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Abstract

Olfaction is a fundamental and universal sensory modality across the animal king-
dom. It enables animals to locate food sources, avoid danger, and identify mating
partners. Moreover, odors can acquire predictive value through experience, allow-
ing animals to infer and anticipate relevant aspects of their environment. Thus,
olfactory perception and learning are critical for both survival and reproduction.
Understanding how the brain processes and learns olfactory information provides
a powerful window into the core principles of neural function. In this thesis, we
investigate mechanisms of olfactory processing and learning in the compact yet
sophisticated brain of the fruit fly, Drosophila melanogaster. Using computational
modeling across multiple levels of abstraction, we aim to formalize and explore the
biological principles that shape sensory representation, learning, and memory.

At the circuit level, we examine how specific network motifs support memory
formation, updating, and extension, including mechanisms underlying second-
order conditioning and extinction learning. At the cellular level, we investigate the
role of inhibitory interactions in binary odor mixture processing in early olfactory
circuits. Based on ultrastructural connectome data, we analyze how sensory in-
formation is integrated and develop computational models to explore how these
circuits shape odor representations. At the molecular level, we develop a phe-
nomenological model of synaptic transmission dynamics shaped by the differential
expression of synaptic protein isoforms. This allows us to investigate how molecular
composition tunes short-term plasticity and modulates information flow at synaptic
resolution.

Through these interdisciplinary approaches, we aim to advance the understand-
ing of olfactory computation and memory by bridging molecular mechanisms, cir-
cuit dynamics, and behavioral outcomes. Ultimately, this work seeks to uncover
general principles of brain function that extend beyond the olfactory system and
offer transferable insights into neural computation.
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Zusammenfassung

Der Geruchssinn ist eine grundlegende und universelle Sinnesmodalität, die es
Tieren ermöglicht, Nahrungsquellen zu lokalisieren, Gefahren zu meiden und Paa-
rungspartner zu identifizieren. Darüber hinaus können Gerüche durch Erfahrung
einen prädiktiven Wert erlangen, der es den Tieren ermöglicht, auf relevante Aspek-
te ihrer Umgebung zu schließen und diese vorauszusehen. Daher sind Geruchs-
wahrnehmung und -lernen sowohl für das Überleben als auch für die Fortpflanzung
entscheidend. Ein Verständnis darüber, wie das Gehirn Geruchsinformationen ver-
arbeitet und erlernt, gibt Einblicke in die Grundprinzipien neuronalen Funktionen.
In dieser Arbeit untersuchen wir die Mechanismen der Geruchsverarbeitung und
des Lernens im kompakten, aber hoch entwickelten Gehirn der Fruchtfliege Droso-
phila melanogaster. Mit Hilfe von Computermodellierung auf mehreren Abstrakti-
onsebenen wollen wir die biologischen Prinzipien, die sensorische Repräsentation,
Lernen und Gedächtnis bestimmen, formalisieren und erforschen.

Auf der Ebene der Schaltkreise untersuchen wir, wie spezifische Netzwerk-
motive die Gedächtnisbildung, -aktualisierung und -erweiterung unterstützen,
einschließlich der Mechanismen, die Extinktionslernen und Lernen zweiter Ord-
nung zugrunde liegen. Auf zellulärer Ebene untersuchen wir die Rolle hemmender
Interaktionen bei der Verarbeitung binärer Geruchsmischungen in frühen olfakto-
rischen Schaltkreisen. Auf der Grundlage von ultrastrukturellen Konnektomdaten
analysieren wir, wie sensorische Informationen integriert werden, und entwickeln
Computermodelle, um zu untersuchen, wie diese Schaltkreise Geruchsrepräsen-
tationen formen. Auf molekularer Ebene entwickeln wir ein phänomenologisches
Modell der synaptischen Übertragungsdynamik, die durch die unterschiedliche
Expression synaptischer Proteinisoformen bestimmt wird. So können wir untersu-
chen, wie die molekulare Zusammensetzung die Kurzzeitplastizität steuert und den
Informationsfluss bei der synaptischen Auflösung moduliert.

Mit diesen interdisziplinären Ansätzen wollen wir das Verständnis der olfakto-
rischen Berechnung und des Gedächtnisses verbessern, indem wir eine Brücke zwi-
schen molekularen Mechanismen, Schaltkreisdynamik und Verhaltensergebnissen
schlagen. Letztendlich zielt diese Arbeit darauf ab, allgemeine Prinzipien der Hirn-
funktion aufzudecken, die über das olfaktorische System hinausgehen und über-
tragbare Einsichten zur neuronaler Berechnung bieten.
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Chapter 1

Introduction

1.1 Modeling the Brain: Computational Approaches to Neu-
ral Function

Computational neuroscience is a multidisciplinary approach within the broad do-
main of neuroscience with the goal to investigate nervous systems through theo-
retical frameworks, mathematical models and neural simulations. Even though the
term computational neuroscience is historically quite young, emerging in the mid to
late 1980s (Sejnowski et al., 1988; Schwartz, 1990), the idea of understanding brain
function in computational terms has roots going back more than a century. Some of
these approaches, such as the integrate-and-�re model, of which the origins go back
to concepts introduced by Lapicque in 1907, are still widely used today (Lacpique,
1907; Abbott, 1999; Brunel and Rossum, 2007; Yamazaki et al., 2022). In recent
decades, the �eld of computational neuroscience has undergone rapid development,
driven by advances in experimental tools and computational power, emergence of
big data and growing impact of arti�cial intelligence (Summer�eld and Miller, 2023;
Dhiman et al., 2023; Verzelli et al., 2024).

1.1.1 The Role of Computational Models in Understanding Neural Sys-
tems

In neuroscience, different subdisciplines work hand in hand to address questions
of how the brain functions – or fails to function. Computational models contribute
by providing an isolated and controllable framework in which problems can be bro-
ken down into smaller, more abstract components while interference of external fac-
tors can be excluded. By integrating multi-scale data from experimental or clinical
neuroscience and other concepts from disciplines such as physics and information
theory, working hypotheses can be simulated and tested in silico. One advantage
of modeling is that it can in some instances exceed the limitations of experimental
approaches, for example by enabling large-scale simultaneous activity recordings
across multiple brain areas. Moreover, models inherently represent a formalization
of our understanding and can help to condense complex biological observations into
coherent theoretical frameworks. If the working hypothesis based on experimental
�ndings can be supported through the model, it can be used to perform further
simulations that give rise to new model-based predictions and research questions
(Figure 1.1). Thus, the contribution of computational modeling to neuroscience is to
bridge experiment with theory, to validating or re�ning working models, and to ris-
ing new research questions (Trappenberg, 2009). In this way, it complements rather
than competes with experimental and clinical neuroscience. Apart from classical
neuroscience, computational neuroscience has also practical implications for �elds
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like neurotechnology and arti�cial intelligence. Computational neuroscience can in-
spire brain-inspired robotics and neuromorphic hardware, support the development
of brain-machine interfaces for controlling prosthetics, and contribute to improving
arti�cial neural networks, particularly in terms of energy ef�ciency and learning al-
gorithms (Yamazaki et al., 2022).

FIGURE 1.1: The role of computational modeling in neuroscience. Computational
models provide a framework for integrating results across experiments, testing mech-
anistic hypotheses under controlled conditions, and generating predictions to guide
future experiments. Ideally, models are grounded in theoretical principles and itera-
tively re�ned by empirical data, forming a mutually reinforcing loop between theory,
experimentation, and interpretation. This interplay enables a deeper understanding
of neural systems by linking observed phenomena to underlying mechanisms.

1.1.2 Different Levels of Abstraction in Neuronal Modeling

There are numerous established modeling approaches to formalize brain circuits
and their function, differing in their level of abstraction (Herz et al., 2006; D'Angelo
et al., 2013). In this thesis, the term level of abstraction refers to the corresponding
biological scale at which a system is modeled, ranging from network-level rate
models to detailed synapse-level models (Figure 2A-B). The choice of the speci�c
modeling approach always depends on the speci�c research question, the avail-
ability of experimental data, and the available computational resources. A useful
model should be as simple as possible, yet suf�ciently complex to capture the key
phenomena under investigation (Blohm et al., 2020). In the following, I will go
through the different levels of abstraction, with a focus on the methods applied in
this thesis.

To explore neural systems on the circuit or network level, rate-based models
are commonly used as a powerful tool. In such models, neuronal activity is repre-
sented by �ring rates, with neuron population connected via speci�c weights. These
networks can operate in trial-based modes or as dynamical systems to capture tem-
poral evolution. Further, key mechanisms found in the brain, such as recurrency,
feedback, and convolution, can be implemented to explore their functional roles
(Dayan and Abbott, 2001).

However, these models neglect some key characteristics of neurons, most im-
portantly their spiking behavior. To capture neuronal dynamics on a cellular level
and match them to observations from electrophysiological data, neurons can be
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represented in different types of spiking neural networks (SNNs) (Gerstner and
Kistler, 2012). One of the most prominent types of SNNs is the leaky integrate
and �re (LIF) model, in which a neuron is described by a differential equation that
integrates a leak term and other conductances that can either depolarize or hyper-
polarize the membrane potential (Burkitt, 2006). Here, individual neuron properties
like membrane capacitance or adaptation currents, as well as characteristic spiking
patterns can be incorporated. Further, several extensions of the standard LIF, such
as the generalized, exponential or quadratic integrate-and-�re (IF) models have
been developed with the aim to capture neuronal dynamics more accurately. Con-
nectivity between neurons is mediated by current- or conductance-based synapses,
each modulating the postsynaptic neuron's state with a speci�c synaptic weight
in response to presynaptic activity. Whenever the membrane potential of an IF
neuron reaches a prede�ned threshold, spikes are registered as discrete events. In
some use cases, however, it can be useful to explicitly simulate the full dynamics of
action potentials. The Hodgkin Huxley (HH) model allows this by capturing the ion
channel dynamics and the respective changes in membrane potential for each action
potential (Hodgkin and Huxley, 1952). While the HH model provides increased
biological realism, its greater complexity comes with higher parameter uncertainty
and challenges in tuning. Hybrid models, such as the Izhikevich model, offer here a
compromise to combine advantages of IF and Hodgkin–Huxley models (Izhikevich,
2003).

In standard SNNs, neurons commonly consist out of a single compartment, in
which input and output is processed. However, simulation of neurons as single
points neglects their often complex arborization. To capture compartment-speci�c
dynamics, one can either simulate soma, axon and dendrites separately using a
reduced compartmental model, or represent the complete morphology in a fully
compartmentalized model (Herz et al., 2006). A pioneer of this approach was Wil-
fried Rall, who proposed the cable theory as basis for multi-compartment models
enabling morphologically accurate simulations (Rall, 1964). Multi-compartment
models can be especially useful when neurons do not operate in a strictly separated
input-output manner, but instead also perform electrically isolated computations
within their neurites, turning the neuron into a network-like structure (London
and Häusser, 2005). In recent years, several large-scale connectome datasets have
emerged and become publicly available, ranging from multiple brain areas in verte-
brates to complete brain maps in invertebrates (Dorkenwald et al., 2024; Bae et al.,
2025). These detailed brain maps provide new possibilities of incorporating com-
partmentalization and exact placements of synapses into neuronal models. Beyond
the morphological aspect, connectome data also allows to constrain models using
precise information on synaptic wiring within neural systems.

Neuronal and network dynamics emerge from multiple mechanisms across a
broad range of timescales, including intrinsic neuron properties, neuromodulation,
and synaptic transmission. To study how dynamical processes affect neural func-
tion, such as information decoding, learning and behavior, they can be incorporated
at different sites of computational models (Abbott and Regehr, 2004; Magee and
Grienberger, 2020). Intrinsic neuronal dynamics, such as spike-frequency adapta-
tion, can be captured within dynamic neuron models that re�ect time-dependent
changes in excitability. Processes underlying learning and memory—often at-
tributed to neuromodulation—are typically represented as activity-dependent
changes in synaptic weights governed by speci�c learning rules (Gerstner and
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Kistler, 2012). Synaptic transmission itself, shaped by both pre- and postsynaptic
mechanisms, can be formalized with different models, describing these molecular
processes functionally or aiming to represent the underlying biophysical processes,
such as calcium signaling, vesicle release and recycling, the role of synaptic pro-
teins, or cytoskeletal dynamics (Zucker and Regehr, 2002; Ferrante et al., 2008;
Neher, 2015; Lee et al., 2024).

Over the past years, many platforms have been developed to perform model
simulations with custom software in the form of neural network simulators, such as
BRIAN, NEURON, GENESIS, NEST, Nengo or ANNarchy (Hines and Carnevale,
1997; Bower and Beeman, 1998; Gewaltig and Diesmann, 2007; Goodman and Brette,
2008; Bekolay et al., 2014; Vitay et al., 2015; Tikidji-Hamburyan et al., 2017). These
simulators can be used for models of multiple scales, from simple rate models to
detailed compartmental and biophysically realistic models.

FIGURE 1.2: Different biological scales (A), their abstraction levels in computational
models of the brain (B), and their applications in this thesis (C). On the circuit level,
the interplay of different neuronal regions can be simulated in arti�cial neural net-
works (ANNs) to study general mechanisms and principles of neural computation.
In this thesis, two circuit models are presented to illustrate how speci�c circuit mo-
tifs contribute to learning processes (Chapter 2.1). To consider mechanisms on the
cellular level, spiking models allow modeling of individual neurons in greater de-
tail. Constraining models with precise neural connectivity and compartmentalizing
neurons can further re�ne these models. In Chapter 2.2, we utilize the �y connec-
tome to investigate how structural wiring can shape information processing. Further,
the relevance of model compartmentalization will be illustrated in the Discussion.
Finally, to simulate elaborate processes on the molecular level, neuron and synapse
models can be equipped with detailed formalizations of protein interactions, synaptic
mechanisms and ion dynamics. Chapter 2.3 presents an example of a synapse model
capturing protein-dependent synaptic dynamics. Note that transitions between the
levels are continuous, and models usually integrate elements from multiple levels of
abstraction.
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1.2 Drosophila as a Model System in Neuroscience

When it comes to using animal models to investigate brain function, rodents such as
mice and rats are the most heavily used animal models ( �Zakowski, 2020). However,
in this thesis, we will focus on analyzing and modeling brain structures of Drosophila
melanogaster (hereafter referred to as Drosophila), commonly known as the fruit �y.
At �rst glance, a fruit �y does not share many similarities with us humans, does not
come across as very smart and might therefore not be the most intuitive candidate
to get insight on general brain function. However, it has been a successfully used
model organism in neuroscience for more than 100 years and has even contributed
to multiple Nobel Prize winning discoveries (Bellen et al., 2010). This is because
the fruit �y as an animal model offers signi�cant advantages alongside both the
research on vertebrate and invertebrate species.

Despite the evolutionary distance, about 60 % of the genes in the �y that encode
proteins are conserved in humans, and even 75% of the genes involved in causing
diseases in humans have orthologue genes in Drosophila (Rubin et al., 2000; Reiter
et al., 2001; Bellen and Yamamoto, 2015; Casas-Tintó, 2024). While more complex
brain structures such as the cortex certainly have to be studied in mammalian brains
and cannot be investigated in the small-sized fruit �y brain with about 140,000
neurons (Dorkenwald et al., 2024) – small compared to ~86 billion neurons in the
human brain (Azevedo et al., 2009) or ~70 million neurons in the mouse brain
(Herculano-Houzel et al., 2006). However, Drosophila can be a particularly valuable
model when it comes to investigating conserved and fundamental neural principles
of brain functionality and pathology in a simpli�ed and reductionist framework
(Kandel, 1979; Jeibmann and Paulus, 2009; Kazama, 2015; Atoki et al., 2025).

What especially sets Drosophila apart from other model organisms is its excep-
tional methodological accessibility. Many years of research have led to a broad
range of techniques for obtaining structural, functional and behavioral data in the
adult �y as well as the larva. The genome of Drosophila was not only one of the
�rst ones to be fully sequenced (Adams et al., 2000), but is also very accessible
through the availability of large sets of established mutant lines (e.g. the white
eye mutant or the learning mutants dunce and rutabaga) and transgenic binary
expression systems (e.g. the (Split-)Gal4/UAS system), which are used to manip-
ulate or label neuron subsets of neurons (Bellen et al., 2010; Brand and Perrimon,
1993; Luan et al., 2020; Meissner et al., 2025). Temperature- or light-sensitive genetic
tools enable precise, reversible inhibition or activation of speci�c neuron subsets,
making it possible to determine whether their activation induces a speci�c behavior
or whether they are essential during learning (Kazama, 2015; Riemensperger et al.,
2016; Simpson and Looger, 2018; Kitamoto, 2001). Further, one can record activity
in labeled neurons through or the whole-brain through functional imaging to get a
local or global insight into brain functionality (Simpson and Looger, 2018; Aimon
et al., 2019). Another major research focus in Drosophila in recent years has been
the efforts to mapping and analyzing the full brain connectome of larval and adult
�y brain which brings completely new possibilities to investigate the �y brain and
its synaptic wiring on a single-cell level (Zheng et al., 2018; Scheffer et al., 2020;
Winding et al., 2023; Dorkenwald et al., 2024). Further, there is a broad range of
assays to study different types of behavior, from locomotion, chemo- or phototaxis,
and behavioral choice to even social interactions (Neckameyer and Bhatt, 2016).
Learning and memory can be studied as well, e.g. in Pavlovian paradigms in the
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long-standing and well-established Tully machine to test classical aversive olfactory
conditioning (Tully and Quinn, 1985; Tabone and Belle, 2014). This assay can also
be extended to study appetitive conditioning or higher forms of learning, and even
be automated (Tempel et al., 1983; Dwijesha et al., 2024; Jiang et al., 2016). Further,
there are also assays focusing on other types of learning than associative learning,
e.g. social learning paradigms (Battesti et al., 2012; Roemschied et al., 2024). Im-
portantly, Drosophila behavior can be studied not only in group assays, but also in
single-�y assays to test for individuality (Tsai and Chou, 2022).

Drosophila as a model organism further holds signi�cant practical and economic
bene�ts over vertebrate models. The maintenance of fruit �ies in laboratory settings
is remarkably simple, inexpensive, straightforward, and experiments with fruit
�ies are not subject to complex bureaucratic ethical regulations (Jennings, 2011).
Further, their rapid reproduction cycle which spans about 10 days enables ef�cient
crossing of genetic lines and thus facilitates timely establishment of experimental
setups (Stocker and Gallant, 2008). Additionally, not only the adult �y is a well-
studied model organism, but the larval stage, with its even simpler brain structures,
is getting increasing attention, for example with regards to the investigation of
chemosensation, locomotion, learning and memory (Aceves-Piña and Quinn, 1979;
Gerber and Stocker, 2007; Weber et al., 2023; Yadav et al., 2024).

1.2.1 The Organization of the Fly Olfactory Pathway

FIGURE 1.3: Schematic organization of the Drosophila olfactory pathway. OSNs detect
odorants from the environment and converge to uPNs, mPNs and LNs within the
AL. PNs then diverge to two higher brain centers, the LH and the MB. Within the
MB, KCs relay information to MBONs, which mediate downstream processing and
behavioral output. DANs innervate the MB and mediate neuromodulation.

One of the most studied structures in the adult Drosophila, as well as the main
focus of this thesis, is the olfactory pathway. It represents a particularly relevant
system for studying basic neuronal circuits underlying key functional aspects such
as coding principles of stimuli and valences, stimulus discrimination, context learn-
ing, and navigation (Wilson, 2013; Benton, 2022; Davis, 2023). In the following,
we will put a speci�c emphasis on sensory processing and plasticity mechanisms
within two major computation hubs of the fruit �y, the antennal lobe (AL) and the
mushroom body (MB). Importantly, the structural and functional organization of
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the olfactory pathway and the MB share similarities with other insect species, such
as the honeybee or the cockroach, which allows for gaining additional knowledge
from other insects and comparing features between different insect species (Martin
et al., 2011; Paoli and Galizia, 2021; Fuscà and Kloppenburg, 2021a; Watanabe and
Tateishi, 2023; Arican et al., 2023).

Signi�cant progress in understanding the olfactory pathway has been made
in the past years, providing a solid basis for further exploration, which will be
outlined in the following (Figure 1.3). Fruit �ies sense odorants from their envi-
ronment with their antennae and maxillary palps, housing ~1,200 olfactory sensory
neurons (OSNs) per side, that express olfactory receptors (ORs) (Hallem and Carl-
son, 2004; Vosshall and Stocker, 2007). Each OSN type predominantly targets one
speci�c glomerulus within the AL, which comprises ~300 projections neurons (PNs)
(Stocker et al., 1990; Tanaka et al., 2012; Bates et al., 2020). PNs can be subdivided
into two subtypes: uniglomerular PNs (uPNs), which innervate a single glomerulus
in the AL and are predominantly excitatory, and multiglomerular PNs (mPNs),
which connect to multiple glomeruli and include both excitatory and inhibitory
neurons (Bates et al., 2020). Within the AL, odors are encoded as distinct activation
patterns across one or multiple glomeruli with varying intensity, establishing the
AL as the primary computation hub for olfactory processing (Wilson, 2013; Grabe
et al., 2016). Mechanisms such as neural adaptation in OSNs and short-term plas-
ticity at OSN–PN synapses re�ne the temporal and spatial pro�les of glomerular
activity, enabling ef�cient and robust sensory coding of complex odor stimulation
patterns (De Bruyne et al., 2001; Kazama and Wilson, 2008; Wilson, 2013; Fulterer
et al., 2018). A population of ~200 local interneurons (LNs) further shapes inner-
vation within the AL, which exhibits high diversity in their neuronal properties,
innervation patterns, synaptic characteristics, and neurotransmitter constitution
(Wilson and Laurent, 2005; Husch et al., 2009b; Husch et al., 2009a; Chou et al.,
2010; Seki et al., 2010; Schlegel et al., 2021; Fuscà and Kloppenburg, 2021b). These
characteristics make LNs key players in the additional contribution to AL network
dynamics by mediating important functional aspects such as gain control, contrast
enhancement, and non-linear information integration across glomeruli (Sachse and
Galizia, 2002; Wilson and Laurent, 2005; Olsen and Wilson, 2008; Mohamed et al.,
2019; Barth-Maron et al., 2023).

From the antennal lobe, PNs diverge onto two higher olfactory centers, one of
them being the lateral horn (LH), which consist of ~1,400 LH neurons (LHNs) and is
commonly known for processing and integrating innate behavior (Marin et al., 2002;
Wong et al., 2002; Tanaka et al., 2004; Frechter et al., 2019; Das Chakraborty and
Sachse, 2021). The other one is the mushroom body (MB), composed of ~2,000-2,500
intrinsic Kenyon cells (KCs), which can be subdivided into the calyx, the peduncle
and the lobes. The KCs receive diverging input from the PNs in the calyx and project
their axons via the peduncle to form the a/b, a 0/b 0, and g lobes (Heisenberg, 2003;
Lin et al., 2007; Aso et al., 2009; Takemura et al., 2017; Schlegel et al., 2024; Fiala and
Kaun, 2024). From the KCs, the signal is further transmitted to the ~35 mushroom
body output neurons (MBONs) (Ito et al., 1998; Tanaka et al., 2008; Aso et al., 2014b;
Aso et al., 2014a). During olfactory conditioning, dopamine-mediated synaptic plas-
ticity at KC–MBON synapses encodes learned associations that subsequently drive
changes in the behavioral output (Davis, 2005; Davis, 2023). Therefore, the MB is
often referred to as the center for learning and memory. However, recent advances
point to a more comprehensive and integrative understanding of both higher-order
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olfactory centers; the LH seems to play a role in memory formation and retrieval as
well (Dolan et al., 2018; Zhao et al., 2019), whereas the role of the MB also comprises
integration and learning of multimodal sensory inputs (Vogt et al., 2014; Yagi et al.,
2016; Thiagarajan et al., 2022; Okray et al., 2023).

1.3 The Insect Olfactory Pathway as a Research Target in
Computational Neuroscience

The olfactory pathway of Drosophila and other insects exhibits a high degree of com-
plexity at the circuit, cellular, and molecular level, enabling it to perform ef�cient
computations for sensory processing and adaptive behavior. Numerous scienti�c
breakthroughs over the past decades in this research �eld, along with the increasing
complexity of data, have driven computational neuroscientists to develop mod-
eling frameworks to complement results from lab experiments through in silico
approaches (Figure 1.2B) (Clemens and Murthy, 2017; Gupta et al., 2018). These
computational models of the olfactory pathway and sensorimotor transformations
allow us to explore the functionality of fundamental neural circuits in an isolated
and mechanistic framework.

Models of olfactory sensory processing have focused on elucidating how odor
identity, concentration, and valence are encoded in the olfactory pathway and the
MB and how different information is integrated (e.g. Luo et al., 2010; Kao and Lo,
2020; Jürgensen et al., 2021). To explore how associative memories are formed, other
models incorporate different forms of synaptic plasticity into their models. Thus,
they enable reproduction of classical conditioning paradigms and provide valuable
insight into the mechanisms underlying learning and memory (e.g. Wessnitzer
et al., 2012; Faghihi et al., 2017; Nehrkorn et al., 2015; Jiang and Litwin-Kumar,
2021; Bennett et al., 2021; Jürgensen et al., 2024a). A third major focus of Drosophila
modeling is the investigation of how sensory information is integrated in the net-
work to generate behavioral output. For example, locomotion models simulating
larva crawling or �ight behavior in the adult can be used to generate hypotheses of
how the �y responds towards stimuli and navigates in complex environments (e.g.
Dickson et al., 2008; Shiu et al., 2024; Sakagiannis et al., 2025a; Wang-Chen et al.,
2024).

Recent scienti�c advances during the past years have given rise to new op-
portunities on re�ning these neuronal modeling approaches. Beyond exploring
the circuitry underlying classical associative learning, recent experimental studies
have begun to elucidate the neuronal circuitry underlying more complex forms of
learning, such as second order conditioning, latent inhibition, memory extinction
(Cognigni et al., 2018; Yamada et al., 2023; Latshaw et al., 2023). At the same time,
the growing availability of biologically detailed structural and functional data at
both the cellular and molecular levels offer the potential to further extend modeling
approaches and study how mechanisms at different biological scales shape brain
function.
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1.4 Organization of This Thesis

Building on these insights, this thesis aims to explore the olfactory system of the fruit
�y to gain insight on the general mechanisms underlying sensory processing and
learning. In the following chapters, different computational modeling approaches
with varying levels of model abstraction will be presented, each tailored to address a
speci�c research question. The chapters are organized by their biological scales and
their levels of abstraction: beginning with circuit models exploring network motifs
for associative learning, progressing to single-neuron and synapse-level models
aiming to link structural data to sensory integration mechanisms, and concluding
with the computational investigation of molecular mechanisms at the synapse (Fig-
ure 1.2C).

In Chapter 2.1, we present two examples of computational rate models captur-
ing the circuitry underlying complex forms of associative learning in Drosophila.
In the �rst example, we simulate reward prediction and extinction learning with a
circuit model by forming a second memory trace within the MB circuit. The second
project investigates the neuronal circuit underlying second-order conditioning in
Drosophila. Here, the implementation of a computational rate model is used to test
and re�ne the proposed circuit motifs. Both presented models integrate in vivo
experimental �ndings from the fruit �y, including connectome data identifying
connections between speci�c neuron subsets that are crucial for these learning pro-
cesses.

In Chapter 2.2, we further extend the use of connectome data to explore the
mechanisms behind odor mixture processing. We analyze the �y connectome re-
garding inhibitory network motifs that are crucial for processing con�icting odor
information and implement a connectome-constrained model of the antennal lobe,
tuning it to align the structural connectivity with functional data on odor processing.

Finally, in Chapter 2.3, we take an even closer look by zooming into the synapses
between primary and secondary neurons of the Drosophila AL. Here, we modify a
synapse model to capture a universal phenomenon of protein-dependent short-term
plasticity. By examining our model, we aim to better understand molecular mech-
anisms underlying synaptic dynamics and enhance biological realism in neuronal
models.

In total, this thesis comprises implementation and investigation of four compre-
hensive computational models of the �y olfactory and learning system on different
biological scales and with different levels of abstraction. With these models, we
aim to bridge circuit motifs, anatomical structure and molecular composition with
functional aspects, such as neuromodulation, information integration and network
dynamics. Overall, we hope to contribute to a more general understanding and for-
malization of sensory processing and learning in neural systems.
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Chapter 2

Results

2.1 Circuit Models of Associative Learning

2.1.1 A Mechanistic Model for Reward Prediction and Extinction Learn-
ing in the Fruit Fly
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Contribution: The study design was conceptualized by MPN and MS. All sim-
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part and analyzed in the master thesis of MS. The manuscript was written by
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process was conducted during the PhD.
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2.1.2 Functional Dissection of a Neuronal Brain Circuit Mediating
Higher-Order Associative Learning

Authors: El Yazid Rachad, Stephan H. Deimel, Lisa Epple, Yogesh V. Gadgil,
Anna-Maria Jürgensen, Magdalena Springer, Chen-Han Lin, Martin P. Nawrot,
Suewei Lin, and Andre Fiala

Journal: Cell Reports (2025)

DOI: 10.1016/j.celrep.2025.115593

Contribution: The conceptualization of the modeling was conducted by MPN,
AMJ, and MS. All computational modeling and parts of the connectome anal-
ysis, along with the associated visualization and writing, were equally con-
tributed by AMJ and MS.
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