experimental
studies, some recent anatomical and electrophysiological findings
revealed the feasibility of patterned structure and variability of
this connection (89-91), and some modeling work further evaluat-
ed how functional patterns can influence the performance in learn-
ing and classification (92-94). By changing the ratio between
presynaptic olfactory PN and postsynaptic KC, Elkahlah et al.
(96) found that the connection density between PNs and KCs is
set by KC: KC claw number does not vary much as PN number
changes, whereas PNs change their boutons (terminals of axons)
depending on KC number. On the basis of the aforementioned find-
ings, we coded both the PN-KC and KC-KC using one framework
with the flexibility to easily change the connection pattern and
weights distribution. Although we have not systematically evaluated
how the connection structure will affect learning and performance,
this will be part of our future work. In our model, each KC random-
ly connects to around five PNs [npy ~ A"(y,0%), =5, 0 = 1, and
rounded to the nearest integer], and the input weights to each KC
(wy;) are randomly distributed [w; ~ A" (y, 0?),1=0.3,0=0.1] (see
tig. S6). In the KC-KC connection, to our knowledge, there are few
published biological justifications to clarify the connection pattern.
In our model, we limited the number of KCs (4000) to much fewer
than the number observed in navigating insects such as ants and
bees. We also limited the density so each KC connects to 500
other KCs, and the connection weights were all zero before learning.
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Therefore, the sparseness of KC-KC connections depends on the
number of KC sequences learned. By setting these limitations in
KC-KC connections, we not only saved some computational load
for the neuromorphic computer but also reserved the potential of
expanding our model to a larger capacity.

KC-KC STDP

In practice, we used a two-compartment model for each KC, imple-
mented as two LIF units that get the same PN activation. The second
compartment gets inhibitory input from the first compartment of
other KCs, and its output excites the MBON. This implementation
facilitates the use of the standard STDP module (AdditiveWeight-
Dependence STDPMechanism) in sPyNNaker (104-107)

At
A e+

—A
— A er_f

At <0
At >0

w(At) = (8)
In Eq. 8, At (At = Tpost — Tpre) is the time difference between the
pre- and postsynaptic spike timing. A, and A_ are the maximum
synaptic modifications, and 1, and 1_ determine the time range
of spike interval over which the STDP occurs. w(At) is the weight
modification during one pair of pre- and postsynaptic spikes. Using
the AdditiveWeightDependence, the weight w will be added by
w(At) and then clipped within w,,, and wy,;,. The parameters
used for constructing KC-KC STDP are shown in Table 2. The
weights of all KC-KC connections were initialized to zero, and
they were altered by STDP as described in Fig. 3. That is, if one
KC fires shortly before another KC, then the inhibitory effect
from the first KC to the output compartment of the second KC
will be increased, reducing the excitation it passes to the MBON.

SeqSLAM and PM
From the DAVIS346, we can record both frame-based video and
event stream. Being consistent with the prepossessing of events,
the grayscale frames were resized to the same view as in the prepro-
cessing of MBSNN input. The frames were chopped to get rid of the
ground and part of the sky and down-sampled by 8 pixels by 8
pixels. Then, the absolute differences between query images and ref-
erence images were calculated to get a difference matrix that was
then enhanced (Eq. 9) to facilitate finding local best matches
b =22 ©)
Y

D is the vector of the differences between an input image. Each
element, D;, in D is normalized using Eq. 9, where D, and o, denote
the mean and SD of D, respectively. This enhancement ensures that
even when an input image differs from the reference images because
of substantial illumination changes resulting in large difference
values, the true correspondence is anticipated to have a relatively
smaller difference compared with the others.

For each pair of query image Q and reference image R, local se-
quences were searched in space M in which the trajectories travel
over ds query images between V,,,;, and V ..., (blue area in Fig. 6C)

M = [DT~% pT=4+l  pT] (10)
where T is the current time

T
TDS= Y D

=T—dg

(11)
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where TDS is the trajectory difference score of this local sequence
and k is the particular difference value the trajectory passes through
at time ¢

k=s+V(d,—T+1) (12)

Each query image Q has a vector of scores representing the per-
ceived likelihood that each reference image R could be a match. A
sliding window was used to select the global minimal and the
second minimal score. In the original SeqSLAM, the match score
(M) is then calculated as the global minimum divided by the
second minimum. In our benchmark test, we ignored the localiza-
tion of reference image R; and directly used (F = M) as the famil-
iarity score of the query image Q;.

The final step of SeqSLAM was setting a threshold to filter some
of the weaker matches. In our work, we learned the first half of the
route, changed the threshold on the familiarity index to get the true-
positive rate (TPR) and false-positive rate (FPR), and plotted the
ROC curve and AUC-ROC.

In the PM (24) test, the novelty of the current view is the
minimum of the sum squared difference in pixel values between
the current view and each of the stored views. This is equivalent
to setting the local sequence distance to one frame in SeqSLAM
(n =1 in Fig. 6C). We applied the same contrast enhancement
(Fig. 6B) and normalization (divided by the second minimum;
Fig. 6D) to better compare with SeqSLAM. The results of the PM
test before normalization can be seen in Fig. 7, whereas the results
after normalization are included in the Supplementary Materials.

Supplementary Materials
This PDF file includes:
Figs. S1to S7
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