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Abstract

The ever-increasing compute and energy requirements in the field of deep learning
have caused a rising interest in the development of novel, more energy-efficient computing
paradigms to support the advancement of artificial intelligence systems. Neuromorphic
architectures are promising candidates, as they aim to mimic the functional mechanisms,
and thereby inherit the efficiency, of their archetype: the brain. However, even though
neuromorphics and deep learning are, at their roots, inspired by the brain, they are not
directly compatible with each other. In this thesis, we aim at bridging this gap by realizing
error backpropagation, the central algorithm behind deep learning, on neuromorphic
platforms.
We start by introducing the Yin-Yang classification dataset, a tool for neuromorphic and
algorithmic prototyping, as a prerequisite for the other work presented. This novel dataset
is designed to not require excessive hardware or computing resources to be solved. At the
same time, it is challenging enough to be useful for debugging and testing by revealing po-
tential algorithmic or implementation flaws. We then explore two different approaches of
implementing error backpropagation on neuromorphic systems. Our first solution provides
an exact algorithm for error backpropagation on the first spike times of leaky integrate-and-
fire neurons, one of the most common neuron models implemented in neuromorphic chips.
The neuromorphic feasibility is demonstrated by the deployment on the BrainScaleS-2 chip
and yields competitive results both with respect to task performance as well as efficiency.
The second approach is based on a biologically plausible variant of error backpropagation
realized by a dendritc microcircuit model. We assess this model with respect to its practical
feasibility, extend it to improve learning performance and address the obstacles for neu-
romorphic implementation: We introduce the Latent Equilibrium mechanism to solve the
relaxation problem introduced by slow neuron dynamics. Our Phaseless Alignment Learn-
ing method allows us to learn feedback weights in the network and thus avoid the weight
transport problem. And finally, we explore two methods to port the rate-based model onto
an event-based neuromorphic system.
The presented work showcases two ways of uniting the powerful and flexible learning
mechanisms of deep learning with energy-efficient neuromorphic systems, thus illustrat-
ing the potential of a convergence of artificial intelligence and neuromorphic engineering
research.
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Chapter 1

Introduction

The last decade’s tremendous progress in a variety of areas of artificial intelligence was
mainly carried by the advances in the field of deep learning. The impact of deep learning
onmachine intelligence was first felt in computer vision (Krizhevsky et al., 2014) and spread
from there to language processing and generation (Brown et al., 2020; OpenAI, 2022a),
games of strategical planning (Silver et al., 2017; Vinyals et al., 2019) and photorealistic
image generation (Ramesh et al., 2022; OpenAI, 2022b).
This rapid progress came at a cost: Along with their capabilities of performing ever more
difficult tasks, the neural network models’ complexity and their demand on computational
resources have grown accordingly (Thompson et al., 2020; Schwartz et al., 2020). So far, the
advancements in chip fabrication and parallelization technologies were able to provide in-
creasingly powerful and efficient computing hardware (Leiserson et al., 2020). Moore’s law,
for example, famously predicts that the transistor density on chips increases exponentially
with every new chip generation (Moore et al., 1965). However, as transistor dimensions are
approaching the size of single atoms, the continuation of that trend is uncertain (Leiserson
et al., 2020). Meanwhile, the energy efficiency and speed gains that formerly accompanied
higher transistor densities have already tapered off (Bohr, 2007). On top of this, even if the
exponential growth could be sustained by new fabrication technologies, the growing com-
putational demands of deep learning have already outpaced it (Schwartz et al., 2020). Cur-
rently, this is compensated by an increased focus on parallelization techniques and highly
specialized hardware systems (Thompson et al., 2020), but those results in an energy con-
sumption that grows in accordance with the required compute. If the model complexity
and sizes keep up their growth trend, this parallelization approach will neither be sufficient
nor sustainable (Thompson et al., 2020; Schwartz et al., 2020).
In light of this, interest in alternative, more efficient computing paradigms is growing. Orig-
inally, the structure of deep neural networks was inspired by the brain. It therefore only
seems natural to — once again — consult this archetype for efficient ways to compute with
neural networks, especially since we know that the total power consumption of the brain
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2 CHAPTER 1. INTRODUCTION

is around only 20W (Sokoloff, 1960). This is orders of magnitude below what current state-
of-the-art deep learning models typically consume (Economist, 2016; Deepmind, 2020).
The field of neuromorphic engineering aims at building computing hardware that is in-
spired by the structure and functional principles of the brain and thereby hopes to inherit
the efficient mechanisms of its biological archetype (Furber, 2016). While the resulting neu-
romorphic platforms are quite diverse (Schuman et al., 2017), they typically have in com-
mon that computation is distributed across many small and relatively simple compute units
(neurons) that are interconnected (via synapses) to form a network (Furber, 2016). The effi-
ciency of neuromorphic systems is often rooted in two fundamental concepts, in-memory
computing and event-based communication:
The neural network on a neuromorphic system serves as both the processing unit that op-
erates on input and the memory of the system, which determines and parameterizes the
computation itself. This is in accordance with the information processing in the brain,
where memories and “computing algorithms” are stored in the same neural structure that
is also performing the actual “computation” on the sensory data. It is however in stark
contrast to the classical von-Neumann computing paradigm, which separates the comput-
ing architecture into a memory and a processing block (Von Neumann, 1945). In the latter
setup both data and instructions for the processing block need to be read from the mem-
ory and transported between the blocks. This introduces a bottleneck, the von-Neumann
bottleneck, and can slow down computation (Backus, 1978). By removing the separation
betweenmemory and processing unit, neuromorphic approaches promise to avoid the inef-
ficiencies introduced by the von-Neumann bottleneck on conventional computing systems.
In addition to the low-level architectural differences, the neural networks on neuromorphic
hardware platforms also differ from the artificial neural networks (ANNs) commonly used
in deep learning, as the former are modelled more closely after their biological counter-
parts. In particular, the neurons in an ANN have no temporal dynamics, they are functions
that calculate an output value when prompted with an input. Information is exchanged be-
tween the neurons via the communication of the continuously valued outputs, i.e. typically
floating-point numbers. This is in stark contrast to neuromorphic and biological neurons
which both have internal temporal dynamics that process input signals. Additionally, these
neurons do not communicate with each other at all points in time, they only produce a
short output event, a spike, when the internal dynamics fulfill certain conditions, e.g. cross
a threshold (Gerstner and Kistler, 2002). Therefore, the communication between neurons is
spatially and temporally sparse. This means that of a given set of neurons only a subset is
actively communicating at any point in time. This sparsity in communication is believed to
be one of the main reasons for the brain’s energy efficiency and neuromorphic systems, by
mimicking this communication scheme, attempt to inherit the efficiency (Roy et al., 2019).
The prospect of combining the powerful and flexible algorithms of deep learning with
an energy-efficient neuromorphic computing system appears highly desirable (Roy et al.,
2019). However, while both deep learning and neuromorphic systems draw inspiration
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from the brain, for the former the level of inspiration is significantly more abstract and the
two are not directly compatible. This discrepancy is rooted in the differences in neuron
dynamics and in particular the neuronal communication mechanisms.
In this thesis we aim at bridging the gap between deep learning and neuromorphics by
making error backpropagation, the central learning algorithm for artificial neural networks,
compatible with neuromorphic neural networks. After covering the required background
knowledge from the fields of computational neuroscience, neuromorphic engineering and
deep learning in Chapter 2 and outlining the scientific aims of this thesis in Chapter 3,
we approach this task from two angles: In Chapter 5 we employ a bottom-up, or “device-
up”, method, where we take common features of neuromorphic devices, in this case the
leaky integrate-and-fire (LIF) neurons, as a starting point and develop a variant of the error
backpropagation algorithm designed for these components. Conversely, in Chapter 6 we
attempt a top-down, or “algorithm-down”, approach, where we start out from an algorithm
approximating error backpropagation and improve its practical feasibility and compatibility
to neuromorphic systems in multiple step-wise modifications. Additionally, we introduce a
tool for algorithmic and neuromorphic prototyping in Chapter 4: During our work on the
topics in Chapters 5 and 6 we observed a lack of suitable small-scale benchmarks, which
we solved by developing the small but challenging Yin-Yang classification task. Finally, we
discuss the results obtained in this thesis in Chapter 7 and outline areas that promise further
improvement for both the “device-up” and the “algorithm-down” approach.
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Chapter 2

Background

The topics discussed in this thesis are located at the intersection of three fields of research:
computational neuroscience, neuromorphic engineering and deep learning. In an effort
to keep these introductory sections brief we only discuss those aspects of each field that
are required for the understanding of the results presented in this thesis. Where possible,
references to standard textbooks are included for further reading.
The research fields of computational neuroscience, neuromorphic engineering and also
deep learning have in common that they are, to varying degrees, inspired by or based on
the biology of the brain. Therefore, before introducing the fields in Sections 2.2 to 2.4 we
first describe the biological systems they are rooted in Section 2.1.

2.1 Biological neurons and synapses

In this section we briefly describe the structure and properties of neurons and synapses.
Mathematical and computational models of these biological objects will be detailed in the
following sections. For a more in-depth description on the connection between the bio-
logical systems and their models we recommend the theoretical and computational neuro-
science textbooks by Dayan and Abbott (2005) and Gerstner and Kistler (2002).

2.1.1 Neurons

Neurons are electrically excitable cells that communicate with each other via electrochem-
ical signals. While the exact morphology of neurons varies widely across different neuron
types and brain areas, they share a common structure illustrated in Fig. 2.1. A neuron can
be roughly divided into three parts: The input signals into the neuron arrive at the den-
dritic tree (or dendrites). The soma integrates all inputs from the dendrites and potentially
generates an output signal. When an output signal, called an action potential or spike, is
generated, it travels along the axon. At the end of axon, the axon terminals, the neuron is
connected to other neurons, which then receive the spike signal.

5
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Schwann's cell

Node of Ranvier
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Axon terminals

Nucleus
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Figure 2.1: Schematic drawing of neuron morphology and action potential. Left: Drawing of a bi-
ological neuron by Rougier (2007) (published under the CC BY-SA 3.0 license). The neuron cell
consists of three main parts: The dendrites or dendritic tree where input from connected neurons
arrives and is transported towards the soma. The cell body or soma where all input is integrated.
If the input is sufficiently strong, an action potential is generated. The action potential then trav-
els along the axon which brings the signal to the connected downstream neurons. Right: Sketch
of an action potential by Chris73 (2007) (published under the CC BY-SA 3.0 license). If the neuron
receives a strong enough input stimulus (black arrow), it reacts with a rapid and strong depolar-
ization followed by a quick drop in the potential. During what is called the refractory period the
membrane voltage is hyperpolarized, i.e. it is below the resting potential. After the refractory
period the membrane potential settles again at the resting potential.

Similar to any other cell type, a neuron is surrounded by a cell membrane which separates
its interior (cytoplasm) from the outside (extra-cellular medium). The membrane is semi-
permeable, which means that it lets small molecules such as water pass but stops larger
molecules or ions. It acts as a capacitor which separates the charged particles inside and
outside of the neuron. Even though the membrane itself is not permeable for ions, it con-
tains transmembrane proteins called ion-channels that allow the exchange of ions between
the inside and outside of the cell. Ion-channels are specific to one type of ion (e.g. sodium)
and can be either passive, which means they are always open and the flow of ions through
them is driven by concentration gradients, or gated by, for example, the voltage across the
cell membrane. In addition to the ion-channels, ion-pumps actively transport ions across
the membrane. Through an interplay between active ion-pumps, passive ion-channels and
gated ion-channels, described in detail in e.g. Gerstner and Kistler (2002), neurons actively
keep a concentration gradient of sodium, potassium, calcium and chlorine ions between the
inside and outside. Due to this imbalance of ion concentrations, there is a charge imbalance
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and a voltage across the cell membrane. In its resting state (i.e. if it receives no input) the
voltage across the membrane is around −70mV.

Action potentials

If a neuron receives input, its reaction strongly depends on the input strength. To a weak
depolarizing input the membrane voltage reacts with a small deflection from the resting
potential, a postsynaptic potential (PSP), that quickly decays. If however a strong enough
depolarizing input is received, or multiple PSPs of weaker inputs arriving in short succes-
sion stack up to strongly depolarize the membrane potential, an action potential or spike
is triggered (Fig. 2.1).
The action potential is produced by the highly non-linear dynamics of the voltage-gated ion
channels in the membrane. Even though the exact shape of action potentials differs across
neuron types (Bean, 2007), the main features are similar enough that we can describe a
“stereotypical shape” of an action potential1: It starts off with a run-away mechanism in
the voltage-gated sodium channels, where an increase in membrane potential causes more
sodium channels to open, which increases themembrane potential even further. This causes
the membrane potential to rise above 0mV within less than 1ms. The strong depolariza-
tion is halted by the deactivation of the sodium channels and the opening of the potassium
channels which quickly repolarizes the membrane potential. This is followed by a drop be-
low the resting potential (hyperpolarization), which we call the refractory period. During
this time additional input into the neuron can not trigger another action potential. Typ-
ically, the refractory period lasts for multiple milliseconds before the membrane voltage
returns to the resting potential. This mechanism was first modelled in detail by Hodgkin
and Huxley (1952). As the action potential’s shape is always approximately the same, all
information content of the spike signal is in its timing and not in the exact shape of the
potential produced.
Action potentials or spikes are the main mode of communication between neurons. There-
fore, the spike signal needs to be transported from the point where it is produced to the
connection points to other neurons. These are located at the ends of the axon, the axon
terminals (Fig. 2.1). Action potentials are typically generated at the connection between
the soma and the beginning of the axon and travel along the axon to their destination
point (Clark et al., 2009). The axon consists of multiple segments which are each surrounded
by a myelin sheath (formed by Schwann cells which are located around the axon). By iso-
lating the axon from the extra-cellular medium, the myelin sheath increases the speed with
which the action potential travels along the axon. The sections between the axon segments
are the Ranvier nodes. They are not surrounded by a myelin sheath and reinforce the action
potential signal along its route to the axon terminals.

1Note that there are other types of spikes with different shapes such as calcium or NMDA spikes (Larkum et al., 1999;
Antic et al., 2010) which we do not address here.
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Axon
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Figure 2.2: Schematic drawing of a chemical synapse. On the left the presynaptic axon terminal is
shown. It releases vesicles of neurotransmitters into the synaptic cleft. The neurotransmitters
travel through the synaptic cleft to the receptors on the dendrite of the postsynaptic neuron
(right side). The presynaptic neuron recycles neurotransmitters from the synaptic cleft into new
vesicles that can then be reused later to transmit another spike event. This figure was adapted
from Splettstoesser (2015) (published under the CC BY-SA 4.0 license).

2.1.2 Synapses

The information exchange between two neurons takes place at the point of contact between
the axon terminals of the one neuron and the dendrite of the other. These points are called
synapses. There are chemical and electrical synapses. Electrical synapses, also called gap-
junctions, allow neurons to exchange electrical signals in both directions. This is in contrast
to the one-way chemical synapses. We will focus on chemical synapses in the following as
they are much more common.
A chemical synapse can develop at the point where the axon terminal of one neuron con-
nects to the dendrite of another neuron (Fig. 2.2). Synaptic connections to the soma can also
occur, but they are significantly less common than dendritic synapses. The neuron sending
the spike signal is called the presynaptic neuron, the receiving one is called the postsynaptic
neuron. When an action potential of the presynaptic neuron arrives at the axon terminal,
the presynaptic neuron releases neurotransmitters into the narrow space between the neu-
rons. This gap between the pre- and postsynaptic neuron is called the synaptic cleft. Once
the neurotransmitters reach the receptors at the postsynaptic neuron they trigger an open-
ing of ion channels. This changes the conductance across the postsynaptic membrane and
gives rise to a postsynaptic current (PSC). The PSC then in turn causes a change in the post-
synaptic membrane potential, a PSP. If the resulting PSP depolarizes the neuron, we call the
synapse that caused it excitatory, if the PSP hyperpolarizes, the synapse is inhibitory.
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Plasticity

The strength of the impact that a presynaptic spike has on the membrane potential of the
postsynaptic neuron is commonly referred to as the synaptic weight of the connection. The
weight of a connection is not constant but can change over time. This is called synaptic
plasticity and is believed to be fundamental to learning, memory and the development of
neural circuits (Dayan and Abbott, 2005).

Synaptic plasticity can take place on multiple timescales. Short-term plasticity (STP) oper-
ates on the timescale of hundreds of milliseconds to seconds and modulates the synaptic
weight via the amount of neurotransmitters that are released into the synaptic cleft during
a synaptic event (Markram and Tsodyks, 1996). As it takes some time for the neuron to
recycle neurotransmitters after they have been released in a synaptic event, many synaptic
events occurring in short succession can deplete the amount of available neurotransmitters.
Then, the amount of neurotransmitters released in the next event is lower and therefore the
synaptic weight is decreased. This effect is called short-term depression. At the same time
the opposite effect, short-term potentiation, is also possible. Here, the occurrence of spike
events increases the calcium levels inside the presynaptic cell, which in turn increases the
release probability of neurotransmitters for the next synaptic event, thereby increasing the
synaptic weight. Both of these effects are non-permanent and after a few seconds without
spiking activity the synaptic weight decays back to its baseline value.

As the effects of STP persist only over time intervals of a few seconds at most, other mech-
anisms which operate on longer timescales are more relevant for the study of task learn-
ing and memory. Pioneering theoretical work in this direction was performed by Hebb
(1949). It is colloquially summarized in the famous Hebb rule “What fires together, wires
together”. More precisely Hebb (1949) suggests that if one neuron is frequently involved
in making another neuron fire, the connection from the first neuron to the second one
should be strengthened. Experimental evidence for activity dependent long-term potenti-
ation (LTP) was found by Bliss and Lømo (1973) and shortly after for long-term depression
(LTD) by Dunwiddie and Lynch (1978). Later results suggest that not only the correlation
of pre- and postsynaptic firing is relevant to the weight change but also the timing of it (Bi
and Poo, 1998). The effects of long-term plasticity typically persist on the order of tens of
minutes or longer (Dayan and Abbott, 2005).

Themost extreme form of synaptic plasticity is structural plasticity. Instead of changing the
strength of existing connections in the network, structural plasticity changes the connec-
tivity of the network itself by forming new synaptic connections and removing old ones. It
is believed that structural plasticity is involved in the learning of new tasks and the recovery
from injuries to the brain (Johansen-Berg, 2007).
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2.2 Computational models of neurons and synapses

In computational and theoretical neuroscience we use mathematical neuron and synapse
models and simulations of those models to understand the underlying principles of infor-
mation processing in the brain. In the formation of a model there is always a trade-off
between the mathematical/computational complexity and the level of detail with which bi-
ological mechanisms are described. There exists a very large collection of models across the
whole spectrum from detailed and computationally expensive to highly abstract, simplified
and computationally cheap. In this chapter we mainly highlight the ones relevant for this
thesis and again refer the reader to the textbooks of Gerstner and Kistler (2002) and Dayan
and Abbott (2005) for a more in-depth treatment of the subject.

2.2.1 Spiking neuron models

Spiking neuron models include, with a varying degree of abstraction, the all-or-nothing
spike communicationmechanism between neurons. A biophysically detailedmodel of spik-
ing neurons is the Hodgkin-Huxley model, which is based on the recordings from the squid
giant axon (Hodgkin and Huxley, 1952). It consists of four non-linear ordinary differential
equations describing the dynamics of the membrane voltage as well as sodium and potas-
sium ion channels. This allows it to reproduce the characteristic shape of action potentials
(Fig. 2.1), as well as neuronal firing patterns such as adaptation or bursting observed in
biology. However, the level of detail at which the Hodgkin-Huxley model reproduces bio-
logical phenomena comes at the cost of significant computational complexity, which makes
it less suitable for the study of larger networks. For a computationally cheaper model we
can leverage the fact that the actual shape of the action potential is stereotypical, which
means it is always approximately the same2. Therefore, the most information is encoded
in the timing of the action potential and not in its voltage dynamics. This allows us to not
model the shape of the action potential but to treat is as an abstract event (Gerstner and
Kistler, 2002, Chapter 4).

Leaky-integrate-and-fire model

One of the most commonly used neuron models which employs this method to reduce
mathematical and computational complexity is the leaky integrate-and-fire (LIF) neuron
model (Lapicque, 1907; Abbott, 1999; Dayan and Abbott, 2005). Here the ion channel dy-
namics are summarized into one passive leak conductance gℓ which pulls the membrane
voltage u to a resting potential Eℓ. The differential equation for the membrane voltage is

Cm
du

dt
= gℓ [Eℓ − u(t)] + Iext(t) + Isyn(t) (2.1)

2Although there are slight variations across different neuron types (Bean, 2007).



2.2. COMPUTATIONAL MODELS OF NEURONS AND SYNAPSES 11

a

200 400 600 800 1000
time [ms]

−70

−60

u
[m

V
]

u Vth Vreset

b

200 400 600 800 1000
time [ms]

0

1

I e
x
t

[n
A

] Iext

cEl

gl
Cm

IsynIext

Vth

Vreset

spike out

Figure 2.3: LIF neuron schematics and dynamics. (a) Equivalent circuit of the LIF neuron model. The
neuron membrane is modelled as a capacitor Cm. All ion channels are summarized into one
conductance gℓ pulling the membrane voltage u towards the leak potential Eℓ. A comparator
(triangle) compares the membrane voltage to a threshold Vth. If the membrane voltage reaches
the threshold, the comparator sends out a spike signal, which triggers a resetting of themembrane
to Vreset. The external input current Iext and the synaptic input current Isyn are treated as black-
box current sources here. (b) Membrane voltage u of an LIF neuron receiving an external input
current (shown in (c)). The first current step lets the membrane rise exponentially to a new and
higher membrane voltage, while the second one pulls the membrane below its resting value. The
final current step is strong enough to push the membrane above the threshold. The neuron spikes
two times, each spike is followed by a refractory period at Vreset. Once the current step ends, the
membrane voltage decays back to its resting potential. (c) External current Iext applied to the
neuron. Simulation parameters can be found in Table B.1.

whereCm is the membrane capacitance and Iext and Isyn are input currents to the cell, either
from an external source or synaptic events. The action potential dynamics are replaced by
a simple thresholding mechanism: If the membrane voltage crosses a threshold value Vth at
the time t = tspike, the membrane voltage is reset to a reset potential Vreset and held at this
value for the duration of the refractory period τref:

u = Vreset for t ∈ (tspike, tspike + τref] if u(tspike) = Vth (2.2)

The output of the neuron is a sequence of spike events, each at a precise time tspike,i. This
sequence is called a spike train S(t) and can be written as a sum of delta functions

S(t) =
∑

i∈spikes
δ
(
t− tspike,i

)
. (2.3)

The dynamics of the LIF neuron when presented with an external step current, e.g. a patch
clamp stimulus, are illustrated in Fig. 2.3 b and c. We see that a positive input current step
depolarizes the membrane, while a negative current hyperpolarizes it. As long as the input
is low enough that the membrane voltage stays below the spiking threshold, the membrane
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trace is a low-pass filtered version of the input current (see Eqn. (2.1)). The time constant
of the low-pass is given by the neuron parameters τm = Cm

gℓ
. If the depolarizing current is

strong enough, it can push the membrane above the threshold and elicit a spike followed by
a reset. In addition to simulating the dynamics described in Eqns. (2.1) and (2.2) as shown
in Fig. 2.3 b, we can also find an electrical circuit where the electrical quantities follow the
same differential equations (Fig. 2.3 a). This is going to be of particular relevance for the
discussion of mixed-signal neuromorphic hardware in Section 2.3.2.

2.2.2 Rate-based neuron models

While spiking neuron models like the LIF neuron describe the neuronal output as distinct
events in time, rate-based neuron models take a simplified approach. They describe the
neuronal output not as a series of events but as the firing rate: the rate at which the neuron
produces output events. The firing rate r can be defined in multiple ways, the simplest of
which being just the number of spikes N produced in a time interval ∆T

r =
N

∆T
. (2.4)

However, rate-based neuron models typically employ a quantity called the instantaneous
firing rate r(t), which is given for any point in time and can not be based on a spike count
in a macroscopic time interval ∆T . Instead, it is typically interpreted as the spike count
during a very short (infinitesimal) interval dt either averaged over multiple stochastic trials
or a population of neurons. For an extensive treatment of this see Dayan and Abbott (2005,
Chapter 1).
The simplification of no longer treating every single output event, but summarizing them
into a firing rate has both advantages and disadvantages. On the one hand a description of
the neuronal output using the firing rate is not able to capture effects based on spike timing
and spike correlation. On the other hand however rate-based models allow for the easier
inclusion of stochasticity on a network level and reduce the required amount of simulated
neurons by letting one rate-based neuron represent a population of spiking neurons (Dayan
and Abbott, 2005, Chapter 7.1). Additionally, the rate-based models also improve analytical
tractability as we will see in Chapter 6.
In addition to their membrane dynamics, rate-based neurons are characterized by their acti-
vation function φ which describes the firing rate of a neuron as a function of its membrane
potential r(t) = φ (u(t)). As it describes a neuronal firing rate, the activation function is
typically positive everywhere and very often bounded on the upper end, as arbitrarily high
firing rates are deemed unrealistic. A common choice for φ is the logistic function

φ(u) =
a

1 + exp
(
−u−b

c

) (2.5)



2.2. COMPUTATIONAL MODELS OF NEURONS AND SYNAPSES 13

EL

gL,basCbas  Capi gL,api

EL EL

gL,somaCsoma

gapi gbas

gapi

Csoma

Cbas

Capi

gbas

Figure 2.4: Simple multi-compartment neuron model. Left: Illustration of a neuron with 3 compart-
ments: soma, basal dendrite and apical dendrite. Right: The three compartments are modelled by
three leaky integrator circuits which are connected by the conductances gbas and gapi. Note that
for visual clarity we have left out the mechanisms to produce an output or receive input for all
compartments in this drawing.

where a determines the maximum firing rate, b is a bias and c scales the steepness of the
activation function.
The rate-based neuron model which we will encounter in Chapter 6 has membrane voltage
dynamics that are similar to the dynamics of the previously discussed LIF neuron: The
membrane voltage u also follows the leaky-integrator dynamics

Cm
du

dt
= gℓ [Eℓ − u(t)] + I(t) (2.6)

where we have subsumed any input currents (external, synaptic or otherwise) into I(t).
In contrast to the LIF model however, there is no thresholding or reset mechanism. The
output of the rate-based neuron is r(t) = φ (u(t)).

2.2.3 Multi-compartment neuron models

So far we have focussed our modelling on the voltage dynamics and output signals of a
neuron. There is however another (somewhat orthogonal) aspect of biology for which we
have to decide on what level of detail we want to model it: the morphology of the neuron.
In Sections 2.2.1 and 2.2.2 we have implicitly already chosen the strongest simplification
possible by fully neglecting the fact that at different locations in the neuron, the voltage
across the membrane can have different values. By describing a neuron with only one
membrane voltage u(t), we implicitly reduced the shape of the neuron to a single point.
Neuron models employing this simplification are grouped under the term “point neuron
models”.
A quite flexible and commonly used method to include neuron morphology is to divide the
neuron into two ormore parts, whichwewill call compartments (Gerstner and Kistler, 2002,
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Chapter 2.6). In the most basic case, we just divide the neuron into a “soma compartment”
and a “dendritic compartment” and assume that the membrane voltage is approximately the
same everywhere within the soma of the neuron but different from the membrane voltage
in the whole dendritic tree. We model the connection between the two compartments as
a constant conductance. To model the complex branching structure of the dendritic tree,
we can also split up one “dendritic compartment” into multiple separated compartments
which can be connected to the soma in an arbitrary tree-like fashion. The voltage dynam-
ics of each compartment is governed by its own differential equation(s), which is coupled
to the equations describing the dynamics of the neighboring compartments. For a com-
partment iwhich is modelled by leaky-integrator dynamics and connected to a set of other
compartments C the voltage dynamics are

Cm,i
dui

dt
= gℓ,i [Eℓ,i − ui(t)] + Iext,i(t) + Isyn,i(t) +

∑
j∈C

gi,j [uj(t)− ui(t)] (2.7)

where gi,j is the conductance between the compartments i and j. We see that the dynamics
are the same as for the original leaky integrator in Eqn. (2.1) except for an added current
originating from the connected compartments.
Figure 2.4 illustrates such a multi-compartment setup consisting of a somatic compartment
and two dendritic compartments, the basal dendrites and the apical dendrites. Typically, in
a multi-compartment neuron only the somatic compartment is able to produce an output.
Whether this output is spiking or rate-based depends on the dynamics chosen for the so-
matic compartment. Furthermore, it is common (but not strictly necessary) that only the
dendritic compartments receive synaptic input and forward it to the somatic compartment.
We will reencounter the multi-compartment neuron illustrated in Fig. 2.4 in Sacramento
et al. (2018) and Chapter 6. There however, the dynamics are simplified: While we here
treated the dendritic compartments as leaky-integrators with their own temporal dynam-
ics, in Sacramento et al. (2018) the membrane voltages in the dendritic compartments are
instantaneous functions of their inputs (Eqn. (6.4) to Eqn. (6.6)). Furthermore, while here
each pair of connected compartments is influencing the dynamics of each other, in Sacra-
mento et al. (2018) the dendritic compartments influence the somatic compartment but not
the other way around.

2.2.4 Synapse models

In our discussions of neuron models we have so far not detailed the synaptic interactions
but rather collected the overall effect of all synaptic interactions into a synaptic input cur-
rent Isyn onto the membrane. In the following we will, for both a spiking and a rate-based
scenario, detail the modelled mechanisms and the temporal dynamics of the synaptic cur-
rents.
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First however, we need to distinguish between two types of synapse models: As discussed
in Section 2.1.2, neurotransmitters travelling through the synaptic cleft give rise to the
opening of ion-channels once they reach the postsynaptic neuron. This changes the con-
ductance across the cell membrane. We model this as a conductance gsyn(t) which varies
over time and pulls the membrane of the neuron towards a synaptic reversal potential Erev.
The resulting current

Isyn(t) = gsyn(t) [Erev − u(t)] (2.8)

depends on the current state of the membrane voltage. Synaptic models that are based
on a variation of a synaptic conductance are called conductance-based (CoBa) models. By
assuming that any fluctuation of the membrane voltage caused by the synapse is small com-
pared to the distance between the membrane voltage and the synaptic reversal potential,
we can simplify this model and remove the dependence of Isyn on u(t). Models using this
simplification assume the impact of synaptic input not to be a change in conductance but
directly a current onto the membrane Isyn(t) and are therefore called current-based (CuBa)
models.

Spike transmission

For both CoBa and CuBa synapse models we assume the impact of different synapses of a
neuron as well as multiple spikes across the same synapse to sum up linearly3:

gsyn(t) =
∑
i∈ syn

wi,CoBa
∑

ts ∈ spks(i)

κ (t− ts) for CoBa (2.9)

Isyn(t) =
∑
i∈ syn

wi,CuBa
∑

ts ∈ spks(i)

κ (t− ts) for CuBa (2.10)

where κ(t) is the kernel which describes the temporal shape of the synaptic interaction and
wi,. . . is the synaptic weight. For the CoBa case the synaptic weight is a conductance, while
it is a current for the CuBa case. Note that inhibitory synapses are realized differently for
the two model types: CuBa inhibitory synapses are modelled via a negative value for the
synaptic weight w. For CoBa synapses the value of the weight is always positive and the
distinction between excitatory and inhibitory synapses is made via different values for the
reversal potentialErev in Eqn. (2.8). The reversal potentialErev is above the resting potential
for excitatory and below for inhibitory synapses.

3For simplicity in the notation we have in the CoBa case assumed that either all synapses are excitatory or all are
inhibitory. If that where not the case, we would need to split the sum over all incoming synapses between inhibitory and
excitatory because the resulting gsyn, exc(t) and gsyn, inh(t) are multiplied with different reversals potential when calculating
the PSC.
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Figure 2.5: LIF neuron with current-based synaptic input. (a) Membrane voltage of an LIF neuron re-
ceiving two spike trains of excitatory and inhibitory input spikes. Each input spike causes a
PSP on the membrane voltage. PSPs that are close together in time stack up. When enough in-
put spikes arrive in short succession, the PSPs add up to a high enough value that reaches the
threshold and the neuron produces and output spike. Afterwards, the membrane voltage is reset
to Vreset and held there for the duration of τref. (b) The synaptic input currents Isyn caused by
the excitatory and inhibitory input spike train (blue and orange respectively). The synapses are
current-based with an exponential kernel. (c) Raster plot of the spike trains: excitatory input
spike train in blue, inhibitory input spike train in orange and the postsynaptic output spike in
black. Simulation parameters can be found in Table B.1.

The most common kernel shapes used for describing the synaptic interaction are the

κ(t) = δ(t) delta kernel (2.11)

κ(t) = Θ(t) exp

(
− t

τsyn

)
exponential kernel (2.12)

κ(t) = Θ(t) t exp

(
− t

τsyn

)
alpha kernel (2.13)

where Θ(t) is the Heaviside-function and τsyn is the synaptic time constant defining the
timescale of the synaptic interaction.
Figure 2.5 illustrates the PSC induced by current-based synapses with an exponential ker-
nel for a set of excitatory and inhibitory input spikes as well as the resulting PSPs on the
membrane potential of an LIF neuron. The PSPs add up linearly and if the threshold voltage
is reached, a postsynaptic spike is triggered. The model illustrated here, an LIF neuron with
CuBa synapses with exponential kernels, is also the one employed in Chapter 5 and Sec-
tion 6.5 of this thesis.



2.2. COMPUTATIONAL MODELS OF NEURONS AND SYNAPSES 17

Rate transmission

For rate-based neuron models the synaptic interaction is not based on discrete events in
time, but instead the instantaneous firing rate of the presynaptic neuron is sent to the post-
synaptic neuron at every point in time. Again, we can make the distinction between CoBa
and CuBa synapses:

gsyn,exc(t) =
∑

i∈ exc syn

wi ri(t) for CoBa (2.14)

gsyn,inh(t) =
∑

i∈ inh syn

wi ri(t) for CoBa (2.15)

Isyn(t) =
∑

i∈ exc + inh syn

wi ri(t) for CuBa (2.16)

The resulting synaptic current in the CoBa case is

Isyn(t) = gsyn,exc(t) [Erev,exc − u(t)] + gsyn,inh(t) [Erev,inh − u(t)] . (2.17)

An example of the usage of CoBa rate-based synapses can be found in Urbanczik and Senn
(2014). The learning mechanisms introduced in this work form the basis for the learning in
the dendritic microcircuit model in Sacramento et al. (2018) which is prominently featured
in Chapter 6 of this thesis. However, the synapse model in Sacramento et al. (2018) was
simplified to a rate-based CuBa model.

Plasticity

The most commonly modelled form of synaptic plasticity is long-term plasticity (Gerstner
and Kistler, 2002; Dayan and Abbott, 2005). In general, we describe the change in a synaptic
weight between two neurons i and j4 with a differential equation

dwji

dt
= f (θi, θj, wji) (2.18)

where f is some function of the quantities of the neurons θi, θj and potentially of the
synaptic weight itself. The shape of the function f and the quantities of the neurons that
are part of the plasticity rule varies widely.
In a spike-based setting the relevant neuron quantities are typically the spike trains S(t)
of the neurons. The arguably most famous example for this is spike-timing-dependent
plasticity (STDP), which was first experimentally discovered by Bi and Poo (1998). Here, the

4We choose the convention of indexing a weight as wpost-idx, pre-idx to match the notation chosen in the publications
presented in Chapters 5 and 6.
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weight update is a function of the relative time differences between pre- and postsynaptic
spike times.
In a rate-based setting, typically time continuous quantities, such as the firing rates r(t)
or the membrane voltages u(t), are used. For example, the most basic form of Hebbian
LTP (Hebb, 1949) can be written as

dwji

dt
= c ri(t) rj(t) (2.19)

where c is a constant and positive parameter and ri and rj are the pre- and postsynaptic
firing rates. Other examples in this category of “Hebbian-like plasticity rules” are Oja’s
rule (Oja, 1982) and the BCM rule (Bienenstock et al., 1982).
More recently the category of “three-factor learning rules” has grown in popularity (Fré-
maux and Gerstner, 2016; Gerstner et al., 2018). In addition to the variables from the pre-
and postsynaptic neuron, the weight update additionally depends on a third factor. This
third factor can for example be a global modulatory signal like reward or surprise but also
a neuron specific error signal. An in-depth discussion on three-factor learning rules can be
found in a review on this topic by Gerstner et al. (2018). For this thesis however, it suffices
to say that this category contains the Urbanczik-Senn learning rule (upon which plastic-
ity mechanisms in Chapter 6 are based), along with many other plasticity mechanisms in
models for biologically plausible error backpropagation.

2.3 Neuromorphic engineering

In this chapter we aim to provide an overview of neuromorphic engineering with a specific
emphasis on the neuromorphic hardware type and specific chip that we will encounter in
Chapters 5 and 6 of this thesis. As the field of neuromorphic engineering is small compared
to e.g. theoretical neuroscience and at the same time is quite diverse we do not have estab-
lished textbooks to refer to. However, the reviews of Indiveri et al. (2011); Furber (2016);
Schuman et al. (2017); Thakur et al. (2018); Roy et al. (2019) provide a good overview on
neuromorphic hardware platforms. Even though the field is developing rather rapidly and
these reviews are missing some of the more recently developed hardware platforms, we
will base this chapter on them. Where appropriate, we will additionally point to the newer
developments throughout the following sections.
When the term neuromorphic was first coined by Carver Mead, it revolved around the idea
that the characteristics of metal-oxide-semiconductor (MOS) transistors were similar to
the dynamics of ion channels in neurons and that this could be used to build analog silicon
neurons that mimic the behavior of biological neurons (Mead and Ismail, 1989; Mead, 1990).
Nowadays, the term “neuromorphic” is used in a much broader sense and encompasses not
only hardware platforms but also algorithms and sensor technologies that are in some sense
inspired by the mechanisms and dynamics of the nervous system. In this thesis we will
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Figure 2.6: Illustration of the range of computing hardware platforms. We go from conventional com-
puting hardware on the left towards novel (neuromorphic) computing paradigms on the right.
Generally speaking the more conventional platforms have advantages in one or multiple of the
areas of flexibility, precision and ease of use. Conversely, the neuromorphic hardware platforms
tend to be geared towards energy efficiency and/or computation speed, while being less flexible
or precise or easy to use. The red dashed line marks the area in the spectrum where often the
step towards event-based (spiking) communication is made and where often the line between
conventional and neuromorphic hardware is drawn.

focus on the neuromorphic computing platforms, of which there is also a great variety that
we will cover in Section 2.3.1. In spite of this diversity the different approaches share the
brain as a common inspiration and there are several reoccurring design ideas and concepts
across different neuromorphic platforms (Schuman et al., 2017):

• In contrast to conventional von-Neumann computing hardware, which separates the
memory from the processing unit (Von Neumann, 1945), the brain co-locates memory
and processing in the network of neurons and synapses. By inheriting this network
structure, neuromorphic platforms aim to avoid the so-called “von-Neumann bottle-
neck” in information processing.

• Computation is performed by a network of relatively simple compute nodes (neurons).
Each compute node typically operates on locally available information. This allows
for highly parallel information processing with little need for global synchronization.

• The high energy efficiency of the brain is partly credited to the use of a temporally
sparse, event-based communication scheme between neurons (i.e. spikes). Neuromor-
phic platforms often aim to achieve good energy efficiency by copying this commu-
nication mechanism.

• Neuromorphic platforms often aim to mimic the brain’s learning and adaptation
mechanisms by implementing synaptic plasticity in the hope of being able to con-
tinuously adapt to changing environments or tasks.

2.3.1 Variety of neuromorphic platforms

In this section we provide an overview of various types of neuromorphic platforms that
have been or are currently being developed. It can be instructive to arrange the different
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types from very close to conventional computing systems towards relying on completely
novel computing paradigms as done in Fig. 2.6. There, we have also included the con-
ventional (general purpose) computing hardware of central processing units (CPUs) and
graphical processing units (GPUs) as a reference. Generally speaking, more conventional
hardware types are more flexible, easier to use and/or more precise, while the more novel
architectures have advantages in energy efficiency and/or computation speed.
There is an ongoing debate in the fields of neuromorphic engineering and artificial intelli-
gence on what is considered to be neuromorphic and what is not. Sometimes, for example,
application-specific integrated circuits (ASICs) built for the acceleration of artificial neural
networks (ANNs) like the Tensor Processing Unit (Jouppi et al., 2017) are counted among
neuromorphic architectures as they are designed to optimally perform computations for a
model that is, at its roots, inspired by the brain. More commonly however the distinction is
made based on the employed communication mechanisms. Spiking communication is seen
as one of the key methods for neuromorphic architectures to inherit the energy efficiency
of the brain (Roy et al., 2019). In this thesis we will focus on spiking hardware systems.

FPGA-based neuromorphic implementations: Field-programmable gate arrays (FPGAs)
are commercially available general purpose computing architectures that can be used to
achieve a more efficient simulation of neural networks (both spiking or non-spiking) com-
pared to simulations performed on a CPU or GPU. An example for this is the FPGA-based
neuromorphic cortex simulator introduced in Wang et al. (2018). In the field of neuromor-
phics they are also commonly used in the development phase of custom digital ASICs as
they allow for cheaper and faster (pre-silicon) testing and benchmarking, as done for ex-
ample in Frenkel et al. (2020).

Custom digital platforms: In contrast to the commercially available and general purpose
FPGAs, custom design digital platforms are highly specialized on the simulation5 of (spik-
ing) neural networks. Nevertheless, the designers have significant freedom to choose the
main goal of their system and the design trade-offs they need to take to achieve it. For
example, the TrueNorth system by IBM (Akopyan et al., 2015) is focused on efficient simu-
lations of network dynamics and trades flexibility for it (fixed neuron model, no plasticity),
while the Loihi chip by Intel (Davies et al., 2018) favors online learning capabilities and
supports on-chip learning with configurable plasticity rules. In contrast to these fully cus-
tom platforms, the SpiNNaker system relies on conventional small ARM processors, which
are used for the computation of the neuron dynamics and which communicate with each
other via a custom spike-routing mechanism. The use of ARM processors as neuromorphic

5The terms of simulation and emulation are often not clearly defined in the field of neuromorphics. For this thesis,
we will speak of a simulation, if the neuron and synapse dynamics are calculated using numerical methods (e.g. using
Euler integration to advance the quantities step by step in time), while in an emulation a physical system (e.g. a circuit)
is governed by the same differential equations as the neurons and synapses and we observe the behavior of the physical
system.
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cores in combination with custom spike routing allows for a large flexibility in network ar-
chitectures and simulated neuron as well as synapse models. For TrueNorth, Loihi as well
as SpiNNaker it is possible to combine multiple of the respective chips on a custom board
which connects the individual systems to each other and allows for the simulation of larger
networks than can be achieved with a single chip (Furber, 2016).

Mixed-signal ASICs: Mixed-signal neuromorphic platforms contain both analog and dig-
ital circuitry. The analog circuits replace the numerical simulation of the neuron and
synapse dynamics by a physical emulation. The communication of spikes between neu-
rons is realized using similar digital mechanisms as on the fully digital platforms. The
analog emulation of dynamics offers a significant advantage in terms of energy efficiency6
but comes at the cost of reduced flexibility7 as well as increased levels of variability and
noise. We will describe these platforms in detail in Section 2.3.2.

Neuromorphic architectures based on novel devices: While the neuromorphic platforms
discussed so far differ from conventional computing hardware in architecture or tech-
nology use, both fundamentally rely on the complementary metal-oxide-semiconductor
(CMOS) technology. Recent developments in the field of material sciences have shown
that this could be complemented by novel devices, especially in the field of neuromor-
phic computing. The most prominent of these new devices is the memristor (“memory
resistor”) (Strukov et al., 2008). Roughly speaking, a memristor is a resistor with a history-
dependent resistive value. In a neuromorphic context memristors could be used as a low-
power alternative for synaptic circuits, where thememristor functions as an energy efficient
storage for the synaptic weight. Some memristors even exhibit properties resembling the
STDP plasticity mechanism and could therefore directly include a learning mechanism in
the synaptic weight storage (Covi et al., 2015; Acciarito et al., 2016). While promising sig-
nificant gains in energy efficiency, the current generations of memristors still suffer from
large device variability and cycle-to-cycle variability (Pino et al., 2012; Gi et al., 2015), which
limits their practical applicability. In addition to the memristor, other novel technologies
and their application in neuromorphic computing such as phase-change memory, spintron-
ics and optical electronics are currently being investigated. As a detailed description of all
of these technologies is beyond the scope of this thesis, we refer to Schuman et al. (2017,
Section V.B) for an extensive summary.

2.3.2 Mixed-signal neuromorphic platforms

Arguably, the mixed-signal approach, where neuron dynamics are emulated in analog cir-
cuitry is a natural choice, as in biology also neuron dynamics (e.g. membrane voltages)

6and, depending on the platform, also in terms of emulation speed
7Different neuronmodels would require different circuits to emulate them. Therefore, mixed-signal platforms typically

restrict themselves to emulate only one neuron model.
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evolve as analog values in continuous time. The routing of spikes from presynaptic to
postsynaptic neurons is handled by digital circuitry, as this allows the most flexibility, e.g.
in the realizable connectivity between the neuron circuits.
As originally proposed by Mead and Ismail (1989), the neuron dynamics are emulated by
finding electronic circuits in which the voltages and currents correspond to neuronal quan-
tities and follow the same temporal dynamics. We have already seen an example of this for
the LIF neuron in Fig. 2.3. However, for the fabrication of a neuromorphic chip we can not
use the common electronic components like the resistors or capacitors shown in Fig. 2.3
as they are simply too large. Instead, we need to rely on transistors and very-large-scale
integration (VLSI) technology. Generally speaking, there are two different ways of using
the analog dynamics of CMOS transistors to emulate neuron dynamics and the choice of
method divides the resulting mixed-signal neuromorphic platforms into two groups.
The first method uses the dynamics of the transistor in the subthreshold regime to emu-
late neuron dynamics. This regime is characterized by low currents and relatively slowly
evolving dynamics which result in a real-time emulation of neurons (i.e. with neuronal time
constants similar to the ones of biological neurons). Examples for neuromorphic platforms
in this category are ROLLS (Qiao et al., 2015), the DYNAPs (Moradi et al., 2017) and Neu-
rogrid (Benjamin et al., 2014). These platforms operate in real-time, which makes them
suitable for the control of robotic devices or for interfacing with neuromorphic sensors.
While the sub-threshold regime of the transistors allows them to operate on a low power
budget, this comes at the price of more noisy signals, larger (compared to the secondmixed-
signal device category) device-to-device mismatch as well as larger fixed-pattern noise on
a device8.
In the second category transistors operate in the above-threshold regime. This leads to
higher currents and faster evolving dynamics. Neuronal dynamics are emulated faster, with
a speed-up of 103− 104 compared to biology, hence these platforms are often called “accel-
erated”. The high emulation speedsmake the platforms particularly suited for long-running
experiments (e.g. on learning or evolutionarymechanisms) or high throughput applications
(e.g. machine learning style image classification) but less suited for real-time robotic con-
trol. The higher currents compared to the subthreshold regime make these platforms less
susceptible to thermal and fixed-pattern noise but also result in a higher power consump-
tion. The higher power consumption however is, to a certain extent, counterbalanced by
the accelerated emulation speedwhich shortens experiment duration and thereby limits the
energy consumed. Examples for neuromorphic systems in the category are the chips in the
BrainScaleS series, developed by the Electronic Vision(s) group in Heidelberg, of which we
will describe the newest iteration BrainScaleS-2 in the following section (Schemmel et al.,
2007, 2010, 2022).

8The term fixed-pattern noise describes the fact that due to production imperfections no two transistors on a chip are
exactly identical. This leads to variations between e.g. neuron circuits even if they are parameterized identically.
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SynapsesSynapse drivers

Neurons

Figure 2.7: BrainScaleS-2 HICANN-X ASIC photograph and block diagram. Left: Photograph of the
HICANN-XASIC. The locations of the neuron circuits (green), the synapse drivers (white) and the
synapse array (yellow) are marked on the photograph. Image taken with permission from (Czis-
chek et al., 2022, Figure 5a). Right: Block diagram of the main components of the HICANN-X
chip. The analog neuromorphic core contains the neuron and synapse circuits. The synapses are
arranged in a matrix called the synapse array. Spike signals are sent into the synapse array via the
synapse drivers (triangles). The analog parameter storage provides bias currents and voltages for
the parametrization of the neuron circuits. The correlation analog-to-digital-converter (CADC)
makes synaptic correlation data available as a digital signal. Spike signals produced by the neu-
rons are sent outside of the analog core to the digital circuitry which handles event-routing. The
plasticity processing unit (PPU) has access to spike data, traces from the CADC and the synaptic
weights and can implement programmable plasticity mechanisms. This diagram was taken with
permission from (Billaudelle et al., 2021, Figure 1a).

BrainScaleS-2: HICANN-X

The HICANN-X ASIC is the newest chip in the BrainScaleS-2 series. In contrast to the
previous BrainScaleS-1 generation it is fabricated in the newer 65 nm CMOS process and
runs with a 1000-fold speed-up compared to biological timescales. Figure 2.7 shows a pho-
tograph of the chip as well as a block diagram illustrating the main components of the
chip.
The analog network core contains 512 neuron circuits emulating the adaptive exponen-
tial leaky integrate-and-fire (AdEx) neuron model (Brette and Gerstner, 2005). The AdEx
model is an extension of the LIF neuron model, which adds both an adaptation current
and an exponential spike onset. This allows for more biologically plausible voltage dynam-
ics and in particular the reproduction of neuronal firing patterns recorded from biological
neurons (Naud et al., 2008). For the applications in this thesis both the adaptation and the
exponential circuits were disabled through parametrization such that the standard LIF dy-
namics were recovered9. The synaptic input can be configured to be either CoBa or CuBa

9For more details on the analog implementation of the AdEx neurons we recommend Billaudelle (2022); Billaudelle
et al. (2022).
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