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Abstract

Insect navigation and its neural underpinnings provide an excellent model for inves-
tigating basal cognitive abilities. This thesis focuses on the integration of angular
velocity cues into the compass-like encoding of heading direction in the central com-
plex of the desert locust. The central complex serves as a navigation hub within
the insect brain. While a core circuitry is shared across all insects, physiological
data suggest a topographical difference in the internal heading representations of
the desert locust and the fruit fly. Data supporting this notion are limited, and
computational modelling can bridge such knowledge gaps by formulating and test-
ing hypotheses in a theoretical framework. The overarching aim was to examine the
viability of the neural activity observed in the locust as a heading signal.

Computational models of the desert locust heading circuit were based on available
structural and functional data. Under-specified model parameters were determined
via a machine learning-based approach. These models suggest that, like in the fruit
fly heading circuit, recurrent loops are the motifs maintaining the heading signal.
Updating the heading signal by integrating feed-forward angular velocity inputs as
described in the fruit fly however is incompatible with the model of the locust head-
ing circuit. Instead, multiplicative inputs modulating the circuit connectivity via
neuromodulation at the synapse-level are proposed. An analysis of optic flow sen-
sitivity of locust central complex neurons revealed responses to the simulation of
rotational self-motion in neurons homologous to those conveying rotation informa-
tion to the fruit fly heading circuit. Further examinations are required to determine
the congruence of these results with the proposed neuromodulatory mechanism for
integrating rotational self-motion cues.

This work supports the notion of distinct compass topographies in the heading
circuits of fruit flies and desert locusts. The developed models generate testable hy-
potheses guiding future anatomical, functional, and behavioural studies, contribut-
ing to computational approaches to the fields of insect navigation and comparative
cognition.
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Introduction

Spatial orientation in insects
Within the �eld of animal cognition, comparative approaches examine the similar-
ities and di�erences between species in their cognitive solutions to universal tasks.
This elucidates how animal cognition is shaped by characteristics of the environ-
ment, evolutionary history, or neural circuitry of the animal. Navigation provides
an e�cient model behaviour for comparative cognition as it is universal and can
be observed and quanti�ed [150]. A bottom-up perspective on animal navigation
considers how basic, phylogenetically widespread mechanisms might underpin more
complex, species-speci�c cognitive abilities and behaviours [150]. One such basic
mechanism is the ability of an animal to keep track of its heading in order to main-
tain a chosen direction of locomotion [21, 92]. Many animals determine their heading
relative to external objects such as local landmarks or global celestial cues [32, 73, 74,
91, 92, 138]. In the absence of such external cues, they rely on self-generated signals
such as angular velocity cues generated by rotational self-motion [114, 126]. Neu-
rons selective to heading direction and to rotational self-motion underlie this sense
of direction and have been found across the tree of life. In vertebrates, di�erent
types of neurons in the hippocampal formation encode distinct spatial parameters
(reviewed by Moser, Moser, and McNaughton [89]), with head direction cells [127,
128] forming an internal compass [13]. A neuronal circuit with a comparable com-
pass function has been discovered in the central complex of the insect brain [53,
114].

Insects display remarkable navigational abilities and are easy to study in the �eld
and in the lab [150]. Thanks to powerful neurobiological methods, many of which are
unavailable for other taxa, the structure of the insect brain is known in great detail.
This renders insects excellent model organisms for the study of spatial cognition.
Historically, behavioural experiments investigating insect navigation have focused on
foraging species[50]. The neural underpinnings of navigation have �rst been stud-
ied in locusts, paving the road to research in the fruit 
y where rapid advances in
neurobiological methods have revealed structural and functional properties of navi-
gation circuits in great detail [50]. The key brain region of the insect brain involved
in many processes relevant for navigation is the central complex (CX). It processes
multi-sensory inputs, keeps track of the animal's heading and goal directions and
mediates locomotor outputs [50, 65].
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Chapter 1. Introduction

Figure 1.1: Schematic overview of the central complex of the desert locust.
(A) Position of the CX (coloured) within the locust brain (gray). (B) Subdivision of
the CX into vertical columns. (C) Subdivision of the CX into horizontal layers. PB
= protocerebral bridge; CBL = lower division of the central body; CBU = upper
division of the central body; NO = nodulus/noduli; NOL = lower division of the
NO.

The central complex
Anatomy

The CX is an unpaired brain region spanning the midline of the insect brain [121,
143]. Fig. 1.1A illustrates the position of the CX within the brain of the desert
locust. Across all winged insects, it consists of distinct sub-structures or neuropils,
areas of densely interwoven axons and dendrites: the protocerebral bridge (PB),
the upper and lower division of the central body (CBU and CBL), also termed fan-
shaped and ellipsoid body (FB and EB) in the fruit 
y, and the paired noduli (NO).
The CX is characterised by a highly conserved, modular organisation imposed by
the morphologically stereotyped, regular branching patterns of neurons arborising
in these neuropils. Columnar neurons interconnect the di�erent substructures of
the CX. Within the PB, CBU, and CBL, columnar neurons innervate speci�c areas
with often very distinct boundaries, compartmentalising them into vertical columns
(called glomeruli and slices in the PB and EB of 
ies [67]) [67, 143]). The columnar
architecture of the CX of the desert locust is illustrated in Fig. 1.1B. The CBU and
CBL are further divided into horizontal layers by large tangential neurons innervat-
ing their entire width [54, 55, 112]. The division of the CX of the desert locust into
layers is illustrated in Fig. 1.1C. Together, the columns and layers within the CBU
and CBL form a three-dimensional matrix of compartments, but the number and
shape of layers vary across species [50]. The NO have no columnar organisation but
are typically composed of two subunits, the lower one (NOL) being further divided
into several layers [46, 54, 55, 143, 149]. Structural comparisons between di�erent
species reveal a highly conserved core network but also several subtle structural
di�erences [112].
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Chapter 1. Introduction

Sensory inputs and motor outputs

Located at the centre of the insect brain, the CX is tightly connected to other
brain areas supplying it with sensory inputs and receiving its outputs. Tangential
neurons are the principal input cells of the CX. They have dendritic projections in
many regions of the central brain, but mostly in comparably unstructured areas [44,
57, 60, 67, 70] that are not very well understood in terms of structure or function
[50]. The CX receives and integrates multi-sensory inputs, such as gustatory [95,
111] and olfactory information [87], mechanosensory information from the antennae
informing about local objects [108] or wind direction [20, 98], and proprioceptive
cues from the wings [72] and presumably from the legs [146]. Overall, directional
cues are more prominently encoded in the CX than non-directional cues [50]. Best
described are the pathways delivering visual signals.

One type of visual inputs reaching the CX are allothetic signals generated by the
visual environment of the animal. Across species, there is a conserved pattern of
two to three parallel pathways from the optic lobes supplying distinct layers of the
CBL with distinct types of visual information [47, 53, 57, 67, 68, 99]. Anatomical
and functional data exist for the desert locust, the monarch butter
y, and the fruit

y. They suggest that the relative contribution of these pathways to the overall
CBL input di�ers between species, possibly matching species-speci�c ecological re-
quirements. The visual input pathway carrying sky compass cues to the CX is best
understood, and it has been described in great detail in the desert locust [53, 62,
125, 153]. It was �rst discovered in the locust and termed the polarisation vision
pathway, as the involved neurons respond strongly to polarised light stimuli [53] (re-
viewed by Heinze [49]). The involved neurons additionally respond to the azimuth
of unpolarised light simulating the sun [56, 102].

The second type of visual inputs reaching the CX is idiothetic self-motion generated
optic 
ow information. Information about optic 
ow along di�erent axes reaches the
CX via parallel pathways, with translational and lateral 
ow informing about travel
speed and rotational 
ow indicating changes in the orientation or heading of the
animal. Optic 
ow inputs are likely to be relayed to columnar neurons by tangential
neurons. In immobilised sweat bees, tangential neurons innervating the NO (TN1-
and TN2-neurons) respond to optic 
ow stimuli simulating forward and backward
self-motion, but not to stimuli simulating rotations [119]. In fruit 
ies, homologous
LNO1/2-neurons as well as SpSp-neurons innervating the PB are direction-selective
for translational and lateral velocity. During 
ight, these neurons respond to optic

ow, but in experiments with walking 
ies (in some cases in darkness), a tendency of
neural activity to precede the behaviour suggests that they receive e�erence copies or
proprioceptive rather than visual inputs [82, 83]. Columnar neurons connecting the
PB to the EB and NO (P-EN-neurons) that likely receive inputs from LNO-neurons
innervating the lower unit of the NO (NOL) are sensitive to di�erent rotational self
motion cues. Green et al. [41] showed responses to optic 
ow patterns simulating
rotations as well as responses to rotations in experiments with 
ies walking in a
closed-loop visual arena and with 
ies walking in darkness, suggesting that P-EN-
neurons receive e�erence copies or proprioceptive cues in the absence of visual inputs.
Turner-Evans et al. [131] found similar responses in 
ies walking in darkness and
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Chapter 1. Introduction

inferred from response latencies that these neurons receive proprioceptive inputs
rather than e�erence copies [131]. While di�erent self motion-dependent cues may be
weighted di�erently depending on behavioural context [82], most of the direct inputs
to these neurons have not yet been characterised [67]. Neurons with homologous
morphology to TN-/ LNO-neurons and SpSp-neurons exist in locusts [54], but data
revealing responsiveness to self motion-generated signals are lacking. So far, one
study has addressed the sensitivity of CX-neurons of the locust to translational
optic 
ow [109]. While it showed sensitivity to simulated forward motion in neurons
at di�erent processing levels, optic 
ow-elicited and motor activity-related neuronal
responses could not always be disentangled.

While the inputs to the PB, CBL, and NO have been described in great detail,
inputs to the CBU and the circuits processing them are mostly unknown [50]. In
the fruit 
y, tangential neuron circuits supplying contextual cues (odours [87] and
sleep drive [24]) to the FB have been discovered. Combined with directional infor-
mation, contextual cues determine behavioural decisions. Work in bees and fruit

ies suggests that sinusoidal activity patterns across the width of the CBU encode
competing goal directions [87, 94, 119], and contextual cues likely modulate which
goal drives behaviour.

Output neurons of the CX (mostly columnar neurons) generate steering signals
used by downstream pre-motor control regions to initiate turning behaviour [67, 86,
119]. In the fruit 
y, PFL-neurons receive heading and goal direction inputs in single
columns of the PB and FB and relay the result of a point-by-point comparison to the
lateral accessory lobes [50]. The information is integrated into steering commands
in descending neurons [105, 130]. Speci�cally, the projection patterns of PFL2- and
PFL3-neurons produce an imbalance between the right and left lateral accessory
lobe when the phases of the activity patterns in the PB and FB are out of sync,
generating steering signals that align heading and goal directions [22, 42, 67, 87,
94, 119, 140]. While physiological evidence from locusts is missing, the connectivity
pattern of homologous CPU-neurons suggests a similar role in steering [64].

The CX thus acts as an interface between navigation-related sensory processing
and motor control. It generates goal direction representations and balances their
in
uence on motor outputs based on contextual cues. Steering signals are computed
by comparing the winning goal direction to a representation of the current heading.
This heading representation is generated and updated by a recurrent neuronal circuit
between the PB and CBL.

The heading circuit in the central complex
Data from several insect species suggest that the CX features neurons comparable to
mammalian head direction cells representing the animal's heading direction. While
head direction cells in mammals are randomly distributed regarding their preferred
heading directions [126{128], data from fruit 
ies provide evidence for a topographic
representation of heading direction in columnar neurons connecting the EB to the
PB (E-PG-neurons). Calcium imaging data of the entire E-PG-neuron population
revealed that it tracks the animal's heading [35, 41, 114, 131]. Neurons in the 16
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Chapter 1. Introduction

wedges of the EB are tuned to speci�c heading directions, sampling the entire 360�

space surrounding the animal in 22:5� increments. The activity of the entire E-
PG population can represent any heading angle and localises in a single \bump" of
activity that acts like a compass needle. Due to their projection patterns [148], E-
PG-neurons convey two separate compass bumps to the PB, one on each side. The
activity pattern in each half of the PB samples the 360� space in 45� steps and is a
phase-shifted copy of the pattern in the EB [67, 83], which can in turn be regarded
as their balanced product.

Functional data at the population level are only available for the fruit 
y, but E-PG-
neurons appear homologous to neurons shown to encode sky-compass signals in other
insects [29], such as CL1a-neurons in locusts. While intracellular and extracellular
recordings from homologous neurons in the locust, monarch butter
y, and from dung
beetles indicate heading encoding relative to sky compass cues [6, 52, 53, 56, 68,
69, 133], a topographic heading representation could so far only be demonstrated in
the fruit 
y [35, 114, 131] and the desert locust [53, 101, 153]. In the following, the
neural mechanisms for generating, maintaining, and updating a heading signal will
be outlined. The focus is on the fruit 
y, as most work is based on this species. The
ensuing section will highlight modelling approaches to the heading circuit. Lastly,
di�erences between insect species will be discussed that question the universality of
�ndings from the fruit 
y.

The directional tuning of E-PG-neurons across columns in a compass-like manner is
generated by multi-sensory cues such as the visual panorama [76, 133], self-generated
proprioceptive signals [114, 133], and sky compass signals such as the moon, the sun,
and the polarisation pattern of the sky [35, 56, 69, 100, 101, 110]. The mechanism
transforming sensory inputs into a heading signal is best described for visual inputs.
Visual inputs are supplied to the EB via ER-neurons, tangential neurons poten-
tially innervating all E-PG-neurons [67]. The inhibitory [46, 63] all-to-all synapses
from ER- to E-PG-neurons are functionally transformed to excitatory one-to-one
connections via associative synaptic plasticity [29, 31, 76]. This process is guided
by rotations of the animal, with P-EN-neurons reinforcing this learning process via
dopaminergic synapses onto ER-neurons [29]. This way, an existing activity bump is
tethered to visual signals. The phase between visual stimuli and the compass bump
di�ers between individual 
ies and between contexts [41, 114], showing that the re-
lationship between the E-PG bump and visual features can be 
exibly remapped to
adapt to new environments [14, 43]. This mechanism can be applied to multi-sensory
signals across di�erent input pathways to the EB, creating a consistent multi-modal
heading signal [29, 98].

This heading encoding is stabilised and maintained by a circuitry characterised by
local recurrent loops paired with global inhibition. E-PG-neurons project from the
EB to the PB, where they innervate two other types of columnar neurons, P-EG-
neurons and P-EN-neurons. P-EG-neurons follow the same projection pattern as
E-PG-neurons but with reversed polarity [148], such that the two sets of neurons
form excitatory loops suited to stabilise the activity pattern of the circuit. Global
inhibition onto E-PG-neurons could be exerted by two types of tangential neurons,
�7-neurons innervating the PB and ER-neurons innervating the EB [40, 67, 132].
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Chapter 1. Introduction

Global inhibition prevents activity from spreading across the EB, ensuring an un-
ambiguous heading signal [14].

Besides allothetic sensory information about features of the external environment,
the EB receives idiothetic self-motion cues, providing information about body ro-
tations independent of the external world. This allows the activity bump to shift
in response to rotational self-motion even in darkness [41, 114, 131, 132]. E-PG-
neurons receive rotational self-motion inputs from P-EN-neurons. P-EN-neurons
receive self-motion cues from LNO-neurons within the NO and heading inputs from
E-PG-neurons within the PB, thus they conjunctively encode heading direction and
angular velocity [131]. Tuning to angular velocity is asymmetric in P-EN-neurons
arborising in the two halves of the PB. Their axonal projections in the EB are asym-
metrically activated on one side of the E-PG bump during turns, pulling the E-PG
bump in this direction via anatomically o�set excitatory P-EN-to-E-PG synapses
[148] within the EB. The two E-PG bumps in the PB move in sync with the single
bump in the EB and are �nally passed on to P-EN-neurons via excitatory E-PG-
to-P-EN synapses within the same column of the PB [131]. Neurons that are mor-
phologically similar to P-EN-neurons exist in the locust (CL2-neurons). If they also
exhibit a similar response pro�le, they might have an important role in integrating
rotational self-motion cues into the heading signal in the locust heading circuit.

While there is progress towards a complete functional connectome of the fruit 
y
CX, many parameters of the circuit are unknown, even more so in other species.
Further, available methods are limited in their ability to identify functions of neurons
during naturalistic behaviours. Computational modelling can bridge these gaps
[103, 139]. The tight structure-function relationship between circuit motifs and
neuro-computational algorithms implemented in the CX has made it a prime model
system for the study of spatial cognition [50], and this has inspired multiple canonical
and computational models of its function. These models can be employed to test
speci�c hypotheses about perception, action, and the underlying neural circuitry
and computations.

Heading circuit models

Connectomics [80, 148, 149] and functional data of the heading circuit in the fruit

y CX [114, 131] as well as canonical and computational models based on these data
[3, 18, 41, 71, 75{77, 122, 131, 132] revealed ring attractor dynamics [2] that have
earlier been proposed to underlie the vertebrate heading direction system [8, 106,
115, 117, 129, 151, 152], (reviewed by Moser, Moser, and McNaughton [89]). An
attractor is a dynamic system that tends towards one or more equilibrium states.
Ring attractor models of heading direction circuits are stable in a continuum of ac-
tivity patterns of neurons (E-PG-neurons in the 
y) that are arranged as nodes of
a topological ring based on their directional tuning [120, 131]. These activity states
are maintained by the interaction of local excitatory connections between neurons
with similar preferences and long-range inhibitory connections between neurons with
dissimilar preferred directions. The circuit activity always localises in a single bump
which is maintained in the absence of inputs. Its position corresponds to the orienta-
tion of the animal with respect to the position of an external stimulus. It locks onto
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Chapter 1. Introduction

a single such stimulus when multiple competitors are presented. In sync with the
external stimulus, the bump can move around the attractor space [71]. Such phase
shifts are induced by asymmetries between excitation and inhibition within the net-
work [152]. In most models, these asymmetries are introduced by a second class of
neurons encoding both heading and angular velocity (P-EN-neurons in the 
y) [131].
In neurobiological studies as well as computational models of the fruit 
y heading
circuit, the key neuron populations are E-PG-, P-EG-, P-EN-, �7- and ER-neurons.
The E-PG activity bump is reshaped into a sinusoid across �7-neurons, and this
sinusoid is the output relayed to downstream columnar neurons [67]. Across the CX,
sinusoidal activity patterns encode vectors, with the phase encoding the angle and
the amplitude the length of a vector [67, 103, 119]. This notion is in line with earlier
models of heading circuits in vertebrates [97, 129, 147]. Network motifs of the CX
render it ideally suited to perform highly e�cient vector-based computations [67].
Wittmann and Schwegler [147] suggested that sinusoidal activity encoding is a com-
mon motif in insect navigation because it facilitates vector computations. Aceituno,
Dall'Osto, and Pisokas [1] compared theoretical heading circuits with di�erent en-
coding patterns that all allow for easy vector computations and demonstrated that
the sinusoidal encoding emerges from the most noise-resilient circuit, which matches
experimental data from the locust and the fruit 
y.

In recent years, several computational models of the insect CX have been presented.
Such models have shed light on the neural circuitry involved in generating, main-
taining, and updating a heading representation [3, 16, 18, 36, 37, 41, 77, 131], some
focusing on the circuit's ability to integrate multimodal cues into a stable head-
ing signal [82, 88, 123, 124]. Other models have focused on goal encoding and on
locomotor circuits combining heading and goal representations to produce motor
outputs [27, 38, 83, 87, 105, 140]. Such models highlight the circuit's ability to
transform allocentric sensory inputs into egocentric motor outputs and can account
for naturalistic behaviours, of which path integration has been extensively described
[45, 48, 79, 119, 134, 147]. Recent models have focused on plasticity allowing the
heading and goal signals to adapt to changing environments [22, 30] and allowing
internal and external contextual cues to modulate the in
uence of competing goal
directions on behaviour [39]. Most of these models are centred around �ndings from
the fruit 
y or draw upon fruit 
y data where data from other species are lacking.
While the core circuitry of the CX is highly conserved across insects [112], sub-
stantial anatomical and functional di�erences between insect species challenge the
generalisation of species-speci�c �ndings. In the following, di�erences between the
fruit 
y and desert locust heading circuits shall be outlined.

Di�erences between the heading circuits of fruit 
ies and
locusts

The fruit 
y CX is a prime example of structure matching function, with the ring-
shaped anatomy of the EB re
ecting the ring attractor properties emerging in the
circuit of E-PG- and P-EN-neurons forming nodes around this ring [66, 112, 148].
A ring-shaped EB is however unique to drosophilid 
ies, and all other insects share
the crescent-shaped CBL of locusts, preventing compass neurons homologous to
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Chapter 1. Introduction

E-PG-neurons from forming a closed ring [50]. Further, columnar neurons compart-
mentalise the fruit 
y CX into 18 glomeruli in the PB and 16 wedges in the EB
[148], whereas the locust CX is characterised by 16 columns in each the PB and the
CBL, with individual columnar neurons appearing in sets of 18 [59]. In addition, the
two circuits di�er in their pattern of inhibitory connections from tangential neurons
onto E-PG-neurons. In the fruit 
y, �7-neurons have postsynaptic domains along
the entire width of the PB [33, 148], while homologous TB1-neurons in the desert
locust only innervate single columns of the PB postsynaptically [7, 44, 53]. Pisokas,
Heinze, and Webb [103] explored the functional implications of these structural
di�erences between the fruit 
y and desert locust heading circuits by employing
a comparative modelling approach. They concluded that the circuits are similar
despite anatomical di�erences and found that both function as ring attractors. Dif-
ferences in the inhibition pattern from �7-/TB1-neurons onto E-PG-/CL1-neurons
determine the ability of the two circuits to track rotational movements, with the
fruit 
y circuit being able to respond faster and the locust circuit exhibiting greater
noise-robustness and stability. While these results emphasise that relatively small
di�erences in circuit connectivity can have signi�cant functional implications, the
authors did not account for data suggesting striking functional di�erences between
the heading circuits of the two species.

As outlined above, in the fruit 
y, E-PG-neurons map the 360� space surrounding
the animal in 22:5� steps around the EB, resulting in a 2� 360� spatial representa-
tion in 45� steps across both halves of the PB. In addition, the relationship between
the phase of the compass bump and the position of external stimuli di�ers between
individuals and can 
exibly adapt to the environment. Data from desert locusts on
the other hand suggest a �xed compass topography across individuals and contexts.
Further, the data suggest an entirely di�erent compass topography with a 360� com-
pass mapping in incremental 22:5� steps across the columns of the PB corresponding
to two intercalated heading representations across the width of the CBL. However,
evidence for this notion is limited. In desert locusts, multiple CX neurons are sen-
sitive to the polarisation pattern of the sky [53] and represent the animal's heading
relative to matching solar azimuths in a compass-like fashion [101, 153]. The range
of azimuth coding di�ers between di�erent neuron types. While CL1a-neurons map
the position of an unpolarised light spot in a range of about 640� across the PB,
CPU1-neurons map roughly 460� [101]. A 360� compass emerges when analysing
the solar azimuths matching sky polarisation patterns encoded by the ensemble of
CL1a-, TB1-, CPU1- and CPU2-neurons [153]. Fig. 1.2 provides an illustration
of the di�erent compass topographies along the PB of the fruit 
y and the desert
locust. These observed di�erences in azimuthal range between neuron types in the
locust CX could be due to statistical errors based on small sample sizes, but they
could also indicate a reduction in azimuthal range from input- to output stages of
the CX.

The assumed di�erences in compass topography between the two species could be
due to structural di�erences in the CX, such as those outlined above, but they could
also be explained by di�erences between experimental designs and related internal
and external contexts. The mapping between the E-PG activity bump and external
stimuli is guided by rotational self-motion cues [30], and in quiescence, without self-
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Chapter 1. Introduction

Figure 1.2: Schematic comparison of heading encoding in the protocerebral
bridge of the fruit 
y and the desert locust. Based on data from [41, 83] and
[154] and inspired by illustrations from [50, 67, 153]. Columnar E-PG- and CL1a-
neurons encode the heading direction (indicated by colour) of the insect. Bar graphs
illustrate the activity level of neurons in each PB column, revealing a sinusoidal
pattern of activity across the PB. In contrast to the fruit 
y's 2 � 360� representation
of space with two activity maxima (compass bumps) along the PB, one on either
side, our model of the locust heading circuit assumes a 360� spatial map with a single
compass bump along the entire PB. This �gure appears in Study III as Figure 1B.

motion cues, the mapping could deviate from a complete azimuth representation
[50]. In monarch butter
ies, azimuthal coding does in fact depend on the animal's
locomotor context. In quiescence and during passive rotations, the frontal visual �eld
is over-represented, but active 
ight induces an accurate 360� compass mapping [6].
An E-PG bump in the fruit 
y CX has so far only been observed in restrained animals
during walking or 
ight, not in immobilised animals [47], but all available data from
locusts stem from fully immobilised animals. In either case, such a di�erence in
compass topography would have implications for the neuronal and computational
mechanisms that generate, maintain, and update the heading signal. Notably, the
mechanisms for maintenance and updates described in the fruit 
y heading circuit
are based on the presence of two slightly shifted compass bump copies in the PB
that are fused into a single EB bump (either in a symmetrical fashion to maintain
the bump phase, or in an asymmetric fashion to shift the phase) which means that
they might not translate to the heading circuit of the locust.

Scope of this thesis
The central question addressed in this thesis revolves around the viability of activity
observed in the desert locust CX as a heading signal, given its distinct topography
compared to the internal compass in the fruit 
y brain. The �rst objective was to
determine computational mechanisms for maintaining such a signal in a model of the
desert locust heading circuit in the absence of external inputs. The second objec-
tive was to investigate computational mechanisms for updating the heading signal
by integrating angular velocity inputs. Speci�cally, we aimed to assess whether the
mechanism described in the fruit 
y heading circuit could be translated to our model
of the desert locust heading circuit. This led to the third objective of identifying
potential biological substrates for the proposed maintenance and updating mech-
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Chapter 1. Introduction

anisms. The subsequent chapter introduces the fundamental concepts underlying
the computational modelling and machine learning methods employed to address
these objectives. Lastly, our �nal objective was to assess optic 
ow sensitivity in
CX-neurons of the desert locust, as rotational optic 
ow could be a crucial signal
involved in updating the heading signal based on rotational self-motion.

The primary contribution of this thesis lies in the proposal of a novel biologically
constrained computational model of the desert locust heading circuit. This model
accounts for a potentially di�erent internal compass topography than that observed
in the fruit 
y and proposes a distinct neural mechanism for integrating rotational
information into the heading signal. It provides testable hypotheses for future ex-
perimental studies.

11



Neural network modelling and ma-
chine learning: a primer

Computational and mathematical approaches to neuroscience use modelling and
simulation to represent animals, their neural systems, and their environment based
on biological, physical, or other constraints. This implementational approach can
both validate existing knowledge and create hypotheses about unknown properties
of such systems. In the studies presented in this thesis, the interaction of the neural
system with the body and the encompassing environment is abstracted, and the focus
lies on a speci�c neural circuit. We seek to gain a better understanding of the neural
and computational mechanisms underlying orientation, a simpler, phylogenetically
preserved behaviour, assuming that natural behaviours of various complexity across
the tree of life share the same neural and computational requirements and solutions
[17].

Computational and mathematical representations compress information. Which de-
tails are abstracted depends on the addressed research question, with analyses at
di�erent levels of description complementing each other. Marr and Poggio [85] have
introduced three levels of describing neural systems: The computational level char-
acterises what a system is trying to achieve, or why it operates as it does. The
algorithmic level describes transformations of inputs into outputs, and the imple-
mentational level identi�es how such algorithms are implemented by neural hard-
ware. In the studies presented in this thesis, we described the heading circuit of
the desert locust on the algorithmic and on the implementational level. We anal-
ysed the computations the heading circuit performs in a linear network model, and
explored their neural underpinnings in a steady-state �ring rate model with a dy-
namical synapse model. This primer aims to provide a brief introduction to these
models.

Neuron models
Neuron models reduce two types of complexity of biological neurons: Their morphol-
ogy and their dynamic behaviours [23]. The morphological structure of a neuron
can be approximated by representing it using a number of compartments. Each is
described by a single membrane potential, and in the most simple case, which we
chose, a single compartment and assigned membrane potential represent the entire
neuron.

For all single compartment models, the membrane equation is (see Dayan and Ab-
bott [23] Equation 5.6)

cm
dV
dt

= � im +
I e

A
(2.1)
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Chapter 2. Neural network modelling and machine learning: a primer

with the membrane current im, the speci�c membrane capacitance cm, the input
current Ie (note that I e = 0 in all models discussed in this thesis because no current
is injected experimentally), the membrane area A and the membrane potential V.
Descriptions of neuron dynamics range from very detailed to very abstract and shall
be addressed in the following.

The Hodgkin-Huxley model

The Hodgkin-Huxley model [61] is an implementational neuron model. It abstracts
morphological properties of neurons away and describes the membrane current im

based on channel dynamics (see Dayan and Abbott [23] Equation 5.25):

im = �gL (V � EL ) + �gK n4(V � EK ) + �gNa m3h(V � ENa ): (2.2)

Here, �gL , �g K , and �gNa are the maximal conductances and EL , EK , and ENa are
the reversal potentials for leakage currents and for K+ and Na+ cations, respec-
tively. The leakage current is comprised of K+ and Cl- and a small fraction of Na+

ions passing through voltage-independent leakage channels. n, m, and h are gating
variables describing the voltage-dependent K+ channel subunit activation and Na+

channel subunit activation and inactivation, respectively. Thus, in this model, ac-
tion potentials and the refractory period between two action potentials arise from
the biophysical processes governing conductances for potassium and sodium cations.

Integrate-and-�re models

Integrate-and-�re neuron models [78] (reviewed by Burkitt [11, 12]) abstract the
biophysical mechanisms underlying the generation of action potentials away. They
assume that a stereotypical action potential is generated whenever the membrane
potential reaches a threshold value Vthreshold and they lower the membrane potential
to a resetting potential Vreset < V threshold after �ring to create a refractory period.
The membrane potential is determined by Equation 2.1 with the membrane current
depending on a single passive leakage term, im = gm(V � Em):

cm
dV
dt

= � gm (V � Em ) +
I e

A
: (2.3)

Firing rate models

Firing rates can be computed from spike patterns generated by Integrate-and-�re
models. When the precise timing of spike patterns is not important, �ring rate
models [144, 145] can be employed to produce similar �ring rates as spiking models
while being computationally less expensive. This requires the total input current Ie

to change slowly relative to the synaptic time constant� m = cm=gm which governs
how rapidly the membrane potential responds to an input current. This assump-
tion is usually justi�ed in neurons that are part of networks and receive multiple
inputs [23]. The �ring rate r of a neuron is determined by an activation function
F : r = F(U). The activation function is monotonically increasing and typically sig-
moidal (with a �ring threshold and saturation). The activation U is de�ned as the
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deviation of the membrane potential from its reversal potential,

U = V � Em : (2.4)

The membrane potential equation can be rewritten as

� m
dV
dt

= � (V � V1 ) (2.5)

where V1 = R mIe + E m is the steady-state membrane potential reached when dV=dt = 0
for a long time, Rm = 1=(gm � A) is the total membrane resistance. By substituting
the above de�nition of U, we can write

� m
dU
dt

= � U + Rm I e: (2.6)

Steady-state �ring rate models

A further abstraction requires the assumption that the total input current Ie changes
at a much slower rate than the membrane potential, leading to dU=dt = 0. We can
rewrite Equation 2.6 as

U = Rm I e (2.7)

and again determine the �ring rate r as a function of U : r = F(RmIe).

Linear neuron models

For analyses on the algorithmic level, we used linear �ring rate models. Such models
only use linear operations, such as matrix multiplication and addition, to transform
input �ring rates into output �ring rates. They do not explicitly represent any
biophysical properties of real neurons but they can be derived from �ring rate models
via a linear approximation to Equation 2.7 around an operating point or �ring rate
baseline. Linear models are valid as long as this linear approximation does not
deviate too much from the �ring rate funtion F().

In this framework, the output x of a single neuron depends on its n inputs y1; :::yn,
the weights w1; :::wn assigned to the inputs, and its resting state or bias b:

x = y1w1 + ::: + ynwn + b (2.8)

All inputs and all weights can be summarised in vectors~y and ~w: x = ~y � ~w + b.
Linear models are easy to implement, but they fail to capture the complexity and
non-linearity of the dynamics underlying �ring rates in biological neural networks.
For example, �ring rates in linear neural networks can take negative values. We
thus interpreted the output x of a neuron as a deviation from a baseline �ring rate
b.

Neural network- and synapse models
Biological neurons are interconnected by synapses that allow for the propagation
of signals. In a network of linear model neurons, synaptic conductances gs are
represented by the weights assigned to the connections between neurons.
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In biologically more plausible models, the synaptic conductance is the product of a
maximal conductance and an open channel probability, gs = �g sP. The open proba-
bility is the product of the transmitter release probability Prelease at the presynapse
and the synaptic open probability Ps at the postsynapse, P = PreleasePs. Ps changes
over time depending on channel opening and closing rates� s and � s (see Dayan and
Abbott [23] Equation 5.27):

dPs

dt
= � s(1 � Ps) � � sPs: (2.9)

We assume that� s is constant and that � s � 0 as long as the presynaptic neuron is
not �ring, and that � s increases upon neurotransmitter release into the synaptic cleft.
We model the time course of the synaptic open probability Ps, and therefore the
spike timing probability, by a single-exponential kernel. The kernel is convolved with
the density of the pre-synaptic spike train, which we assume to have inhomogeneous
Poisson process statistics with rate r. The Poisson assumption is justi�ed for CX
neurons: Sincer � 50 Hz in available data from the locust[154], we assume that the
inter-spike interval is substantially longer than the refractory period. Following the
derivation in [23], the time course of Ps can then be described by the di�erential
equation

dPs

dt
= Ps;max r �

�
r + � � 1

s

�
Ps (2.10)

where Ps;max = 1 is the maximum synaptic open probability.

By substituting Equation 2.4 into Equation 2.6, we can write (cf. Dayan and Abbott
[23] Equation 5.8):

� m
dV
dt

= Em � V + Rm I e: (2.11)

If the input current I e = 0, the activation U = 0, and therefore the membrane poten-
tial becomes equal to the leakage reversal potential: V = Em. Synaptic conductances
can be included in the membrane equation of Integrate-and-Fire neurons by sub-
stituting into the membrane current in Equation 2.11 (see Dayan and Abbott [23]
Equation 5.43):

� m
dV
dt

= Em � V � rm �gsPs(V � Es) + Rm I e (2.12)

where Es is the synaptic reversal potential.

For �ring rate models, synaptic conductances can be included in the activation
Equation 2.6:

� m
dU
dt

= � U � gsPs(U � Us) + Rm I e: (2.13)

where Us = E s � Em is the di�erence between the synaptic reversal potential Es
and the leakage reversal potential Em. gsPsUs acts as a synaptic current, and gsPs

is the e�ective synaptic conductance. Likewise, for steady-state �ring rate neurons
without injected currents, where synapses are also assumed to be in a steady-state,

U = gsPs1 Us (2.14)

wherePs1 = � s=(� s + � s) is the steady-state open probability.
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Optimisation of model parameters
In all studies presented in this thesis, model parameters that were under-speci�ed
by available data were determined via a machine learning approach, employing op-
timisation algorithms. Optimisation algorithms automate the search for the best
value for a model parameter out of a given set of values with respect to a function
of the parameter, often called a cost- or loss function. We employed the L-BFGS
algorithm [81] which iteratively adjusts parameter values to �nd the minimum of
such a function via approximate second-order gradient descent [10]. The solution
space can be constrained, for example by only allowing parameter values in a certain
range. It is also common to add a regularisation term to the loss function with the
aim of reducing the complexity of the solution.

In the studies presented in this thesis, the parameters that were optimised ranged
from the activity pattern of the heading circuit to its synaptic conductances. Op-
timality of parameter values was always de�ned with respect to the criterion that
the circuit should maintain a heading signal or shift it in tune with rotation inputs.
More speci�cally, parameters were chosen such that, starting at a certain initial
network activity, the di�erence between the emerging network activity and a tar-
get activity was minimal. The target activity either equalled the initial activity to
�nd parameters constituting to heading signal maintenance, or was a phase-shifted
copy of the initial activity to optimise for heading signal updates. We employed
regularisation to minimise the number of assumed synapses and to reduce entropy
in the pattern of synaptic weights, in other words, to achieve a symmetric circuit
connectivity.

Note that optimisation algorithms cannot always �nd globally optimal values in
the solution space. This can be the case when the loss function has multiple local
minima or when it has minimax points. It can also be the case that there simply is
no solution to an optimisation problem. In the context of modelling biological neural
circuits, an explanation could be that the representation of structural or functional
properties of the circuit are faulty or incomplete, or that hypothesised features are
not plausible.
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Study summaries

This chapter provides an overview of the three studies comprising this thesis. For
the full versions, either published or submitted for publication, please refer to the
corresponding section in the appendix Manuscripts. Within each summary, a concise
examination of the strengths and limitations of the respective study is presented.
For a comprehensive exploration establishing connections to related research in the
�eld, and a nuanced discussion of persistent limitations along with prospects for
future studies, please turn to the ensuing chapter, Discussion.

Study I: A model for optic 
ow integration
in locust central-complex neurons tuned to
head direction
The contents outlined in the subsequent section have been published as:

Pabst, K., Zittrell, F., Homberg, U., & Endres, D. (2022). A model for optic 
ow
integration in locust central-complex neurons tuned to head direction. InProceedings
of the annual meeting of the cognitive science society(Vol. 44, No. 44).

For the full publication, please refer to appendix A.1.

Background

A compass-like heading encoding has been discovered in the central complex (CX)
of the desert locust and the fruit 
y [53, 101, 114, 153], but the underlying neural
circuitry and computations remain largely obscure. Canonical and computational
models have explored heading circuits inspired by vertebrates [106, 117, 120, 129,
151, 152] and the fruit 
y [3, 18, 27, 71, 122{124, 131], and a recent study has
introduced the �rst model of a locust heading circuit [103]. While its connectivity
was constrained by anatomical data from the locust, its activity was modelled after
functional data from the 
y.

Our approach distinguishes itself by implementing a model grounded in anatomical
and functional data of the desert locust CX. This marks the �rst instance of a
model that contemplates the possibility of a single activity maximum or compass
bump in the population of CL1a-neurons across the width of the PB, as indicated
by Zittrell, Pfei�er, and Homberg [153]. We explored whether a model of the locust
heading circuit could maintain such a heading signal and update it by integrating
rotational self-motion cues. The analysis was conducted at the algorithmic level[85].
It did not aim to assert the existence of a biological substrate for a distinct compass
topography in the CX of the locust but rather served as a proof of concept within
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a mathematical framework.

Model

We constructed a linear network model of a circuit of CL1a- and CL2-neurons.
The connectivity of the circuit was inferred from projectomics data of the included
neuron types [54], based on the assumption that overlapping smooth and varicose
�bre endings indicate potential synapses. Under-constrained by available data, we
assumed uniform excitation of CL2-neurons by CL1a-neurons and reciprocal inhi-
bition. Additional excitatory self-recurrence was introduced to establish a stable
baseline activity.

Optimisation of activity patterns for heading signal mainte-
nance

We took a mathematical approach to de�ning the set of stable activity states of
this circuit and tested whether it contained vectors that align with the single-bump
heading signal inferred from functional data from locust CX-neurons. To this end, we
characterised the activity of CL1a-neurons as cosine-shaped across the width of the
PB and de�ned CL1a activity target vectors, each exhibiting maximum activity in a
distinct column of the PB. We proceeded to optimise linear coe�cient vectors such
that, multiplied with stable eigenvectors of the connectivity matrix, they resembled
these target vectors. The optimisation yielded stable cosine-shaped activity patterns
resembling the CL1a activity targets. Notably, in every solution we identi�ed, the
activity of CL2-neurons mirrored that of CL1a-neurons in each column of the PB.

Optimisation of angular velocity inputs for heading signal
shifts

Next, we investigated computational mechanisms for integrating angular velocity
information into the heading signal. Rotations were conceptualised as inducing a
shift of the initial activity maximum position to an adjacent column of the PB. In
cases where the initial maximum was located in one of the lateral-most PB columns,
depending on the rotation direction, we anticipated the bump to transition to the
opposite lateral end. We derived matching activity targets for the maintainable
activity patterns found in the optimisation process outlined above.

Our �rst exploration involved testing whether a feed-forward input could achieve
the desired shifts. Such an implementation could potentially capture the angular
velocity integration mechanism proposed in the fruit 
y [131], where P-EN-neurons
in one half of the PB receive excitatory inputs based on the animal's turn direction.
However, neither the proposed single-hemispheric additive input nor any other feed-
forward input to the circuit could induce the desired shift in the activity bump.

In response, we investigated whether a multiplicative approach could achieve shifts
in the activity pattern by modulating the circuit's connectivity. This modulatory
input had the capacity to manipulate existing connections in the original connectiv-
ity and to introduce additional connections to adjacent neurons. Via optimisation,
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we identi�ed two matrices that, when multiplied by the connectivity matrix, in-
duce shifts of the compass bump, corresponding to clockwise and counterclockwise
rotations of the animal, respectively. The principle underlying the shift involves
neurons suppressing activity in adjacent columns of the PB on one side and increas-
ing activity in adjacent columns on the other side, introducing asymmetries into the
connectivity depending on turn direction.

Discussion

In this proof-of-concept study, we demonstrated that an activity pattern inferred
from intracellular recordings from neurons within the locust CX, while contradict-
ing data from the fruit 
y, can function as a compass signal. Notably, our model
showcased the feasibility of both maintaining this heading signal and shifting it.
However, our model diverges from the fruit 
y paradigm in integrating rotational
self-motion information via multiplicative inputs that modulate the circuit connec-
tivity rather than via excitatory feed-forward inputs. While both mechanisms have
been previously discussed as di�erent ways of introducing asymmetries to e�ective
synaptic connections by Zhang [152], our proposition represents a novel application
of a multiplicative implementation within the context of insect heading circuits.

Study II aimed at examining sensitivity for optic 
ow in various CX-neurons, as
rotational optic 
ow may be used for angular velocity dependent updates of the
heading signal. The second objective of Study II was a re�nement of the biological
plausibility of the circuit connectivity.

Study II: Integration of optic 
ow into the
sky compass network in the brain of the
desert locust
The contents outlined in the subsequent section have been published as:

Zittrell, F., Pabst, K., Carlomagno, E., Rosner, R., Pegel, U., Endres, D., &
Homberg, U. (2023). Integration of optic 
ow into the sky compass network in
the brain of the desert locust.Frontiers in Neural Circuits , 17, 1111310.

For the full publication, please refer to appendix A.2.

Analysis of central complex neuron sensitivity for optic 
ow

Background

The CX fuses multi-modal sensory inputs into a heading signal. External cues such
as the solar azimuth provide a reference frame for the sense of direction, and self-
motion cues like optic 
ow may contribute information about rotations and travel
speed. It is unclear how optic 
ow is integrated in the heading circuit, and so far,
only one study has addressed the sensitivity of CX-neurons of the locust to optic

ow. Rosner, Pegel, and Homberg [109] showed that neurons at all levels of the sky
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compass network are sensitive to optic 
ow simulating forward motion, but responses
to optic 
ow could not be separated from activity related to leg movements. The
�rst part of this study thus aimed to analyse sensitivity for optic 
ow along di�erent
axes in CX-neurons in restrained locusts.

Data collection

The data collection involved intracellular recordings from individual neurons within
the locust CX. During recordings, animals were �xated, and two monitors | one to
the left and one to the right of the animal | displayed animated grating patterns
simulating translational motion (forward and backward), yaw rotation (clockwise
and counterclockwise), lift (upward and downward), and roll (counter-clockwise and
clockwise). These simulated self-motion directions were tested in a �xed order across
multiple trials, each comprising a motion phase followed by a stationary phase. All
motions were standardised at a speed of 32.5� /s.

Bayesian analysis

We analysed �ring rates extracted from the data to assess whether the recorded
neurons exhibited motion sensitivity and direction selectivity. Motion sensitivity
implies varying �ring rates during motion and stationary phases, while direction
selectivity implies distinct responses to opposing motion directions. Both properties
are combined in the de�nition of direction selectivity proposed by Reichardt [107].

We employed Bayesian rather than classical statistics to conduct this analysis. In
brief, both approaches attempt to make inferences about hypotheses. In the con-
text of our analysis, an example for a hypothesis is "Neurons do / do not �re at
a higher rate during translational motion phases than during stationary phases".
Classical frequentist statistics assess the probability (the "p-value") of observing
the collected data given that the hypothesis is true. A high p-value is in favour of a
hypothesis, and a hypothesis is rejected when this probability is below a pre-de�ned
threshold [28]. Bayesian statistics assign probabilities to the hypotheses themselves
[26], which provides much more intuitive answers to scienti�c questions. In essence,
the Bayesian approach expresses credence in a hypothesis in terms of a probability.
Incorporating observed data via Bayes' theorem [4] updates a prior to a posterior
probability. Compared to frequentist statistics, Bayesian statistics allow incorporat-
ing prior knowledge, quantifying certainty in inferences, and they provide internal
consistency when computing multiple statistics on the same data. They further do
not require large data sets. This motivated our use of Bayesian instead of classical
statistics given a small dataset, especially for certain neuron types.

Given the absence of previous research addressing this speci�c question (and am-
biguous evidence for translational optic 
ow sensitivity provided by Rosner, Pegel,
and Homberg [109]), we assigned equal prior probability to all hypotheses regarding
motion sensitivity and direction selectivity. For further details on the data analy-
sis, please refer to the manuscript. A "gentle introduction" to Bayesian analysis is
provided by Schoot et al. [113].
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Results

Most of the examined morphological classes did not exhibit sensitivity to optic 
ow
stimuli. TL-, CL1a-, and CPU2- neurons displayed motion sensitivity, but with
inconsistent results within each class. CL2-neurons however exhibited directional
selectivity in response to optic 
ow simulating rotation. Notably, only two CL2-
neurons were recorded, each with distinct arborisations. The �rst, arborising in the
right half of the PB and in the left NOL, responded to stimuli simulating clockwise
rotation with increased �ring. The second, with mirror-symmetric arborisations in
the left half of the PB and in the right NOL, exhibited an increased �ring rate in
response to simulated counterclockwise rotation.

Discussion

The limited responses observed in most neurons during simulated self motion could
be attributed to the experimental setup, where locusts were exposed to striped pat-
terns on two separate displays, creating a mismatch with the rest of their surround-
ings. A compelling avenue for future research includes replicating experiments in a
360� arena. Varying optic 
ow velocities may provide insights into the tuning curves
of motion-sensitive neurons. While patterns simulating translation, yaw, roll, and
lift were presented separately in this study, natural optic 
ow often involves a combi-
nation of these types, and this might be addressed by future experiments. However,
Preiss and Spork [104] reported that responses to optic 
ow patterns made up of
both translation and rotation are weaker, and assumed that this might avoid inap-
propriate behaviour when visual inputs are ambiguous. Considering that neurons
in the cockroach CX encode rotation-direction history [133], randomising optic 
ow
conditions could enhance future investigations. Additionally, conducting open- and
closed-loop virtual reality experiments with moving animals could help discern the
e�ects of self-motion-induced and external optic 
ow.

The fact that the lack of responses to simulated motion stimuli in most of the
tested neurons is in contrast to data from Rosner, Pegel, and Homberg [109] may be
due to the di�erent locomotor contexts of the experiments. While animals in this
study were �xated, animals in the study of Rosner, Pegel, and Homberg [109] could
perform walking motion. Inconsistent responses within the same neuron class could
be explained by cue sensitivity depending on the internal state of the animal and
on environmental conditions. These explanations would be in line with �ndings of
context-dependent baseline activities and stimulus tunings in CX-neurons in the 
y
[30, 116, 139], the monarch butter
y [96], and the locust [6].

The asymmetric responses of CL2-neurons in the two hemispheres to clockwise and
counterclockwise rotation echo observations in homologous P-EN-neurons in fruit

ies [131]. This observation seems to be in favour of the hypothesis that the locust
heading signal may, like in the 
y, be shifted via rotation-dependent asymmetric
excitation of CL2-neurons | a notion not supported by the model proposed in Study
I. Future simulations of the experiments conducted here employing our circuit model
could elucidate under which conditions results as reported here would be expected.
In hindsight, a prediction that we could have derived from the model developed in
Study I is that an activity maximum across CL2-neurons moves around the PB as
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the animal rotates. Thus, we would not expect increased activity of a single CL2-
neuron throughout extended rotational optic 
ow stimulation. The data analysis we
employed here compared average �ring rates during entire phases of the experiment
and could not uncover such dynamics.

Computational models for angular velocity integration in the
desert locust heading circuit

The second half of this study re�ned the model introduced in Study I. We explored
two possible variations of the network connectivity and tested the same two (additive
and multiplicative) mechanisms potentially inducing a rotation-dependent shift of
the heading signal. Again, this constitutes an analysis on the algorithmic level, in
terms of Marr and Poggio [85].

We attempted to constrain the network connectivity to mirror the available pro-
jectomics data from [54] more faithfully. Speci�cally, arborisation widths of CL1a-
neurons do not exceed single columns of the PB, meaning that a single CL1a-neuron
cannot synapse onto multiple CL2-neurons in adjacent columns of the PB, which
was a feature of the optimised connectivity of the previous model. In addition, we
implemented a second model version that introduced a potential substrate for re-
current connections among CL2-neurons, as CL2-neurons have mixed arborisations
in the NOL[54]. We extended self-recurrent connections of CL1a-neurons to recur-
rent connections to other CL1a-neurons arborising in adjacent PB columns. Like
in Study I, this was an abstraction of more complex circuitry within the CX or of
inputs from other brain areas, with the purpose of maintaining a stable baseline
activity.

Optimisation of the circuit connectivity for heading signal maintenance

In this study, we employed a slightly di�erent optimisation approach. In Study I,
we assumed certain synaptic weights while respective data were lacking. Via opti-
misation, we found maintainable activity states that could be shifted by integrating
rotational self-motion inputs. In this study, we used the stable heading states found
in Study I and used an optimisation algorithm to determine the synaptic weights nec-
essary to maintain them. We employed regularisation to reduce any non-essential
connectivity. For both model versions, optimisation converged at a solution that
maintains a stable heading signal. In line with our assumptions about the con-
nectivity in the �rst study, CL1a-neurons uniformly excited CL2-neurons, and the
CL2- to CL1a-neuron connections already included in the �rst study also emerged
as inhibitory. Optimisation converged at a solution where the additional connec-
tions (resulting from including broader arborisations of CL1a-neurons in the CBL)
are excitatory. Within-class connections were excitatory, and in the model with
additional connectivity among all CL2-neurons of the same hemisphere, a pattern
of local excitation and far inhibition emerged between CL2-neurons.
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Optimisation of angular velocity inputs for heading signal shifts

Next, we tried to optimise both a feed-forward input and a multiplicative input to
accomplish a heading signal shift, as outlined in Study I. Again, no solution could
be found for an additive feed-forward mechanism, but a multiplicative, modulatory
mechanism worked for both models. Like in Study I, the underlying principle was
rotation direction-dependent additional excitation of neurons on adjacent columns
of the PB on one side, and additional inhibition of neurons in adjacent columns
of the PB on the other side, introducing an asymmetry into the e�ective circuit
connectivity.

With the optimised circuit connectivity and modulatory rotational self-motion in-
put, we tested whether a series of rotation directions indicating no rotation, clock-
wise, and anticlockwise rotation could be integrated into the heading signal. Both
models accomplished this integration. Notably, the compass bump could transition
smoothly between the two lateral ends of the PB, which is in line with the successful
optimisation for respective initial and target states.

Discussion

In this study, we compared two di�erent model versions building on the heading
circuit model introduced in Study I. One variant incorporated a more extensive
connectivity among CL2-neurons, drawing inspiration from �ndings in the fruit 
y
[132]. Connectomics data would be necessary to evaluate which model version to
prefer over the other. Both implementations demonstrate the ability to maintain
a heading signal and to update it through integrating rotational self-motion infor-
mation. This underscores the considerable solution space inherent in the heading
circuit, even when modelling only two types of CX-neurons. While it would be pos-
sible to constrain this solution space by means of accounting for biological costs of
synapses, our current framework lacks the capacity to comprehensively assess these
costs and bene�ts. A less sparse connectivity might a�ord greater 
exibility for pro-
cesses such as neuromodulation and neuroplasticity, potentially enhancing circuit
robustness against various sources of noise.

Study I showed that a model of the locust heading circuit can maintain and shift
activity patterns with a single activity maximum across the PB. This study addi-
tionally demonstrated that the integration of rotation information is robust enough
to correctly integrate a time series of rotational self-motion inputs into the heading
representation. As implemented in the optimisation targets of Study I, the circuit
proved to be able to transfer the activity maximum from one lateral end of the PB
to the other. In models of the fruit 
y heading circuit and in the model of the locust
heading circuit proposed by Pisokas, Heinze, and Webb [103], the same property
is attributed to a closed ring circuitry. Pisokas, Heinze, and Webb [103] assumed
that CL1a-neurons in the innermost columns of the PB have arborisations across
the midline, based on Figure 1A from Heinze, Gotthardt, and Homberg [51]. While
it is unclear whether this is a regularity in the locust CX, we demonstrated that a
closed circuit architecture is not required for such ring attractor-like properties.

While Studies I and II provided a proof of concept on the algorithmic level of anal-
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ysis, the modelling framework led to several shortcomings. We implemented linear
networks, very abstractly approximating the non-linear dynamics of real neural cir-
cuits. We employed a discrete time framework, with the model switching between
activity states without making the dynamics driving these transitions explicit. Fur-
ther, we employed a very simpli�ed representation of rotation with a distinction
between clockwise and counterclockwise rotation, but without accounting for the
continuous nature of angular velocity. Study III translated the fundamentals of
these linear models to an implementational model, in the sense of Marr and Poggio
[85].

Study III: A computational model for an-
gular velocity integration in a locust head-
ing circuit
The contents outlined in the subsequent section have been submitted to PloS Com-
putational Neuroscience as:

Pabst, K., Gkanias, E., Webb, B., Homberg, U., & Endres, D. (2024) A computa-
tional model for angular velocity integration in a locust heading circuit.

For the full manuscript, please refer to appendix A.3.

Background

Expanding upon the foundational assumptions embedded in the models developed
in Studies I and II, the primary objective of this study was to delineate possible
biological substrates corresponding to the structural and functional motifs previously
modelled on the algorithmic level (in the sense of Marr and Poggio [85]).

Model

Neuron model

We implemented a circuit of single compartment steady-state �ring rate neurons
with a dynamical synapse model. This steady-state model was justi�ed by the as-
sumption that synaptic delays in the circuit are relatively large, compared to the
time it takes a neuron to return to a resting state of activity after �ring. We in-
cluded optional neuromodulation at the synapse level as a biological substrate for
the multiplicative mechanism of integrating angular velocity cues. In our imple-
mentation, the conductance gs of a modulatory synapse is composed of two parts; a
�xed feed-forward component and a variable modulatory component.

Circuit model

As in Studies I and II, we modelled a circuit of CL1a- and CL2-neurons. In this
study, we explicitly included two angular speed neurons, one tuned to clockwise and
one tuned to counterclockwise rotations. Angular speed neurons are an abstract
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neuron class combining qualities of di�erent tangential neurons targeting the PB,
CBL, and NOL, and presumably delivering rotational self-motion signals such as
rotational optic 
ow to the central complex. We further adjusted the connectivity
of the circuit to better represent available anatomic data. As in Studies I and II, we
assumed that CL1a-neurons provide inputs to CL2-neurons, which in turn provide
inputs to CL1a-neurons. As in one model variant introduced in Study II, we assumed
that all CL2-neurons arborising in the same NOL may provide inputs to each other
- from this starting point, optimisation of the network connectivity could in theory
converge at a solution resembling either model version tested in the previous study.
In contrast to Studies I and II, we based connections among CL1a-neurons on the
assumption that CL1a-neurons are interconnected due to their mixed arborisations
in the CBL [51], and adjusted the connectivity to better represent projectomics data.
Such mixed arborisations of E-PG-neurons have also been shown in the EB in the

y [80, 132]. Lastly, the newly introduced angular speed neurons could potentially
modulate all synapses within the circuit, given that they represent the vast class of
tangential neurons innervating all CX neuropils on a very abstract level.

Like in Study II, all synaptic weights (both feed-forward and modulatory) were op-
timised to yield a circuit capable of maintaining a heading signal and of shifting it
in tune with angular velocity inputs. Based on the results of Studies I and II show-
ing that feed-forward angular velocity inputs could not update the heading signal,
we only implemented a multiplicative, neuromodulatory mechanism. Responses of
angular speed neurons to angular velocities were �xed, but their neuromodulatory
e�ect on synapses in the circuit was determined via optimisation.

The optimised connectivity resembled the version with all-to-all connectivity among
CL2-neurons arborising in the same NOL outlined in the previous study. However,
connectomics data would be necessary to con�rm the predictions made about the
connectivity of the circuit. The modulated connectivity implements the same prin-
ciple of shifting the heading signal discussed in Studies I and II, but this time, it
is implemented via explicitly modelled neuromodulation. The general principle em-
bodied in this solution was again that, depending on turn direction, the synapses
of each neuron onto neurons arborising closer to one lateral end of the PB are up-
regulated, and synapses onto neurons arborising closer to the other lateral end of
the PB are down-regulated, introducing an asymmetry into the circuit connectivity
during turns.

Simulations and evaluations

We tested the robustness of the circuit to various types of noise. First, we evaluated
how well the circuit integrated angular velocity information into the heading signal
when subjected to noise. Noise added to the membrane potentials or to the synaptic
release probabilities at every time step did not impede the performance of the circuit.
However, noise added to all feed-forward and modulatory synaptic weights at the
beginning of a trial notably decreased performance. While this con�rms that the
connectivity we found by optimisation is close to optimal, this would render the
circuit rather fragile to dynamic processes like plasticity. Potentially, redundant
and hyper-local loops as reported in the fruit 
y [132] also exist in the locust and
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might have a protective function.

Next, we evaluated how attractive sinusoidal activity patterns are, or in other words,
how susceptible the circuit is to establishing a noise-free activity pattern. We found
that the circuit ended up with a cosine-shaped activity pattern after adding noise
to the presynaptic �ring rates determining the initial activity state of the circuit.
Noise added to the synaptic weights determining the circuit connectivity however
attenuated performance, as in evaluations described above.

For a behavioural simulation, we supplied the heading signal computed by our head-
ing circuit to a goal-directed steering circuit [119] that produces motor outputs to
align the current heading with a goal direction. Rotations of the simulated agent
were supplied to the heading circuit, closing the loop. We modelled straight line ori-
entation and tested an agent equipped with our heading circuit over a short period
of time under noise-free as well as noisy conditions where the agent was externally
translated and rotated. The agent could make up for such perturbations, and light
translations even improved its performance, likely by providing a more precise feed-
back signal counter-acting error accumulations.

Discussion

Expanding on the earlier linear models, this study introduced a dynamical synapse
steady-state �ring rate model of angular velocity integration via neuromodulation in
a locust heading circuit. This model featured the same core principles of maintaining
a heading signal and shifting it in tune with angular velocity information, providing
a hypothesis about potential biological substrates for the mechanisms we previously
analysed from an algorithmic perspective.

While this study demonstrates that a heading signal as hypothesised in the locust,
though di�ering from the one observed in the 
y, could in fact render a functioning
compass in a biologically inspired neural circuit, further data would be necessary to
validate the model. Multiple testable hypotheses can however be derived from the
assumed circuit connectivity and from simulations employing the model. Electron
microscopy studies could reassess all assumptions regarding the circuit connectivity.
To validate the notion of tangential neurons acting as angular speed neurons modu-
lating the circuit connectivity, functional studies could assess whether TB-, TL- and
TNL-neurons indeed respond to rotational self-motion cues and whether they have
modulatory e�ects on columnar neurons. Combined with a goal-directed steering
circuit [119], our heading circuit can be used to simulate behaviour. It would be
possible to conduct behavioural experiments and compare animal behaviour against
model predictions. Model parameters could then be tweaked to better align with
experimental data.
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Discussion of key �ndings
Background

The CX in the insect brain plays a key role in navigation and mediates between
sensory inputs and behavioural outputs [65]. Despite a high degree of conservation
across species, structural and functional variations may have evolved as adaptations
to distinct ecological needs [103, 112].

In fruit 
ies [41, 114, 131] and desert locusts [53, 101, 153], neural circuits within
the CX topographically encode the heading direction of the animal in a compass-like
manner. The work presented here focused on a proposed disparity in compass to-
pography between the two species. In fruit 
ies, calcium imaging of E-PG-neurons
revealed a localised activity maximum or bump in the EB acting as a compass nee-
dle during locomotion. Due to the pattern of E-PG-neuron projections through the
CX, this single EB bump corresponds to two PB bumps, one copy in each half. Con-
versely, in locusts, single-cell recordings from an ensemble of various CX-neurons, in-
cluding CL1-neurons homologous to E-PG-neurons, suggest a single compass bump
across the width of the PB. While it is unclear whether this observed di�erence
arises from statistical anomalies due to small sample sizes, whether it was induced
by di�erences in experimental design, or whether it signi�es an adaptation to dis-
tinct ecological demands, a divergent heading signal topography has implications
for the mechanisms underlying its maintenance and updating.

The overarching objective of the three studies in this thesis was to investigate the
viability of the compass topography suggested by functional data from locusts. We
demonstrated that computational models constrained by anatomical data from lo-
custs can maintain such a signal. We further showed which mechanisms are and are
not suited to update it in tune with rotational self-motion signals. We analysed the
locust heading circuit on the algorithmic and on the implementational level (in terms
of Marr and Poggio [85]), progressing from a mathematical proof of concept to a
detailed proposition of neurobiologically inspired mechanisms that can be validated
by future functional and anatomical studies.

Heading signal maintenance

We demonstrated that a model of the locust heading circuit constrained by anatomi-
cal data can maintain a sinusoidal activity pattern localising in a single bump across
the width of the PB, as implied by functional data from locusts [101, 153].

In Study I and in Study II, we built linear network models of a circuit of CL1a- and
CL2-neurons. The circuit connectivity was inferred from projectomics data [54]. We
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compared di�erent interpretations of the available data from locusts and drew inspi-
ration from connectomics data from fruit 
ies [67] that appear plausible in the locust
brain. The weights of the inferred synapses were optimised to render the heading
signal stable. The 
exibility observed in optimising di�erent connectivity patterns
emphasised a vast solution space. In Study III, we implemented a steady-state �ring
rate neuron network based on the previous models. In all three studies, the general
mechanisms sustaining the heading signal emerged to be short-range excitation via
local loops and long-range inhibition. This resonates with theoretical ring attractor
models of heading circuits [117, 152] where short-range excitation between nodes
with similar heading preferences is combined with longer-range inhibition between
nodes with mismatching heading preferences and / or global inhibition. These mo-
tifs are also implemented in computational models of the fruit 
y heading circuit [41,
71, 122, 131]. Pisokas, Heinze, and Webb [103] presented the �rst computational
model of the desert locust heading circuit and compared it to a fruit 
y model.
Their observations of global, uniform inhibition in the fruit 
y and local inhibition
in the locust, mediated by neurons not included in our model (�7-neurons in the

y and homologous TB1-neurons in the locust), align with our proposed solution.

Heading signal updates via angular velocity cues

We further showed that our model of the locust heading circuit can update a heading
signal with a single activity bump across the PB by integrating angular velocity cues.

In Study I and in Study II, we investigated whether the mechanism for angular
velocity integration described in the fruit 
y [131] would translate to the locust
heading circuit. In the fruit 
y, P-EN-neurons on one side of the PB show increased
activity when the animal turns in the opposite direction. This information is relayed
to E-PG-neurons, and anatomical o�sets in the projection patterns between the EB
and PB lead to a shift of the compass bump. While the locust heading circuit
model proposed by Pisokas, Heinze, and Webb [103] replicated this behaviour, our
model struggled to integrate similar rotation-dependent asymmetric inputs or any
feed-forward inputs to update the heading signal, even though similar anatomical
o�sets are present in the locust heading circuit. We assumed that this failure to
employ a feed-forward update mechanism is more likely due to the di�erent compass
topography implemented in our model and proposed an alternative multiplicative
update mechanism. In Study III, we proposed rotation-dependent neuromodulation
at the synapse level as a suitable biological substrate for this mechanism.

Both feed-forward and neuromodulatory solutions appear to be alternative biolog-
ical implementations of the same principle laid out in canonical models of heading
circuits [152]: A stable heading signal is sustained via symmetric weights. By intro-
ducing asymmetry to the e�ective synaptic weights, the heading signal is shifted,
maintaining shape when the asymmetric component is proportional to the derivative
of the symmetric weight component. In models of the fruit 
y heading circuit [41,
71, 123, 124, 131], and in the locust heading circuit proposed by Pisokas, Heinze,
and Webb [103], this asymmetry is achieved by asymmetric additive inputs to the
two halves of the PB depending on turn direction. In our model, it is achieved by
asymmetric up- and down-regulation of synapses via the turn direction-dependent
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release of neurotransmitters.

Zhang [152] observed that additive modi�cation of �ring rates is more prone to dis-
turb the signal shape, especially at higher velocities. In line with speculations by
Pisokas, Heinze, and Webb [103], di�erent biological solutions to the same compu-
tational challenges in the fruit 
y and desert locust may be adaptations to di�erent
ecological needs, favouring either stability or 
exibility. Our work is the �rst to in-
troduce the concept of multiplicative �ring rate modulation for angular velocity inte-
gration to an insect heading circuit and to propose neuromodulation at the synapse
level as a biological substrate. Although the involvement of tangential neurons in
modulating the circuit connectivity via a rotation-dependent release of neuromodu-
lators remains unclear, immuno-staining for neuromodulators in tangential neurons
[44] suggests their potential role in modulatory angular velocity inputs.

Sensitivity to optic 
ow in central complex neurons

We showed that CL2-neurons respond to optic 
ow simulating rotational self-motion,
suggesting that this type of rotational self-motion signal may be used to update the
heading signal.

In the fruit 
y, neurons throughout the CX respond to rotational self-motion in-
formation such as optic 
ow, e�erence copies, and proprioceptive signals [41, 82,
131], but most of the direct inputs have not yet been characterised [67]. One study
has examined the sensitivity of CX-neurons of the locust to translational optic 
ow
[109] and showed sensitivity to simulated forward motion in neurons at di�erent
processing levels. Yet, it wasn't always possible to separate the neuronal responses
triggered by optic 
ow and motor activity, and no simulation of rotational motion
was performed.

Using intracellular recordings from quiescent locusts stimulated with optic 
ow,
we investigated motion sensitivity and direction selectivity in various CX-neuron
types. Most morphological classes showed limited sensitivity, and TL-, CL1a-, and
CPU2-neurons exhibited motion sensitivity with inconsistent results. Notably, CL2-
neurons displayed directional selectivity for optic 
ow simulating rotational self-
motion, echoing �ndings in fruit 
ies [131]. The asymmetric responses of CL2-
neurons suggest rotation-dependent asymmetric excitation as described in the fruit

y. Future simulations of these sensitivity experiments could elucidate under which
conditions these results would be compatible with the proposed neuromodulatory
mechanism for integrating rotational self-motion cues into the heading signal in our
circuit model.

Noise tolerance of the heading circuit

We demonstrated the robustness of our model of the locust heading circuit against
various types of noise.

In Study III, we assessed the ability of the heading circuit to correctly update the
heading signal when subjected to di�erent types of noise. Challenges emerged when
noise a�ected the synaptic weights. On the one hand, this highlights the optimality
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of the connectivity derived via optimisation and reveals that, while di�erent connec-
tivity patterns are possible, each requires a systematic interplay of excitation and
inhibition. On the other hand, this is at odds with the high degree of plasticity re-
ported in the heading circuit of the 
y [30]. One explanation may be that additional
neuron types not yet included in the model may render the network more robust.
Hyper-local recurrent loops and other seemingly redundant connections reported in
the fruit 
y brain may serve stabilisation [132] and could be discovered in the locust
brain, too, once (functional) connectomics data are available. This could constitute
a trade-o� between stability and 
exibility, in line with observations by Pisokas,
Heinze, and Webb [103] that the locust heading circuit exhibits greater stability
and tolerance to noise than the fruit 
y heading circuit.

Behavioural simulations

Lastly, we showed that the locust heading circuit with its proposed compass topog-
raphy can guide directed locomotor behaviour.

We connected the heading circuit to a goal-directed steering circuit [119] and sim-
ulated sustained locomotion in a �xed direction, as observed in locusts migrating
over long distances [74]. We showed that our proposed model can integrate rota-
tional self-motion cues well enough to compensate for displacements, and that it
performs better under slightly noisy rather than under noise-free conditions, where
errors were prone to accumulate.

Limitations
Limitations of data constraining model parameters

The assumed heading signal in the locust heading circuit was inferred from single-cell
recordings revealing tuning preferences of individual neurons in quiescent animals.
In fruit 
ies, the activity of the entire heading circuit can be visualised in walking and

ying animals via calcium imaging, but the required methods are not yet available
for other insects.

The connectivity of the heading circuit model was constrained by light microscopy
data revealing projection schemes of the modelled neuron classes and their arbori-
sation areas within the CX. We inferred potential pre- and postsynaptic sites from
the appearance of �bre endings. While an electron microscopical study in the fruit

y has shown that smooth and varicose neuronal endings reliably predict input and
output regions [15], the available data [54] were not always unambiguous regarding
the morphological characteristics of �bre endings. A more reliable source for iden-
tifying pre- and postsynaptic sites of neurons would be analogous data on electron
microscope level. Still, the mere overlap of pre- and postsynaptic sites of neurons
is not equivalent to synaptic connections and is ignorant to excitatory or inhibitory
e�ects of assumed synapses. While functional connectivity analyses of parts of the
CX exist for the fruit 
y [33, 132], similar data are currently unavailable for the
desert locust.
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Model discrepancies with available data

Some properties of the heading circuit suggested by available data are not mirrored
by our model. To begin with, recent �ndings suggest a di�erent columnar organisa-
tion of the PB than assumed in our model [59], revealing two hemi-columns within
the innermost columns of the PB. Neurites of CL1a-neurons arborising in these
columns innervate overlapping, though not identical, regions within the CBL.

Further, Pisokas, Heinze, and Webb [103] implemented a closed locust heading cir-
cuit based on Figure 1A from Heinze, Gotthardt, and Homberg [51], which shows
small arborisation trees of CL1a-neurons in the innermost columns of the PB cross-
ing the midline. We cautiously approached this assumption, deeming the evidence
too scarce to assume that this is a regular feature of the CX with signi�cant func-
tional impact.

In addition, our connectivity determination based on branching patterns of neurons
on the columnar level presents a 2D representation of the complex 3D nature of the
arborisation trees of CX-neurons, extending not only to vertical columns but also
to horizontal slices. The inclusion of 3D projectomics, especially when integrating
additional neuron types, would enhance the establishment of realistic connectivity
assumptions in future models.

Ecological validity - sensory inputs

Our representation of the locust heading circuit features but a fraction of the cues
available to the CX and does not provide a closed loop from perception of the
environment to behavioural outputs.

In all three studies, we have explored how the locust heading circuit can integrate
rotational self-motion cues into a heading signal. A random heading representation
was initiated in the pattern of CL1a-activity, and the only cues available for updating
it were abstract rotation-dependent signals. This implementation is very limited
regarding both the generation of the heading signal and the number of di�erent
available cue modalities.

In our model, the heading signal emerges from computing �ring rates from the initial
true heading and from heading preferences of CL1a-neurons across the width of the
PB. We thus skip the pathway from perception of sensory signals to the generation
of a heading signal. While we have demonstrated that the circuit can sustain and
update a heading signal, it misses a property of ring attractor networks observed
in E-PG-neurons in the 
y [40]: In our implementation, the heading signal is not
tethered to the angular position of any perceived stimulus, such as a local landmark
or a global sky cue such as the sun.

Likewise, the activities of angular speed neurons throughout the simulation directly
depend on the current angular velocity and on each neuron's preferred turn direction.
In our implementation, rotation direction determines the circuit connectivity in
Studies I and II, and angular velocity determines the activity of angular speed
neurons modulating the synaptic weights throughout the circuit in Study III. While
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our models were inspired by �ndings that CL2-neurons respond to rotational optic

ow, we did not explicitly model the sensory perception and processing of optic 
ow
signals.

Ecological validity - behavioural outputs

The behavioural simulations performed in Study III represent a subset of the desert
locust's locomotor behavioural repertoire and do so at a very abstract level.

The behavioural simulations focus on straight-line orientation during the long-distance
phase of a long-range navigation task [90], oversimplifying the rich behavioural reper-
toire of locusts and other insects. The simulations do not account for behaviours
that are pivotal during short-range phases of long-range navigation tasks or for loco-
motor activity enabling successful feeding, interactions with conspeci�cs, or predator
evasion.

We employed a goal-directed steering circuit [119] that assumes a continuously up-
dated homing vector encoded as sinusoidal activity in CPU4-neurons, with phase
indicating direction and amplitude encoding distance. To elicit continuous straight-
line orientation, we hard-coded a goal direction in a sinusoidal pattern at a high
amplitude. However, it is unknown which neurons encode goal direction in the lo-
cust central complex. Goal direction neurons (FC2-neurons) have been con�rmed in
the fruit 
y FB [94], and physiological descriptions of goal direction encoding neu-
rons in non-migratory monarch butter
ies [5] lack precise localisation in the CX. In
addition, the encoding of distance in migrating insects remains unclear, and stopping
cues may be more relevant than distance information [90]. Further, goals may be
represented as speci�c targets localised in space or as desirable outcomes, requiring
transformations from either representation into motor commands [25].

The steering model we employed was biologically constrained using data from bees,
but steering circuits di�er between species [112]. A closer investigation of the noise
tolerance of the locust heading circuit could be improved by a locomotor circuit
constrained by locust data, where available. For example, Tr•ager and Homberg
[130] identi�ed descending neurons that might be involved in 
ight stabilisation and
head movement control.

Further, the steering model produces a 2D locomotor output: The x- and y- coor-
dinates of the agent are updated to create steps of a �xed length, and the steering
circuit determines the yaw orientation of the agent. Especially on uneven terrain,
activity of the legs would add noise to the changes of yaw, and a 2D implementation
further does not allow for a simulation of more naturalistic behaviours including

ight.

32



Chapter 4. Discussion

Future perspectives
Re�nements to the neuron model

The biological plausibility of the heading circuit model presented in Study III could
be further increased by �ne-tuning parameters of the neuron model to biological
data.

Synapse properties could be constrained by neurotransmitter assignments, as has
been done in a model of heading direction- and locomotor circuits in the fruit 
y
[140]. Membrane properties could be adjusted to re
ect di�erences between CL1a-
and CL2-neurons in somata size and neurite thickness, as reported by Heinze and
Homberg [54]. In this context, it would also be instructive to explore the e�ects of
species-speci�c biophysical properties of neurons on functional properties of heading
circuits.

The biological plausibility of our model could also be increased by employing a
more detailed neuron model. A multi-compartment neuron model would allow tak-
ing morphological properties into account for modelling voltage distributions along
dendrites and axons. With such an implementation, it would be feasible to examine
via simulations whether activity maxima of the CL1a- and CL2-neurons diverge at
larger angular velocities and whether their lead-lag relationship is inverted between
the PB and CBL, as has been shown to be the case for E-PG- and P-EN-neurons
in the 
y [131]. Lastly, it could be tested whether our results can be replicated in a
spiking neuron model of the locust heading circuit.

Adding neuron types to the heading circuit model

Our model of the locust heading circuit comprises but a fraction of CX-neurons and
summarises multiple morphologically described neuron classes in an abstract neuron
class.

The angular speed neurons introduced in Study III combine properties of di�erent
tangential neurons that potentially supply rotational self-motion inputs to the head-
ing circuit. In our model, these neurons modulate synapses in three neuropils - the
PB, the CBL, and the NOL - yielding a generalised prediction of rotation-dependent
neuromodulation across the circuit. A re�nement could involve categorising these
neurons based on speci�c tangential neuron types, considering their distinctive pro-
jectomics and arborisations in di�erent neuropils. Explicitly modelling tangential
neuron types could generate more speci�c testable hypotheses regarding the neuron
types involved in neuromodulation and regarding the types of modulated synapses.

CL1b-neurons have projection patterns identical to those of CL1a-neurons, but �bre
endings with inverted polarity [54]. They would thus add further recurrent loops,
potentially enhancing the stability of the heading signal in CL1a-neurons. We hy-
pothesise that additional local loops increase the circuit's robustness against noise
added to its synaptic weights, addressing a weakness identi�ed in Study III.

TB1- and TB2-neurons could serve as intermediaries between CL1a- and CL2-
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neurons in the PB, akin to the role of homologous �7-neurons in the fruit 
y [33].
Their innervation of the innermost columns of the PB, particularly combined with
recent evidence on their sub-division [59], suggests that their inclusion might lead
to a closed circuit architecture. This addition could address the current lack of a
solution for feed-forward rotational self-motion based updates of the heading sig-
nal. The inclusion of TB1-neurons also introduces an intriguing perspective: While
our model assumes a sinusoidal activity pattern in CL1a-neurons across the PB
width, calcium imaging data from the fruit 
y suggest a von Mises distribution for
E-PG-neuron activity around the EB [114, 131]. In the fruit 
y heading circuit,
�7-neurons reshape this bump into a sinusoid which is transmitted do downstream
neurons [67]. In the locust, TB1-neurons might serve a comparable function.

Modelling the generation of the heading signal

The loop between perception and behaviour would be closed by augmenting the rep-
resentation of available cues and their sensory processing. This would further allow
an exploration of transformations from allocentric sensory signals into egocentric
motor commands.

Explicitly modelling the neural circuitry and computations underlying the genera-
tion of the heading signal could further validate the plausibility of a single activity
maximum in CL1a-neurons across the PB. Recent studies on the transformation of
sky compass cues into a heading signal [36, 37] have modelled the entire pathway
from the polarisation pattern of the sky, via sensors inspired by the insect eye, into
the CX, and up to steering outputs. Our model could be improved by incremen-
tally adding fractions of this pathway constrained by data from locusts. It would
be instructive to regard not only the polarisation pattern of the sky, but also other
celestial cues such as the solar azimuth, or the luminosity and chromatic gradient
of the sky, as all skylight cues are fused into a heading estimate in the CX [49].
Models of the sky [141] as well as images of the natural sky can be used to cre-
ate multimodal visual sky inputs. This would allow for comparative simulations of
experiments performed in the lab, with arti�cial lights, and under the natural sky,
comparable to simulations performed by Gkanias et al. [37].

Another avenue is explicitly modelling the modality and processing of angular veloc-
ity information. Given that we could show that CL2-neurons respond to rotational
optic 
ow, a next step could be including models for optic 
ow sensing inspired
by other insects such as the bee[19] or the blow
y [58] or more general algorithmic
models[107]. Other sources of rotation information are likely integrated with optic

ow information. In order to distinguish changes in orientation associated with vol-
untary movements from those induced by external disturbances, such as changes in
wind direction, motor command copies must be taken into account. To implement
the idea that steering commands are sent to the motor centres, and e�erence copies
are sent back to orientation-computing areas [118], a predictive model would have to
be implemented in the heading and locomotor circuit. Such a model would estimate
the future orientation of the animal based on e�erence copies and compare it to the
observed orientation in order to �ne-tune motor commands in real time. An analysis
on the computational analysis, in concert with behavioural experiments, could shed
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light on motor control strategies employed by locusts and could create hypotheses
about potential neuronal substrates.

Lastly, it would be of interest whether the neuromodulatory framework we intro-
duced for integrating rotational self-motion cues translates to the integration of
other cue modalities, similar to the biologically plausible copy-and-shift mechanism
for multi-modal cue fusion in the fruit 
y heading circuit described by Sun, Yue,
and Mangan [123, 124].

Increasing the ecological validity of behavioural simulations

A more accurate representation of observable animal behaviour would further our
understanding of how the CX guides goal-directed locomotor behaviour. This would
allow us to generate more speci�c testable behavioural as well as neuroanatomical
predictions.

Modelling behaviour in a 3D framework could shed light on how insects deal with
3D motion [136]. While adding complexity to the circuit model and simulated sen-
sory inputs, considering the multisensory 3D nature of real-world environments is
vital for understanding spatial cognition [25]. In future work, sensory and motor
circuits as well as simulated environments could be enriched to allow the simulation
of 3D walking and 
ight, and model predictions could be compared against be-
havioural data. The possibility of interaction with presented cues (such as food or
conspeci�cs), and of decisions between actions could further increase the ecological
validity of simulations and behavioural experiments [25].

Investigating insect navigation across di�erent spatial and temporal scales and con-
texts is indispensable for uncovering behavioural and neural commonalities and spe-
cialisations [25]. It is clear that the insect brain integrates multi-scale and multi-
sensory cues, but how processing and motor strategies transition between spatial
scales and contexts is subject to future work. Large scale models in 3D action
spaces are required to understand the ecological constraints under which naviga-
tional strategies have evolved, and this understanding is the foundation for under-
standing the computational requirements of any modelled behaviour [136, 137].

A computational-level analysis of the locust heading circuit

A computational-level analysis of the locust heading circuit would make computa-
tional goals of the circuit explicit in a context-depending manner, informing the
design of further behavioural experiments and simulations [137, 142].

Analyses of behaviour and its neural underpinnings at di�erent levels of analysis [85]
should be complementary, and an iterative process can accelerate hypothesis gener-
ation and validation when data are limited. For instance, an ideal observer model
[34] fusing multimodal cues into a stable heading signal could make the objectives of
the circuit explicit in a context-dependent manner. A comparison of optimal model
behaviours and observable animal behaviours might further our understanding of the
e�ciency and adaptability of the navigation abilities of the locust in the context of
its neuronal resources and its ecological niche. A comparative approach could high-
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light the relationship between functional and anatomical inter-species di�erences
and diverging computational goals, inspiring technological applications tailored to
di�erent tasks or environments.

Exploring locomotor-context dependence of the compass to-
pography

Investigating the potential context dependence, particularly in the locomotor do-
main, of the compass topography has the potential to connect observations across
various species obtained under diverse experimental conditions.

Various studies have reported state-dependent changes in the activity of CX-neurons
across di�erent species [9, 84, 109, 116, 139]. Notably, Beetz et al. [6] showed that
some E-PG-neurons in Monarch butter
ies are sensitive for angular speed during
quiescence but not during �xed 
ight. Even more intriguing in the context of our
work, the authors found that E-PG-neurons predominantly encoded frontal hemi-
sphere of the butter
y in quiescence, while active steering induced a remapping to a
360� compass. The assumption that the heading signal in the locust CX assumes a
di�erent shape than the one reported in the fruit 
y stems from single-cell recordings
in quiescent animals, and it is possible that a di�erent compass topography would
emerge in di�erent behavioural states.

While an evaluation of this hypothesis would require functional data that are cur-
rently unavailable, an intriguing question is how transitions between di�erent com-
pass mappings are induced by changes in locomotor activity in the monarch butter
y,
and if similar principles could be implemented in the locust heading circuit. Again,
computational modelling can aid in bridging this gap in the data by testing di�er-
ent hypotheses and by creating testable predictions about circuit components and
animal behaviour. A computational-level description would make the advantages of
context-dependent switches explicit. An algorithmic-level exploration would iden-
tify possible mechanisms for inducing such changes, and an implementational-level
analysis could assess whether any proposed mechanism could be neurobiologically
implemented by an insect heading circuit.

Conclusion
The CX is a navigation hub in the insect brain, and in the fruit 
y and in the
desert locust, a localised `bump' of activity in a network of compass neurons encodes
the heading direction of the insect. However, data indicate di�erences in compass
topography. The central aim of this thesis was to explore how - if at all - the locust
brain might maintain and update an internal compass representation diverging from
the one described in the fruit 
y.

Our model of the locust heading circuit successfully maintains a heading signal in-
spired by locust data and updates it through the integration of rotational self-motion
cues. However, the distinct compass topography requires a di�erent mechanism for
integrating angular velocity cues than the one described in the fruit 
y. Unlike the
copy-and-shift mechanism [123] using feed-forward rotational self-motion cues [131]
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described in the fruit 
y, our model suggests that in the locust, angular-velocity in-
puts shift the heading signal via neuromodulation at the synapse-level. While both
solutions are di�erent biological implementations of introducing an asymmetry to
the e�ective circuit connectivity in a turn direction-dependent manner, our work
challenges the universality of structural and functional motifs described in the fruit

y heading circuit.

Our model was based on functional and morphological data from locusts and makes
testable predictions about missing data points. First, it predicts precisely which
CL1a- and CL2-neurons are functionally connected, including details about exci-
tation and inhibition and synaptic strength. Second, the model predicts which of
these synapses are up- and down-regulated via angular velocity-dependent neuro-
modulation exerted by tangential neurons. These hypotheses could be validated
by functional connectomics data from locusts likely available in the future, and by
further studies of optic 
ow sensitivity in tangential neurons. The robustness of
our model to noise, albeit challenged by connectivity noise, is highlighted through
behavioural simulations, indicating its potential to compensate for displacements,
particularly under slightly noisy conditions. Virtual reality experiments with walk-
ing animals simulating disturbances like air 
ow could validate these predictions.

In summary, our work supports the viability of an activity pattern with a single
maximum along the PB as a heading signal in the locust heading circuit. The
mechanisms for signal maintenance and updates, along with the introduced testable
predictions, contribute to our understanding of CX structure and function across
insects. The proposed species-speci�c di�erences likely represent adaptations to
distinct tasks, emphasising the importance of studying navigation in a combination
of species for comprehensive insights.

While our models provide valuable insights, available data are limited, leading to
under-constrained model parameters. The ecological validity of our work is limited
by the lack of an explicitly modelled pathway from sensory inputs to a heading
signal, and by a focus on the integration of rotational self-motion cues into a given
heading signal that ignores other sensory cues. Three avenues appear to be especially
promising for future studies:

ˆ A computational-level analysis of the heading circuit could make its computa-
tional goals explicit in a context-dependent fashion, paving the road to a more
naturalistic design of future behavioural simulations and experiments.

ˆ An extension of our model by an additional sensor layer would fully close the
loop between perception, processing, and behaviour.

ˆ An exploration of a potential locomotor-context dependence of the compass
topography could bridge the gap between �ndings from di�erent species tested
under di�erent experimental conditions.
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