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ABSTRACT

Neuromorphic computing, inspired by the intricate functionalities of the human brain,
seeks to emulate its efficient computation through advanced models of neuron dynam-
ics and synaptic interactions. A central challenge in this field is the development of
effective learning mechanisms that extend beyond local synaptic changes, such as
those described by Spike-Timing-Dependent Plasticity (STDP), to encompass more
complex, system-wide processes. This research specifically focuses on the role of the
basal ganglia and its use of dopaminergic reinforcement learning—a critical compo-
nent often leveraged for its pivotal role in decision-making and reward-based learning
in biological systems. By implementing and analyzing the basal ganglia’s dopamin-
ergic learning mechanisms on Spiking Neural Networks (SNNs), we aim to enhance
the learning capabilities of these networks. Our study delves into the detailed com-
putational modeling of these mechanisms, highlighting their potential to facilitate
complex learning tasks such as sequence learning through reinforcement signals. The
insights gained from this research contribute to a deeper understanding of neural
processing and learning in artificial systems, marking a step forward in the quest for

more sophisticated, biologically-inspired computing architectures.
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OZETCE

Insan beyninin karmagik islevlerinden esinlenen néromorfik hesaplama, gelismis néron
dinamikleri ve sinaptik etkilesim modelleri araciligiyla beynin etkin hesaplama yetene-
gini taklit etmeyi amaclamaktadir. Bu alandaki temel bir zorluk, Vuru Zamam
Bagimli Esneklik (ing. STDP) gibi yerel sinaptik degisiklikleri tanimlayan 6grenme
mekanizmalarini, daha karmasik, sistem genelinde siirecleri kapsayacak sekilde genislet-
mektir. Bu aragtirma ozellikle, karar verme ve 6diil temelli 6grenmede kritik bir rol
oynayan bazal ganglionlarin ve dopaminerjik pekistirmeli 6grenmenin roliine odak-
lanmaktadir. Bu caligma, Vurulu Sinir Aglar (ing. SNN) iizerinde bazal gan-
glionlarin dopaminerjik 6grenme mekanizmalarin1 uygulayarak ve analiz ederek, bu
aglarin 6grenme yeteneklerini artirmay1 amacglamaktadir. Calismamiz, bu mekaniz-
malarin detayli hesaplamali modellemesine derinlemesine dalarken, pekistirme sinyal-
leri aracihigiyla dizi ogrenme gibi karmagik ogrenme gorevlerini kolaylagtirma potan-
siyelini vurgulamaktadir. Bu aragtirmadan elde edilen icgoriiler, yapay sistemlerde
noral igleme ve ogrenme tizerine daha derin bir anlayig katkida bulunmakta ve daha
sofistike, biyolojik siire¢lerden ilham almig hesaplama mimarileri igin ileriye dogru bir

adim niteligindedir.
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CHAPTER 1

INTRODUCTION

In this chapter, we embark on an exploration of neuromorphic computing, a paradigm
that seeks to harness the computational principles of the human brain. We begin by
situating neuromorphic computing within the broader context of computational mod-
els, highlighting its potential to address current computational challenges. Following
this, we delineate the research problem our work aims to tackle and introduce the
proposed solution that leverages dopaminergic learning in the basal ganglia for rein-
forcement learning on Spiking Neural Networks (SNNs). The chapter concludes by
underscoring the significance of this research, not only for advancing neuromorphic

computing, but also for its broader implications in the field of artificial intelligence.

1.1 Introduction to Neuromorphic Computing

The science of computation has been rapidly advancing since the advent of comput-
ers. Relying on Von Neumann architectures, modern computers are capable of many
great achievements that previous generations could only dream of. However, the era
of computers based on Von Neumann Architecture is beginning to reach its limits as
the separation of data and computation introduces a bottleneck in the transfer of in-
formation [6]. Furthermore, CMOS technology, which is dependent on silicon devices,
also encounters a constraint on power consumption and heat generation [7]. In the
face of such challenges, there are two obvious routes the engineers and scientists can
take: either embark on a new computing paradigm, or squeeze the juice out of every
possible optimization and technique for the current methodology. The engineers who
have decided on the former journey must seek inspiration for novel architectures, and

nature is one of the best at creating highly abstract and efficient systems.



The human brain has evolved well over millennia and is the most power-efficient
and powerful computation device [8]. One of the marvelous things humans can do is
generalize a novel problem and design an algorithm to solve said problems, meaning
the human brain is an excellent function approximator [9]. This feature of the human
brain has also caught the interest of many engineers as they have employed structural
insights from the human nerve cell organizations to come up with Artificial Neural
Networks (ANNs) [10]. While this concept of ANNs would flourish, the current
challenges, such as the Power Wall, forced engineers to look for efficient ways of
computing [7]. Then, the idea of figuring out how the human brain achieves its
computational efficiency was discussed. The human brain uses approximately 20
Watts of power for its daily use [8]. One of the main contributors to this efficiency
is how information is handled. There are approximately 86 Billion nerve cells in the
human brain, but each neuron connects to a thousand other neurons on average [11].
This shows that the interconnect in the human brain is highly sparse. Moreover,
nerve cells communicate using electrochemical pulses known as spikes. Spikes are
identical, with slight noises and variations. Also, because of the way the human brain
designed its communication scheme for the spikes, little spiking activity is required
to transfer information. Thus, spikes are sparse in time as well. This structural
and temporal sparse communication scheme (spike code) is the fundamental reason
for brain power efficiency. However, there is one more facet of the computation in
the brain, and that is how the information is represented and stored. At the same
time, a conventional computer needs separate blocks such as CPU and memory. The
human brain stores the data in its nerve cells, particularly on synapses that connect
the cells [12] [13]. This way, there is no notion of distinct memory, and computation-
memory separation is eliminated. This type of computation is known as compute in
memory [14] [15], and the human brain is an excellent example. This bypasses the

data transfer bottleneck. Along with it, the human brain is highly parallelized in its



microcircuits and, therefore, can handle massive amount of computations. When all
of the above optimizations come together, we start to understand the root causes of

computational and power efficiency of the human brain.

Neuromorphic Computing Human Brian Digital Computer
Learning Algorithms Unknown Algorithm Programs/Logic
[ ] .
TS o EEEE
g Neurons ] 11T
Reverse Synapses Architecture EEEE
Neural Networks Engineering Brain Computing System cPU Memory
Von Meumann Architecture
Spiking Signals S e Encoding
piking -1g Spiking Signals Scheme Binary Signals
Artificial Neurans and Synapses Biological Neurons & Synapses Devices CPUs(Logic Gates, etc.),

Memory{SRAM, etc.}

Figure 1: Computation stack comparison showing the differences between neuro-
morphic vomputing, the human brain, and Von Neumann architectures. [1]

Neuromorphic computing or brain-like computing aims to employ these funda-
mental processes of the human brain to achieve better computation in terms of func-
tionality and efficiency. Comparison of the computation stack between such paradigm
and current digital computers is illustrated in Figure 1. The most essential of these
strategies is the spiking behavior when introduced with the brain-like structure of
neural networks, which results in what is known as Spiking Neural Networks (SNNs)
where the non-linear activation function is the Heaviside function [16]. This activa-
tion function, however, is not enough on its own, and some neuronal dynamics need to
be applied to take advantage of the temporal dynamics of the spiking behavior. This
is introduced by membrane potential, a decayed integration of weighted spikes [17].
This integration over time and decay opens up the time dimension for computation,
whereas, in ANNs, this weighted sum is calculated for each time frame. Still, there is
no notion of propagating this value in time, so when looking from an ANN perspec-

tive, every neuron showcases implicit features of recurrency. This temporal dynamic



allows neuromorphic computing to sparsify connections and the load of these com-
munications. This sparsity results in highly compressible communication, and with
the spikes being essentially binary, they do not require high bandwidth, resulting in
very low power computation. There are various ways neuromorphic computing can
exploit these features. However, they can be mainly considered under three cate-
gories: hardware [18], software [19], and sensors [20] [21]. Neuromorphic hardware
provides a substrate where SNNs can be mapped to utilize their power efficiency;
various architectures have been developed so far, the most well-known ones include
Loihi by Intel [22] [23], TrueNorth by IBM [24] and SpiNNaker from University of

Manchester [25] as shown in Figure 2.

Hala Point, the World's Largest Neuromorphic System

|

Loihi2

Intel Loihi2 [23] Intel Hala Point [26]

IBM Northpole [24] SpiNNaker [25]

Figure 2: Advanced neuromorphic chips/platforms.



Each of these architectures provides its advantages and disadvantages regarding
programmability, scalability, efficiency, and complexity. On the software side, we have
neuromorphic frameworks that provide simulation environments to configure and test
SNNs, which allow for highly flexible designs in terms of complexity. Most well-
known of these programs are Lava [27], snnTorch [28], Brian2 [29], SpikingJelly [30],
Nengo [31] and NIR [32]. Each framework provides unique optimizations and ease
of computation in certain neuromorphic subfields. Lastly, there are neuromorphic
sensors [20]; as the SNNs are inherently designed to work with temporal data, our
current static datasets do not closely match the dynamics of neuromorphic computing.
Therefore, new sensors that temporally encode information in terms of spikes are
created by inspired by their mechanism in the human body, such as the retina and
cochlear; these devices are known as event-based as they only encode the change in

stimuli; therefore, are highly sparse and can achieve much higher time resolution.

1.2 Current State of Neuromorphic Computing and Chal-
lenges
Neuromorphic Computing and SNNs have proven capable in many fields ranging
from brain-computer interfacing, robotics, and computer vision to computational
neuroscience [33]. While showing huge success on temporal datasets and achieving
low power/latency computation, neuromorphic computing has not been an end-to-
all solution or readily applicable for mainstream applications. Various issues must
be addressed before SNNs can be mainstream, like how Deep Neural Networks have
taken the spotlight [34] [35]. These roadblocks consist of issues including scalability
in the hardware; even though the brain is very sparse in its connections, it is still
far more advanced than our 3D CMOS fabrication processes and can connect an
average of a thousand neurons to a single neuron. This fan-in is still hard to achieve
when point neuron designs concern hardware. There are various methodologies to

mitigate this problem. Still, they all introduce significant decision-making regarding



the architectural design of said hardware, as interconnect designs inevitably affect
the synaptic micro-architecture as well [36] [37] [38]. Apart from scaling limitations,
current neuromorphic algorithms still need to be matured [39]. There are various
techniques to train SNNs [28], and all software frameworks target a different side of
this computation stack, so there is an obvious need for holistic software frameworks

that generalize well.

1.3 Learning in SNNs: A Dual Approach

If we dive more deeply into algorithms for learning in SNNs, we can see two consensus
on how to approach learning in SNNs, which stem from the researchers’ background.
People from the neuroscience and physics fields take the founding mentality of neu-
romorphic computing into their minds and bring insights from brain and biological
learning rules to adapt them to the neuromorphic field. Engineers and computer
scientists, recognizing the practical value of neuromorphic computing as an evolu-
tion of ANNSs, are adapting existing learning algorithms for rapid deployment on
SNNs. This mainly involves backpropagation, which is hard to implement on SNNs
as the Heaviside function, which produces the thresholding and spiking behavior,
is not differentiable. Therefore, various roundabouts of backpropagation have been

developed along with other algorithms that also consider temporal dynamics of spike-

code [40] [41] [42].

1.4 Biologically Plausible Learning Rules

Various bio-realistic learning rules are built upon Hebbian learning and Long Term
Potentiation (LTP) / Long Term Depression (LTD) [43] [44]. Even then, there are
problems with these learning rules as they all encompass unsupervised local synaptic
update rules. While this type of learning explains circuit-level dynamics, it shows
inadequate performance in broader networks. To define learning on a global scale, we

can turn to the brain for inspiration and examine learning in specific brain regions.



Most prominent among these regions are the Cerebral Cortex, Basal Ganglia (BG),
and Cerebellum, which implement unsupervised learning, reinforcement learning, and
supervised learning, respectively [45] [46]. While their internal computation and
learning have been understood to a degree, their interactions have generally been
studied in isolation.

A deep dive into these neural circuits directs our attention to the mechanisms of
the Basal Ganglia, the center for reinforcement learning [47]. This brain region is cen-
tral to decision-making, and a better understanding of it may lead to the development

of bio-realistic reinforcement learning in SNNs.

1.5 Research Aim and Potential Contributions

Our exploration delves into the intricate neural circuits of the brain, particularly
spotlighting the Basal Ganglia (BG) as the cornerstone of reinforcement learning [46].
Renowned for its pivotal role in decision-making processes, a nuanced comprehension
of the BG enlightens us on the fundamentals of cognitive function. It paves the way
for pioneering advancements in bio-realistic reinforcement learning for SNNs. This
thesis is dedicated to unraveling the computational intricacies of the BG, dissecting
how dopamine neurons intricately encode rewards and punishments, and elucidating
the representation of state-action pairs derived from environmental interactions which
are key dynamics for reinforcement learning.

By constructing a robust framework for reinforcement learning within SNNs, this
research aims to contribute to neuromorphic computing. The potential applications
of such a framework are vast, from enhancing robotic autonomy to refining the intel-
ligence of smart devices. We aim to understand reinforcement learning in biological
systems and create a foundation for it in SNNs, paving the way for biologically plau-

sible and efficient computational models.



CHAPTER 11

LITERATURE REVIEW

The quest to bridge the gap between biological intelligence and artificial computing
has long fascinated researchers, leading to the emergence of neuromorphic computing
as a frontier in this exploration [34] [35]. This paradigm, inspired by the intricate
workings of the human brain, seeks not only to replicate its computational efficiency
but also to understand the underlying principles that enable complex behaviors and
learning capabilities.

This literature review aims to navigate the vast research landscape surrounding
neuromorphic computing, explicitly focusing on neuron models, reinforcement learn-
ing mechanisms, the anatomy of the Basal Ganglia (BG), and the role of dopamine
in learning. Given the interdisciplinary nature of this field, spanning neuroscience,
computational neuroscience, and machine learning, a wide array of literature forms
the backbone of the discussion herein.

We begin by exploring various neuron models fundamental to understanding neu-
ral dynamics and implementing them in Spiking Neural Networks (SNNs). The review
then focuses on the anatomy of the BG, a critical brain region involved in reinforce-
ment learning and decision-making. Finally, we discuss the role of dopamine, a neu-
rotransmitter that plays a pivotal role in encoding reward signals in the BG.

As we traverse these topics, the review also identifies gaps and opportunities for
further research, setting the stage for the subsequent chapters. The ultimate goal of
this literature review is to provide a coherent foundation that not only contextualizes
the research problem but also underscores the significance of the proposed study in

contributing to the advancement of neuromorphic computing and our understanding



of learning mechanisms within the BG.

2.1 Neuron Models in Neuromorphic Computing

Neuromorphic computing seeks to emulate the neural processing mechanisms of the
brain to develop computing systems capable of complex, adaptive behaviors. At
the heart of these systems are neuron models, mathematical formulations replicating
biological neurons’ electrical activity.

Neuron models in neuromorphic computing serve to bridge the gap between bi-
ological neural processes and computational algorithms. These models are critical
for understanding and implementing neural dynamics in hardware or software sim-
ulations. Their complexity can vary significantly, from simple integrative units to
comprehensive models that meticulously capture the biophysical properties of neu-

rons.
2.1.1 Spectrum of Neuron Models

The range of neuron models spans from computationally efficient, simplistic models to
bio-realistically accurate, computationally complex ones [48] [49]. On one end of the
spectrum, we have models like the Integrate-and-Fire [50] and its variations, which
abstract neurons to essential elements that accumulate inputs until a threshold is
reached, triggering an output spike. These models, while computationally lightweight,
offer limited biological fidelity. On the other end, there are detailed models like the
Hodgkin-Huxley and its extensions [51-54], which provide intricate representations of
the ion channel dynamics governing neural excitability. While offering high biological
realism, these models demand significant computational resources, especially when

simulating large networks.



2.1.2 The Izhikevich Neuron Model

Among the myriad of neuron models, the Izhikevich model stands out for striking
a balance between biological realism and computational simplicity. Introduced by
Eugene Izhikevich in 2003, this model was designed to replicate the rich firing patterns

observed in biological neurons while maintaining computational efficiency [55].
2.1.2.1 Model Equations

The model is succinctly described by a system of ordinary differential equations:

d

d—§:0.04v2+5v+140—u+] (1)
d
d_? = a(bv — u) (2)

where v represents the membrane potential, u is a recovery variable that accounts
for the activation of Kt ionic currents and inactivation of Na™ ionic currents, and I
is the synaptic or injected current. The parameters a, b, ¢, and d are constants that
determine the neuron’s firing properties. When the membrane potential reaches the

apex of a spike at 30mV, it is reset according to:

v 4,
if v > 30 mV, then (3)
u4—u+d.
These equations define the dynamic behavior of the Izhikevich neuron model.
The resetting condition ensures that after a spike is generated (when v reaches or
exceeds 30 mV), the membrane potential v is reset to ¢, and the recovery variable u

is increased by d, which simulates the refractory period of a neuron after firing an

action potential.
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2.1.2.2 Patterns and Behaviors

The Izhikevich model is capable of reproducing a wide range of spiking and bursting
patterns observed in cortical neurons, including chattering, fast spiking, intrinsically
bursting, and more [56]. The model’s versatility comes from the adjustable parameters

a, b, ¢, and d, which can be tuned to emulate specific neuron types or behaviors.
2.1.2.3 Advantages and Applications

Its computational efficiency and ability to simulate diverse neural behaviors make the
Izhikevich model particularly appealing for large-scale simulations of neural networks
and for implementation in neuromorphic hardware. The model’s relative simplicity
allows for real-time simulations of complex systems, opening new avenues for research

into brain-like computing and the development of brain-inspired algorithms.

2.2 The Basal Ganglia

The Basal Ganglia (BG) are a group of nuclei in the brain that play a critical role in
coordinating and learning movement [57], as well as various cognitive and emotional
functions. Historically, research on the BG began with a focus on their involvement in
motor control [58], mainly due to their association with Parkinson’s disease and other
motor disorders [59,60]. Early studies highlighted the BG’s role in regulating and
fine-tuning voluntary movements, as evidenced by the severe motor deficits observed
in disorders like Parkinson’s and Huntington’s disease [61].

In the latter half of the 20th century, research expanded to explore the BG’s con-
tributions to cognitive processes and reinforcement learning [62] [63]. This paradigm
shift was driven by advancements in neuroimaging, neurophysiology, and computa-
tional modeling, which revealed the BG’s involvement in a broader array of functions
beyond motor control. These advancements have allowed researchers to understand

better the complex interplay between the BG and other brain regions, highlighting
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their role in decision-making, habit formation, and procedural learning.
2.2.1 Anatomy of The Basal Ganglia

The BG comprise several interconnected nuclei, each with distinct functions and con-
tributions to the overall circuitry. These nuclei include the striatum (caudate nucleus,
putamen, and nucleus accumbens), globus pallidus (external and internal segments),
subthalamic nucleus, and substantia nigra (pars compacta and pars reticulata) [2].

Here, we describe each component and its functional significance (Figure 3).
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Figure 3: Basal ganglia circuits. Abbrevations: Substantia Nigra (SN), Globus
Pallidus (GP) ,Subthalamic nucleus (STN), centromedian-parafascicular (CM-Pf).
pedunculopontine nucleus (PPN) [2].

2.2.1.1 Striatum

It is the most significant component of the BG and serves as the primary input
nucleus. It is divided into the dorsal and ventral striatum [64]:

Dorsal Striatum: Comprising the caudate nucleus and putamen, the dorsal stria-

tum receives extensive excitatory inputs from the cerebral cortex, particularly the
motor and premotor areas, and the thalamus. It plays a pivotal role in motor control,

action selection, and specific cognitive functions.
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e Caudate Nucleus: Located adjacent to the lateral ventricles, the caudate nu-
cleus is involved in various higher-order cognitive functions such as learning and

memory.

e Putamen: Situated lateral to the caudate nucleus, the putamen is primarily

associated with regulating movements and influencing various motor skills.

Ventral Striatum: Including the nucleus accumbens and olfactory tubercle, the
ventral striatum is integral to reward processing and reinforcement learning [65]. It

receives inputs from the limbic system and the prefrontal cortex.

o Nucleus Accumbens: Divided into the core and shell regions, the nucleus accum-
bens is crucial for processing reward and reinforcement, influencing motivation

and goal-directed behavior.

e Olfactory Tubercle: Involved in the sense of smell and reward processing.

The striatum contains two main types of neurons: Medium Spiny Neurons (MSNs)
and Interneurons. MSNs are GABAergic projection neurons and constitute about
95% of the neuronal population in the striatum [66]. They are divided into two
classes based on their projection targets and receptor expression: i) DI-type MSNs
which express dopamine D1 receptors and are part of the direct pathway, facilitat-
ing movement by projecting to the GPi and SNr; ii)D2-type MSNs which express
dopamine D2 receptors and are part of the indirect pathway, inhibiting movement by
projecting to the GPe.

On the other hand, there are various types of interneurons that modulate the ac-
tivity of MSNs through neurotransmitters such as GABA, acetylcholine, and somato-
statin. Notable types of interneurons include Parvalbumin-positive (PV) interneurons
that are fast spiking interneurons providing strong inhibitory control over MSNs; and
Cholinergic interneurons that release acetylcholine and modulate the striatal output

by influencing both MSNs and other interneurons.
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The striatum is further organized into two distinct compartments: the matrix and
the striosomes (also known as patches). These compartments are characterized by
differences in their neurochemical composition, connectivity, and function, providing
an additional layer of complexity to the striatal organization.

The matrix compartment constitutes most of the striatal volume, encompassing
about 85% of the striatum [67]. The matrix receives dense excitatory inputs from the
sensorimotor and association cortices, implicating it in motor and cognitive processes.
The projection neurons within the matrix primarily target the external globus pallidus
(GPe) and the substantia nigra pars reticulata (SNr), integrating and modulating
cortical information crucial for action selection and movement regulation.

The striosome compartment, accounting for about 15% of the striatum, are in-
terspersed within the matrix-like islands [67]. These compartments are enriched in
mu-opioid receptors and substance P, giving them a distinct neurochemical profile.
Striosomes receive inputs from the limbic regions, including the prefrontal cortex and
amygdala, highlighting their role in reward-related processing. The projection neu-
rons within the striosomes predominantly target the substantia nigra pars compacta
(SNc), influencing the dopaminergic system and thereby playing a critical role in
modulating reward and motivational states [65] [68].

The compartmentalization of the striatum into matrix and striosomes underscores
its intricate structure and functional specialization, enabling the striatum to process

diverse types of information for the orchestration of complex behaviors.
2.2.1.2 Globus Pallidus

The globus pallidus is divided into two segments [69]:

External Segment (GPe): Involved in the indirect pathway, the GPe receives in-

hibitory input from the D2-type MSNs of the striatum and projects to the subthala-

mic nucleus (STN) and other parts of the BG. It plays a critical role in modulating
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movement and maintaining motor control.

Internal Segment (GPi): Part of the direct pathway, the GPi receives inhibitory

input from the D1-type MSNs and provides major inhibitory output to the thala-
mus and brainstem. It is crucial for the inhibition of unwanted movements and the

facilitation of intended movements.
2.2.1.3  Subthalamic Nucleus (STN)

It is a small, lens-shaped nucleus that receives excitatory inputs from the cerebral
cortex and inhibitory inputs from the GPe [70]. It sends excitatory projections to the
GPi and SNr, vital in regulating the BG output. The STN is integral to the indirect

pathway and controls movement by modulating the activity of the GPi and SNr.
2.2.1.4 Substantia Nigra

The substantia nigra is divided into two parts [71]:

Pars Compacta (SNc): It contains dopaminergic neurons that project to the stria-

tum, modulating the activity of MSNs. Dopamine release from the SNc enhances the
direct pathway via D1 receptors and inhibits the indirect pathway via D2 receptors,
facilitating movement initiation and execution.

Pars Reticulata (SNr): It functions similarly to the GP1i, sending inhibitory out-

puts to the thalamus and brainstem. It plays a critical role in controlling eye move-

ments and other motor functions.
2.2.1.5 Functional Pathways

The BG operates through three primary pathways that have opposing effects on

movement [72]:

e Direct Pathway: Facilitates movement by disinhibiting the thalamus. This

pathway involves D1-type MSNs projecting to the GPi and SNr, which inhibit
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the thalamus less, allowing for increased cortical activity and movement execu-

tion.

e [ndirect Pathway: Inhibits movement by increasing thalamic inhibition. This
pathway involves D2-type MSNs projecting to the GPe, which inhibits the STN.
The STN then sends excitatory signals to the GPi and SNr, leading to increased
inhibition of the thalamus and reduced cortical activity, thus inhibiting move-

ment.

o Hyperdirect Pathway: Provides a rapid means of inhibiting movement. This
pathway involves direct excitatory projections from the cortex to the STN,
sending excitatory signals to the GPi and SNr, increasing their inhibitory output

to the thalamus and thus quickly suppressing movement.

Dopaminergic inputs from the SNc modulate the balance between these pathways
(73] [74]. Dopamine release enhances the direct pathway and suppresses the indirect

pathway, promoting movement initiation and execution.

2.2.1.6 Additional Circuitry and Connections

The BG is also interconnected with other brain regions, forming complex circuits that

contribute to their diverse functions:

e (orticostriatal Connections: The cortex provides the primary excitatory inputs
to the striatum, forming the corticostriatal pathway. This pathway is crucial

for integrating sensory, motor, and cognitive information.

e Thalamostriatal Connections: The thalamus sends excitatory inputs to the

striatum, providing additional sensory and motor information.

e Nigrostriatal Pathway: Dopaminergic projections from the SNc to the striatum
modulate the activity of MSNs, influencing the balance between the direct and

indirect pathways.
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The BG also interacts with the limbic system, including the hippocampus and

amygdala, contributing to emotional regulation and memory processes [75].
2.2.2 Functional Dynamics and Mechanisms of the Basal Ganglia

The BG mainly functions as an action selection mechanism [76]. As an agent (animal)
has many command systems and limited resources such as cognitive circuitry, working
memory, and motor pathways shared by these command systems, an agent should
have a way of allocating these resources to programs or actions that need them. This
type of action control mechanism needs to be able to select an action among many
competing actions depending on both intrinsic and extrinsic stimuli and should learn
from experience to optimize resource allocation. Such a mechanism should suppress
competing actions while favoring and allowing control of the selected action [76].
The BG comprises many topographic channels connected to various cortical areas
representing these command systems [77]. It also receives many intrinsic input affer-
ents from across the cortex, signifying the internal and external states of the agent.
These channels all output through their population area in the SNr and have lateral
inhibiting connections from the STN to inhibit each other. When an action is deemed
important by having more saliency than other competing actions, the SNr output of
that channel is inhibited, allowing the disinhibition of the thalamic connections for
that action, thereby realizing the selected action. Simultaneously, lateral connections

increase inhibition by the SNr on other channels.
2.2.2.1 Go/No-Go Mechanisms

The Go/No-Go model describes how the BG facilitates or inhibits actions [78]. It

involves two pathways:

e Go Pathway (Direct Pathway): This pathway facilitates the initiation of de-
sired movements. D1-type MSNs in the striatum project to the GPi and SNr,

inhibiting these structures and thereby reducing their inhibitory output to the
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thalamus. This disinhibition of the thalamus allows for increased activity in the

motor cortex, promoting movement execution.

e No-Go Pathway (Indirect Pathway): This pathway inhibits undesired move-
ments. D2-type MSNs in the striatum project to the GPe, which in turn inhibits
the STN. The STN sends excitatory signals to the GPi and SNr, increasing their
inhibitory output to the thalamus. This increased inhibition reduces activity in

the motor cortex, preventing movement execution.

Dopaminergic inputs from the SNc modulate the balance between these pathways.
Dopamine enhances the Go pathway via D1 receptors and suppresses the No-Go path-
way via D2 receptors, facilitating movement initiation and execution while inhibiting

competing actions.
2.2.2.2  Reinforcement Learning

Reinforcement learning in the BG is driven by dopaminergic signaling, which encodes
reward prediction errors (i.e., the difference between expected and actual outcomes)
[3,79-81]. Dopaminergic neurons in the SN¢ and VTA release dopamine in response
to unpredicted rewards or expectations of rewards. This phasic dopamine release
strengthens synapses in the direct pathway (Go). It weakens synapses in the indirect
pathway (No-Go), reinforcing actions that lead to positive outcomes and discouraging
those that do not.

Reward Prediction Error: When an unexpected reward is received, dopamine lev-

els increase, enhancing synaptic plasticity in the Go pathway and promoting the
repetition of actions that led to the reward. Conversely, when an expected reward
is not received, dopamine levels decrease, enhancing synaptic plasticity in the No-Go
pathway and discouraging the action .

Learning and Habit Formation: Over time, actions that consistently lead to re-

wards become habitual. The BG contributes to the transition from goal-directed
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behavior, which is flexible and responsive to reward contingencies, to habitual behav-
ior, which is automatic and less sensitive to reward changes [82].

These mechanisms highlight the BG’s role in learning from environmental feedback
and adapting behavior accordingly. By facilitating the selection of appropriate actions
and reinforcing behaviors that lead to positive outcomes, the BG is essential for

efficient and adaptive decision-making.
2.2.2.8 Decision-Making

In addition to motor control and reinforcement learning, the BG is involved in higher-
order decision-making processes [83]. The BG integrates information from various
cortical and subcortical regions to evaluate different actions’ potential benefits and
costs. This integration supports complex decision-making tasks, such as selecting the

most beneficial strategy in uncertain environments.
2.2.2.4 Habit Formation

Habit formation is another critical function of the BG. Repeated reinforcement makes
certain behaviors automatic and requires less cognitive effort to execute. This shift
from goal-directed to habitual behavior is mediated by the striatum, with the dorsal
striatum playing a pivotal role in habitual responses and the ventral striatum in
goal-directed actions [82].

In summary, the BG’s involvement in action selection, Go/No-Go mechanisms, re-
inforcement learning, and habit formation underscores their importance in both motor
and cognitive functions. By integrating sensory, contextual, and reward information,
the BG facilitates adaptive behavior and efficient decision-making by coordinating

the direct, indirect, and hyperdirect pathways.
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2.2.3 Computational Models of the Basal Ganglia

Computational modeling of the BG has been instrumental in deciphering their func-
tions and in exploring their potential applications in neuromorphic computing and
robotics [84] [85]. Early models focused on the BG’s role in motor control, but more
recent efforts have expanded to encompass their cognitive functions. One of the most
influential models is the Gurney-Prescott-Redgrave (GPR) model, which provides a
comprehensive framework for understanding BG function in action selection and has
led to many other models that expand it in various ways [86-90].

GPR Model: The GPR model synthesizes anatomical and functional data into a
coherent computational framework [91]. It formalizes the concept of action selection
using a network of parallel channels representing different actions. Each channel’s
activity reflects the salience of the corresponding action, with the most salient action
being selected through disinhibition in the output nuclei (GPi and SNr). The model
incorporates the direct and indirect pathways, with dopamine modulating the activity
of these pathways to influence action selection.

Dopamine’s Role: In the GPR model, dopamine plays a critical role in modu-
lating the activity of striatal neurons. D1 receptor activation enhances activity in the
direct pathway, promoting action selection, while D2 receptor activation suppresses
activity in the indirect pathway, inhibiting competing actions. This dual modulation
by dopamine is essential for balancing the facilitation and inhibition of actions.

Extensions and Applications: The GPR model has been extended and adapted
to incorporate new biological data and to explore its implications for neuromorphic
systems [91]. These extensions include models of the wider thalamocortical loop,
large-scale spiking neuron models, and robotics and artificial intelligence applications.
For example, the GPR model has been used to control robotic behavior, demonstrat-
ing its utility in real-world applications [92] [93].

Actor-Critic Models of Basal Ganglia: The BG network can be examined
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under the reinforcement learning paradigm, exhibiting an architecture that closely
resembles the actor-critic model [94] [95]. In this framework, the actor component
comprises the matrix of the striatum, the GPe, STN, and the SNr/GPi. This actor
component is responsible for the policy function and action selection.

On the other hand, the critic component encodes the reward signal and is fa-
cilitated by the striosome compartment of the striatum [96]. The critic component
encodes the value function through the nigrostriatal connections, influencing the ac-
tor’s decision-making process based on the expected rewards. This integration allows
the basal ganglia to efficiently learn and perform action selection based on the rein-

forcement learning principles.

2.3 Dopaminergic Learning and Dopamine Encoding

Dopamine, a neurotransmitter crucial for various neural processes, plays a central
role in learning, motivation, and movement [97]. It is primarily produced in two main
areas of the brain: the SNc¢ and the VTA. From these regions, dopaminergic neurons
project to various brain parts, including the striatum, prefrontal cortex, and limbic
system, forming several key pathways.

The substantia nigra, part of the midbrain, gives rise to the nigrostriatal pathway,
where dopamine neurons project to the striatum [98]. This pathway is essential for
motor control and is significantly affected by Parkinson’s disease. The VTA, another
midbrain structure, originates from the mesolimbic and mesocortical pathways. The
mesolimbic pathway projects to the nucleus accumbens in the ventral striatum and is
crucial for reward processing and reinforcement learning [62] [99]. The mesocortical
pathway, projecting to the prefrontal cortex, involves higher cognitive functions such
as decision-making and executive control.

Dopaminergic circuits that project to the BG are particularly important [100].

Dopamine modulates the activity of BG circuits, influencing action selection and
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learning processes. This modulation occurs through the dopaminergic neurons’ tonic
and phasic firing patterns, which correspond to baseline dopamine levels and bursts

of dopamine release in response to salient or rewarding stimuli, respectively.
2.3.1 Dopamine Encoding: From Saliency to Reward Prediction

Dopamine, a neurotransmitter crucial for various neural processes, has been the focus
of extensive research due to its central role in learning, motivation, and movement
[101] [79]. Historically, dopamine’s significance was first highlighted in the context
of Parkinson’s disease, which led to deeper explorations of its functions in the brain.
Over time, research expanded beyond movement disorders, uncovering dopamine’s
pivotal role in reinforcement learning and decision-making processes.

Initially understood within the narrow confines of motor function, dopamine’s
broader relevance to neural processing and behavior gradually came to light through
the latter half of the 20th century. Pioneering studies began associating dopamine
with reward, formulating key hypotheses regarding its role in learning and motivation

(62].
2.3.1.1 Saliency and Reward Prediction Error Hypotheses

Two foundational hypotheses have shaped our understanding of dopamine’s func-
tion [81]: the saliency hypothesis and the reward prediction error hypothesis . The
saliency hypothesis posits that dopamine signals the importance or saliency of ex-
ternal stimuli, aiding attention and decision-making. This view was later comple-
mented and expanded by the reward prediction error hypothesis, which suggests that
dopamine neurons encode the difference between expected and received rewards, a

mechanism at the heart of reinforcement learning.
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2.3.1.2 Development of the Reward Prediction Error Hypothesis

The reward prediction error hypothesis, grounded in the principles of temporal dif-
ference learning [102], gained empirical support through neurophysiological studies
showing that dopaminergic neuron firing correlates with unexpected rewards, as illus-
trated in Figure 4. This hypothesis has been further refined to describe how dopamine

signals encode reward and prediction errors, thereby driving adaptive behavior and

learning [3].
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Figure 4: Dopamine Reward Prediction Encoding. Novel reward (left), predicted

and received reward (middle), and omission of predicted reward (right) [3].

The hypothesis states that the dopamine neurons encode the difference between
the expected and received reward. In this mechanism, the dopamine neurons react
strongly to unpredicted novel rewards, which is the primary reinforcer. As the agent
interacts with the environment and the task, the critic learns the predictive cues of
the reward. This results in the expectation of the reward to shift the reward signal
encoded by the DA neurons to the time of learned reward-predicting stimuli. If the
resulting sequence of choices brings a reward, this reward is not encoded as it was
expected. If this reward is omitted, the DA neurons are inhibited, resulting in below-
baseline activity. Therefore, utilizing this concept of long-term planning or effective
learning of a long sequence of action is possible as in a chain of reward-predicting

cues depicted in Figure 5 [79] [103].
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Figure 5: The back-shift of reward signal to learned reward predictive cues (CS:
Conditioned Stimulus) in time as the critic learns (time axis flowing from top to

bottom) [3].

The reward prediction error encoded by dopamine neurons can be mathematically

described as [96]:

R=R+ADA
(4)
ADA =~P(t)— P(t—1)
where ADA represents the change in dopaminergic activity, R is the received
reward, R is the expected reward, v is the discount factor, and P(t) is the predicted

value of a stimulus. This simple yet powerful equation encapsulates how dopamine

influences learning through feedback mechanisms.
2.3.1.8 Beyond Reward: Additional Complexity and Functions

Recent research has revealed additional complexities in dopamine’s role, identifying
diverse subpopulations of dopaminergic neurons with distinct functions, ranging from
movement to cognitive processes [101]. This diversity suggests a more nuanced role
of dopamine in neural computation, extending beyond the classical reward-centric

framework. Moreover, dopamine encodes other aspects of tasks and behavior, such
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as effort, motivation, and the temporal aspects of rewards, indicating its involvement
in a broader spectrum of decision-making processes [101].

Dopamine’s encoding of saliency and reward prediction error represents founda-
tional principles in our understanding of neural processing and learning. The evolving
view of dopamine, from a neurotransmitter associated with motor control to a critical
player in complex cognitive functions, underscores the dynamic interplay between neu-
rochemical signaling and behavior. As research continues to unravel the multifaceted
roles of dopamine, our models of neuromorphic computing and artificial intelligence
stand to benefit from more profound insights into this versatile neurotransmitter’s

functions.
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CHAPTER II1

IMPLEMENTATION OF LEARNING NEURON MODELS

This chapter presents a comprehensive methodology for implementing a bio-realistic
model of the Basal Ganglia (BG) on Spiking Neural Networks (SNNs) realized on
neuromorphic substrates. The following outlines the systematic approach taken, from
implementing the Izhikevich neuron model on the Loihi2 chip to integrating learning
rules and developing learning neuron models. We cover the architecture of the Loihi2
chip, the detailed process of adapting the Izhikevich model for this hardware, the
implementation of synaptic and dopaminergic dynamics, and the application of spike-

timing-dependent plasticity (STDP) and neuromodulated learning rules.

3.1 Intel Lothi2 Architecture

The second-generation neuromorphic hardware by Intel, named Loihi2, along with
the accompanying software framework LAVA, represents a significant advancement
in neuromorphic computing. This fully digital neuromorphic chip features a many-
core network-on-chip architecture, where each core, referred to as a neurocore, op-
erates asynchronously while communicating through global synchronization policies
[22] [104]. The router architecture’s core address mappings facilitate essential fan-
in and fan-out scalability and graded spike support, making the system robust and
versatile for various computational tasks.

One of the distinguishing features of the Loihi2 chip, which significantly con-
tributed to its selection for this research, is its programmability through LAVA frame-
work. Each neurocore is equipped with microcircuits that allow extensive customiza-
tion, enabling the implementation of complex neuron models and learning algorithms.

The detailed structure of an individual neurocore is illustrated in Figure 6.
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Figure 6: Structure of an individual neurocore in Loihi2 [4].

3.1.1 Neurocore Architecture

The neurocores of the Loihi2 chip contains an internal SRAM, known as MPDS, which
stores all necessary information for the functioning of the microcircuits. Critical to
our work is the dendrite microcircuit, which is responsible for calculating neuron
dynamics. These dynamics are categorized into two types: hard-coded neuron models
that are supported on-chip, allowing for highly efficient computations, and micro-
coded neuron models, which are defined through micro-code and executed by neuron

threads on the microcircuit.
3.1.2 LAVA Software Framework

Lava is a versatile software framework designed for developing neuro-inspired applica-
tions and deploying them on neuromorphic hardware like Intel’s Loihi 2. It provides
a modular, composable, and extensible architecture, allowing the creation of com-

plex neural networks. The framework is built around the concept of Processes and
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ProcessModels. Processes define the internal variables and input/output of neural
components, while ProcessModels handle the hardware-specific implementation de-
tails and describe the behaviour.

Lava supports both CPU simulation and execution on neuromorphic chips, offering
flexibility in development and deployment. The framework ensures that learning
rules can be implemented without modifications across different platforms. This
compatibility allows seamless transition from CPU-based simulations to hardware
execution on Loihi 2.

One of the key advantages of using Lava is its ability to optimize code for specific
hardware, enhancing performance and efficiency. While CPU simulations provide a
flexible and less constrained environment for development, execution on neuromorphic
hardware like Loihi 2 offers faster computation and lower power consumption, crucial
for large-scale neural network applications. However, hardware-specific constraints
might require additional considerations in ProcessModel implementations.

Overall, Lava bridges the gap between high-level neural network design and low-
level hardware execution, facilitating the development of advanced neuromorphic

computing applications.
3.1.3 Neuron Dynamics and Micro-Code Execution

Neuron threads utilize four 64-bit registers for specific purposes and several sequen-
tial processing elements (PEs). Each micro-code segment, or pass, translates into a
single run of these PEs. At the start of each pass, the necessary memory structure
(compartmental state; Cx) belonging to the neuron, which holds the neuron states,
is loaded onto the register. Sub-circuits manage the writing of the program segment
(pass), which contains the micro-code instructions onto the PEs. By sequentially ex-
ecuting the entire micro-code, pass by pass, neuron dynamics are realized, and spikes

are instantiated through specialized instructions.
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As there is a single memory-related register on the threads, only a single compart-
mental state can be manipulated and used simultaneously. Fortunately, two registers
can store custom variables defined in the micro-code and maintain their value between

passes.
3.1.4 Compartmental States and Fixed-Point Representation

Compartmental states are 64-bit memory blocks in SRAM and are grouped according
to their neuron associations. Each neurocore manages a certain number of neurons,
which is determined by the compiler’s network mapping onto the chip. These neurons
have state variables stored in the compartmental states and are sequentially grouped
in the SRAM. Neuron threads, of which there are four per neurocore, process all
compartmental states iteratively. Loihi2 utilizes fixed-point representation for ease
of computation, with variables defined as either 8, 16, or 24 bits, signed or unsigned.

Each compartmental state must be 64-bits long and fully utilized.
3.1.5 Memory and Custom Programming

Each Loihi2 neurocore has constraints on its SRAM, defining the storage capacity for
neuron-related variables such as SynMem (holding synaptic weights and addresses),
AxMem (routing information for axons), Cx states, and micro-circuit configuration
fields. The upper limit for Cx states is 4095, which can also be allocated for other
processes. Custom programming supports various processes necessary for networks,
such as injectors, extractors, monitoring tools, inputs, spike generators, or any logic

implemented through micro-code.
3.1.6 Instruction Set and Arithmetic Operations

Each micro-code instruction is executed by sequential PEs, which can require up to
two PEs depending on complexity. These instructions support basic integer arithmetic

and logic operations, except division. The flexibility of the Loihi2 architecture does
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not end with the dendrite block; the learning engine, another microcircuit under each

neurocore, can also be programmed with custom learning rules.
3.1.7 Learning Engine

The Loihi2 chip features a programmable learning engine that supports a variety of
learning rules, including spike-timing-dependent plasticity (STDP) and more com-
plex neuromodulated learning rules like the 3-factor (3F) learning rule. The key

components of this learning engine are:

o Tags, Weights, and Delays: The learning engine uses three primary variables:
tags, weights, and delays. These variables are manipulated by custom learning

rules to adjust synaptic strengths and timings.

e Microcode Programming: Learning rules are implemented using microcode, al-
lowing precise control over learning dynamics. Each microcode segment called
a pass, is executed sequentially by neuron threads, processing synaptic and

neuronal state variables.

e Fpoch-Based Updates: For efficiency, trace and synaptic variable updates pro-
ceed in learning epochs with a length of Z,0c, time steps. Within an epoch, spike
events are recorded, but trace and synaptic variable updates are computed and
applied at the end of the epoch, ensuring efficient processing without impacting

learning accuracy as long as spikes are infrequent within each epoch.

e Sum-of-Products Learning Rules: Learning rules are specified in sum-of-products
form, where each product consists of trace variables multiplied by scaling factors
and dependency operators. This structure allows complex learning dynamics to

be efficiently implemented.

e Dependency Operators: These operators condition the evaluation of products
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on the presence of pre- or post-synaptic spikes during the past epoch or eval-
uate products unconditionally every other epoch. They determine when trace

variables are evaluated during an epoch.

e Scaling Factors: Each product is associated with a scaling factor given in man-

tissa/exponent form, allowing precise adjustment of learning rule parameters.

e Traces: Traces are low-pass filtered versions of spike trains used in online im-
plementations of STDP. Loihi2 provides a set of two pre-synaptic traces and

three post-synaptic traces per synapse, with dynamics given by:

ar(t) _
= +Z§t—t (5)

where T'(t) is the trace value, 7 is the decay time constant, and §(t—t;) represents

the occurrence of a spike at time t;.

The programmability of the learning engine on Loihi2, combined with its support
for custom microcode and flexible trace dynamics, allows for a wide range of learning

rules to be implemented efficiently.

3.2 Implementation of the Izhikevich Neuron Model on Lothi2

The choice of the Izhikevich neuron model for this study stems from its balance
between biological realism and computational efficiency. The model captures a wide
range of neuronal behaviors with a relatively simple set of equations, making it ideal
for neuromorphic implementations where computational resources are at a premium.

The differential equations of Izhikevich model’s fast and slow dynamics were in-
troduced in the Equations 1-2-3. These equations are then transformed into their

discrete form using the Euler-Maruyama method [105], resulting in the following;
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v[t + At] = v[t] + (0.04v[t]* + 5v[t] — u[t] + I)At
ult + At] = ult] + a(buft] — u)At (6)
v[t] > vy, = V[t + At] = ¢, u[t + At] = u[t] + d
In addition to the soma equations, synaptic dynamics are crucial in modeling the
interactions of various neurotransmitters, neuromodulators, and synaptic currents.
Key neurotransmitters involved are y-Aminobutyric acid (GABA), glutamate, acetyl-
choline, and dopamine, each contributing to synaptic conductance with distinct time
constants [72]. The combined synaptic inputs drive the membrane potential. The
level of granularity at which these conductances are modeled depends on the desired
biological plausibility and synaptic complexity. There are three primary approaches

to handling these dynamics [106]:

1. Individual Neurotransmitter Conductances: Each neurotransmitter con-
ductance is computed as a unique trace, reflecting complex chemical pathways
and communications. This approach is mainly used when bio-plausibility is a
primary concern, and neural computation depends on the specific neurotrans-

mitters.

2. Combined Excitatory and Inhibitory Currents: Excitatory and inhibitory
neurotransmitters are grouped into two currents, resulting in a simplified dy-

namic model.

3. Simple Conductance Dynamics: All incoming potentiations are integrated
into a single current with a decaying nature. This approach is used in our model

and is represented by the following equation:

I= Iconst + [syn<1 + 5Ad0p) (7)
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The current feeding the neuron consists of two components: the constant current,
which implies background activity from other neural structures, and the driving cur-
rent, denoted as the synaptic current. Dopamine typically has a neuromodulatory
effect on the synaptic weight and stimulates synaptic current. This effect can be
excitatory or inhibitory, depending on the receptors located on the synapse. These
effects are mediated through dopamine conductance. However, since our model uses
simple conductance dynamics, this effect is translated into a scaling effect on the
synaptic current. The coefficient [ represents the receptor in the synapse and de-
fines how the current changes according to dopamine levels, while d4,, represents the
dopamine level relative to the baseline dopamine. This dopamine scaling allows us
to simulate dynamics similar to those observed in Medium Spiny Neurons (MSNs) of
the striatum, which express different dopamine receptors.

The drive current is expressed as the integration of synaptic input over the weights
of the connections. It exhibits a decaying behavior, allowing the neuron to retain
a notion of short-term memory of past inputs. Similar to how the neuron model
equations were discretized, we convert the continuous-time synaptic equations into

their discrete form using the Euler-Maruyama method, resulting in Equation 9.

L[t + At] = alult] + ) (wi fi(t)) (9)

As the Loihi2 works in discrete time-steps which can be termed algorithmic time-
steps we take 0t as 0.125ms which is a natural power of 2, this makes the computation
on hardware that manipulates binary number more convenient to use, allowing us to
exploit the available shift operations on the PEs of neuron threads. The decay factor
a = 1 — At/71y,, reduces the importance of information encoded in a spike as time

passes.
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A high-level look at a neuron and how input spikes get processed sequentially by

conductance dynamics and soma neuron model equations can be seen in Figure 7.
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Figure 7: Single point neuron diagram of Izhikevich neuron model [4]

The final analytical solution of all the neuron equations provides a foundation for

building our logic, expressing this solution in micro-code to implement it on Loihi2.

The micro-code logic necessitates binary operations on the Cx state variables, requir-

ing a standard representation for these variables. We employ fixed-point represen-

tation, which aligns well with the neurocore architecture. The precision of the fixed

point, chosen based on the range and sensitivity of the variables, is set at 12 bits. As

previously mentioned, the Cx state holds dynamic variables of either 8, 16, or 24 bits.

Utilizing 12 bits as fraction bits, we calculate the necessary range for the variables

and determine the optimal bit width, as presented in Table 1.

Table 1: Memory allocation of model parameters in compartment states.

Size  Cx State Size  Cx State Size  Cx State
Variable (bits)  Index | Variable (bits) Index | Variable (bits)  Index
a 16 0 c 24 1 v 24 2
b 16 0 d 24 1 u 24 2
Tsyn 24 0 Adop 16 1 Leonst 16 2
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Given the constraint of accessing only one Cx state at a time for computation and
the requirement to fill all 64 bits of a Cx state with variables, careful consideration
must be given to variable mapping. The primary factor in deciding this mapping
is the convenience of usage, leveraging spatial locality. Variables frequently used
together should be mapped to the same Cx state. Conflicts with this rule result in
wasted passes to transfer variables using the neuron thread register, thereby wasting
potential register space that could otherwise be used for computation.

Before adapting the implementation to neurocore-specific micro-code, we must
express it as an algorithmic flow. This flow incorporates the discrete Izhikevich model
equations and synaptic dynamics as primary concerns. Figure 8 depicts the detailed

algorithmic flow.

dv = 0.04v
temp = BAdop temp = bv
Isyn, = alsyn dv = vdv
temp = temp + 1 — dv = dv + temp
Isyn =3 Isyn + DA dv = dv + Isyn
Isyn = Isyntemp dv = dv + 140
dv=dv+u
!
du=wv
du = bdu dv=dv>>3 v=v+dv
du=du—u du=du >>3 u=u+du
du = adu
v=c yes
u=u-+d
no

Figure 8: Flow diagram of operations needed to implement the discrete form of
the Izhikevich model. Each primitive operation (e.g., addition, multiplication, and

shift-right) is implemented via corresponding instruction in the microcode.

The neurocore adaptation of this algorithmic flow considers the constraints on
neuron threads, such as the pass structure, limited registers, restricted access to

Cx state variables, and limited bitwidth. The implementation begins with a pass
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to calculate the postsynaptic current (PSC), which involves the weighted sum of
connecting inputs, represented by the term ) (w;;0(t — ty))). This term is realized
through synapse and dendritic accumulator (DA) micro-circuits and is stored in the
DA variable. When creating connection processes in the Lava framework, the bit
precision for expressing weights is initially set to a default of 6 bits. An additional
4 bits are added when defining the weights. In the micro-code, the precision is
further shifted left by 2 bits to achieve the common ground of 12 bits shared by
other variables. A similar approach is applied to I...s to ensure the variable range
is expressed without sensitivity errors. Out of the 16 bits allocated to .o, 10 bits
are considered fractions instead of the 12-bit weight choice to ensure sufficient binary
bits for the variable range. This discrepancy is later addressed using shift operations

to equalize the fractions inside the micro-code.
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Figure 9: Flow diagram of discrete computation of the Izhikevich neuron on Loihi2.
Each computational block executes a limited number of instructions and accesses a
single Cx state. Computational blocks are executed sequentially, starting from Comp.
Blk 1 to 8. Variables in green boxes are stored in the Cx state, blue boxes represent
the allocation of the register, and variables in orange boxes are constants. The same

constant value is used by all neurons in a given neuron group [4].

Incorporating all constraints and techniques, the algorithmic flow that defines the
synaptic dynamics and neuron model is transformed into the Loihi2 dendrite micro-
circuit micro-code, realizing the Izhikevich model with simple conductance dynamics
and dopamine modulation on hardware. The final implementation is depicted in
Figure 9.

In our earlier research, we extensively validated the implementation of the Izhike-
vich neuron model against various subcortical neuron types by applying constant
current and comparing the resulting membrane voltage trends to those reported by

Izhikevich [4]. We also analyzed the impact of hardware-specific constraints, such as
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those on the Loihi2, on neuron behavior by comparing floating-point CPU simula-
tions with fixed-point implementations on both the Loihi2 and CPU. Additionally,
we compared the efficiency of Izhikevich and Leaky Integrate-and-Fire (LIF) neurons
regarding power consumption, latency, and resource allocation whose details were

published in our previous work [4].

3.3 Implementation of the Learning-capable Izhikevich Neu
ron Model

We extend our model by implementing Spike-Timing-Dependent Plasticity (STDP)
in Izhikevich neurons. This is followed by the introduction of neuromodulated learn-
ing using a three-factor (3F) learning rule, incorporating Izhikevich neurons capable
of reward-modulated STDP (R-STDP). Subsequently, we observe the learning on a
network scale using a classical conditioning experiment. Finally, we simulate a fourth
factor, inspired by the biochemistry of dopamine, to showcase the capabilities of

four-factor (4F) learning.
3.3.1 STDP Izhikevich Model on Loihi2/CPU

The learning rules apply to both CPU and Loihi2 implementations without any modi-
fications, as Lava replicates the behavior of the Loihi2 learning engine. Consequently,
the learning rule can be seamlessly used on CPU and Loihi2 platforms.

The aspect that requires updating is the neuron behavior defined in the Process-
Model, as the trace calculations need to be performed within the ProcessModel, which
is hardware-dependent. Therefore, each platform (CPU/Loihi2) uses its code to de-
scribe trace equations. This implementation is more straightforward and subjected
to fewer constraints on the CPU side, so we will initially implement it on the CPU
side.

In CPU implementations the inherited function run_spk runs at every timestep

on the CPU and is considered a substep in the Loihi2 processing phases. In Loihi2,
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an algorithmic timestep comprises specific time phases [107]:

e Pre-Management Phase: During this phase, the available CPUs on the Loihi2
chip execute pre-management code (if available) before neuron calculations are
executed on neurocores. This allows direct control of variables in the neurocores,

the application of control logic, and manipulation of the NoC.

e Spike Phase: Neuron calculations are performed by neurocores, axons send
resulting spikes, and neuron variables are updated. This step realizes the hand-

shake protocol for overall synchronization.

e Learning Phase: During this phase, the learning engine applies the learning
rule, and the resulting weight updates are reflected in the MPDS SynMem.

This phase occurs only when every fepoen has passed.

e Post-Management Phase: Similar to pre-management, this phase occurs at the

end of the timestep, allowing fine-grain control over the execution flow.

In the ProcessModel, the run_spk function replicates the Spike phase of the Loihi2.
Within this function, we can define the functionality executed by the neurocores or,
in this context, the CPU. The traces are managed in this phase, and the variables
used in the learning engine are calculated here via code (CPU) or micro-code (Loihi2).
This addition to our previous implementation, which only included synaptic dynamics
and neuron equations, now also encompasses calculating the learning rule variables.

The exact implementation applies to Loihi2, where trace calculations are neces-
sary. However, additional architectural details must be addressed. In addition to the
Cx states that hold neuron-related dynamic variables, we have the Dendritic Accu-
mulator Memory (UCDA). The variables Yepocno and tsyxe are crucial in this memory
compartment.

Every learning process inherits variables y1 and y2 through the Learning Neuron

Process. The learning rule defines the post-trace as y1 and the third factor, which will
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be introduced later, as y2. These variables are processed within the code, utilizing
Yepocho for the post-trace and writing the value to yl. This addition necessitates
modifying the algorithmic flow, corresponding to two passes: i) a pass for calculating
the decayed trace and adding the impulse, and ii) a pass for writing these effects to
the appropriate variable, addressing bit effects related to fixed-point representation
on Loihi2. The ¢4, variable acts as a flag set every time a spike occurs, forming
the time-dependency variables in the learning rule that express pre- and post-spike
timings.

The addition to the algorithmic flow and the newly structured pass system can

be seen in Figure 10 and Figure 11.
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du=du—u du=du >>3 u=u+du
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u=u+d
no

ytrace0/=ydecay0

Figure 10: Flow diagram of operations needed to implement trace calculations in
conjunction with the discrete Izhikevich model for STDP learning on Loihi2. Show-

casing the integration of synaptic dynamics and learning traces.

The learning rule is provided to the neuron model as a parameter, encompassing

all necessary constants for trace calculation. The values of ytrace0 and yepochQ are
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stored in the Cx states and UCDA memory, respectively. Due to Loihi2’s lack of
support for dynamic division, the decay value is precomputed and embedded into the
microcode as a constant. The impulse magnitude upon spike detection is handled

similarly.
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Figure 11: Flow diagram of discrete computation of the Izhikevich neuron on Loihi2
extended for STDP trace calculations. Blue boxes represent the allocation of the
register, and variables in orange boxes are constants, while yellow boxes are UCDA

memory for learning engine variables.

One critical piece of information about trace calculation on Loihi2 is that the
learning engine treats yepoch( as an integer with no fractional bits. Consequently,
the decaying operation must be performed on a higher-precision variable to avoid
rounding up to the same integer value. Therefore, the bit width for ytrace0 has been
selected as 16 bits, with 10 bits allocated for precision. The shifting operations in the
microcode are used to perform the calculations at a higher precision before rounding
the number to a lower precision.

Two neurons were created to test the learning rule: a pre-neuron connected to
a post-neuron, both modeled as regular spiking Izhikevich neurons. The connection

strength between the neurons was initialized to zero. The pre-neuron was stimulated
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with a random single spike input, while the post-neuron was driven to fire using a
constant current. The learning rule was validated by examining trace information,

spike timings, and weight changes to demonstrate its accuracy and functionality.
3.3.2 R-STDP Izhikevich Model on Loihi/CPU

The 3F (three-factor) learning rule enhances the traditional spike-timing-dependent
plasticity (STDP) model by incorporating a dynamic term representing a neuromod-
ulator (R) [108]. This addition refines the weight update mechanism, as detailed in

Equation 10:

AW =R-E (10)
dE F
— = —Z 4 STDP(pre, post) (11)
dt T

The neuromodulator term introduces another trace dynamic. In classical reward-
based STDP models, the reward signal functions as a gating mechanism, typically
the input given through the reward connection without a dynamic component. Our
model incorporates a more biologically realistic approach by adding a baseline to
the trace and implementing an exponential decay akin to dopamine dynamics. The
Python implementation of this dopaminergic 3F calculation is provided in Listing 1
in the appendix.

The Python code illustrating the third-factor calculation on the CPU is provided
in the appendix (see Listing 1). To replicate this behavior on the Loihi2, additional
micro-code passes calculate yepochl, which holds the reward trace value, and write
it into y2, the third factor for the learning engine. As the eligibility trace calculation
by the learning engine encountered unknown problems, we do not include the Loihi2

implementation of the R-STDP rule and Izhikevich correspondence in this study.
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Equations 10 and 11 are implemented using a sum-of-products form, as provided
in the appendix (see Listing 2).

For testing the R-STDP Izhikevich models, we used a similar setup to the STDP
case with occasional reward signals. The eligibility trace, spike times, traces, reward
signal, and weight changes were observed to verify the learning rule’s efficacy. These

observations and verifications are detailed in Chapter 5.
3.8.2.1 Classical Conditioning Ezxperiment

The classical conditioning experiment demonstrates how stimuli can be associated
with rewards through consistently rewarding a stimulus. This experiment follows
the setup described by Izhikevich [109]. The primary alteration in our setup is the
method of input current delivery to the neurons. While Izhikevich uses a random
current representing thalamic input to cortical neurons, we achieve a 1H z firing rate
of the cortical neurons by overdriving them with a single super-threshold spike.

Another significant modification is the duration of the signals. The biological
constants for synaptic eligibility suggest time constants of up to 1 second for eligibility
traces and 0.2 seconds for dopamine signals. Replicating these durations in the Lava
is infeasible due to constraints in the Loihi2 learning engine architecture, which Lava
inherits even on the CPU. The decay variable responsible for the exponential decay
is too small to be represented within the number representation allowed, with the
exponential field ranging from -9 to 7. This constraint limits the maximum time
constant to 140ms. Consequently, we redesigned the task, adjusting the eligibility
trace time constant , dopamine time constant, and reward delay to achieve comparable
weight potentiation.

The network simulation runs for 15 minutes of simulated time with 1ms timestep.
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The network comprises 800 excitatory regular spiking neurons with plastic connec-
tions and 200 non-plastic fast-spiking inhibitory neurons, with a connection proba-
bility of 0.1. The background firing rate is 1Hz. This network receives input from
100 stimuli groups containing 50 stimuli neurons. We record the average weight of

the connections made by the neurons in the stimuli group.
3.3.3 Dopamine Dependency - 4 Factor Learning

The classical conditioning experiment by Izhikevich highlights the challenge of dis-
tractor stimuli benefiting from reward signals. To address this, we introduce a fourth
factor, dopamine receptivity, which adds a temporal component to the neuromodu-
latory signal based on the dynamics of Calcium-Calmodulin-Dependent protein ki-
nase II (CAMKII) autophosphorylation [5]. This receptivity factor, modeled as a
Gaussian-shaped delay, ensures that only stimuli occurring within a specific time
window around the reward influence synaptic strengths, reducing the impact of dis-
tractors.

We modified the classical conditioning setup to include 100 stimuli, each with
its eligibility trace, dopamine level, and synaptic weight. Stimuli were randomly
presented at intervals, and weights were updated based on the product of dopamine,
eligibility traces, and receptivity. The experiment was conducted for a simulated hour,
with synaptic weights, eligibility traces, dopamine levels, and receptivity recorded over
time.

For the experiment, a simplified setup was used where the nuances of spiking neu-
rons were overlooked, and no real neurons were used. The network ran two versions:
one with the dopamine receptivity factor added to the weight change equation and
one without. Stimuli were presented randomly, with some eliciting rewards after a
delay. The weight changes, eligibility traces, dopamine levels, and receptivity were

recorded over time.

44



CHAPTER IV

MODELING THE ACTOR-CRITIC ARCHITECTURE OF
BASAL GANGLIA

The Basal Ganglia (BG) plays a pivotal role in action selection and reinforcement
learning, making it an ideal subject for modeling neural mechanisms underlying these
processes. Following the validation of our neuron model, we progress to a higher
level of organization, focusing on the intricate network of nuclei within the BG. This
chapter outlines the incremental development of a BG model, beginning with a simple
Go/No-Go task and culminating in a complex sequence learning task integrated with
a reinforcement learning framework.

Our approach involves a incremental methodology to build and validate the BG
model. Initially, we model the fundamental Go/No-Go task, a classic paradigm to
study BG-mediated action gating. This foundational task serves as a baseline to
ensure the network can gate actions appropriately. Upon successful implementation,
we expand the model to tackle sequence learning [110], incorporating a dynamic
environment where state information is encoded onto a cortex-stimulating neuron
group. The expanded model consists of two approaches: first, a no-channel model
that embodies the idea of a holistic BG is implemented. Second, a segregated multi-
channel BG model is developed to facilitate the action selection process.

To validate the action selection mechanism within the BG, we initially employ ar-
tificial strengthening of connections between specific stimuli groups and corresponding
action channels. This step confirms that the network can perform correct action selec-
tion based on input stimuli. The next phase involves developing a temporal-difference

(TD) learning-based dopaminergic critic [102]. This subcircuit encodes the dopamine
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signal, reflecting the reward prediction error. By incorporating this critic, we aim
to create a robust model where dopamine modulates synaptic plasticity, guiding the
network towards optimal action selection.

Finally, we integrate the actor and critic components to form a comprehensive
BG model capable of learning and performing sequence tasks. The actor network
represents the action selection mechanism, while the critic network provides the re-
ward signals necessary for learning. We refine the model through iterative training
and validation to ensure it accurately replicates the biological processes involved in
BG-mediated learning and action selection.

This structured approach, progressing from simple action gating to complex se-
quence learning, allows us to build and validate a bio-realistic model of the BG
systematically. Each step is thoroughly tested to ensure fidelity to biological pro-
cesses, ultimately providing a robust framework for understanding the neural basis of

reinforcement learning within the BG.

4.1 Basal Ganglia Circuit

In this section, we focus on the specific mechanics of our BG circuit, the neuron model,
and the complexity involved. These elements define inductive biases and establish the
foundational structure of our network.

The structure illustrated in Figure 12 forms the bases of our BG model. This
section analyzes the design choices and the rationale behind their selection.

For modeling the BG, we adopt a top-down approach and consider the global brain
circuitry. The BG primarily receives input from the cortex, encompassing almost the
entire cortical region, and the thalamus. It is posited that the thalamus serves as
a relay station and performs its own computation on sensory information to encode
signals. Additionally, the limbic system contributes to the input received by the BG.

The BG processes these inputs and generates outputs via the thalamus, which are
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Figure 12: The diagram of the BG model. STR-D1: D1 receptor expressing MSNs,
STR-D2: D1 receptor expressing MSNs, STR-FSI: striatum fast-spiking neuron, STN:
subthalamic nucleus, GPe: globus pallidus external, SNc: substantia nigra pars com-
pacta, SNr/GPi: substantia nigra pars reticulata/globus pallidus internal [4].

then relayed back to the cortex for execution or form a closed loop without involving
execution regions, thereby enabling internal simulation. This entire loop is referred
to as the Cortico-Ganglia-Thalamo-Cortical loop [111].

In our model, we have replaced the six-layered cortex and other input regions with
a Poisson Spike Generator (PSG) neuron group to simulate the output layer of the
cortex onto the striatum. This inductive bias simplifies the environment’s input to
the agent. Typically, the cortex is responsible for learning environmental patterns and
refining sensory data into high-level abstract information about states. It allows for
better representation of the environment by identifying what is relevant and efficiently
vectorizing this information, effectively serving as an encoder of state information.
Since we explicitly define the environment and state space, we can design the state
stimulus to contain the most relevant information. This approach enables us to bypass
the cortex’s complex information processing and learning. The final parameters for

the PSG group mimicking the cortex and its connections are detailed in Table 2, the
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G_Ctx1 group inputs to Striatum and its interneurons, while G_Ctx2 group inputs to

STN.

Table 2: Poisson Spike Generator Groups and Connection Parameters

Presyn. #Neuron Postsyn. Weight Conn. Freq. (Hz)

Group Group Prob.
STR_D1 5 0.05
G_Ctx1 300 STR_D2 5 0.05 10

STR_FSI 2.5 0.15

G_Ctx2 2 STN 6 0.2 7

Another inductive bias pertains to the output side of the loop. Since it is unnec-
essary to complete the loop biologically, we can exclude the thalamus and manually
read the BG output to select the action. Our chosen environment requires discrete
actions, making spike encoding of action information in time non-essential for our
setup, thus bypassing the thalamus. In the biological system, the thalamic loop re-
lays selected information back to the command systems in the cortex, creating a
positive feedback loop to add persistence [112]. This persistence reinforces the chosen
action, preventing dithering between closely competing inputs. However, our model
does not implement this mechanism, as we rely on extrinsic state information rather
than intrinsic command system saliency.

The peripherals of the BG discussed above. In the following, the internal structure
of the BG model is explored. As previously discussed, the input nuclei of the BG is
the Striatum. There are three main aspects to consider when analyzing the Striatum:
its anatomical structure and internal nuclei, the topographical organization of the

neurons, and the neuron types along with their functionality within the Striatum.
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As mentioned in Chapter 2, the striatum is divided into Dorsal and Ventral Seg-
ments. Despite the functional differences between these regions, they are intercon-
nected, and their intricate circuitry allows for cohesive algorithmic behavior. Various
models either consider or ignore this anatomical structure. Our model does not sep-
arate the ventral and dorsal striatum as their primary separation, based on their
connectivity to different regions, is irrelevant due to our simplified cortex model.
Thus, in our model, the striatum is anatomically homogeneous.

From a topographical perspective, the striatum is not homogeneous and comprises
two distinct structures: the patches of neuron compartments known as striosomes
(patches) and the surrounding matrix. While this distinction is important, it is not
considered in our Go/No-Go model as we are currently not focusing on learning.
This differentiation will become crucial later when we examine the critic and actor
as separate components.

The last important detail about the striatum is the neuron types it consists of. The
interneurons of striatum includes neurons that regulate the behavior of the striatum
by projecting internally [113]. These interneurons vary according to the chemical
neurotransmitters they express. However, as the synaptic dynamics in our model
do not consider individual neurotransmitter conductances, we can consolidate all
different interneurons under the category of Fast Spiking Interneurons.

One critical detail about Medium Spiny Neurons (MSNs) is their distinctive struc-
ture and functionality. MSNs possess dendritic spines that connect to numerous
cortico-striatal connections, with each MSN forming approximately 10,000 synapses.
The chemical dynamics between the intracellular and extracellular environments are
governed by receptor composition, enabling MSNs to exhibit up and down states [114].

In the down state, the excitability of MSNs is low, rendering them less responsive
to non-coordinated background firings that fail to generate sufficient conductance

on the dendritic spine. However, coordinated cortical activity can lead to sudden
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excitation in the spine, altering conductivity and producing a significant difference
between sub-threshold and super-threshold behavior. When an MSN transitions to
the up state, its excitability peaks, resulting in a burst of activity [115].

This filtering mechanism allows MSNs to remain inactive during non-specific back-
ground noise but becomes highly responsive to relevant stimuli that encode state in-
formation from the cortex. Our model simplifies this behavior by representing MSNs
as regular spiking neurons, deviating from their natural bursting behavior. While
this simplification overlooks the inherent filtering and robust representation capabil-
ities of MSNs, it aligns with our current approach of manually selecting actions and
inputting stimuli.

The original nature of MSNs, with their capacity for discrete bursts of activity,
enhances the robustness of state-action representations by filtering and packaging
information into discrete quanta [115]. Although we overlook this detail, we plan to
introduce the bursting nature of MSNs when developing a more sophisticated stimuli
representation for the state space. This adaptation allows us to leverage the inherent
filtering and robust representation capabilities of MSNs more effectively.

Following our examination of the striatum, we now consider the other processing
nuclei and the output nuclei of the BG. In this context, it is important to note
that we are combining the Globus Pallidus internal (GPi) and Substantia Nigra pars
reticulata (SNr) into a single functional unit. This decision stems from the perspective
that GPi and SNr serve similar roles in our model, primarily functioning as output
nuclei. Consequently, this simplification allows us to streamline the model without
compromising its functional integrity.

The final deviation from biological accuracy in our model concerns the tri-phasic
behavior of the output nuclei. This phenomenon is crucial for the proper functioning
of state-action quanta in the BG and has been documented extensively in the litera-

ture [72,116]. The tri-phasic behavior refers to the changes in the firing rate of the
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output nuclei under the influence of the three distinct pathways within the BG, each
operating on different timescales.

The hyperdirect pathway, which takes input directly from the cortex to the STN,
excites the SNr/GPi with the fastest transmission speed, causing a sudden increase
in the firing rate of SNr/GPi. This rapid excitation initiates the quanta, functioning
similarly to a preamble in an information packet. It suppresses all competing motor
actions, effectively disrupting ongoing activity.

Following this, the inhibition of the selected action is relieved via the direct path-
way. Due to its longer transmission delay, this occurs after the initial excitation from
the hyperdirect pathway. Finally, the indirect pathway, which has the longest delay,
comes into effect. It provides a closing excitation that returns the low firing rate in-
duced by the direct pathway back to the baseline. This sequential activity constitutes
the tri-phasic behavior, inherently dependent on these delay mechanisms.

In our model, however, we do not incorporate these timing intricacies. Conse-
quently, we cannot observe the clear separation of quanta characteristic of the tri-
phasic behavior. Despite this, the omission does not undermine the validity of our
model for the intended simulations and analyses. The focus remains on the essential
functionalities that can be achieved without the detailed timing mechanics of the
biological system.

The design choices for the remaining aspects of the model, such as nuclei neuron
types and connectivity schemes, are determined by network parameters rather than
inductive biases. The specific parameters for neuron types in each nucleus are detailed
in Table 3, while the connection parameters between nuclei and the sizes of the nuclei

are provided in Table 4.
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Table 3: Parameters used in the Izhikevich neuron models for the BG Circuit

Group a b c d Ionst B

STR_D1 0.02 02 -65 8 -3.5 0.6
STR-D2 0.02 02 -65 8 -35 -06
STR.FSI 0.1 02 65 2 -3.5 0

GPe 0.1 058 -65 4 7 0
STN 0.005 0.265 -65 2 5 0
GPi/SNr 0.005 0.32 -65 2 12 0

Table 4: Connectivity Parameters of BG Circuit

Presyn. Group #Neuron Postsyn. Group Weight Conn. Prob.

STR.D1 -0.982 0.1

STR.D1 1255 STR_D2 -0.982 0.1
GPi/SNr -1.500 0.15

STR.D1 -0.982 0.1

STR_D2 1255 STR_D2 -0.982 0.1
GPe -1.000 0.15

STR.D1 -0.982 0.1

STR_FSI 84 STR_D2 -0.982 0.1
STR_FSI -0.982 0.1

STR_FSI -1.429 0.05

GPe -1.429 0.25

GPe 46 STN -1.429 0.25
GPi/SNr -1.000 0.25

STN 14 GPe 1.000 0.5
GPi/SNr 1.000 0.5

GPi/SNr 27 GPi/SNr -1.000 0.25
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4.2 Go/No-Go Task Implementation

The Go/No-Go task is simulated by observing the effect of dopamine on BG path-
ways, and the simulation time is divided into three distinct phases. During the first
phase of the simulation, the dopamine signal is suppressed below the baseline. This
low dopamine level increases activity in D2 neurons, as dopamine typically causes in-
hibitory currents in these neurons. Consequently, the inhibition of dopamine releases
the inhibition on D2 neurons while reducing the excitation in D1 neurons. In the
second phase of the experiment, dopamine is stabilized at the baseline, indicating no
stimuli or expectation of stimuli, during which we expect the BG to return to its rest-
ing conditions. The final phase of the experiment induces a Go signal by increasing
dopamine levels above baseline, causing dynamics that reverse the effects observed
during the initial No-Go phase.

We replicated the model on a CPU simulation using the Lava framework as the
final test. We compared the performance of the two networks running on different
hardware platforms (CPU and Loihi2) by analyzing the differences in firing rates. This
comparison allowed us to assess the consistency and reliability of the model across

different computational environments, ensuring the validity of our implementation.

4.3 Actor-Critic Model

The Actor-Critic model is a foundational framework in reinforcement learning, com-
bining two distinct components: the actor, responsible for selecting actions, and the
critic, which evaluates the actions by predicting rewards [96]. This section explores
implementing an actor-critic model within the BG, leveraging dopaminergic signaling
pathways to modulate learning and action selection. By integrating these compo-
nents, the model aims to replicate the adaptive learning mechanisms observed in
biological systems, providing a robust platform for studying complex neural dynam-

ics and decision-making processes.
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This section presents various models depicting the network at different levels of
complexity and biological plausibility. Each model incorporates different inductive
biases and introduces unique dynamics, resulting in varying degrees of task accuracy.
By examining these dynamics and validating the results, we can discuss the merits

and functions of each method. The models explored are as follows:

e No-Channel, DA Sampled, Not Receptor Specific Actor-Critic Model: This model
considers the BG as an integrated network without distinct channels, based on
the hypothesis that the topographically segregated channels of the BG can
emerge naturally as the actor learns. Dopaminergic neuron firing rates of the
critic are sampled to generate the reward signal, resulting in a binary reward
signal where a thresholding mechanism rewards the actor and critic only for
significant outcomes. Without a defined baseline for BG dopaminergic input,
the D1 and D2 receptor-specific learning rule is simplified to a basic R-STDP

rule.

e Multi-Channel, Receptor Specific Actor-Critic Model: This model adheres to
empirical evidence about the BG, introducing segregated channels [77]. With
a baseline for the DA signal, the model utilizes baseline-referenced D1/D2
receptor-specific and opposite learning rules, closely aligning with observed bio-
logical processes. Additionally, the task structure includes rest periods between

trials, providing more apparent separation between trials.

These models facilitate a comprehensive examination of the BG’s role in reinforce-
ment learning, offering insights into how various configurations and learning rules

influence the network’s performance and adaptability.

4.3.1 Sequential Learning Task and Environment Dynamics

BG is responsible for learning valuable stimulus-action pairs, but these stimuli must

originate from an external source, typically the cortex. The cortex processes external
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stimuli and the internal model of the environment into a high-dimensional output
vector, providing a rich, high-level abstraction representation of stimuli. However, in
our BG setup, we simplified this process, as discussed in previous sections, using a di-
rect stimulus approach akin to Izhikevich’s classical conditioning experiment. Before
delving into the specifics of stimuli, we should introduce the task and environment.
Our task involves a simplified version of sequential learning with three stimulus-
action pairs inspired by [117]. The states/stimuli are [A, B, C|, and the actions are
(X, Y, Z]. The correct sequence for obtaining a primary reward is A-X => B-Y =>
C-Z. Any incorrect action selection resets the environment to the beginning of the
sequence, providing zero reward. Learning begins from the end of the sequence with

the C-Z association and progressively increases in complexity.

Progression Stage 0: C-Z==R Progression Stage . B-Y ==C-Z==R
XY

Progression Stage 22 A-X == B-Y == C-Z == R

KIY.

I

R

Figure 13: Sequence learning task represented as a state machine. The task is

implemented in a backward fashion. Starting from Progression Stage 0, the stage

increases at every threshold of correctly known sequences

In our model, these states are encoded as stimulus neuron groups that activate in
a coordinated manner on the Cortex Neurons (simulated by PSG). The number of
neurons in a stimulus group depends on the Cortex PSG used and the firing rates of

the D1 and D2 groups.
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Information quanta are believed to be processed every 200-300ms in the human
brain, corresponding to the periodic nature of eye saccades. Similarly, our classical
conditioning experiment used a stimulus interval between 100ms and 300ms, averaging
200ms. Our current task and environment adhere to this observation, with state-
action pairs processed at 200ms intervals. Figure 13 illustrates the resulting task
state machine.

The task structure remains similar across various models. The only difference
is that in the most basic No-Channel Actor-Critic Model, there is no idle time to
separate trials, which results in the D2 neuron of the actor influencing different trials,

which has been later resolved with a rest time to separate trials.

4.4 No-Channel (DA Sampled, Not Receptor Specific) Actor-
Critic Model

This model introduces the most simplified dynamics and does not adhere to various
biological mechanisms. These are taken as a design choice and explained with their

reasoning:

e In this model, the BG matrix is not segregated into channels. The rationale
behind this design constraint is to observe if channel dynamics can naturally
develop inside a holistic ganglia. Therefore, this model uses the actor introduced
in the Go/No-Go task and separates the SNr output into three action selection

bins.

e Although all critic mechanisms are the same in each model, the connectivity
scheme between DA neuron outputs differs. This model generates the DA signal
by an artificial non-neuron-like process that takes combined DA neuron firings
and their moving averages. This average is thresholded to produce a binary DA

signal with a refractory period, which induces a big dopamine spike.
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4.4.1 Actor Model

This model’s actor architecture is similar to the Go/No-Go BG model but slightly
different. As in this holistic view, the SNr output is separated into decision bins,
and a more robust decision-making scheme requires larger SNr populations. This
implementation’s new neuron parameters and connectivity scheme are given in Table

5 and Table 6. The architecture is illustrated in Figure 14.
a D
Cortex ’—1

Matrix D1

Action Selection

DA y i
Sampler | ] : ]
\—{ GPe [: STN |

SNriGPi

f v v
Decision|Decision |Dacisio
Region | Region | Region
102 | 3

[

Excitatory Inhibitory Modulatory
> ] —

Figure 14: The holistic BG actor model with separated SNr decision regions. The

dopaminergic input to the system comes from the DA sampler process.
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Table 5: Parameters for Izhikevich Neurons in the Basal Ganglia Circuit for No-

Channel Actor-Critic Model.

Group a b c d  Ieonst

strD1 0.02 0.2 -54 0.6 -8
strD2 0.02 0.2 -54 0.6 -7
strFSI 0.1 0.2 -65

oo

-3.5
STN 0.006 0.265 -65 2 5
GPe 0.005 0.585 -65

S
\]

SNr 0.006 032 -65

\V]

12

As can be seen, the major difference between this model and the Go/No-Go model
is the MSNs of the striatum. These neurons have been modified to mimic their
biological counterparts’ up and down states and have been readjusted to be bursting

neuromns.
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Table 6: Connectivity Parameters for connections in the Basal Ganglia Circuit for
No-Channel Actor-Critic Model. All inhibitory and excitatory connection weights

have been scaled by 10 and 20, respectively.

Presyn. Group #Neurons Postsyn. Group Weight Conn. Prob. Variance

strD1 1255 strD2 -0.0982 0.1 0.2
strD1 1255 SNr -0.075 0.15 0.2
strD2 1255 GPe -0.1 0.15 0.2
strD1 1255 strD1 -0.0982 0.1 0.2
strD2 1255 strD1 -0.0982 0.1 0.2
strD2 1255 strD2 -0.0982 0.1 0.2
strFSI 84 strD1 -0.0982 0.1 0.2
strFSI 84 strD2 -0.0982 0.1 0.2
strESI 84 strESI -0.0982 0.1 0.2
GPe 46 STN -0.1429 0.25 0.2
GPe 46 SNr -0.05 0.25 0.2
GPe 46 GPe -0.1429 0.25 0.2
GPe 46 strFSI -0.1429 0.05 0.2
SNr 243 SNr -0.0111 0.25 0.2
STN 14 GPe 0.05 0.5 0.2
STN 14 SNr 0.05 0.5 0.2
Cortex 3000 strD1 0.1875 0.05 0.2
Cortex 3000 strD2 0.1875 0.05 0.2
Cortex 3000 strFSI 0.125 0.15 0.2
Cortex 2 STN 0.3 0.2 0.2

4.4.2 Critic Model

The adaptive critic in the BG operates within the striosome compartments, where D1
and D2 neurons receive stimuli from the Cortex. These neurons influence DA neurons
in the SNc¢ and VTA through two pathways. The side-loop pathway involving the

STN provides immediate excitatory input to DA neurons. The direct pathway uses
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inhibitory GABA connections from MSNs to DA neurons, causing prolonged inhibi-
tion. These pathways generate the Temporal Difference (TD) or Reward Prediction
Error (RPE) signal, as demonstrated by [5].

This scheme is illustrated in Figure 15. The striosome neurons’ output defines the
value function in RL, with immediate excitation represented as vP(t) and prolonged
inhibition as —P(t — 1). Together, these elements provide effective reinforcement,

supported by primary reinforcement directly from the environment.

sequence

response
toC N
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|
response ’ M /
to Ca ‘ S N>

[
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response

I l |

time step -2 -1 0

Figure 15: The critic model behavior and excitation/inhibition from the side-loop

and direct pathway creating the critic dynamic [5].
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Figure 16: Critic model diagram showing neuron populations and connections. The
inhibitory connections projecting from D2 neurons have 20ms and 200ms delays
to inhibit primary reward, pre-inhibit excitation, and propagate earlier predictions,
respectively. The environment and Cortex have been shown together, but the primary

reward connection to burst neurons comes from the environment in reality.

The architecture involves two groups of dopamine neurons: tonic (baseline) and
phasic (bursting), D1/D2 striosome MSNs; and cortical input for stimuli. The neuron

groups and their parameters are given in Table 7.
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Table 7: Parameters for Izhikevich neurons for critic component in No-Channel

Actor-Critic Model.

Group a b c d Iconst

STR-D1 002 02 -54 06 -15
STR_D2 0.02 0.2 -54 0.6 -1
STRFSI 01 02 -65 80 -3.5
DA _tonic 0.002 0.2 -65 2 0
DA burst 0.02 0.2 -54 0.6 -4

In this model, the side-loop is simplified to be directly excitatory with a single
connection, excluding the STN, as the excitation mechanism through the side-loop
is unclear in [5]. Delayed sparse connections with 200ms and 20ms delays propagate
earlier prediction values over inhibitory synapses, mimicking prolonged inhibition.

The connection parameters of this model are provided in Table 8.
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Table 8: Connectivity parameters for the critic in the No-Channel Actor-Critic
Model. Inhibitory and excitatory weights are scaled by 10 and 20, respectively, with

0.2 variance for all except the primary reward to DA _burst group.

Presyn. Group  #Neurons Postsyn. Group Weight Conn. Prob. Delay (ms)
Ctx_D1D2 2000 STR-D1 0.04 0.1 0
Ctx_D1D2 2000 STR_D2 0.04 0.1 0
STR_FSI 100 STR.D1 -0.0982 0.1 0
STR_FSI 100 STR-D2 -0.0982 0.1 0
STR_FSI 100 STR_FSI -0.5 0.1 0
STR_D1 1000 DA burst 0.25 0.1 0
STR_-D2 1000 DA _tonic -1 0.1 200/20
STR_D2 1000 DA burst -1 0.1 200/20
Ctx_DA 2000 DA _tonic 0.05 0.1 0

Primary_Reward 1 DA burst 20 (not scaled) 1.0 0

The D1 neurons are now considered part of the side-loop and provide excitatory
input to phasic DA neurons, while D2 neurons inhibit this group with a delay. The
tonic groups can only be suppressed with the D2 neurons and cannot be excited.
The primary reinforcement is connected to phasic DA neurons via an excitatory con-
nection. The combined spiking of burst and tonic DA neurons forms the dopamine

signal. This architecture is modeled in Figure 16.
4.4.3 Actor-Critic Model

The actor and critic are combined using the modulatory connections from the DA
sampler to create feedback using effective reward on the cortico-striatal connections

of both critic and actor. The final architecture is illustrated in Figure 17.
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Figure 17: Combined Actor-Critic model for No-Channel Actor-Critic BG Model.

The square connections define out of network connections.

The network has run on the mentioned task with specific parameters in Table 9.
It is important to note that the trial depicts a single step of environment and action

selection. This run setup also does not include trial separation.
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Table 9: Network parameters used for the No-Channel Actor-Critic BG Model ex-

periment.
Parameter Value Description
num-_trials 100 Number of steps (action selection) for environment
interval 200 ms Interval between steps
idle_time 200 ms Idle time at the beginning of the experiment
dt 1 ms Time step
vrblt 0.1 Stochasticity parameter
inh_w_scale 10 Inhibitory weight scaling factor for all inhibitory connections
ex_w_scale 20 Excitatory weight scaling factor for all excitatory connections
num_states 3 Number of states
num_actions 3 Number of actions
neurons_per_group 25 Stimulus neurons per stimuli group
total_neurons_critic 2000 Total neurons for the critic cortex
total_neurons_actor 3000 Total neurons for the actor cortex
progression_threshold 10 Progression threshold for the environment
Ctx_frequency_D1D2 1 Cortex frequency for D1/D2 neurons in critic
Ctx_frequency DA 1 Cortex frequency for DA neurons in critic
on_hit_DA 0.5 Dopamine strength per sampled DA effective reward
observation_length 20 ms Observation period
Reward_Delay 20 ms Primary reward delay for successful trial after the stimuli
window_size 10 ms Window size for DA sampler
threshold 2.75 Hz Threshold for DA sampler
refractory_period 100 ms Refractory period for DA sampler

4.5 Multi-Channel (Receptor Specific) Actor-Critic Model

This model introduces topographical projections and the resulting segregated chan-

nels in the BG. The dopaminergic connections are directly projected onto plastic con-

nections. Therefore, fine-grained DA concentrations are possible. Baseline dopamine

can be provided to implement baseline-referenced D1/D2 receptor-specific learning
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rules. The model also features the separation of trials with an idle time.

4.5.1 Actor Model

The BG, organized hierarchically and somatotopically, select actions by processing
topographically localized inputs from the cortex in the dorsal striatum. These inputs
form channels representing possible actions. The channels compete, with the most
salient action facilitated and others inhibited, ensuring efficient decision-making. This
system allows compatible actions to be executed simultaneously while preventing non-
compatible actions and maintaining precise and adaptive motor control.

In this model, the transition is made from a single Go/No-Go BG to a multi-action
BG by utilizing a channel structure. Three No-Go circuits connected in parallel, with
cross-channel STN-SNr connections, are implemented. These circuits receive inputs
from shared nuclei, representing extrinsic stimuli from the environment as encoded by
the cortex. Following stimulus introduction, bursts of activity in D1 and D2 neurons
lead to changes in the firing rates of the output nuclei. The decision is made by
analyzing the firings in the decision bins 20ms after stimulus introduction, with the

channel showing the least activity selected as the action chosen by the BG.

Table 10: Parameters for Izhikevich neuron models in a multi-action Basal Ganglia

circuit channel.

Group a b c d  Iconst

STR_D1 0.02 02 -54 0.6 -8
STR-D2  0.02 02 -54 06 -7
STR_FSI 0.1 02 -65 8 -3.5
GPe 0.005 0.585 -65 4 7
STN 0.006 0.265 -65 2 5
GPi/SNr 0.005 0.32 -65 2 12

D1 and D2 neurons are modeled as bursting Izhikevich neurons to achieve the
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required information processing, with parameters defined in Table 10. Lateral inhi-
bition between channels is established by connecting the STNs of each channel to
all other SNr nuclei and GPe. A high-saliency input excites D2 neurons, which then
release the inhibition of GPe on the STN. This increases STN excitation, increasing
activity in all competing channels, and creating a surround excitation effect.

The connectivity parameters of the multi-action BG circuit are outlined in Table
11. Connections from the Cortex (channel) are replicated for each channel. Figure

18 illustrates the final multi-channel BG model.
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Table 11: Connectivity Parameters of the multi-action BG Circuit.

Presyn. Group #Neuron Postsyn. Group Weight Conn. Prob. Variance
STR-D1 1255 STR-D2 -0.0982 0.1 0.2
STR_D1 1255 GPi/SNr -0.3 0.15 0.2
STR_D1 1255 STR_D1 -0.0982 0.1 0.2
STR_D2 1255 STR_D1 -0.0982 0.1 0.2
STR-D2 1255 STR_-D2 -0.0982 0.1 0.2
STR_D2 1255 GPe -0.2 0.15 0.2
STR_FSI 84 STR_D1 -0.0982 0.1 0.2
STR_FSI 84 STR_-D2 -0.0982 0.1 0.2
STR_FSI 84 STR_FSI -0.0982 0.1 0.2

GPe 46 STR_FSI -0.1429 0.05 0.2

GPe 46 STN -0.1429 0.25 0.2

GPe 46 GPi/SNr -0.1429 0.25 0.2

GPe 46 GPe -0.1429 0.25 0.2

STN 14 GPe 0.05 0.5 0.2

STN 14 GPi/SNr 0.05 0.5 0.2
GPi/SNr 27 GPi/SNr -0.1429 0.25 0.2
Cortex (Channel) 3000 STR_D1 0.25 0.05 0.2
Cortex (Channel) 3000 STR_-D2 0.25 0.05 0.2
Cortex (Channel) 3000 STR_FSI 0.125 0.15 0.2
Cortex (Channel) 2 STN 0.3 0.2 0.2
STN (Cross-channel) 14 GPi/SNr 0.05 0.5 0.1
STN (Cross-channel) 14 GPe 0.05 0.5 0.1
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Figure 18: Multi-Channel BG actor network. Extrinsic stimuli encoded by the
Cortex/State Encoder project to D1/D2/FSI/STN of every channel, while STNs of

each channel project to other GPe and SNr nuclei.

A backward learning scheme [117], is employed, defining the dopamine signal as
the primary reinforcing reward from the environment, akin to the saliency dopamine
hypothesis [81]. This network uses R-STDP Izhikevich neurons with sparse plastic
connections between the Cortex and D1/D2 MSNs. The state-action loop runs con-
tinuously, injecting the current state of the environment through stimuli groups in
the cortex every 200ms, except for the initial interval to account for transient effects.
After 20ms of activity, the decision groups in SNr/GPi are observed, and the least
active group is selected as the chosen action. When sufficient correct selections are
made, the following sequence element in the backward chain is introduced until the
entire sequence is learned, monitored by observing the environment’s reward signals.

The sequence stimuli are inputted in order to verify the model’s action selection

capability. Connection weights from the stimuli group to D1 and D2 neurons for the
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correct stimuli-action channel are set to three times the average of the other con-
nections, simulating learned weights in action selection. Observing the SNr activity

20ms after the stimuli input determines the action.
4.5.2 Critic Model

The critic component of this architecture is similar to earlier model with slight differ-
ences. This model introduces baseline-referenced learning rules. The critic striosome
neurons are also obliged to D1 neuron rules as the network needs to lower the predic-

tion of a reward in the case of omission of the reward.
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Figure 19: Critic model diagram for Multi-Channel Actor-Critic Model.

The architecture for this network is illustrated in Figure 19. The connection
parameters are given in Table 12. The neuron parameters are the same as the previous

model; therefore, they are not mentioned.
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Table 12: Connectivity Parameters for Connections in the Critic Circuit for Multi-

Channel Actor-Critic Model.

Presyn. Group #Neurons Postsyn. Group Weight Conn. Prob. Delay (ms) Variance

strFSI 100 strD1 -0.0982 0.1 0 0.2
strFSI 100 strD2 -0.0982 0.1 0 0.2
strFSI 100 strFSI -0.5 0.1 0 0.2
Ctx_D1D2 2000 strD1 0.5 0.1 0 0.2
Ctx_D1D2 2000 strD2 0.5 0.1 0 0.2
strD1 1000 DA _burst 0.5 0.1 0 0.2
strD2 1000 DA _tonic -1 0.1 200/180/20 0.2
strD2 1000 DA burst -1 0.1 200/180/20 0.2
Ctx_DA 2000 DA _tonic 1 0.1 0 0.2

The network is tested on four setups to showcase the reward expectation shifting
to earlier reward-predicting cues. The full sequence of stimuli is introduced to the
network in 200ms intervals with 200ms idle time at the beginning of the experiment.
In the first setup, the stimuli connections between the cortex and D1/D2 neurons are
not strengthened, resulting in a strong reaction to the primary reward by dopamine
neurons. To simulate the learning of the reward-predicting cue, the stimuli neuron
connections to striatum neurons are sequentially strengthened from the backward
stimuli first. This setup allows observing the critic dynamics, bringing the reward

expectation forward as the critic learns the reward-bringing stimuli.
4.5.3 Actor-Critic Model

The final model combines the actor and critic models with the dopaminergic connec-
tions. The effective reward calculated by dopamine neurons modulates both Cortico-
Striatal connections in the actor channels and the critic itself. Figure 20 illustrates

the final model architecture.
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Figure 20: The overall architecture BG model including Environment, Multi-
Channel Actor and Critic. The state information and selected action are not spike

encoded and are, therefore, depicted with open square connections.

The DA synapses provide single excitation on the DA concentration per DA spike,
which is modeled as on_hit_DA variable, showcases dopamine’s strength, and is similar
to the learning rate. The learning rule also has been adapted to include a baseline
and D1/D2 receptor dynamics and is provided in Listing 3 in appendix. Table 13

states the learning rule parameters for the learning connections.
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Table 13: Learning rule parameters for Multi-Channel Actor-Critic BG circuit. Max
weights consider the weights after scaling. All learning rules use learning rate, A, ,

A_ variables as 1,1 and -1 respectively.

Rule Connection Max Weights Base Pre/Post 7 Elig 7
RSTDP_D1  (Actor) Ctx to D1 24 276 20 0.0078 (140ms)
RSTDP.D1  (Actor) Ctx to D2 24 9-6 20 0.0078 (140ms)
RSTDP_D2  (Actor) Ctx to D2 24 26 20 0.0078 (140ms)

RSTDP_Basic (Critic) Ctx to D1 24 28 20 0.0078 (140ms)
RSTDP_Basic (Critic) Ctx to D2 24 g o 20 0.0078 (140ms)

The critic network employs the RSTDP_D1 learning rule for D1 and D2 neu-
rons. This approach is essential because these neurons directly encode the value
function of the stimuli, thus necessitating the reinforcement of correct connections.
The RSTDP_D2 learning rule would be more appropriate in scenarios where network
connectivity utilizes disinhibition. However, this network’s current side-loop and
prolonged inhibition mechanisms do not follow disinhibition and deviate from strict
biological realism. This design choice allows for a more straightforward implementa-
tion while capturing the essential computational principles required for reinforcement
learning in the critic network. The network has been run with setup parameters

stated in Table 14.
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Table 14: Network parameters used for the Actor-Critic BG Circuit experiment.

Parameter Value Description

num_trials 50 Number of steps (action selection) for environment
interval 200 ms Interval between steps

idle_time 200 ms Idle time at the beginning of the experiment and in between sequences
dt 1 ms Time step

vrblt 0.1 Stochasticity parameter

inh_w_scale 10 Inhibitory weight scaling factor for all inhibitory connections
ex_w_scale 20 Excitatory weight scaling factor for all excitatory connections
num states 3 Number of states

num_actions 3 Number of actions

neurons_per_group 100 Stimulus Neurons per stimuli group
total_neurons_critic 2000 Total neurons for the critic cortex
total_neurons_actor 3000 Total neurons for the actor cortex
progression_threshold 5 Progression threshold for the environment
Ctx_frequency _D1D2 0.1 Cortex frequency for D1/D2 neurons in critic
Ctx_frequency DA 1 Cortex frequency for DA neurons in critic

on_hit_ DA 0.01 Dopamine strength per spike for the actor (halved for the critic)
observation_length 20 ms Observation period

Ctx_frequency 1 Cortex frequency for D1/D2 neurons in actor
Ctx_frequency STN 1 Cortex frequency for STN neurons in actor
Reward_Delay 20 ms Primary reward delay for successful trial after the stimuli

4.6 Putting It Altogether

This chapter has outlined the comprehensive process of developing a bio-realistic

BG model, showcasing its application in reinforcement learning and action selection

tasks. The stepwise approach, beginning with the fundamental Go/No-Go task and

advancing to complex sequence learning tasks, provides a robust framework for un-

derstanding and replicating the neural mechanisms underlying BG functions.

The initial focus on the Go/No-Go task allowed for validation of the BG’s capa-

bility in action gating, a critical function in neural processing. This foundation paved
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the way for the integration of sequence learning tasks, where the model demonstrated
its ability to handle dynamic environments and complex stimuli-action pairs. Or-
ganized channels within the BG facilitated sophisticated action selection processes,
emphasizing the model’s scalability and adaptability.

Incorporating a dopaminergic critic provided the necessary reward prediction error
signals, enabling the model to learn from environmental feedback effectively. The
detailed connectivity parameters and neuron model specifications ensured that the
simulations closely mirrored biological processes, enhancing the model’s fidelity and
reliability.

Integrating actor and critic components into a unified BG model exemplifies the
potential of neuromorphic computing platforms, such as Intel’s Loihi2, to simulate
complex neural circuits. Additionally, the comparison with CPU simulations val-
idated the consistency and robustness of the model across different computational
environments.

This chapter’s findings contribute significantly to the field of neuromorphic com-
puting, demonstrating the potential for creating bio-realistic neural networks that
can perform intricate learning and decision-making tasks. The methodologies and
insights presented herein pave the way for future advancements in understanding and
replicating the neural basis of reinforcement learning, ultimately bridging the gap

between biological and artificial neural systems.
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CHAPTER V

EVALUATION AND RESULTS

This chapter evaluates the learning neuron models and BG circuits. We begin by
showcasing the performance of the learning networks in a classical conditioning ex-
periment. This is followed by an evaluation of the action selection process and the
reward expectation shift to validate the model’s actor and critic components. Finally,
we present the results of different actor-critic architectures in a sequence learning task,

demonstrating the integrated performance of the entire system.

5.1 FEwaluation of Learning Neuron Models

This section provides results of separate Izhikevich neuron models that employ Spike-
Timing-Dependent Plasticity (STDP), and Reward-Based Spike-Timing-Dependent
Plasticity (R-STDP), respectively, demonstrating weight update of synapses between

pre-/post-synaptic neurons.
5.1.1 STDP Implementation

The results of implementing the Izhikevich neuron model employing STDP on the
Loihi2 platform are presented in this section. Figures 21, 22, 23, and 24 illustrate the
spike timings, trace calculations, weight adjustments, and the overall STDP graph,

respectively.
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Figure 21: Pre/Post spike timings recorded during STDP implementation on Loihi2.

Figure 21 shows the pre- and post-synaptic spike timings recorded during the
STDP process. These spike timings are crucial for calculating STDP traces, directly
influencing synaptic weight adjustments. The connection process obtains pre- spike
timings while post- spike timings are set during micro-code with tspike variable. Spike
timings create dependencies x0, y0 defined in the learning rule in Listings 2 and 3

that are provided in appendix.
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Figure 22: Trace calculations during STDP implementation on Loihi2 with a kernel

magnitude of 16 per spike and time constant of 10ms.

Figure 22 illustrate the pre-synaptic traces (top) and post-synaptic traces (bot-
tom). These traces are calculated based on the impulse magnitude and the trace time
constant defined in the learning rule. On the Loihi2 platform, the learning engine
uses these calculated values directly. However, due to the fixed-point representation
and the integer-based trace values, the precision of the traces is somewhat limited.
This limitation makes it challenging to manipulate the trace values with high preci-
sion, affecting the granularity of synaptic weight changes. In CPU implementation,
stochastic rounding is applied after the decay operation. At the same time, high
precision multiplication followed by precision reduction was used to create the same

effect on the Loihi2 micro-code.
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Weight dynamics
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Figure 23: Weight changes according to STDP rule on Loihi2.

Figure 23 shows the changes in synaptic weights resulting from the STDP rule.
The weight changes are computed by multiplying the pre- and post-synaptic traces at
the dependencies on the learning engine (pre/post spike times). The resulting weight
changes adhere to the STDP rule, demonstrating that the synaptic weights between

neurons adjust according to the relative timing of spikes.
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Figure 24: STDP graph illustrating coincident firings and weight changes according

to relative timing between pre- and post- spikes.

Figure 24 illustrates the overall STDP graph, showing weight changes based on

the pre- and post-synaptic spike timings. Deviations from precise values stem from
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Loihi2’s use of discrete time steps and fixed-point representation. Despite these de-
viations, the STDP rule effectively adjusts synaptic weights, demonstrating Loihi2’s
capability to perform learning tasks that mimic biological synaptic plasticity.

The results indicate that while fixed-point representation and discrete computa-
tion steps on Loihi2 introduce some limitations, the platform still successfully im-
plements complex learning rules, such as STDP. The traces and weight adjustments
align well with expected outcomes, showcasing neuromorphic hardware’s potential to

simulate neural plasticity effectively.
5.1.2 R-STDP Implementation

This section presents the results of implementing the Izhikevich neuron model em-
ploying R-STDP on the Loihi2 platform. The Figures 25, 26, 27, 28, and 29 illustrate
the impact of reward signals on learning (focusing on the spike timings), trace calcula-
tions, eligibility traces, reward traces, and synaptic weight adjustments, respectively.
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Figure 25: Pre/Post spike timings recorded during R-STDP implementation. Neu-
ron A is forced to fire after the pre-synaptic neuron, and neuron B is to fire before,

demonstrating potentiation and depression, respectively.

Figure 25 shows the pre- and post-synaptic spike timings recorded during the R-
STDP process. These timings are critical for the subsequent calculation of eligibility
traces and the influence of reward signals on synaptic adjustments. Similar to STDP

implementation, the spike timings set dependency variables.
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Figure 26: Trace calculations during R-STDP implementation with 10ms time con-

stant and 16 kernel magnitude per spike.

Figure 26 show the pre-synaptic trace (second from the top) and post-synaptic
trace (bottom), respectively. These traces are calculated based on the pre-synaptic
spike timing (top) and post-synaptic spike timing (second from the bottom), and they
play a crucial role in determining the eligibility trace, which influences the weight

adjustments in R-STDP.
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Figure 27: Eligibility trace calculated during R-STDP implementation.

Figure 27 illustrates the eligibility trace calculated from the pre- and post-synaptic
firings. The eligibility trace represents the potential for synaptic weight change,

influenced by the timing of spikes and the reward signal.

Reward Trace for Post-synaptic Neurons

0.5 — Neuron A
Neuron B

Trace value
= o
w -
| |

o
[¥]
L

e
=

o
o

T T T T T T
25 50 75 100 125 150 175 200
Time steps

o L

Figure 28: Reward trace calculated during R-STDP implementation with a time-

constant of 28ms and 0.5 on_hit_DA level (refer to Listing 1 for definition).

Figure 28 shows the reward trace, which includes a baseline and exponential decay.
This trace is crucial for modulating the synaptic weight changes based on the reward

signal received, adding a third factor to the STDP learning rule (Listing 2).
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Figure 29: Synaptic weight changes observed during R-STDP implementation.

Figure 29 presents the changes in synaptic weights resulting from the R-STDP
learning rule. The eligibility and reward traces influence the weight changes, show-
casing how the reward signals modulate the learning process.

The R-STDP implementation on Loihi2 demonstrates how reward signals can
enhance learning dynamics by adding a third factor to the traditional STDP rule.
The pre- and post-synaptic traces, eligibility traces, and reward traces collectively
influence the synaptic weight adjustments, allowing the network to learn from the
timing of spikes and the reward signals.

These results highlight the capability of the Loihi2 platform to implement complex
learning rules that mimic biological learning processes. Integrating reward signals into
the STDP framework provides selective learning, which is not within the capabilities
of 2-factor learning rules. The selectivity signal makes implementing reinforcement

learning possible in Spiking Neural Networks.

5.2 Validation of Learning Neuron Models at Network Scale

In the following, the learning neuron models were validated at network scale through
classical conditioning experiment. Then, the result of a 4-factor learning rule and

dopamine dependency have been given.
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5.2.1 Classical Conditioning Experiment

This experiment validates the 3F learning rule at network scale task of selectively
reinforcing a single stimulus from a group of stimuli [109].

Figure 30 shows the average weight changes in response to stimuli. The connec-
tions corresponding to the target reward-bringing stimuli have been strengthened;
however, the distinctions between the target and other stimuli are unclear. This be-
havior is likely due to the absence of a fourth factor, which is crucial for effective
separation in the temporal domain. The subsequent section demonstrates the re-
sults of an enhanced learning method incorporating this fourth factor, illustrating its

impact on stimulus separation and synaptic weight differentiation.

Average Total Weights of Stimuli Groups Over Time
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Figure 30: Average weight changes in the classical conditioning experiment.

5.2.2 Dopamine Dependency Experiment

The influence of dopamine receptivity on synaptic weight changes is demonstrated
in Figures 31 and 32. The results indicate that the presence of dopamine receptiv-
ity significantly affects the modulation of synaptic weights. Specifically, dopamine
receptivity is a gating mechanism for the 3rd factor, facilitating more sophisticated

learning behaviors, including temporal dynamics where only specific stimuli benefit
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from the reward signal. This ability can be further utilized in temporal tasks.
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Figure 31: Weight changes without dopamine receptivity.
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Synaptic Weights Over Time
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Figure 32: Weight changes with dopamine receptivity.

5.3 FEwvaluation of Basal Ganglia Circuit for Go/No-Go Task

Behavioral dynamics of the BG model were observed under different dopamine levels:
below baseline (0-1000 ms), baseline (1000-2000 ms), and above baseline (2000-3000

ms). Figures 33 illustrate the simulation results.
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Figure 33: Raster plots that depict the activity of neuron groups in the striatum
(MSN D1 and D2, str_FSI), GPe, STN, and GPi/SNr) on Loihi2 under three condi-
tions: low, base, and high dopamine levels (a). The average firing rates of neuron

groups on Loihi2 and CPU simulation follow each other for different dopamine levels

(b) [4].
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5.4 Fwvaluation of No-Channel Basal Ganglia Model

The combined Actor-Critic model has been run for 100 steps. The combined DA
moving average inputted to the DA sampler and the effective result sampled is shown

in Figure 34.
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Figure 34: Combined DA neuron firings moving average by the DA sampler on the
right. The red lines indicate the environment’s primary reward. The effective reward
is given on the right. The dashed box on the right of any plot depicts a single sequence
element task (C-Z=>R), and the left one depicts two sequence element length task

(B-Y=>C-Z=>R).

The sampling mechanism requires a threshold, as the D2 neurons cause the learned
reward to bring less dopamine, the model outputs less DA firings; therefore, the
thresholding causes no future effective reward to be released when critic cortico-
striatal connections reach high levels to inhibit primary reward and the D1 excitation
alone which causes the shifted reward is not enough to pass the threshold.

On top of this, reduced levels of firing, as the cortico-striatal connections strengthen,
the critic can associate wrong stimuli neurons to D1 neurons, which results in an in-
correct burst of dopamine, which explains the effective reward at around 10, 000ms.

The network expects a reward caused by reward-predicting stimuli. However, the
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predicted reward does not arrive. Unfortunately, this network does not employ pro-
longed inhibition; therefore, it cannot cause the wrongly associated connections to
break, resulting in further disruption of critical behavior.

The network learns the first part of the sequence correctly, shown in the region
around 4, 500ms to 5,000ms and 6, 500ms to 7,000ms, as the interval between correct
choices decreases and the correct choice is selected over many trials in series. The
network, however, cannot accurately learn the next sequence element, as the dopamine
shift with the effective reward was not realized. The resulting trial accuracy of the

model is reported in Figure 35.
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Figure 35: Actor-Critic model accuracy by progression stages.

The network shows initial results as the accuracy metric is stronger than the
stochastic expected value. The poor performance on the two-length sequence task is

attributed to learning impairment at the critic described earlier.
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5.5 FEwvaluation of Multi-Channel Basal Ganglia Model

This section validates action selection on a learned actor component. Following the
back-shift of expectation, the reward signal has been confirmed on the critic compo-

nent. Lastly, the learning on the combined actor-critic model was evaluated.
5.5.1 Validation of Actor Model

The entire sequence (Stimuli A - Stimuli B - Stimuli C) has been inputted into the
Multi-Channel BG circuit with correct stimuli-channel (Stimuli A/ Channel 1, Stimuli
B/Channel 2, Stimuli C/Channel 3) weights strengthened. The model successfully
chose the correct actions for each stimulus with an evident inhibition in the SNr

activity. Figure 36 and Figure 37 show the fire rates of the BG nucleus.
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Figure 36: Spontaneous firing rate of Multi-Channel BG model with stimuli inputted

at (Stimuli A), 400ms (Stimuli B), and 600ms (Stimuli C) marks.

The activity around the marks 200ms (Stimuli A), 400ms (Stimuli B), and 600ms

(Stimuli C) depicts the selected channel. In this setup, while the connections to the

D1 neurons have been strengthened, the same connections between stimuli and D2 of

the corresponding channel have been weakened as the D2 receptors exhibit LTD on

high dopamine levels during learning.
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Figure 37: Moving average (25ms windows) firing rate of Multi-Channel BG model

with transient effect at 100ms cropped as SNt behaves erratically during initial setup.

The model has been run on a longer simulation (78 full sequence trials), and
weights have been set to mimic the learned sequence. The actor selects the correct
actions at each task point and showcases high accuracy. Figure 38 reports this long
trial calculation results. While this ensures the model’s ability to select an action, it
should be noted that for this selection to occur, the network requires sharp separation
in the input salience, which is indeed the case with artificial weights. However, to
reach this separation during learning, additional network dynamics should be present,

which is discussed in more detail in the Chapter 6.
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Figure 38: Multi-Channel Actor Model accuracy over 78 full sequence action selec-
tions with pre-learned weights. The model made only two mistakes in the sequence,

resulting in over 97% accuracy.

5.5.2 Validation of Critic Model

The critic model’s adaptive functionality is evaluated using pre-learned weights, which
showcases the prediction function encoding of D1/D2 neurons and reward prediction
error. The network has been evaluated under four setups.

The first setup (Figure 39) assumes the agent performs a novel task. When the
state-action graph is undiscovered, the critic is expected to not evaluate any value
for particular stimuli. As expected, when the entire sequence has been inputted to
the critic, the critic does not react to the input nuclei (D1/D2 neurons). When a
novel reward is received at the end of the sequence, the DA burst neurons replicate
the phasic increase in DA concentration and fire a burst of dopaminergic spikes,

increasing DA concentration above baseline.
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Figure 39: Critic network component neuron firings (top) and resulting DA con-
centration with 0.01 on_hit_DA spike strength. The red line indicates the primary

reward.
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As the primary reward encodes a novel reward, it is unexpected, resulting in an
effective reward as dopamine rises. This DA signal reinforces the connections between
firing D1/D2 neurons and the stimuli. Unlike the raster plot results, the DA signal
modulates and stimulates connections. Therefore, D1 neurons start to fire with the
incoming DA signal. This results in a correlation between stimuli and post-synaptic
neurons, D1/D2 neurons, which causes higher excitation when the next time the same
stimuli appear. As the critic gets subjected to the stimuli and reward pair, the D1 and
D2 neurons start predicting the stimuli’s value. The D1 neurons encode the value of
reaching this stimulus, which makes up the reward expectation, and the D2 neurons
encode the expected primary reward and suppress it. The final result (Figure 40 is
that the burst DA neuron activation shifts to the time of stimuli appearance as in [3]
).

The chaining of the reward allows for a higher concentration of DA response to
coincide with eligibility raised at the time of stimuli. If the reward does not back-
shift to earlier occurrences of stimuli, the network would have to learn either slowly
or would not be able to learn any stimuli that have a shorter eligibility duration than
the stimuli-reward time difference; in this setup, the eligibility tau is 140ms meaning
it is not possible to learn a fourth stimuli in 200ms interval timing with only primary

reinforcer.
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Figure 40: The critic associates the last sequence element (Stimuli C) with the
reward. Resulting in an earlier response with a burst of dopamine.
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Figure 41: The negative of the current stimuli prediction (Stimuli B on D2 neurons)
is propagated to the next stimuli prediction (Stimuli A on D1 neurons) by delays to

suppress the previously encoded expectation of reward.
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Figure 42: Entire sequence has been learned through the critic to initiate a reward

expectation as the consequence of the learned sequence.

As shown in Figures 39, 40, 41 and 42, at the beginning of the experiment, the
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critic model does not react to stimuli, analogous to a human who has no prior pre-
dictions about rewards in an unfamiliar environment. When an unexpected reward
occurs, the primary reward signal, sourced from the environment, triggers a phasic
increase in the firing rate of DA neurons. Over time, as the D2 neurons learn the
value of the stimuli and associate it with the reward, the DA response shifts from
reacting to the primary reinforcer to the stimuli itself. Consequently, the influence
of the primary reinforcer is suppressed. Once the first element of the sequence is
learned, the network focuses on learning subsequent sequence elements, continuing
this process until the entire sequence is learned. This setup proves the critic network
is capable of TD learning. The primary reward can be entirely suppressed by adjust-
ing connection strength parameters (Figure 43) but left as a way to reinforce learned

behaviors.
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Figure 43: The connection strength of D2 to burst DA neurons can be adjusted to

fully suppress the primary reinforcing DA signal in a learned scenario.

5.5.3 Validation of Combined Actor-Critic Model

The performance of the combined actor-critic model is evaluated, with results illus-
trated in Figure 44, showing task completion and reward maximization. As cortico-

striatal synapses associated with rewards are reinforced, the rewarding behavior is
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repeated. However, due to the lack of balancing mechanisms, such as negative or
below-baseline dopamine levels and homeostasis of neural activity, other connections
also strengthen over time. This leads to the actor model’s inability to distinguish
between stimuli, ultimately reducing the network’s effectiveness. Preliminary results
suggest that further improvements are necessary while the network shows promise in

effective learning.
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Figure 44: performance of combined actor-critic model.

5.6 Putting It Altogether

The learning neuron models are correctly implemented, with weight strengthening
between neurons adhering to the established learning rules, both 2F STDP and 3F
R-STDP. While these rules can facilitate localized learning, their application to global
network setups, as demonstrated in the classical conditioning experiment, requires
either more complex network behaviors to regulate neuronal firing and selectively
amplify correct connections or higher-order learning rules such as 4F learning with

reward receptivity, as shown in the dopamine receptivity experiment.
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The Go/No-Go task has been successfully achieved in a single-channel Basal Gan-
glia (BG) model with dopamine modulation, demonstrating that the proposed model
can selectively inhibit or permit certain actions.

Combining learning neurons with the striosome critic dynamics of the BG, a critic
architecture has been proposed and evaluated on a sequence learning task. This
evaluation has shown that a dual-pathway network can encode the current value
function and apply prolonged inhibition to negate the earlier value function, thereby
equating the TD learning error. Including the primary reward, this network can
shift the reward to earlier predictors as these stimuli are learned. However, the
proposed architecture does not directly implement prolonged inhibition but mimics
the suppression of excitation through cleverly adjusted delays. While this approach
can handle the excitation of subsequent cues, the lack of intermediate inhibition
causes issues related to the omission of reward and below-baseline dopamine levels,
eventually impairing learning. This issue may lie in the network’s inability to separate
weights, which will be discussed further in the Chapter 6.

The single-channel BG network provided two paths concerning the actor structure.
Empirical evidence supports segregated channels for each commanding system and
closed loops, but the anatomical structure of such loops raises concerns about gener-
alizing this approach. Therefore, a new, No-Channel network structure independent
of task structure has been proposed, along with a biologically plausible network. This
actor structure has been simulated with weights of a learned agent to demonstrate the
network’s ability to correctly perform action selection under true learning conditions.
While the model provided high accuracy, proving that action selection mechanisms
work, a caveat (ambiguous selection) will be addressed in the Chapter 6.

The implemented networks have been combined with the critic component to
demonstrate their learning capability, albeit with limited efficiency. Preliminary re-

sults from the experiments show that a fully learned actor and critic can manifest
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action selection and reward prediction due to earlier cues, effectively solving sequence
learning tasks. The network also shows preliminary success by providing higher ac-
curacy than the stochastic expected value.

Overall, the results suggest that both actor-critic network architectures have po-
tential applications in reinforcement learning, with improvements needed in some

components and adjustments in hyperparameters.
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CHAPTER VI

DISCUSSION ON FINDINGS AND OBSERVATIONS

This chapter discusses the limitations of the network that were identified, which are
comprised mainly of the ambiguous selection process. Then, the missing dynamics of
both neuron and network levels were discussed, leading to poor learning. Finally, an-
other architecture involving the cortex has been proposed to apply temporal sequence

memory as the policy component of reinforcement learning to the network.

6.1 Limitations of the Implemented Model

The task at hand has been solved with preliminary results through learning at the end
of the implementation. However isolated, pre-learned validations for actor and critic
components prove the model capable of the task. This contradiction points to poor
dynamics when the network is learning. Some of these dynamics are non-existent in
the network, while others are implemented with low fidelity. The subsequent parts

will touch upon the low-performing parts in the model.
6.1.1 Indirect Pathway and Lateral Inhibition

The D2 receptor expressing MSNs in the striatum projects onto GPe-STN-SNr/GPi
to create the indirect pathway of the BG. The sequence of inhibition and excitation
leads to total excitation of the output nuclei under a highly salient motor command
on the D2 input of a corresponding channel. As a result, the channel is excited,
which means it is inhibited from getting selected. Utilizing STN-SNr cross-channel
connections, this excitation of the output creates surround excitation to competing
channels.

The first issue arises with the lack of excitation from the STN, as highly salient
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input to D2 neurons causes GPe to be inhibited, which releases inhibition on STN
to finally produce excitation to the SNr both on the native channel and competing
channels. However, results from Figure 33 and Figure 37 illustrate that even when
inhibition of GPe is successfully carried out by the increasing D2 MSNs firings, the
disinhibition of STN is not strong enough to cause apparent excitation from STN.
In short, total lateral inhibition suffers across channels, requiring higher input
saliency differences across direct pathways to recreate the competing balance as the
indirect pathway is impaired. The balance between these nuclei is restored through
reciprocal connections of GPe and STN, even if the connection strength is readjusted
to focus on this STN rise. Therefore, STN’s role in the indirect pathway and the

lateral inhibition is cut.
6.1.2 Transmission Speed and Timing

One feature of the three pathways of BG is the relative timings of the signals. Direct
pathway, as the name suggests, is direct. Requires less transmission delay to affect
the output. The problem occurs when short latency action selection is concerned.
The direct pathway selects an action. This winning channel should suppress the
other channels, but the ambiguity and the selection already happened when the cor-
responding pathways challenge their respective counterparts’ direct pathways. The
lateral inhibition follows the indirect pathway and emerges late to this competition.
The proposed network selects an action in a limited short window of time. The effect
of lateral inhibition is late in resolving the competition.

Another issue is STN does not only create lateral inhibition. It also completes
the indirect pathway. Local STN to SNr connections are faster than cross-channel
STN to SNr connections. Therefore, lateral inhibition happens even after the whole
encapsulation of the motor command selection is over. Thus, this lateral inhibition

does not play a part in resolving the selection. So, one may wonder what role the late
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inhibition actually plays. It has one definite answer which is the hyper-direct pathway.
Whenever a new motor command is issued, the cortex must terminate all ongoing
activity in the BG parts corresponding to the command set involving the latest selec-
tion. Utilizing STN lateral connections hyper-direct pathway increases excitation on
all output nuclei, practically resetting the competition. Therefore, lateral inhibition is
not used in the controlled inhibition of competing channels as proposed. This creates

non-decisive selection and ambiguity in closely matching saliency commands.
6.1.3 Coexistence of Phasic (Temporal-Burst) and Tonic (Rate) Patterns

The striatum’s medium spiny neurons (MSNs) receive afferent projections from Layer
V pyramidal neurons of the cortex. These pyramidal neurons exhibit intrinsically
bursting firing patterns, characterized by strong, short-duration pulses followed by
tonic spiking. This dual-firing behavior allows cortical neurons to generate bursts of
information signaling potential actions to the basal ganglia.

One notable feature of cortical columns is their ability to exhibit predictive states.
During these states, individual cells within a column spike without causing the entire
column to burst. However, when a new sequence begins in a cortical area, the entire
column bursts, leading to activity distinct from the tonic firing seen in predictive
states. In both of the proposed models, stimuli are encoded as single bursts of activity
on top of a Poisson Spike Generator, thus requiring the striatum to handle both burst
and rate-based cortical activities.

To simulate this cortical behavior, the striatal MSNs should effectively filter and
respond to both types of cortical input. MSNs have two states: up and down. In the
down state, neuron excitability is low, and low spiking activity in the cortex does not
elicit significant responses. However, coordinated bursting activity from pyramidal
neurons can transition MSNs to the upstate, where neuron conductance is higher,

enabling successful information transmission to the striatum.
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The original GPR [91] model assumes rate-based, long-duration excitation from
the cortex, derived from predictive information associated with tonic cortical activ-
ity. This approach presents challenges when integrating short burst inputs from the
cortex, as these bursts represent novel stimuli and are critical for accurate action
selection.

In the proposed models, which extends the GPR framework, short burst inputs
from the cortex do not provide clear separation and inhibition in the output nuclei
resulting in ambiguous action selection. There are a few methods to mitigate this
problem: A longer burst activity that adheres to the biology of the cortex, modifying
neuron populations to work with both burst and rate-based inputs. A better represen-
tation of the burst activity of the cortex would involve a short pulse of high-frequency
response. The single burst activity encoding a stimulus must be repeated to model
such stimuli. While the Striatum MSNs have been modified to bursting neurons, the

rest of the network should also be made to utilize burst information propagation.

6.2 Mzissing Low Level Processes: Synapse and Neuron Level
Homeostasis
The proposed models encodes the stimulus on a pre-defined number of stimulus group
neurons. As the cortical-striatal connections are sparse, the resulting stimulus to
striatum connections is few. In biological neuronal dynamics, neurons try to achieve
their preferred firing rates and avoid extreme deviations. To do so, numerous mech-
anisms ranging from synaptic level to network level [118] exist. If this homeostasis
is breached in low frequency bound, a neuron might become unresponsive as its con-
nections weaken and a neuron essentially becomes dead. Homeostasis prevents this
end and distributes the representation onto many neurons to create richer and more

robust connections.
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6.3 Missing Model Level Dynamics

This section describes anticipated connectivity and network-level dynamics to ensure

efficient learning.
6.3.1 Lateral Inhibition Between Striatum D1 MSNs

Contrary to action channel inputs coming from separate cortex regions, creating un-
correlated activity between stimuli and actions between channels, the proposed model
inputs all channels with the same extrinsic stimuli. Therefore, the saliency in a chan-
nel is dependent on cortico-striatal connections from the cortex.

The actor validation ensures that input saliencies should differ with almost a
magnitude of order for a precise selection. For this separation to happen, the cortex-
channel connections should also be separated. Initializing from the unlearnt case,
channel-wise strengths of connections are similar around a mean. This depicts similar
saliency input to the ganglia. As mentioned before, the network does not reliably
choose the correct channel; this can result in wrong D1 input-to-action pairings,
ending with reinforcing wrong connections. However, this issue has been discussed
before, so the following discussion assumes a fully reliable ganglia.

The problem is the separation of weights. As the correct input-action pairing
brings back reward to reinforce connections, the competing channels are not exempt
from the learning rule and dopamine, thus reinforcing them simultaneously. This
creates an issue similar to that of the classical conditioning experiment.

The reward reinforces the highest saliency input as it has the most post-synaptic
firings, which is the virtue of being the highest salience. As the experiment is re-
peated, the difference between weights deepens. Unfortunately, this dynamic cannot
go on forever as there is a maximum boundary to what a weight can be. Therefore,
solving such a problem requires suppressing the competing post-synaptic firings in

D1 MSNs. Hence, a lateral inhibition between the D1 region can allow such learning.
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Unfortunately, there is no such connection in the Basal Ganglia.
6.3.2 Persistence Signal and Close Loops

The organization of the Cortical-Basal Ganglia-Thalamo-Cortical loop suggests an
architecture where segregated channels for each command system form a closed
loop [112]. However, there are also regions of the cortex that project to all com-
peting channels in a set. Our model showcased such a connection type and did not
apply closed loops, as the thalamus was not implemented. One such unimplemented
connection is the feedback onto the striatum and cortex. The thalamus feedbacks the
output to positively project the striatum. Under such projections, the winning chan-
nel can excite its output to increase correlated pre- post- synaptic spike occurrences

and reinforce correct stimuli-action channel pair connections.
6.3.3 Critic Dopamine Level

The previous sections put together a comprehensive discussion on the problems of the
actor. Now, we turn to the dynamics of actor and dopamine signaling. Biologically,
dopamine signaling refers to a baseline, and the signature of reward depends on this
baseline. However, one such question is how neurons decide upon this baseline. This
might involve higher-order adaptation mechanisms in the dopaminergic connections
for the receiving neuron, which can form a base level for the incoming neuromodu-
lator. The D1 and D2 receptors involve many biochemical processes to realize their
functionality: changing synaptic weights depending on the relative dopamine signal.
One problem in this representation is that negative dopamine signaling, defined by
below baseline activity of the dopamine neurons, has a smaller range of values. The
minimum of what can be represented with a single population group coding both
negative and positive is limited by the group’s firing. That minimum is no firing,
which means zero dopamine level. On the other hand, positive representation has a

greater range, with a possible practical limit on dopamine neurons’ maximum firing.
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The situation mentioned above can be balanced with longer inhibition times, re-
sulting in dopamine levels staying down enough to counteract the phasic response.
In the omission of reward expected by a reward-predicting cue, the primary reward
cannot bring the excitation to offset the prolonged inhibition. In such a case, the in-
hibition cancels the earlier excitation, resulting in net zero dopamine levels. However,
in the proposed networks, there is no long-term inhibition in the critic. Therefore,
if the critic predicts reward by coming to a stage that should have been learned, a
problem within the actor occurs to select a random choice. This behavior should not
have been reinforced, but as the effective reward predicted causes a rise in dopamine
levels, the incorrect action has been reinforced. This positive reinforcement should
be actively suppressed by allowing the network to forget wrongly learned weights or
punish wrong behavior. As explained, this dynamic is ensured by prolonged inhibi-
tion. In its absence, the wrong weights can be potentiated, causing further challenges
in channel weight separation, which creates a self-feeding problem in the actor-critic
dynamic.

In short, forgetting is crucial for efficient learning in neural networks [119]. In
biological systems, neurons should forget outdated or irrelevant information to make
room for new learning. In the critic model, the lack of active forgetting mechanisms
can lead to persistent, incorrect synaptic associations. This is particularly problematic
when the network has learned to expect a reward that does not materialize, as the
erroneous expectation continues to influence network behavior.

Implementing forgetting mechanisms can significantly enhance the network’s learn-

ing capabilities. Two potential approaches include:

e Dynamic Baseline Adjustment: Introducing a feedback mechanism to continu-
ously readjust the baseline dopamine level, enabling the network to respond to

deviations more effectively.

e Adaptive Synaptic Scaling: Employing synaptic scaling mechanisms that adjust
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synaptic strengths based on overall activity levels, preventing runaway potenti-

ation and ensuring balanced network activity.
6.3.4 Chunk Processing and Eligibility

Another point to consider is that multiple action selection queries might appear at
the Ganglia in close proximity. In such a situation, the reward signal does reinforce
both selection processes. This is similar to the problem faced by distractor stimuli in
the classical conditioning experiment and requires temporal dynamics in the learning
rule, such as dopamine receptivity introduced in one of our experiments. Figure 32
showcases how such clear separation might be possible under higher-order learning

rules.

6.4 Missing Global Structure: Cortex

Looking back into Basal Ganglia’s anatomy, the striatum takes topographical projec-
tions from motor command systems. The motor cortex projections feed individual
channels with an action request. Therefore, the most significant conflict regarding
the bio-plausibility of the network implemented is in the input scheme. So, the role
of the cortex should be discussed.

The cortex works as a temporal memory that memorizes patterns inputted and
categorizes temporal sequences of inputted sensory information and selected actions
[120] [121]. As the input flows into the cortex, the hierarchical processing of the pat-
tern causes invariant highly semantic information, keeps a world model, and predicts
the changes in the environment.

The sequence of actions and the whole Markov Decision Process that constitutes
the policy is recorded in the cortex [122]. At the same time, Ganglia enacts the
policy and adjusts it by selecting rewarding actions that occur more frequently [123].
The cortex slowly forgets wrongly predicted sequences and reinforces the occurring

pattern; in the task case, the state machine is defined in Figure 13.
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One way to think of such a cortex is as an infinite state-action space graph. The
cortex is a blank space to apply to the task at hand in its initial conditions. As
the environment state stimuli flow into the cortex, a node defining the state of 'C’
appears. The connecting edges are the actions. Edges are inputted into channels
and stimuli, which is the state node ’C’ fed onto channels. When the Ganglia selects
an action, the resulting selection is also fed into the cortex, as the cortex updates
the edge strength, which corresponds to the saliency of the edge projected onto the
Ganglia. Therefore, the actual learning shifts onto the cortex, while the Ganglia’s role
is to adjust the saliency inputted using cortico-striatal connections to favor channels

that result in dopamine release.
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CHAPTER VII

CONCLUSION

In this thesis, we successfully implemented the Izhikevich neuron model on Loihi2
neuromorphic hardware. Building upon this, we integrated 2-factor (2F) Hebbian
learning by implementing the Spike-Timing-Dependent Plasticity (STDP) learning
rule on Loihi2. For more advanced 3-Factor (3F) learning rules, such as the Reward-
Modulated STDP (R-STDP) based Izhikevich model, we initially realized them on a
CPU to later transition to Loihi2. Additionally, we explored 4-factor (4F) learning
rules inspired by biochemical processes, assessing their potential to enhance learning.

The implemented models were the foundation for constructing a reinforcement
learning network model inspired by the neural structures of goal-directed learning in
the Basal Ganglia (BG). Initially, we developed a BG model capable of performing
Go/No-Go task, enabling selecting a single action. This model was subsequently
adapted into a multi-action selection network, forming the actor component of the
actor-critic model.

The critic model was developed to encode the reward prediction error dopamine
signal, facilitating temporal difference learning [102]. We created comprehensive
actor-critic models applied to a sequence learning task by integrating the actor and
critic models. However, the model achieved only preliminary and sub-optimal results.

Despite the sub-optimal performance in sequence learning tasks, the BG model
incorporating an action-selector actor and a reward prediction error critic shows
promise. As software, network, and hardware limitations are addressed over time,
this model should serve as a foundational framework for advancing the reinforcement

learning paradigm within Spiking Neural Networks.
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The insights and advancements from this study contribute to the growing body
of knowledge in neuromorphic computing and bio-realistic neural network models,

paving the way for future research and development in this domain.
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APPENDIX

This appendix contains code listings relevant to the implementation of the third factor

reward trace calculation and the R-STDP learning rules used in the model described

in this thesis. These code snippets are written in the Lava Software Framework [27]

and adhere to the requirements of the Lothi2F LearningRule and Loihi3F LearningRule

classes, as well as trace calculations.

def

calculate_third_factor_trace(self, s_graded_in: float) -> float:

"""Generate’s a third factor reward traces based on

graded input spikes to the R-STDP Izhikevich process.

wn

baseline = self.DA_tonic

DA_old = self.DA[:]

self .DA[:] += -DA_old / self.DA_tau + (baseline / self.DA_tau) +
self .on_hit_DA * s_graded_in

return self.DA[:]

Listing 1: Third factor reward trace calculation in Lava Framework

The function calculate_third_factor_trace generates a reward trace based on graded

input spikes. The dopamine (DA) level is updated using a combination of baseline DA

and a graded input factor, which simulates the receiving of DA spikes on dopaminergic

connections.

# Eligibility trace represented as dt

dt

# Reward-modulated weight update

dw

f"{self.learning _rate} * {self.A_minus} * x0 * y1 + " \
f"{self.learning_rate} * {self.A_plus} * yO * x1 - " \

f"u0 * t * {self.eligibility_trace_decay_taul}l"

£f"({self .max_weights} - w) * u0 *x t * y2 "

Listing 2: R-STDP learning rule (R-STDP Basic)
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The R-STDP learning rule implements a reward-modulated weight update mech-
anism. The eligibility trace (dt) is calculated using pre- and post-synaptic spike in-
teractions, and the weight change (dw) is influenced by the reward signal, facilitating

reinforcement learning.

class RSTDP_D1(Loihi3FLearningRule) :

dt = f"{self.learning rate} * {self.A_minus} * x0 * yi1 + " \
f"{self.learning _rate} * {self.A_plus} * yO * x1 - " \
f"u0 * t *x {self.eligibility_trace_decay_taul}"

dw = f" ({self.max_weights} - w) * u0 * t * (y2 - {self.baseline

}) "

class RSTDP_D2(Loihi3FLearningRule):

dt = f"{self.learning_rate} * {self.A_minus} * x0 *x y1 + " \
f"{self.learning_ratel} * {self.A_plus} * yO *x x1 - " \
f"u0 * t * {self.eligibility_trace_decay_taul}"

dw = f£" ({self .max_weights} - w) * u0 * t * ({self.baseline} - y2

) n

Listing 3: RSTDP Learning Rule for D1 and D2 Neurons

These classes define the RSTDP learning rules for D1 and D2 neurons, crucial
components in the striatum. The equations for dt and dw are tailored to reflect
the distinct roles of the DA receptors the neuron types express in the reward-based

learning process.
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