Navigation
Gregor Schöner
May 2022

Problem
we talked about how to plan motion toward
targets avoiding obstacles
in many cases, information about targets may
be available through a map that represents
where relevant locations are in the world
to use a map, a robot/organism needs to
known “where it is” on the map: egolocation estimation
that estimate must be updated as a robot/
organism moves…

Dead-reckoning/path integration
if the agent knows its current velocity=heading
E W S direction + speed (and keeps track of time), it can
estimate its change of position by integration

ath integration in mammals and some neurophysiological correlates

cognized that most animals can use self-motion cues to keep track a
cation relative to a ‘home base’128, but it was not until recently that
Sum of yi
rimental evidence for such a path integration process in mammals
4
, and it became clear that the brain can not only calculate a homing
a fixed location in space, but can also maintain a map-like
y3
ation of space using only an initial reference and self-motion
on (for reviews, see REFS 9,12). Making use of the strong motivation
–
rodents to retrieve pups that have been displaced from the nest to a
up some distance away, it was shown that gerbils can search in
darkness and return in a direct line to the original location of the nest,
y2
e nest has been removed (see panel a). With the cup at the centre of
rena, rotating either the entire arena while the animal was on the
ly the cup itself, did not prevent the animal from returning to the
+
tion in the (inertial) laboratory reference frame; however, rotation of
y1
hrough 37 degrees with a slow acceleration profile (0.24 deg s–2),
ly below the animal’s vestibular threshold, resulted in a return
error of the same magnitude. In panel a, S1–3 represent vectors
Initial direction
segments of the outbound journey, and ϕ1–3 are corresponding
ϕ0 = 00
ctions. Variables x1–3 and y1–3 are the cartesian components of the
vectors which, in principle, could be summed to compute the
ector. ‘Starting location’ refers to the beginning of the homing
b
. Insight into the neural basis for angular path integration came from
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[McNaughton et al., Nature reviews neuroscience
2006]
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Dead-reckoning/path integration
a long history in technology… dating back to
literal “navigation”: sailing ships…
estimating heading direction based on a compass
estimating speed by counting “knots”… which entails an
estimate of time
updating position in a map

Dead-reckoning/path integration
modern technology increases the precision
e.g. inertial guidance by measuring acceleration
precise measurement of time
with good control, the control signals can also be used to
predict the new state …
optimal estimation integrates prediction and measurement…

Dead-reckoning/path du/dt
integration
fundamental problem

probability distribution
of perturbations

the integration leads to an accumulation of uncertainty…
u
restingmotion…
level
the principle of Brownian
u(t)

resting
level

time, t

Dead-reckoning/path integration
a need for “recalibration” or re-setting of the
estimate.. based on “recognizing” the true
location on the map…
historical solution:
landmark recognition…
triangulation

modern variants based on special beacons, GPS
etc

Dead-reckoning/path integration
animals including humans use path integration
LOOMIS ET AL.

Retrace-completion task. The subject was led through ;I
pathway of two or three segments a total of six times. After each
traversal, the subject either retraced the pathway or completed II
NONVISUAL
by returning directly to its origin, and he or she
was then givcnNAVIGATION
feedback. For pathway completion the assistant stood at the ongin and called to the subject, thus providing feedback through auditory localization. For the retrace response, the subject received
verbal feedback (e.g., "you turned too much;" "you went too far
in retracing the first leg"). Three of the traversals were followed
by retracing and three were followed by completion; there was no
warning before the traversal as to which response would be required. This task was performed with four different pathway configurations; all six tests on a single configuration were completed
before the next was introduced. The four configurations were
used by Klatzky, Loomis, Golledge, Cicinelli, Doherty, and Pellegrino (1990), as part of a larger set. The turning points (i.e., segment ends) were on the circumference of a circle 6 m in diameter (cf. 10 m and 3 m in the earlier study). The configurations
were selected to vary in difficulty, and the same identifying numbers used previously are used here (5 and 7 were two-segment
pathways, with 7 producing more errors, and 9 and 11 were
three-segment pathways, with 11 producing more errors; three of
the pathways are shown in the results.) The order of the pathways
was counterbalanced over subjects, and within each subject, the
order of responses was pseudorandom, with these restrictions:
Half the pathways were tested first with retracing and half were
advl
tested first with completion, and the same response type occurred
no more than twice in succession with a given pathway.
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Figure 2. The triangles used in pathway completion (left panel, also see Figure 1). (The 27
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crossing three lengths of the first leg [2, 4, or 6 m], three lengths of the

Figure 1. Depiction of a triangular path used in the pathway
completion experiment (upper panel). (The subject was led along
Leg A [2,4, or 6 m], pivoted through an angle of 180" - 60°, 90°,

second leg [2, 4, or 61, and three values of the angle between them [60°, 90°, or 120°]. The origin
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[Loomis, Klatzky, 1993]

ear regression for each subject and then comparing the
slopes and r;! (degree of linear fit) for turn and distance.
None of these differences was significant.
Additional regression analyses focused on subjects' sensitivity to the parameters of the triangles-length of first leg
(A), length of second leg (B), and angle between legs (a).
Multiple linear regression was used to predict subjects'
turn and distance responses. In actuality, the correct response was not a strictly linear function of A, B, and a ,
but a linear model predicted high percentages of the variances in correct turn and distance (90% and 94%, respectively). This can be seen in the regression parameters for
an "ideal" subject, who responded correctly each time, in
rows labeled Ideal in Table 3.
Group means on the 27 configurations were modeled
with
for
80 linear regression, providing standardized weightsLOOMIS
ET AL.

Dead-reckoning/path integration
animals including humans use path integration

.83, and .93 for congenitally blind, adventitiously blind,
and sighted; r;! for distance = .83, .88, and .92). The overall trend, however, is for compression of the range of responses relative to the correct values. It is also notable that
the functions for the three groups were quite similar. Differences among groups were analyzed by computing a linear regression for each subject and then comparing the
slopes and r;! (degree of linear fit) for turn and distance.
None of these differences was significant.
Additional regression analyses focused on subjects' sensitivity to the parameters of the triangles-length of first leg
(A), length of second leg (B), and angle between legs (a).
Multiple linear regression was used to predict subjects'
turn and distance responses. In actuality, the correct response was not a strictly linear function of A, B, and a ,
but a linear model predicted high percentages of the variances in correct turn and distance (90% and 94%, respectively). This can be seen in the regression parameters for
an "ideal" subject, who responded correctly each time, in
rows labeled Ideal in Table 3.
Group means on the 27 configurations were modeled
with linear regression, providing standardized weights for

Figure 3. The responses of the 12 congenitally blind (con) subjects in the triangle completion task. (The origin of motion is
indicated by X. The legs over which the subjects were guided are
shown by the solid lines, and the drop-off points are given by the
solid symbols.)
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Figure 4. The responses of the 12 adventitiously blind (adv)

subjects in the triangle completion task. (The origin of motion is
indicated by X. The legs over which the subjects were guided are
shown by the solid lines, and the drop-off points are given by the
solid symbols.)

A, B, and a that can be compared with the "ideal" subject.
Note that this analysis is insensitive to constant additive
error (e.g., always turning 20" too much or walking 1 m
too little) or errors of scale (e.g., overturning by a constant
proportion of correct turn). Table 3 presents the regression
weights by group. All weights were significantly different
from zero at the .O1 level and were signed correctly (i.e.,
in the same way as the ideal subject). Hence, the average
subject in each group was sensihve to the manipulated
variables of the pathway.
Retrace-completion task: Completion. Distance and
turn responses for completion trials in the completion or
retrace task were measured the same way they were in triangle completion. We have previously reported completion
performance on the four paths used here by a sighted
blindfolded population (Klatzky, Loomis, Golledge,
Cicinelli, et al., 1990). The particular configurations were
set,
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Figure 5. The responses of the 12 sighted (sig) subjects in the
triangle completion task. (The origin of motion is indicated by X.
The legs over which the subjects were guided are shown by the
solid lines, and the drop-off points are given by the solid symbols.)

seeing

to interpret this result. Either subjects were learning the

Landmark recognition
landmarks are not necessarily objects…
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behavior
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[Peer, Epstein, 2021]

Box 1. Historical Conceptions of Cognitive Maps
The concept of a cognitive map dates back to Tolman [2], who presented it as an alternative to behaviorist approaches to
psychology. Tolman suggested that animals form representations of environments that are more than an interlinked series
of associations and whose learning does not depend on immediate reward. The idea that humans and animals have internal
spatial representations is now widely accepted, but there has been less consensus about the nature of 'cognitive maps' –
their degree of accuracy, the inputs required to form them, and how they integrate separately experienced environments.

Maps

In 1978, O’Keefe and Nadel proposed that cognitive maps are Euclidean, and this has become the dominant model for neuroscientists [7]. A precise deﬁnition comes from Langille and Gallistel [178]: 'A map is a set of vectors in a 2- or 3-dimensional
vector space, on which navigation-relevant vector functions are deﬁned.' Under this deﬁnition, the key feature of a map is that it
establishes coordinates for each point in space, thus allowing a navigator to associate non-location information (e.g., terrain
characteristics, visual snapshots, reward values) with any location, and to set a direct course between different locations [1].
O’Keefe and Nadel contrasted the ﬂexibility of the Euclidean 'locale' system with the inﬂexibility of the action-based 'taxon' system, which they postulated mediated a habit-like following of routes.

Glossary
Cognitive graph: a representation of
space in terms of nodes (locations)
connected by links (path segments). A
cognitive graph can be topological
(representing only whether locations are
connected to each other or not), or
labeled (representing local metric
information such as distances and
directions of each link, or the angles that
links form at a node).
Entorhinal cortex (ERC): a brain
region found in both rodents and
humans that serves as a major input/
output structure for the hippocampus.
ERC contains both grid cells and headdirection cells.
Euclidean space: a continuous space
deﬁned by reference axes (usually two or
three). Locations in a Euclidean space
can be speciﬁed by coordinates, and
relationships between locations can be
expressed in terms of distances and
angles.
Grid cells: neurons that represent
space in a distributed manner by ﬁring in
a regular array of locations that tile the
environment in a hexagonal lattice.
Head-direction cells: neurons that ﬁre
as a function of the direction that the
animal is facing, independently of its
location, similar to the behavior of a
compass.
Hexadirectional modulation: a
phenomenon where brain activity is
modulated by the subject’s current
direction of movement, with sixfold
symmetry – that is, ﬁring is maximal for
headings with angular spacing of 60°.
This is believed to be a marker for grid
cells, whose ﬁelds exhibit a similar sixfold
organization.
Local visual scene (or vista space): a
space that can be perceived from a
single point without the need to
navigate. Sometimes contrasted with
environmental spaces, which cannot
be perceived from a single point of

when can we say does an animal use a map?
rather than use stimulus-response chaining

However, in parallel to the Euclidean map hypothesis, other suggestions for very different types of cognitive maps were put
forth, some of which have graph-like aspects. Kuipers suggested that, in addition to Euclidean cognitive maps, people store
representations that are based on topological knowledge – connectivity between locations through routes and hierarchical organization of locations into regions [42,43]. Subsequent authors have developed other models of graph-like spatial representations [19,26,36,38,41,45,47,179–182], with additional elements such as a skeleton of major routes on which the graph is
constructed [44], labels at nodes and edges indicating directions and distances [8,9,30], and node-speciﬁc reference frames
[37,39]. It remains debated whether spatial knowledge is Euclidean, graph-based, or a combination of both. In this article
we use the term cognitive map to refer to Euclidean cognitive maps, while referring to graph-like structures as cognitive graphs.

=> when it can take short-cuts

[Peer et al, 2020]

[Poucet, 1993]
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alk behavior with unbounded error growth. Thus,
he computational complexity of the mapping probSLAM is a process by which a mobile robot can buil
d without knowledge of the convergence behavior of
p, researchers instead focused on a series of approxi- a map of an environment and at the same time use th
s to the consistent mapping problem solution which map to deduce it’s location. In SLAM both the trajector
d or even forced the correlations between landmarks of the platform and the location of all landmarks are est
minimized or eliminated so reducing the full filter to mated on-line without the need for any a priori knowledg
of decoupled landmark to vehicle filters ([28], [38] of location.
mple). Also for these reasons, theoretical work on
mbined localisation and mapping problem came to a A. Preliminaries
ary halt, with work often focused on either mapping
lisation as separate problems.
mj
xk+2
conceptual break-through came with the realisation
e combined mapping and localisation problem, once
ated as a single estimation problem, was actually
uk+2
zk,j
gent. Most importantly, it was recognised that the
xk+1
tions between landmarks, that most researchers had
o minimize, were actually the critical part of the
uk+1
xk
xk-1
m and that, on the contrary, the more these correuk
xk
grew, the better the solution. The structure of the
problem, the convergence result and the coining of
onym ‘SLAM’ was first presented in a mobile robotzk-1,i
vey paper presented at the 1995 International SymLandmark
Robot
mi
on Robotics Research [16]. The essential theory on
Estimated
gence and many of the initial results were developed
rba [11], [10]. Several groups already working on
True
ng and localisation, notably at MIT [29], Zaragoza
the ACFR at Sydney [20], [45]
and others [7], [13], Baily, 2006]
[Durrant-Whyte,
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SLAM

Simultaneous Localization and Mapping

Equation 14, the samples are weighted acarginalised observation model.
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and using this to associated landmark information
with locations
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(i)
0:k°1 , Z0:k , uk )

k

(i)

SLAM

The “explore and return” experiment by Newman et al.
[37] was a moderate-scale indoor implementation that validated the non-divergence properties of EKF-SLAM by returning to a precisely marked starting point. The experiment is remarkable because its return trip was fully autonomous. The robot was manually driven during the exploration phase, although without visual contact by the
operator, who relied solely on a real-time rendering of the
robot’s map (see Figure 6). For the return trip, the robot
plans a path and returns without human intervention.
Map and Path

(i)

| xk , X0:k°1 , Z0:k°1 )P (xk | xk°1 , uk )(19)
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ory, statistical accuracy is lost [2]. Neverresults of FastSLAM 2.0 in real outdoor
] show that the algorithm is capable of
curate map in practice.
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Fig. 6. Real-time SLAM visualisation by Newman et al. [37].
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Fig. 7. Large-scale outdoor SLAM by Guivant and Nebot [21].

(Neural) dynamics of navigation
dynamics for ego-position estimation
dynamical approach to learning the map: network of
locations (home bases) at which the agent knows
where it is relative to others
dynamics of path planning

Neural and
behavioral
architecture

Visual place navigation
a visual surround (unsegmented) acquired in
clusters around particular locations (home bases)
views are stored together with current position
estimate (translation/rotation)

Evidence for home bases
animals in given terrain build home bases by
rearing in locations where they spend most of
their time
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Fig. 7. The spatial distribution of 4 behaviors in 4 representative rats of the one base group. Rectangles represent the
platform's surface. Marks on platform represent centers of
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Fig. 2. A full chronological record of the places and durations of stopping, in the behavior of one rat in the course
of one hour. The horizontal axis represents time; all the
places on the platform are represented linearly on the vertical
axis. The upper portion of each graph represents the places
along the platform's edge; the lower portion represents the
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Visual place navigation
Each view in home base is matched to current
view…. with all possible rotations actively
generated from memorized view

fi

Visual place navigation
Correlation function
across rotation angle
peaks sharply at true
angular orientation of
agent, even if translation
is not precise…
so that estimation of
orientation is possible
while agent is in receptive
eld of place cell

Correlation with
actively shifted
memory views
decays spatially in
way that re ects
how distal the
view is…. place
eld..

fl

fi

Visual place
navigation

Visual place navigation
The level of correlation across multiple views within
a home base generates a place view representation
of translation => position estimate

Neural and
behavioral
architecture

Integration by an attractor dynamics
every sensory estimate
contributes a “force-let”
to a dynamical system
whose attractor is the
estimate of ego-position
…
for vision: space to rate
code… removes the
problem of normalization

Recalibration
from instability
with visual match, a
strong attractor
force-let induces
instability in which
the estimate gets
reset to the visually
speci ed estimate

fi

which resets the
dead-reckoned
estimate as well

Recalibration
from instability
with visual match, a
strong attractor
force-let induces
instability in which
the estimate gets
reset to the visually
speci ed estimate

fi

which resets the
dead-reckoned
estimate as well

Neural and
behavioral
architecture

Integrating it all: dynamics all the
way through

a reset event

Further development:

complex behavioral organization
robotic implementation

Autonomous behavioral organization
neural dynamics organizes sequence of
behaviors…

Target Acquisition
T

Decision Making

y Position Estimation

T1

Obstacle Avoidance

Search

Exploration

T
T

T2
Φ

T

x
Snapshot Learning

Recalibration

Homing

Home Base Creation
T

Trajectory Planning
T

Re-Exploration
T

Autonomous behavioral organization
neural dynamics organizes sequence of behaviors…
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How neurally realistic is this?
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Figure 4 | Grid cells in the medial entorhinal cortex. a | Implausible as the idea might
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Figure 6 | Combining multiple periodic grids at different spatial scales can result in non-periodic place fields.
a | The effects of slight variation in grid scale (6% in this case) on the periodicity of a mapping space defined by the
superimposition of the output of two grid modules. In general, the summation of two periodic signals that differ in
frequency gives rise to a signal with amplitude maxima that occur with a much lower frequency (the difference between
the fundamental frequencies). b | Multiple grid fields with different scales, as expressed by cells at different dorsoventral
levels of the medial entorhinal cortex can be combined, for example, by linear summation, resulting in an activity field that
has only one large maximum. The spatial frequency of the patterns increases systematically from left to right. A simple
thresholding operation applied to the summed grid fields (here implemented by a sigmoidal function shown in red) yields
a field that is restricted to a region of space. This is a potential mechanism for the generation of non-periodic place fields
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Figure 2 | Extension of the one-dimensional attractor map concept to two dimensions: a model for path
integration. Neurons arranged in a plane (a) have interconnections that decline in strength (or probability) monotonically
with distance (red arrows). Notice that a boundary problem exists for connections near the edge of the layer of neurons.
A solution for this problem is illustrated in FIG. 3. Global feedback inhibition (not shown) keeps the net activity within a
narrow range, leading to a focused spot or ‘bump’ of activity somewhere in the plane (b). The bump can be made to move
in correspondence with a rat’s motion using an intermediate layer of cells that are conjunctive for position on the plane
and head orientation, if the activity of these cells is positively modulated by running speed and the cells encoding a given

[McNaughton et al., Nature reviews neuroscience 2006]
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Figure 3 | Solving the boundary problem for the path integration network. a | The
problem with a planar path integration system is that the size of the mapping space is
limited by the number of cells. The rectangles represent a hypothetical ‘attractor map’ (or
‘chart’26) without periodicity in the synaptic matrix. b | As described in FIG. 2, each node
represents a cell, and warm colours represent high firing rates. Samsonovich and
McNaughton26 deal with the problem of edge effects in their path integrator model by
postulating that the connections of cells at the edges wrapped around, creating a
periodic boundary in two dimensions analogous to the periodic boundary condition of
the head direction model. This gives rise to a synaptic matrix with a toroidal topology (c).
This solution solves the edge effect problem in terms of dynamics, but does not really

[McNaughton et al., Nature reviews neuroscience 2006]

REVIEWS

Some principal cells in the MEC have sharply delineated firing fields that collectively signal an animal’s
current position in a small environment as accurately
as place cells in the hippocampus38. However, in a sufficiently large experimental environment, many MEC
cells exhibit a striking feature of their activity that is not
seen anywhere in the hippocampus proper: a grid-like
structure of place fields repeating at regular intervals
over the entire environment, as implicitly predicted by
the toroidal chart model26, except that the unit cell of the
grid is not a square but a rhombus with internal angles of
60 and 120 degrees39 (FIG. 4). Such a rhombus can also be
constructed from two oppositely orientated equilateral
triangles, giving rise to the descriptive term ‘triangular
grids’39. The two formulations are descriptively, but not
necessarily computationally, equivalent.
The geometrical structure and spacing of grid fields
in layer II MEC neurons is independent of the size or
shape of the environment39,40. The grid spacing and grid
orientation of neighbouring grid cells is almost identical, but their grids are offset relative to each other in an
apparently random manner, and all grid phases (offsets)
are equally represented within a small region of cortex39.
Unlike the hippocampus proper, in which the spatial firing relationship of any arbitrary pair of cells is essentially
unpredictable across environments, the relative offset
(spatial phase) of grid fields for any two cells appears to
be universal (constant across all environments)40. This
property is analogous to the behaviour of head direction
cells, which similarly retain their relative preferred firing
directions across environments5,35,41, and corresponds to
the behaviour of the universal chart proposed in theoretical models of path integration25,26,37. In addition, some
subicular place cells also appear to have such universal
properties42. Grid orientation and scale at a given dorsoventral position is consistent across all layers of the
MEC43, which would be necessary for a local region of
the cortex to act as a path integrator module. Currently
there are insufficient experimental data to determine

Neurally inspired technical solution

RAT-Slam
Fig. 1. The major modules of the RatSLAM system reproduced from [18]. The local
view cells represent learnt unique scenes in the environment. The pose cells represent
the belief about the current pose. The experience map is a topological representation
encoding the pose cells and local view cells in nodes and links.
2.1.1. Pose Cells
The pose cells are a Continuous Attractor Network (CAN) of units [25], connected by
excitatory and inhibitory connections, similar in characteristics to a navigation neuron found
in many mammals called a grid cell [26]. The network is configured in a three-dimensional
prism (Fig 1), with cells connected to nearby cells by excitatory connections, which wrap
across all boundaries of the network. The dimensions of the cell array nominally correspond
to the three-dimensional pose of a ground-based robot

x, y, and . The pose cell network

dynamics are such that the stable state is a single cluster of activated units, referred to as an
[Ball, Wyeth, Cork,
Milford, 2013]

mation. The iRat ROS bag dataset is approximately 16 minutes long and includes the
camera images (shown in Fig. 13 (b-c), range and odometry messages, the overhead
(shown in Fig. 13 (a)) and tracked pose information.

RAT-Slam

Fig. 12. (a-b) The labeled iRat robot internals. (c) The iRat alongside a standard
computer mouse to show scale.

g. 12. (a-b) The labeled iRat robot internals. (c) The iRat alongside a standard

mputer mouse to show scale.

13.frames
The iRat
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g. 13. The iRat 2012 dataset (a) overhead view and (b-c)Fig.
sample
from the

board camera.

dataset (a) overhead view and (b-c) sample frames from the

onboard camera.
[Ball, Wyeth,
Cork, Milford, 2013]

RAT-Slam

Fig. 12. (a-b) The labeled iRat robot internals. (c) The iRat alongside a standard
computer mouse to show scale.

Screenshots of OpenRatSLAM in action. (a) Local View Cells showing the
image and current-matched template pair, (b) Experience Map, (c) Pose

etwork showing the activity packet wrapped across the prism faces, and tracking
x, y) plane in green, (d) overhead

rendered by ROS image_viewer, (e) the topological map and pose rendered by

viz.

n in the overhead image and in the experience map.
15

Fig. 13. The iRat 2012 dataset (a) overhead view and (b-c) sample frames from the
onboard camera.
[Ball, Wyeth,
Cork, Milford, 2013]

England in 2008 [23]. The full dataset includes, laser, odometry, stereo camera im

panoramic images, and GPS recordings in a custom format. Data collection was perfo

RAT-Slam

outdoors on the 2.2km path shown in Fig. 11 using a Segway RMP200 robot. In order t

the dataset with OpenRatSLAM the panoramic images and odometric information have

re-encoded into a ROS bag file. Timestamps were extracted from the original datas

ensure proper timing. The odometric information has been integrated to match the panor
image rate of 3Hz.

(a)

Fig. 11. This figure shows the Oxford New College dataset. The path the robot follow

(b)

is marked in yellow. Image reproduced from [23].

nce map, (a) showing the topological map after epoch A then (b) at the

5.3. Cork,
iRat 2011Milford,
Australia dataset
[Ball, Wyeth,
2013]

ensemble scheme significantly outperforms all the single-window
baselines and conventional model-based ensembles, irrespective
of the image reconstruction and feature extraction methods used
in the VPR pipeline, and evaluate which ensemble combination
technique performs best. These results demonstrate the significant benefits of ensemble schemes for event camera processing
in the VPR domain and may have relevance to other related
processes, including feature tracking, visual-inertial odometry,
and steering prediction in driving.
Index Terms—Localization, Data Sets for SLAM, Neuromorphic Sensing, Event-Based Vision

for batch-processing was chosen depending on the dataset [7]
or based on the task performance on a validation set [10].

Event-based place recognition
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chance
the ensemble
scheme
work. We plan
to tackle
this
changes
(i.e.forevents),
rather
thanto fixed-rate
images
like

challenging scenario using feature descriptors that were trained
on event data using an end-to-end architecture,
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Section VI.
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+
traverse (reference images), and the other set captured in the
evening in the first traverse (query images) and at daytime
in the second traverse (reference images)5 . We annotated the
matching traverses in the same way as for the Brisbane-EventFig. 8: Example matches of the ensemble and ground-truth (GT) matches
VPR dataset (see Section IV-C).
Performance on DDD-17: The general performance trend on the DDD-17 dataset. Top two rows: success cases where the majority of
Query images
Individual distance matrices
individual methods failed. BottomReference
two rows: images
failure cases.
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and 2.4% performance increase in the first and second in the proposed ensemble scheme.
set, respectively). We provide qualitative results obtained on
We argue that majority voting does not perform favorably

[Fischer Mildord, 2020]

Neuromorphic head-direction
estimate
Kreiser, Renner, Leite, et. al.

An SNN to Estimate the iCub’s Head Pose

using DFT
CHD
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Shift CHD

Figure 2. Overview of the path integration and map learning network: Two identical SNNs with five
functional layers each estimate the yaw and pitch of the iCub’s head pose, integrating the respective
motor velocities. When the robot’s gaze is directed at a visual landmark, the yaw and pitch angles are
stored in plastic synapses connecting the Vision and Goal neurons to the Reset Head Direction and Goal

[Kreiser et al. Sandamirskaya, Frontiers 2019]
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Figure 3. (a) Parameters of iCub movements in the experiments. (b) Histogram of the algorithmic time
step duration as recorded by YARP in our experiments. The average timestep is 1.6 ms, but in rare cases,
time steps can be as long as 40 ms. Note, these values hold for the specific version of the Loihi API used.
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Figure 4. (a) The iCub robot and visual fiducial (dot pattern). (b) The visual trajectory of the fiducial over
dataset 1. (c) An example of the ATIS camera output.
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Conclusions
the navigation problem entails both knowing
where you are and how to go places
navigation can be performed by behavioral
and neural dynamics
recalibration of location based on
recognition … can be view-based
integration by (neural) dynamics … in which
space-time continuous processes… lead to
discrete transitions at instabilities

