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ITANEIIXTHMIO KYIIPOY

IlepiAnyn
Tunua ITAnNEo@oEIKAG

Katavonen tov vevmviko KOSIKO U€Gm TNG UEAETNG TOV OLTIOV TNG

JTVEO3OTNGNG

AyMéas Kovtoou

‘Otav avopeQOLOGTE GTOV VEVRMVIKO KMOSIKO EVVOOUUE TOUS WNYOVIGLOUS UE TOUGS OTTO-
{OUG Ol VEVEOVES KOL TA VEVRE®VIKA SIKTUA UETOTEETIOUV TTANQOMOQEIES Ge okoAoubieg
aTtd mueodotricels. H avokdAuyn Kol KATavonon avtdv Tov Wnyoviouov eival degelt-
@dn Prgata TTEOS TNV KATOvOncn Twv puefddwv Ue TG 0TToleg 0 EYKREPAAOS KMIIKOTIOLEL,
OTTOKWIKOTTOLE] KO £TTEEEQYALETOL TTANQOPOQRIeS. Baoikdg Trapdyovtag mpog tny emiiv-
GN TOV TEOPRANULATOS TOV VEVE®VIKOU KMOKA glval n duvatdtnta va Teocdiopicouye Tov
TEOTTO AgtTovEylag evog vevpmva: av SnAadn Asttougyel wg XEOVIKOS GUVABEOLGTAS duval-
wkwov (temporal integrator) N aviyvevtng Tavtéxeovov duvaukov (coincidence detector).
I'evikdtepa, aVTO TO TEOPANUA UITOQEL VO EREEAGTEL Ue GROUS XQOVIK®V KAWAK®V Tng
emeLeEYaoiog onUdTHV aItd Tov veveova. MITopovue vo TO eTMAVGOUUE UETEOVTAS ThV
YEOVIKIL akQ(fela ue tnv omola €vag vevpavag Stakpivel Siapopetikd gpebicuata. Avti
n JTROGEYYIGN YEVIKEVEL TNV €vvola TOU TEOITOU AELTOVEYIOS TOU VELE®VA aItd Toug §vo
EVAAMOKTIKOUS TEOTIOUS AELTOUQYIAS GE €vo, GUVEXES PAGUO AELTOVEYL®Y, GTA GKEA TOU
6molov Belokovtar ot dVo akpalol TEATOL AstTtouEylag: n XQOvikin Gguvdbpoion Suvaut-
KOV KoL N avixvevon toutéyxeovev duvaukodv. H stagovca Sioteiph stpoteiver Sidpoes
ueBodoug yia Ty em{Auon Tov TTEOPARUATOS TOU VEUE®VIKOU KOOIKO KOl GUYKEKQULEVOL
TIC XQOVIKES KAUAKES e TIG OTTO(ES Ol VELREWVES eTEEEQYATOVTAL TTANQEOMOQEIES. TUYyKe-
KEWEVA, 0 GKOTOG Tng Sateng avtng eivar va sropovoidoel uebddoug e Tig oToleg
uwiropovue vo VITOAOYIGOUUE TOV TEOTTO AELTOVEYIOS EVOS VELEWVA UEGH TIQOGOULOLWGEDY
KOl UEGM TWV VITOAOYIGU®WY CUT®OV VO KATAVONGOUUE TOUS TEOTTOUS UE TOUS OTTO{OUC O
TEOTTOG Aettovgylag evig vevpwvo opltetal atrd Tig evdoyevels ko eEwyevelc Widtnteg

TOV.

H mpdtn pag cuvelspoed atnv emiAucn Tou TTROPARRATOCS elval n avdmTugn pwag pedddou
JTOV VTIOAOYICEL TOV TEOTIO AlTovEYlOS VOGS VEVROVA UEGH TNG KAIGNGS Tng eKTTOANGNS
Tou duvoukoy tng ueuPfedvng Tov, TIEWV TV TTVEOSGTNON evis Suvaukoy evepyelog. Ae-
{yvouue 6Tt n puéBoddg wag wrmopel va TEocdlopicel To Pabud Guyypeovicpol Tou eivon

VITEVOLVVOG Yo TNV TVEOSGTNGN SUVAULKOVY eveQyelag Ge €va aTAd LOVTEAD VELEWVO KoL



TEQLYREAMOULUE TTOS N UETENoN avth elval 1odvvaun ue Tov TROTo AELTouQYiaS Tou Veu-
pava. Xenowogtowdvtog avutit Tn uébodo, delyvouue 4Tl 0 TEOTTOS AsttouQylag Vg ve-
EOVOL UE UNYOVIGUO UEQIKNG ETTAVATIOAMGNG, dTav TTVEOJO0TEl AKAVOVIGTO GE TTOA) YnAEG
guyxvoTntes, elvarl KATd KUELO AGYo YQOVIKOS GUVAOQOLGTAC SUVOUK®OV UE WIKQEN XQOVL-
ki 0Tafepd Siapeong Suvawkoy kal younAd kotdeA. EmaAdov, cuuttegoivouvue 6T
e TTOA) VYNAES GuYVATNTES TTUEOSATNONG, TO GUVEXES PAGUA AELTOVEYLOV TOU VEUR®OVA
wkpalivel, kKOOMOS oL opLouol Twv dUo dkEwv GUYkAIvouv uéxel to 8Vo dkea va yivouv
duadidkpita. Xtn cuvéxela, Siepevvolye TTAOS 0 GUYXEOVIGUOS GTNV €(GO50 TOU VELEWOVA
GUGYETITETAL UE TOV TEOTIO AEITOUEYIAC TOU Ko, KUELOTEQD, TTWS AUTA n Gx€on dlolo-
@AOVETOL OITO TIG WOOTNTEG TOU VEVEWVO KOL TWV ELGEQXOUEVOV OKOAOVOLDOV SuvauKOV
evepyelag. AvakoAvmToupe 6Tl n Gxéon UeTa&l Guyyeovicuol Gtnv £(Godo kol TEOTTOU
Aertovpylac kaboeitetal KUEIwS aTtd TO TTAGTOS TNG EKTIOAMGONGS TTOU TTROKOAEL Ui evia-
{o, cuyyeoviouévn delEn duvapkov evepyelag aTd TOUG TTROGUVAIITIKOUS VEURMVES TOU
KUTTAQOU KoL OTTOLASAITOTE AAAL YOQOKTNQLGTIKA TV €166dwv, dTTws o QuBLds deieng

duvaukdv, dev emrnpedcel Tov TEOTTO AELTOVQYIAC.

Emiong avarmticcovue uio pébodo yio Tov VITOAOYIGUO TwV TTOQOUETEMV TOU GRUOTOS
€10660V €vOG ATTAOU LWOVTEAOU VEVE®VA, KAT® aItd oQlouéveg TTpoumobéoels. Méca amd
OQUTEG TIC TTAQAULETEOVS, UITOQOVUE Vo avacynuaticouue To grua gTnv £{Godo Tov vevpwva
KO VO €50yAYOUUE GUUTTEQAGUATO Yol TOV Badid cuyyeovicuol Twv SUuVOUK®OY evepyelag
otnv €{Godo ko, KAT €IEKTACN, TOV TEOTTO Aettougylas. Autin n uébodog avadiapde-
ewong tov cnyatog gtnv €igodo Stapépel arrd tnv puéBodo mov Pacitetor otnv kAion
Tou Suvaukoy Tng ueuBEAvng GTov TEOTO Ue TOv 0To{0 TTEQLYRAPETOL N GUUTTEQLPOQRA
Tov vevpwva: Jewpel 4Tl To onya elgdSov arotedeltol ATTO TTEQLOSIKES ERITTVEGOKQO-
TAGELS GUGYETIGUEVOY SUVOK®OV eveQYElag, e WMKQEES TUXOLES AITORAIGELS GTOUG XEOVOUS
TTVEOSOTAGEWV, TO 0TTOL0 TTEOGOUOLDVOLUE e Tn XENncn evds Jopupwdoug nutovoeldo-
Vg kvuatog. Asglyvouue 611 dtav ol vTtobécelg wag woyvouv, n uébBodog yog uiopel va

VITOAOYIGEL TIC TTAQAUETQOUS TOV GIRUATOC LGOS0V (e TTOAD VYnAR akifeta.

Téhog, ueletdue tn XEOVIKNA OKEI{BEWL TNG AVIXVELGNGS TOUVTOXEOVWV SUVOUWK®V GE €va
UORMOAOYIKG OVOKATOGKEVAGUEVO WOVTEAD vevpwdva. H €peuvo aUTA ETKEVTEOVETOL
GTNV OWOKRGALYN TOV WNXOVICUW®OV udinong ov eTLTEETouV 0To KUTTAQO va udber va
Srakpivel tevyn duvouk®dv evepyeldg pe WKQEES SLapPOEES GTO XEOVO GQLENG TOUS GThV
elgodo. TevikdTeQa, Siepeuvouye Ta OQLOL TNG LKAVOTNTAS TOU VELQ®WVA va dlakeivel ov-
ToU Tov €ldovug GAUATA Kol TOV TROTO Ue TOV oTtolo autd Ta oo emtnEediovial amd
TS Sudgopeg WidTnTes Twv onudtov otnv elgodo. H avdivon pog Selyver 6T, yo To
UWOVTENO TTOU XENOLWOTIONONKE Gty €euvd pag, n akeifelo dev eival apketd YnAn OoTe
va ugtopel o vevpwvas va Siakivel keés Slopoeés (tng TAENS TV UEQIKMOV YLALOGTOV
TOV SeUTEQOAETTTOV) GTIS KABUGTEQNGELS UETAEY TeEVYWDV SUVAUKAOV evegyelag Gtny elco-

8o. Aelyvouye emiong 41t n evoucOnaGio Tov vevewva Ge Teviyn SUVAUKOV evepyelas GThv



elcodo pe PYnAn akpifela GToug xedvoug KABUGTEQNGEWY LETAEY TOUG, UELOVETAL OTAV N

ueupedvn eivor ekrodwuévn agtd éva otabepd pevuo.

‘OTtwg @atvetor ard To aTtoTeAEGULATO KOL TIS GUVELGPOQRES UOG, BEV TTAREXOVIE OQLGTIKES
OITOVTAGELS GTO EQWTNUO TOU TEOITOV AELTOVEYIAS TOU VELEW@VA. AVT( aUToU, @TAvVOUUE
GE YEVIKA GUUTTEQAGUATO GYETIKA UE TOUS TRATIOUS UE TOUS 0TTO{OUS 0 TEATIOC AetTovpyiog

eVOS vevpdva opltetal aIrd Sidpoeeg WELOTNTES TOV VEURMOVA KOl TNG GUUITEQLPOQRAS TOV.
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Understanding the neural code through exploration of the causes of firing

by Achilleas Koutsou

The neural code refers to the mechanisms with which single cells and networks of neurons
transform information into sequences of spike trains. Discovering and understanding these
mechanisms is fundamental to understanding information encoding, decoding and processing
in the brain. A key aspect of solving the problem of the neural code is the ability to deter-
mine the operational mode of a single cell: whether it is a temporal integrator or a coincidence
detector. More generally, this problem is a question of time scales of neural processing and
in particular, it can be solved by identifying the temporal precision with which a neuron can
distinguish between stimuli. This approach generalises the idea of a binary operational mode
to a continuum which lies between the two extremes—temporal integration and coincidence

detection.

This thesis proposes a number of methods for addressing the problem of the neural code and
more specifically the time scales of neural processing, which define the operational mode of
neurons. In particular, the purpose of this thesis is to provide methods with which the oper-
ational mode of simulated single neurons can be measured and through these measurements,
understand the ways in which the operational mode is shaped by features of the neuron and
its input. We present methods which we developed to identify the operational mode of sin-
gle neurons, by observing their behaviour under simulated conditions. We aim to understand
how the operational mode is defined by the the intrinsic and extrinsic properties of a cell being

observed.

Our first contribution towards solving this problem is the development of a measure of the
operational mode which depends on observations of the slope of the membrane potential of
the neuron immediately prior to firing. We show that our measure can identify the degree
of synchrony that is responsible for firing spikes in a simple neuron model and describe how
this measurement is equivalent to the operational mode. Using this measure, we show that
the operational mode of a neuron with partial somatic reset, when firing highly irregular spike
trains at high rates, is primarily a temporal integrator with short leak time constant and low
threshold. In addition, at very high rates, the continuum of operational modes shrinks as the

definitions of the two extremes converge and they become indistinguishable.


http://www.ucy.ac.cy
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We then investigate how input synchrony relates to the operational mode and more impor-
tantly, how this relationship is shaped by the properties of the neuron and the input spike
trains. We find that the relationship between input synchrony and operational mode is pri-
marily determined by the amplitude of depolarisation caused by a single, synchronous arrival
of spikes from a pre-synaptic population and that other features of the input, such as spike

rates, do not affect the operational mode.

We also developed a method for estimating the parameters of the input of a simple neuron
model, under certain assumptions. Through these parameters, we can reconstruct the input
signal driving the neuron and make inferences about the degree of synchrony driving the cell
and by extension, the operational mode. This input reconstruction technique differs from the
membrane potential slope-based measure in the way that the neuron’s behaviour is formalised:
the input is assumed to be composed of periodic bursts of correlated spike volleys, with small
random deviations in spike times, which we simulate using a noisy sine wave. We show that
when our assumptions hold, our method can determine the parameters of the input signal with

very high accuracy.

Finally, we investigate the temporal precision of coincidence detection in a morphologically
reconstructed neuron model. Our work focuses on discovering learning mechanisms that allow
the cell to learn to distinguish input spike pairs with small differences in delays. More generally,
we investigate the limits of the ability of the neuron to distinguish such signals and the way
in which these limits are affected by various properties of the input. Our analysis revealed
that, for the model used in our work, the precision is not high enough to distinguish between
small differences (on the order of a few milliseconds) in delays between input spikes. We also
show that the neuron’s sensitivity to precise input spike pairs is reduced when the membrane

is depolarised by a constant background current.

As seen by the results and our contributions, we did not actually provide a definitive answer
to the question of which operational mode neurons employ. Instead, as indicated above, we
arrived at general conclusions regarding the ways in which the operational mode is defined by

various properties of the neuron and its behaviour.
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tgl) time of the last spike before time ¢ for spike train n S
t;?) time of the first spike after time ¢ for spike train n S
X I(Dn) time difference between ¢ and tg;l) s
X}n) time difference between ¢ and tg;l) S
X I(g)l duration of the inter-spike interval around ¢ S
Atgf) time difference between tgg) and nearest spike in other spike trains s
Atgl) time difference between tgl) and nearest spike in other spike trains s
m mean of stochastic input (drift) V/s
p peak of sinusoidal drift V/s
ta amplitude of sinusoidal drift V/s
1o offset (baseline) of sinusoidal drift V/s
o Variance of stochastic input (noise) V/\/s
op peak of sinusoidal noise V/\/s
Oq amplitude of sinusoidal noise V/\/s
o0 offset (baseline) of sinusoidal noise V/\/s
ts time of synchronous volley s
Np number of Poisson input spike trains —
Ng number of synchronous input spike trains —
AVp spike weight for Poisson inputs \Y%
AVg spike weight for synchronous inputs A%
Dy maximum deviation (difference) between membrane potential traces V
Ry root mean square difference between membrane potential traces \Y%
At input spike pair delay s
INa maximum sodium conductance pS um 2
IKv maximum voltage gated potassium conductance pSpm—2
9Ka maximum potassium conductance pS pum 2
9Km maximum muscarinic potassium conductance pS um 2
gcaT maximum T-type calcium conductance pS um 2



Symbols XX
IKea maximum calcium dependent potassium conductance pS um 2
9Ca maximum calcium conductance pSpm—?2
Trise EPSC rise time S
Tdecay EPSC decay time S
T, time-to-peak (TTP) — delay between onset and EPSP peak s
Ty EPSP peak width S
da,B difference between TTP of EPSPs from A; and B S
dg somatic spike delay s
Iy baseline input current (when current is noisy) A



Chapter 1

Introduction

Computational neuroscience aims to discover and understand the computational properties of
the brain, from the single neuron, to the entire nervous system, by using techniques from
computer science and mathematics in combination with the knowledge gained from the ex-
perimental areas of neuroscience [1]. The two fields coexist in a mutually beneficial relation-
ship, as better understanding of the computational and functional aspects of neurons and their
networks, advances both our understanding of the brain (benefiting neuroscience) and addi-
tionally, inspires new techniques for problem solving and artificial intelligence (AI) (which

benefits computer science).

Neuroscience, in the most general terms, is the study of the brain, its structural organisation
and its function [2]. Traditionally, such an endeavour alludes to biological sciences and as such,
neuroscience appeared initially as an interdisciplinary specialty of molecular and cell biology,
which later evolved into a stand-alone field [3]. While biological disciplines form the experi-
mental basis for the production of knowledge in the field, abstraction is key to understanding
the high level processes of such a complex system. The complexity of any nervous system and
in particular, the human nervous system has often required the application of methods and
techniques beyond the scope of experimental data analysis [4]. In the same way that fields
such as physics require a separation into experimental and theoretical branches, neuroscience
developed a requirement for theoretical frameworks to model and explain experimental data,

as well as extrapolate beyond them [1, 4-6].

Computer science, electronic engineering, mathematics and physics form the computational

and theoretical approaches to neuroscience and are concerned with the theoretical aspects of
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information processing by neural systems. Such studies often involve single neuron or net-
work modelling, from detailed descriptions of action potential (AP) generation [7] to simpli-
fied, abstract and analytically tractable models [8-13] which allow for mathematical and com-
putational analysis of large, complex networks of neuron models. Modelling studies of neural
behaviour have, in recent years, expanded to the level of entire artificial brain simulations [14]

in an attempt to closely simulate and analyse the mammalian brain.

A major goal of modelling projects and in fact, one of the fundamental issues of the entire
computational neuroscience field, is the problem of understanding the neural code [4, 15].
The neural code involves the mechanisms, both biological and computational, that the brain
uses to represent information and carry out high level functions. We aim to build upon exist-
ing knowledge concerning the processing of information in the nervous system and address
one of the key issues of the neural code, which is the role of the temporal structure of spike
trains. The aim of this project is to use single neuron models in order to develop methods for
identifying the time scales of single neuron processing. In particular, we aim to measure the
effects of temporally synchronous inputs on the behaviour of a neuron and develop methods
for identifying the causes of firing, with respect to the temporal structure of the input signal
or spike trains. Additionally, we aim to measure the temporal precision of AP generation and
the fidelity with which a cell is able to distinguish spike pairs. This will provide us with a
better understanding of the temporal aspect of neural processing, which is an important part
of understanding the neural code in general. Our models should be simple enough to allow
for analytical and computational study and complex enough to make meaningful predictions
about the processing capabilities of real neurons. In order for our conclusions to be useful, our

underlying assumptions must be biologically plausible and experimentally confirmable.

1.1 Computational neuroscience

Computational neuroscience relies on methods of mathematics and computer science to inves-
tigate and understand the information processing functions of the nervous system [5]. How-
ever, there are two approaches to this goal: one is that mathematical and computational models
are used to simulate single neuron and neural network behaviour in detail, as well as analyse
related data. The other approach is a conceptual one, in that the brain is viewed and analysed

as an abstract, computing device, providing researchers with the ability to describe neural
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function within existing or new theoretical frameworks which allow alternative analytical ap-

proaches [4, 6].

In essence, this distinction is a matter of abstraction. The first approach mentioned above,
deals with descriptive, low-level modelling and statistical analysis. Models that fall into this
category often attempt to describe every (known) detail that relates to the neural function being
studied. Such approaches however risk making the model as hard to understand as the nervous
system itself. On the other hand, the second approach attempts to abstract only the important
underlying principles responsible for computation, providing a theoretical framework for high-
level analysis. In such cases, the analytical tractability of the models provides scalability and
allows for more conceptual problems to be studied, such as the computational properties and

limitations of large neural networks [5, 16].

Terms such as theoretical neurobiology [17, 18] and theoretical neuroscience [4] are also used
to refer to work which falls in the same scope of computational neuroscience, therefore these
terms are often considered to be synonymous. The term computational neuroscience did not
appear until 1987 [1, 5, 19], where a symposium was held in order to discuss and define the
field and in essence, the term itself. However, in retrospect, a number of scientific achievements
have been recognised as the historical roots of this field. More specifically, the earliest and
one of the most widely used models of a single neuron is the integrate-and-fire (I&F) model,
introduced by Lapicque [8] in 1907, which models a neuron as an electric circuit consisting of a
parallel capacitor and resistor. The simplicity and analytical tractability of the model, coupled
with its ability to predict firing frequencies when the neuron is under constant stimulation,
are the main reasons for its continued popularity. Additionally, the fact that the mechanisms
for generating APs in neurons were not known at the time, exemplifies the ability of abstract
models to capture high level operation, without requiring a full understanding of low level

(e.g., molecular) mechanisms [8, 12].

A much greater understanding of neural operation and more specifically, AP generation came
from the work of Hodgkin and Huxley [7] which described the generation and trajectory of an
AP using a model consisting of four ordinary differential equations, describing the change in
conductance of ion channels on the neuron’s membrane [7]. This has been described as one of
the most important breakthroughs in neuroscience, as it provided a framework for modelling

work that continues to influence the field to this day [20].
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The next historical breakthrough in the field of information processing in neural systems was
the discovery and understanding of certain aspects of visual processing. In particular, Hubel
and Wiesel [21] discovered that individual cells in the visual cortex respond to changes in the
light intensity of specific areas of the visual field, called the neuron’s receptive field. More
importantly, they discovered that neurons that respond to motion of the same orientation, are
organised in columns which span all layers of the cortex [21]. This discovery was a major
indication that vertical columns of neurons in the cortex form discrete functional units, which

hold neurons that share similar functionality and properties [4, 16].

Following these experimental discoveries, the field developed a theoretical foundation for the
study of neurons’ computational aspects [4, 17, 18, 22]. Researchers began integrating dis-
ciplines from mathematics and engineering such as dynamical systems [23, 24], information

theory [15, 25-27] and stochastic processes [28—-30].

As it is evident from the history of discoveries described above and the evolution of the field
into a multidisciplinary area, the current state of research in the field takes advantage of both
theoretical and experimental approaches, which should (ideally) complement each other. For
example, the Journal of Computational Neuroscience' encourages the submission of combined
experimental and theoretical work. It emphasises the requirement of biological relevance in
theoretical work and inversely, relevance of computational function in experimental work.
Similarly, other related journals also highlight their coverage of both theoretical and experi-
mental work related to understanding information processing in the brain, such as Biological
Cybernetics?, which focuses on promoting the cooperation between life sciences and theoret-
ical disciplines, and Frontiers in Computational Neuroscience®, which is primarily focused on
modelling and theoretical studies but is open to experimental studies which relate to theoreti-
cal conclusions. Other publications which focus on the field and emphasise the integration of
theoretical and experimental work, as well as the multidisciplinary nature of the field include
Network: Computation in Neural Systems* and Neural Computation®. The Journal of Mathemat-
ical Neuroscience® focuses on using mathematics to understand the fundamental mechanisms

responsible for experimentally observed behaviours in neuroscience at all scales. Therefore,

'see http://www.springer.com/biomed/neuroscience/journal/10827

%subtitled “Advances in Computational Neuroscience’; http://www.springer.com/biomed/
neuroscience/journal/422

*http://www.frontiersin.org/computational_neuroscience/about

‘http://informahealthcare.com/page/Description?journalCode=neté&

*http://www.mitpressjournals.org/page/about/neco

Shttp://www.mathematical-neuroscience.com/


http://www.springer.com/biomed/neuroscience/journal/10827
http://www.springer.com/biomed/neuroscience/journal/422
http://www.springer.com/biomed/neuroscience/journal/422
http://www.frontiersin.org/computational_neuroscience/about
http://informahealthcare.com/page/Description?journalCode=net&
http://www.mitpressjournals.org/page/about/neco
http://www.mathematical-neuroscience.com/
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although the field is primarily considered to have a theoretical focus, it also remains relevant

to the experimental aspects of neuroscience.

The main contributions of this project focus on investigating the problem of the neural code
by observing the behaviour of the membrane potential of a model neuron. This approach is
based on several suggestions and observations made throughout the relevant literature. The
membrane potential and its derivative provide information regarding synchronisation of fir-
ing [31, 32] and the trajectory of the membrane potential can be used to infer specific features
of the input [33, 34]. It has been suggested that studying the reverse correlation of the mem-
brane potential may be more informative than the spike triggered average (STA) stimulus for
investigating neural operational modes [35]. In an intuitive sense, it can be argued that the tra-
jectory of the intracellular, sub-threshold membrane potential in general should provide more
information about the input, than the firing statistics (rate mean and variance) of the neuron.
The former represents the neuron’s internal state, which is directly affected by the input, while
the latter is a discrete representation of super-threshold activity. More specifically, the neu-
ron’s internal state (the membrane potential) is determined by the neuron’s physiology (cell
type, ionic conductances, etc.) and pre-synaptic input. If we assume that the physiology of a
neuron under study is known, it should be possible infer specific properties of the input (e.g.,
synchrony), given the membrane potential time course of the neuron. In addition to the above,
the thesis includes an investigation into the temporal precision of input spike pair discrim-
ination in a detailed, biophysical compartmental model. This investigation aims to measure
the smallest time difference between two spikes that are detectable by the neuron (i.e., that
change a property of the response) and investigate ways in which the cell can learn to respond

to specific time differences.

1.2 Thesis outline

Chapter 2 reviews the literature on the problem of the neural code (Section 2.1) and in particular
the existing literature on the sub-problem of neural operational modes (Section 2.2) and neural
synchrony (Section 2.3). Within the scope of neural synchrony, the development and use of
spike time distance measures is also reviewed. The chapter concludes with a review of methods
of input reconstruction and inference, which is relevant to our research into the causes of firing

of neurons (Section 2.4).
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Chapter 3 presents the development and application of a method for estimating the degree of
synchrony driving a neuron using measurements of the membrane potential and in particular,
the slope of the membrane potential shortly prior to threshold crossing. Through this esti-
mation of the causes of firing, inferences can be made regarding the operational mode of the
neuron under study. The chapter concludes with a discussion of the results, the implications
of the measure regarding the problem of the neural code, as well as limitations and assump-
tions of the measure. The work presented in this chapter was the topic of a paper published in

Neural Computation [36].

Chapter 4 describes a comparative study between the measure presented in Chapter 3 and a
measure of spike time distance. Spike time distances measure the similarity (i.e., synchrony)
between a pair or set of spike trains, while the measure presented in the previous chapter
determines the degree of synchrony that is relevant to firing, which is an indicator of the oper-
ational mode. In this chapter, the synchrony between the input spike trains driving a neuron
is calculated and the results are compared with the input synchrony estimated by the measure
presented in the previous chapter. The comparison allows us to analyse how different proper-
ties of the neuron and its inputs shape the relationship between absolute input synchrony and
operational mode. The chapter concludes with a discussion on the significance of the results
and the value of the relationship between the measures. The work presented in this chap-
ter is the topic of a paper submitted to a special issue on the Application of mathematics in

neuroscience in the Mathematical Biosciences and Engineering and is currently under review.

Chapter 5 presents a method for inferring the input parameters of a simple neuron model
driven by periodic input, simulating regular cycles of increased synchrony, by observing the
firing behaviour of the cell. As with the previous measure which relied on the slope of the mem-
brane potential to estimate input synchrony, this method aims to infer the degree of synchrony
driving a neuron, without observing the input spike trains directly. The chapter concludes with
a discussion on the accuracy of the results and a description of the limitations and assumptions
of the method. The work presented in this chapter was the topic of a paper published in Brain
Research [37].

Chapter 6 describes a case study on the use of coincidence detection and input correlations
in synaptic plasticity and input selectivity. We simulated a reconstructed layer 5 pyramidal
neuron model, driven by spike pairs of fixed inter-spike delay, which were regarded as sin-

gle events from a pair of correlated spike trains. This setup allowed us to study the effects of
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correlated inputs that temporally coincide on a specific part of the neuron’s dendrite or soma,
after propagating along the membrane. This chapter deviates from the previous work on iden-
tifying input synchrony and measuring the prevalence of one operational mode over another.
The relevance of this chapter to the rest of the thesis is in the evaluation of a realistic model’s
ability to distinguish between coincident spike pairs with millisecond temporal differences.
The chapter concludes with an analysis of the neuron’s ability to distinguish temporally pre-
cise inter-spike delays, the implications of these limits on the temporal precision of the neural
code, and the potential for learning such fine temporal differences. The work presented in this
chapter was the topic of a paper which has been recently accepted to BioSystems subject to

minor revisions [38].

The main part of the thesis concludes in Chapter 7, with an overview of the results, the conclu-
sions and their implications for the production of new knowledge, with respect to the initial

objectives of the thesis project.

Finally, Chapter 8 presents future extensions and adaptations of the presented methods, in
order to make them more generally applicable and overcome limitations. It also discusses

potential new avenues of research that could build upon the work described in the thesis.



Chapter 2

Literature review

2.1 The neural code

The problem of the neural code can be summarised by the following two questions, illustrated

in Figure 2.1:

(i) How is information (e.g., environmental stimulus, behaviour, thoughts) encoded into

spike trains? This is the problem of neural encoding.

(ii) How does the organism “read” spike trains in order to extract the contained information?

This is the problem of neural decoding.

More specifically, the first question addresses the importance of understanding how the infor-
mation processed by neurons is transformed into spike trains and propagated to the higher
layers of the central nervous system (CNS) and more importantly, which aspects of the spike
trains encode that information. By understanding this mechanism, one could predict the re-
sulting neural activity given a specific stimulus, or generate artificial neural activity in order to
represent a stimulus (e.g., for an artificial sensory prosthetic). The second question addresses
the opposite process, i.e., inferring the stimulus or information from the resulting spike trains.
This would allow us to read spike trains in order to fully understand not only the relevant ex-
ternal stimuli that caused them, but higher brain functions such as abstract thought, language
and memory. These two problems are opposite sides of the same coin, since both result in a
detailed understanding of the brain’s information processing mechanisms. In particular, both
questions involve the discovery of the relationship between specific attributes of spike trains

8
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Y

Encoding

(b) (c) (d)

A

Decoding

FIGURE 2.1: Neural encoding illustrated by the images from left to right (a-d). (a) An object

in the environment (b) is observed which causes (c) neurons in the brain to fire (d) a series of

spikes, which represent the object, or a certain property of the object. Neural decoding is the

problem of taking (d) the spike train and using knowledge of how (c) neurons operate to infer
(b) the observation of (a) the objects.

(e.g., spike rate) and the corresponding attributes of the information they encode (e.g., light

intensity).

The earliest and most commonly accepted proposed encoding mechanism for neurons is the
rate code [39-44]. According to the rate coding model, neurons encode all the available in-
formation on the average rate of firing. This concept was introduced as early as 1926 [39, 40]
when the discharge rate of motor and sensory neurons was found to be correlated with the
force exerted by the relevant muscle (for motor neurons) and the intensity of the stimulus (for
sensory neurons) [40, 41]. In many cases repeated representations of the same stimulus results
in different patterns of spike trains being produced by the same neurons, while the average fir-
ing rates remain relatively constant [45-47]. This variability is often considered to be noise, i.e.,
random activity of neurons that is not associated with encoding. This noise may result from
stochastic properties of spike generation, stochastic synaptic transmission or other sources of
background randomness [10, 48]. A rate code is considered to be robust to such noise sources,
since temporal jitter can alter the relative timing of individual spikes, but not the overall firing

rate.

Contrary to the rate code model, there exists a substantial body of work which supports the
hypothesis that variability in the discharge patterns of neurons is functionally significant, as

opposed to being simply noise [49-52]. Theoretically, temporal codes which rely on precise
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temporal spike patterns or multi-neuron correlations are much more efficient encoders of in-
formation, since in such cases, information can be encoded on various attributes of the spike
train’s timing and does not rely solely on the spike rate [53, 54]. Conversely, when spike trains
are irregular and vary across repetitions of the same stimulus, the average rate of firing cannot
be effectively extracted during any isolated trial [42, 55]. In other words, spike train analyses
that rely on inter-trial averages tend to ignore the fact that the organism does not have access

to such statistics and must make decisions based on a single trial’s response.

Complementary to single neuron codes are population codes which take into account the com-
bined activity of multiple cells [56—59]. Multi-neuron activity has been proposed as a plausible
explanation to several issues surrounding the neural code. The binding problem, as it is often
called, refers to the problem of relating specific perceived features in a stimulus environment
to the corresponding objects. Coordinated multi-neuron activity can explain how feature bind-
ing is achieved [60, 61]. Additionally, studies have shown that groups of motor neurons use a
voting strategy such that the resulting movement is a weighted sum of the activity of a neural

ensemble in which each neuron has a preferred direction [56, 57].

Theoretical analysis of the neural code and spike trains in particular relies heavily on the fact
that the firing of a spike is a stereotyped all-or-none event which, as mentioned above, means
that spike trains can be analysed as a series of indistinguishable events. This allows spike trains
to be treated and analysed as stochastic point processes [28, 29] and all the related mathematical
formalisms can be applied. For instance, the firing rate can be described as the first passage
time of the membrane potential to the threshold. Spike trains can be compared in terms of

their firing rate, inter-spike interval distributions and correlated event times.

Of notable interest is the approach of the spike-triggered average (STA) stimulus (also known
as the reverse correlation between spike train and stimulus) [15, 26, 42, 62]. This is a relatively
direct approach to the second question posed above, i.e., the problem of decoding. Generally,
the STA is the average stimulus in all time windows of a fixed length preceding each spike in
a trial (Figure 2.2). In other words, it is the average of all inputs that caused a response spike
and can be interpreted as the meaning of a single spike, in terms of the sensory stimulus, or the
stimulus current generated by pre-synaptic firing. Additionally, such an analysis can indicate
the stimulus selectivity of a neuron, as any deviation of the STA from the overall average

stimulus shows a preference of the neuron towards the specific stimulus [42].
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stimulus

FIGURE 2.2: Schematic representation of the calculation of the spike-triggered average (STA)
stimulus. The waveform (top row) represents the time varying stimulus which is aligned with
the response spikes (second row) fired by a neuron driven by that stimulus. The graph at the
bottom of the figure is the average of all stimulus waveforms within a short time period prior
to each response spike. These time periods are represented as dashed boxes on the stimulus,
which are aligned with the fired response spikes. Image taken from Gerstner and Kistler [16].

An interesting approach to the problem of the neural code is analysing spike trains in terms of
their information content using information theory [25]. In general, information theory can
be used to determine the amount of information flowing through a communication channel.
In the case of neural systems, the communication channel is a network of neurons. Such anal-
ysis relies on specific assumptions about the neural code which can be confirmed, or refuted,
when theoretical results accurately predict, or support experimental behaviour. For instance,
in the motion-sensitive neuron of the fly, time-dependent input signals produce variable spike
trains which can carry twice the information of a constant rate, noisy response to constant
stimuli [46]. Deco and Schiirmann [63, 64] used a simple neuron model to generate spike
trains in response to various signals. The study focused on demonstrating how information
theory can be applied to analyse the amount of spikes required to distinguish between signal
inputs of varying similarity. Such a method can be used to measure the time-scales of process-
ing in neurons, by estimating the time required to process and convey enough information
to distinguish between different stimuli. With respect to the problem of the neural code, in
certain studies it has been noted that information theory does not confirm the existence of a
temporal code [27, 65] while in others, rate codes proved insufficient in carrying the informa-
tion contained in the known stimulus [52, 66]. However, it should be noted that estimates of
information depend greatly on the experimenter’s choice of stimuli and selecting the appro-
priate stimulus set is not trivial [27, 67, 68]. Regardless of the difficulties, information theory
has proven to be a very useful means of investigating the information processing capabilities
and limitations of biological neural systems and conversely, its application to neuroscience has

helped information theory evolve by providing it with new directions of research [69].
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2.2 Neural operational modes

Coincidence detection & temporal integration

It is evident from Section 2.1 that there is a great debate within the computational neuroscience
community concerning what is perhaps the most fundamental aspect of the field: the mecha-
nisms used by neurons to encode information into spike trains. In 1982 it was proposed that
neurons in the cortex may act as coincidence detectors rather than temporal integrators [70].
Temporal integration implies that neurons operate as integrate-and-fire devices, firing a re-
sponse after a certain number of pre-synaptic spikes (on average) arrive at the neuron’s in-
put [43, 71]. Under this assumption, the temporal structure of pre-synaptic spike trains is lost
in the integration process of the post-synaptic neuron. The firing rate of the post-synaptic
neuron encodes the intensity (i.e., the rate) of the joint pre-synaptic activity. On the other
hand, coincidence detection implies that the firing of a neuron is a result of synchronous ar-
rival of multiple input spikes and that temporally dispersed spike trains are unable (or less
likely) to cause a neuron to fire [72, 73]. While it is relatively straightforward to show that
a passive model neuron can be excited by both temporally dispersed and precisely coincident
activity [31, 74, 75], the existence of the latter has great implications for the nature of the
neural code [35, 72, 73, 76]. In particular, if coincidence detection was indeed found to be the
dominant mode of operation in certain neurons, it would indicate an increased significance of
precise timing in spike trains, which greatly reinforces and supports the existence of temporal

codes, as opposed to rate codes [72, 73, 76].

The debate surrounding the matter of the two encoding schemes, coincidence detection and
temporal integration, was fuelled in 1992 and 1993 when William Softky and Christof Koch
published an analysis of cortical cell recordings which showed that the particular neurons
fire highly irregular spike trains in response to constant visual stimuli [72, 73]. While the
irregularity found in spike trains was not an original discovery on its own [39-42], the (near
Poissonian) high levels of variability, indicated by a coefficient of variation (CV) between 0.5
and 1.0, at rates up to 300 Hz, contradicted the notion that cortical cells operate as integrate-
and-fire devices. More specifically, an integrator firing at such high rates, produces much
more regular spike trains, a result that is evident by simulations of leaky integrate-and-fire
(LIF) model neurons with biologically realistic parameter values (and in particular, a membrane

leak time constant within the range of realistic values, 10 to 50 ms) [35, 73, 77].
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From this analysis it follows that either cortical cells are selective of synchronous (i.e., coinci-
dent) activity at their input [73], or that a number of the underlying assumptions about neural
operation and connectivity are inaccurate, or both. Certain explanations for the observed ir-
regularity focused on the single neuron and in particular, weak re-polarisation (i.e., partial
reset) [35, 77, 78] and variable threshold [79, 80], while others considered strong inhibition in
cortical cells [43, 71, 81, 82], network effects [83-87] or the temporal structure of excitatory

input [88, 89].

Additionally, the discovery of such highly variable spiking at high rates inspired a number
of publications regarding methods of measuring the level of variability [see 90, for a review].
The reason for this arose from the realisation that the classical measurement, the coefficient of
variation (CV), is very sensitive to rate changes and may overestimate the variability in cases
where the underlying rate fluctuates [47, 48, 90, 91]. Initially, Holt et al. [48] proposed the
localised coefficient of variation (C'V3), which measures the variability between adjacent inter-
spike intervals (ISIs). This makes the metric robust to firing rate changes in long recordings.
Other localised measures of variability, which also rely on the variability between adjacent
ISIs are the local variation (LV) [92], the IR [93] and the spiking irregularity measure SI [94].
In particular, the LV metric was developed in order to distinguish between multiple motor
neurons based on their spiking irregularity, measured by the metric. The LV was shown to
be a reliable identifier of individual neurons [92]. The IR metric was developed for a similar
purpose as the LV and was also successful in identifying specific types of neurons based on
their spiking irregularity [93]. These authors also mentioned that the IR overestimates the
irregularity of a spike train when there are very fast rate variations, but is robust to slower
rate fluctuations [93]. The SI metric is used under the assumption that the intervals of a spike
train follow a gamma distribution. The metric is used to estimate the shape parameter of the
distribution, which corresponds to the spike train’s irregularity [94]. In a review article where
these local measures of irregularity were compared by measuring the irregularity of a group

of spike trains with known fluctuating rates, the most reliable metric was shown to be the

CVy [90].

Christodoulou and Bugmann [77] compared some of the proposed solutions to the problem
of high irregularity at high rates. They criticised the lack of proof of exact Poisson type fir-
ing of other studies [43, 78, 81, 82, 89, 95, 96] and proved that only the partial somatic reset
mechanism [35] reproduced the experimental firing statistics adequately. However, in their

critique, these authors made some strong assumptions about the experimental data and the
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related statistics [77]. The authors tested alternative mechanisms and assumptions based on
their ability to fit Poisson-like statistics in three ways: (i) CV vs mean inter-spike interval (IST)
curve that fits the corresponding theoretical curve for a Poisson spike train with refractory
period, (ii) exponentially distributed ISIs, and (iii) independence between ISIs (shown using an
autocorrelation test). While these tests are indeed required to prove that a stochastic point
process is of Poisson type, the original experimental data did not meet these statistical re-
quirements either [72, 73]. In particular, Christodoulou and Bugmann [77] rejected the idea of
strong inhibition being an explanation of highly variable firing at high rates [43, 71, 97] based
on tests (i) and (iii) above. However, Softky and Koch [73] showed only that experimental
data is “approximately consistent with a description of spiking as a Poisson process” (i.e., the
experimental data is close to the theoretical CV vs mean ISI curve for a Poisson process with
refractory period) and did not attempt to show independence of ISIs [72, 73]. Furthermore,
it has often been noted that cortical spike trains are not completely described by a Poisson
process [98—102]. Therefore, a hypothesis for the causes of highly variable firing at high rates

cannot be rejected for not fitting Poisson statistics exactly.

During the discussion regarding the causes of high firing variability at high rates, the impor-
tance of the existence of such high variability received much less attention. Discovering the
mechanisms of simple single neuron models that are able to reproduce experimental statis-
tics became more important than the function of the phenomenon itself. While it is clearly
desirable to discover the mechanism underlying the behaviour, since it could lead to a better
understanding of its function, the implications of its existence were given less attention. Addi-
tionally, it should be reiterated that Softky and Koch [72, 73] discovered that the variability was
only observable in vivo, while in vitro stimulation always produced regular spiking. It is curi-
ous then how a great proportion of the studies of this phenomenon focused on single neuron
mechanisms [35, 77-80] and its input [43, 71, 81, 82], while network effects were considered
less frequently [83-86]. Correlated, even synchronous, activity has been observed throughout
the nervous system [50, 103—-110] while Softky and Koch [73] assumed that the input to corti-
cal cells is always of Poisson type and that high rate small excitatory post-synaptic potentials

(EPSPs) create a near DC current input to cortical neurons.

A very interesting view on the matter of neural spiking activity is that the two operational
modes, coincidence detection and temporal integration, are opposite extremes on the same
continuum [31, 51, 74, 75, 111]. This notion supports that temporal integration occurs when

a neuron receives temporally dispersed input spike trains and coincidence detection occurs
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when input spikes are highly synchronised. The ability of neurons to spike in response to both
synchronous and asynchronous activity suggests that the underlying operational mode is not
dependent on an attribute of the neuron itself (such as selectivity to coincidences), but rather
it is a result of the level of synchrony at the input. This can be understood by considering
the quantitative differences between a rate (or spike count) code and a precise temporal code.
While the former relies on averaging spike rates across relatively long periods of activity, or
counting the number of spikes in long temporal windows, the latter relies on the same process
but with a temporal window being only wide enough to contain a single spike, effectively

increasing the importance of the precise time of firing of each individual spike (Figure 2.3).

The implication of this point of view is that it is counterproductive to speak of temporal inte-
gration and coincidence detection and by extension, rate and temporal codes, as clearly distin-
guishable alternatives. While there is a clear conceptual distinction between the two modes,
it is important to keep in mind that between them lies a continuum of encodings based on the
temporal precision and accuracy of spike generation. Therefore, it is more useful to speak of
temporal precision in terms of the time scales required to distinguish responses to different

external stimuli [112-116] (see Section 2.3 subsection on Spike train distances).

It has been identified experimentally and subsequently studied theoretically, that in the au-
ditory system, the temporal precision is of the order of microseconds [117-122]. This means
that neurons in the auditory system operate primarily as coincidence detectors, with a high
sensitivity to precisely timed synchronous arrival of input spikes. For neurons with membrane
time constants between 10 to 20 ms, as is found in the visual cortex, the temporal precision is

considered to be between 1 to 3ms [117].

Additionally, it is useful to define the neural modes of operation and encoding schemes in
terms of the temporal characteristics of the input [31, 74, 75, 123]. Of particular interest is
the concept of pulse packets [74, 124, 125], which provides a way to formalise the degree of
synchrony at the input of a neuron and directly affects the resulting operational mode. More
specifically, a pulse packet describes the combined activity of a number of neurons in terms of
two parameters: (i) the number of neurons that fired and contributed to the packet (i.e., the total
number of spikes in the packet) and (ii) the temporal dispersion of the spiking activity. Using
this formalism, a low temporal dispersion (i.e., high synchrony) results in a high reliability
of response [31, 75], which means that highly synchronised spike trains are more likely to

propagate their precise temporal structure to the next layer. Therefore, highly synchronised
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FIGURE 2.3: Two spike trains (A and B) with the same number of spikes (9 in total) may be

considered identical or different depending on the size and positions of the bins of a binning

procedure. The first bin size is equal to the length of the spike trains, which makes the spike

trains appear identical. With smaller bin sizes, the difference between the two spike trains be-

comes more apparent until the bin size is only large enough to contain a single spike, in which

case the spike trains can be represented by binary strings, where 1 represents the occurrence
of a spike and 0 the absence.
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input which defines coincidence detection, raises the significance and reliability of the temporal
precision of spike trains. In other words, the existence of synchrony in the input suggests

temporal codes.

2.3 Synchrony

The importance of synchrony in neural processing is a heavily studied topic. Synchronous
activity can reliably propagate through neural layers [123, 126-128], which suggests that in-
formation may be encoded on more precise time scales than the general rate codes. Recently,
the concept of synchrony receptive fields was introduced theoretically [129], which is defined
as a set of stimuli that cause a pair (or group) of neurons to fire synchronously. Such a mecha-
nism is closely related to theories of the role of synchrony in neural binding [60, 61]. Detecting
convergent synchronous activity (i.e., synchronous firing with a common, post-synaptic cell
or population) and measuring it can be very useful in discovering the prevalence and effects

of such a phenomenon.

A great number of experimental studies confirm the existence of synchronous activity in var-
ious parts of the brain, such as the olfactory bulb [106], hippocampus [104], somatosensory
cortex [105], auditory cortex [107], visual cortex [50, 109], and retina [103, 108, 110]. As we
argued at the end of Section 2.2, synchronous activity between neurons in a network causes
downstream neurons to behave as coincidence detectors, assuming the downstream neurons
are driven by the synchronous activity directly, which provides strong evidence of temporal
coding mechanisms. Therefore, any search for spike synchrony in a network of neurons is
synonymous with a search for temporal encoding schemes and the temporal precision of the
encoding performed by any given neuron can be expressed in terms of its input spike train

synchrony and vice versa.

Identifying synchrony and more importantly, quantifying the levels of synchrony in neural
circuits is not a trivial task however [130-135]. Given any pair or group of active neurons,
there is always an amount of observable coincident spiking due to random chance. In other
words, even under the assumption that inter-neuron firing times are independent (i.e., no cor-

related activity), there is always an expected amount of synchronous activity. This expected
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level of synchrony naturally increases as the firing rates of the neurons under observation in-
crease [134]. High amounts of observable synchrony between large ensembles of neurons with

high activity is therefore not necessarily of any significance.

However, there is a point to be made on the subtle difference between a neural ensemble spiking
in synchrony and coincidence detection at the single neuron level. In particular, the former
implies the latter if the synchronous activity, or at least part of it, converges onto a neuron
which can cause a repetition of spike patterns in subsequent layers, as in the so called synfire
chain [70, 74, 123, 130, 136]. A synfire chain defines a specific network structure. It is a feedfor-
ward network of layered neurons, where each neuron in a given layer connects only to neurons
in the next. Activity in synfire chains can propagate with tight synchrony throughout subse-
quent layers, depending on the size of the layer and the connectivity of the network [74, 130].
If precise spike patterns are used to encode information, the information is preserved by the
precise repetition of patterns in subsequent layers. As with synchronous activity in general,
identifying synfire chain activity embedded in large networks still poses a challenge. The exis-
tence of repeating patterns of activity does help to support the arguments for the existence of a
feed-forward, strongly connected structure, but even if such activity is significantly more than
expected by chance, it does not prove the existence of the particular connectivity associated

with synfire chains [130, 137].

As mentioned above, synfire chain activity is hard to detect and even harder to prove [130, 137].
Precise temporal spike trains are not alone sufficient to prove coincidence detection or a tem-
poral code. In order to address the matter of precise spike train propagation and successfully
identify coincidence detection, the detailed interplay between input spike train statistics, so-

matic integration and spike generation mechanisms need to be studied at the intracellular level.

Spike train distance

Measures of spike train distance are a family of methods for calculating the dissimilarity (dis-
tance) between two or more spike trains [113, 114, 138-144]. Such measurements for spike
trains are useful for quantifying the differences and similarities of spike timings across a num-
ber of trials with common stimuli [114], or measuring the spike time synchrony within a neural
sub-population [139, 140, 142, 143]. The distance measured by these methods is equivalent to
the inverse of the synchrony of the spike times. In most cases, these measures operate on two

spike trains, calculating the difference between the times of individual spikes between the pair.
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They evaluate to 0 when a pair of spike trains is identical and the value increases as the spike

times in each spike train diverge.

The Victor-Purpura spike train distance (V-P), is a measure of the dissimilarity between two
spike trains expressed as the cost of converting one spike train to another, in a similar fash-
ion to the more general edit-length distance for sequences of characters or symbols [141]. The
measure assigns a cost of 1 for adding or removing a spike and a parameter cost ¢ (with units
s~ 1) for shifting a spike along the time axis. The algorithm computes the minimum cost for
transforming one spike train into another. Removal and addition of a spike is less costly than
shifting, when the time difference between two spikes (At) is greater than 2At¢q. The param-
eter g therefore controls the temporal precision assumed by the measure. For ¢ = 0s~!, the
V-P distance becomes a simple spike count measure, since shifting spikes is free and therefore
the cost of converting a spike train into any other is defined simply by the cost of adding or
removing spikes. As q increases, the measure becomes increasingly sensitive to precise spike

timing.

The van Rossum distance has a similar nature to the V-P distance but uses a more straight-
forward algorithm to compute the distance [113]. The algorithm to compute the van Rossum
distance between two spike trains is simply composed of a convolution of the spike trains
(where a spike train is represented as a sequence or sum of Dirac delta functions, eqn. 2.1)
with an exponential kernel with time constant 7. (eqn. 2.2). The purpose of the kernel is to re-
semble the shape of a post-synaptic potential or current. The final distance between the spike

trains is the integral of the difference between the two convolved functions (eqn. 2.3).

‘ M
FE) = 6t —t) (2.1)
i
f&)=> H(t—t;)e /™ (2.2)
D) = [ 1) - ot @3
0

The parameter 7. serves the same function as the ¢ parameter of the V-P distance, though with
inverse effect. In other words, for large values (7. — oc0) the measure computes the difference
in spike counts, and for small values (7. — 0) the distance increases as spike trains differ in

precise spike timing.
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The SPIKE-distance, a time resolved and time-scale independent metric, relies on instantaneous
differences between nearby spikes from two spike trains and constructs a temporal profile of
differences between the spike sequences [142]. Single valued differences between a pair of
spike trains are calculated as the integral of the temporal profile. The SPIKE-distance is a
parameter-free measure, which is advantageous when no assumptions can be made about the

temporal precision of the spike trains being analysed.

More recently, Rusu and Florian [144] introduced the modulus-metric, a spike train metric
inspired by the Pompeiu-Hausdorff distance [145, 146] between two nonempty, compact sets.
The modulus metric computes the distances between two spike trains using the difference
between the time-resolved distances between all times ¢ and the closest spike in each spike
train for the duration of the spike trains [144]. The behaviour of the modulus-metric is similar
to the SPIKE-distance since they are both parameter-free and both construct a temporal profile

of spike coincidences and distances, the integral of which is computed as a spike-train distance.

When analysing multiple spike trains, the aforementioned measures can be used to calculate
the average pairwise distance. Pairwise calculations however scale fast (on the order of N2,
where NN is the number of spike trains), making such calculations infeasible for even a few
dozen spike trains. A variant of the SPIKE-distance for multiple spike trains, the multivariate
SPIKE-distance, can be calculated using the standard deviation of spike times following or

preceding a point in time, which scales linearly with N [142].

2.4 Input reconstruction and inference

A neuron’s behaviour is generally thought to be a function of its intrinsic properties and the
input that is driving it. In modelling studies, the intrinsic properties are represented by the
neural parameters (e.g., membrane leak time constant), which often have direct biological in-
terpretation. Input parameters depend on the modelling technique used for the input. Most
commonly, inputs are modelled as either a time-varying input current or a sum of Dirac delta
pulses [16]. Reconstructing a neuron’s input involves observing the neuron’s behaviour (ei-
ther the spiking activity or the intracellular voltage), knowing the values of the intrinsic neural

parameters and estimating the parameters or the waveform of the input.

The STA, mentioned in Section 2.1 can be used as part of an input reconstruction method. After

calculating the STA waveform of a neuron based on the firing activity and the known input
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signal, an estimate of unknown input signals can be constructed by convolving the spikes fired

by the same neuron at a different time, with the calculated STA waveform [15, 16].

Other methods however, based on maximum likelihood estimation, do not assume any known
input and use the membrane voltage to estimate input parameters [34, 147-149]. These studies
use a stochastic diffusion model, based on the Ornstein-Uhlenbeck process [150] and estimate
the drift (1) and variance/noise (o) parameters of the stochastic process that models the input

signal.

Lansky [147] developed a maximum likelihood estimator for the Ornstein-Uhlenbeck model,
assuming constant values for the parameters. Kobayashi et al. [34] developed a similar method
for estimating the time-varying input parameters (u(¢) and o (¢)) and achieved high accuracy,
as long as the variation of the parameters was slow. Bibbona et al. [149] measured the bias
of input parameter estimators when applied to single samples of observed trajectories (i.e., a
single inter-spike interval) of the membrane potential. This single-shot estimation procedure
assumes that the values of the parameters, ;1 and o are constant for the duration of the ISL
Iolov et al. [151] assumed a sinusoidal input signal and described a method for estimating the
parameters of the input by binning and averaging estimates at appropriate time shifts, such

that intervals that shared similar parameter values were averaged together.

Generally, input estimation methods require simplifying assumptions for the model and the na-
ture of the input. The LIF or one of its variants is used as a model of neural behaviour, which
allows for analytical treatment. Input estimation, i.e., reversing the integration process per-
formed by the model, becomes feasible due to the passive integration performed by the model,
especially when intrinsic neural parameters are known. Conversely, such estimations are less
successful on more complex models, where active conductances and the interplay between
various ionic channels create nonlinear interactions between input signals and membrane tra-
jectories. Despite the simplicity of the LIF and its variants, it is widely regarded as a useful tool
for analysing neural behaviour and input estimation methods can help us develop methods
for decoding the stimulus, after observing the resulting behaviour of the internal state of the

neuron.



Chapter 3

Determining the causes of firing

using the membrane potential slope

One of the general aims of this thesis is to develop methods for analysing single neuron ac-
tivity, with the specific goal of discovering the temporal precision of the neural code. More
specifically, it aims at distinguishing between the two operational modes, temporal integra-
tion and coincidence detection, as they were presented in Section 2.2. This follows from the
work of Bugmann et al. [35], who used the STA stimulus of a simple model neuron, the LIF with
partial somatic reset (LIFwPR), in order to determine the dominant operational mode. After
failing to provide conclusive evidence towards either one of the proposed mechanisms, these
authors suggested using reverse correlations of the spike train and membrane potential of the

specific neuron, which is where this thesis begins.

The realisation that the operational mode of a single neuron is a function of the temporal statis-
tics of its input, rather than an intrinsic neural mechanism (see Section 2.2), and the suggestion
that the time course of the membrane potential may hold evidence towards determining the
operational mode of the single neuron, drove the project towards looking at evidence of input
parameters projected onto the internal state of the neuron itself and particularly, the intracel-
lular membrane potential. Previous studies have investigated the correlation between input
synchrony and membrane potential slope [31]. A similar, analytical study also identified the
dependence of a neuron’s firing rate on the derivative of the membrane potential as a mech-

anism for inter-neuron synchronisation [32]. We used this knowledge to identify evidence of

22
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high levels of input synchrony at a neuron’s input, by looking at the shape and rise time of the

membrane potential prior to the firing of a spike.

This quantification required defining the two operational modes in terms of input synchrony
and in effect, in terms of the membrane potential slope. This way, the slope of the membrane
potential resulting from completely synchronous (denoting coincidence detection) and dis-
persed input (denoting temporal integration) could be determined. Any subsequent pre-spike
membrane potential slope, resulting from partially synchronous activity, could be normalised
and expressed as a value within a bounded range, where 0 denotes temporal integration and 1

denotes coincidence detection.

3.1 Neuron models

Despite the criticism described in Section 2.2 concerning the possibly incorrect assumptions
of the Poisson-like nature of neural firing, we still consider the partial reset variant of the
LIF a very accurate spike generator model, because it fits accurately the experimental CV vs
mean firing ISI curve for high firing rates [35, 73, 77]. Therefore, the method was to be used
to quantify the relative contribution of each operational mode to the firing of highly irregular
spikes at high rates, as analysed and presented by Softky and Koch [72, 73, see also Section 2.2
of this thesis]. The standard LIF (with total reset) is used as a baseline model for developing
and generalising the methodology and for further investigations into the operational mode and

the effects of pre-synaptic synchrony.

3.2 LIF and LIFWPR neuron models

The LIF model is described by the following differential equation:

dv

o7 = V(O + Viess + RI(1) (3.1)

Tm

where 7,,, is the membrane leak time constant, V.. is the resting potential, R is the resistance
and [(t) is the time-dependent input. The input is usually modelled either as a time-varying
function or a sum of spike trains that cause instantaneous jumps. In the former case, I(t) is

modelled as an input current and in the latter, R is removed and I (t) is composed of a sum of
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Njy, pre-synaptic spike trains, which fire spikes (/,(t)) that cause instantaneous jumps of size

AVj in the membrane potential (eqn. 3.2).

Nip
I(t) =) " AV,I,(t) (3.2)
n=1

In our work, we use the latter formalism of multiple super-imposed spike trains (see Sec-
tion 3.3). AP firing is modelled explicitly by resetting the membrane to a fixed value Vgt
when the potential V' (¢) reaches a fixed threshold V};,. A reset parameter 3 is used to control

the value of V.cset which also controls the model variant we use [35] (eqn. 3.3).

‘/Teset = 5(‘/;%1 - V;"est) + ‘/rest (3-3)

For 8 = 0, we have V,.cset = Vjest which makes the model behave as the standard (total reset)
LIF. Setting 0 < 8 < 1, causes Vyest < Vieset < Vip which means that the membrane potential
is set to a higher value than rest after a spike is fired. We call the second variant the partial
reset model (LIFwPR) [35]. After reset, the integration of inputs continues, but the threshold
(and firing mechanism) is disabled for a refractory period ¢,. This method of simulating the
refractory period, as well as the value for the parameter (2 ms), were taken from Bugmann
et al. [35] for compatibility with their results and analysis regarding the highly irregular firing

at high rates.

3.3 Input generation

Synaptic inputs were modelled in all cases as realisations of a Poisson process (i.e., intervals
were exponentially distributed). The input population was characterised by five parameters,
two of which relate to synchrony. The non-synchrony parameters are (i) the number of input
spike trains (/V;,), (ii) the average rate of the inputs (f;;,) and (iii) the level of depolarisation
caused by each spike on the membrane potential (AVj, the synaptic weight). In addition, the
two parameters which define the level of synchrony are (iv) S;;,, which denotes the proportion
of spike trains which are synchronous and (v) o;,, which is the standard deviation of a normally
distributed random variable that is used to apply Gaussian jitter to each individual spike in
each of the identical spike trains. The parameter ranges were chosen such that our measure
is investigated in the entire operational mode range of the LIF model. More specifically, spike

trains are generated as follows:
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1. Generate one Poisson spike train, with rate f;, for the length of the simulation 7.

2. Copy the generated spike train S;, N;, — 1 times, giving a total of S;,, N;,, identical spike

trains (where S;, N;, is rounded to the nearest integer).

3. For each spike in all spike trains generated so far, shift its time by a random variate

drawn from a normal distribution X ~ N(0,02).

4. Generate (1 — S;;,) N;, Poisson spike trains, giving a total of N;, input spike trains.

Figure 3.1 shows four sample input cases. The raster plots show the effect of the two variables
Sin and o;;, on the overall synchrony of the spike trains. During a simulation, each input spike

causes an instantaneous jump of AVj in the post-synaptic neuron’s membrane potential.

The maximum value for o;, of 4 ms (see Table 3.1 for ranges and values for all parameters)
was chosen such that it is high enough to reduce synchrony significantly, even for cases where

Sin = 1.

Note that, while various input parameter ranges were investigated for the LIF model, the pa-
rameters of the LIFWPR model are constant (Table 3.1). These values were taken from Bug-
mann et al. [35] who investigated the LIFWPR model and determined the parameter values
which cause highly irregular high rate firing. Therefore, an investigation of the parameters of
the LIFwPR model is not necessary, as we employ the specific model solely to investigate its

sub-threshold membrane potential trajectories in the highly irregular high firing rate regime.

Our work in this chapter focused exclusively on excitatory inputs. This simplifying assumption
allowed us to define more clearly the effects of synchronous activity on the membrane potential
trajectory in a more predictable fashion. Even though it has been demonstrated [152] that
increasing inhibition leads to greater membrane potential fluctuations in addition to reducing
the mean membrane potential, the effects of inhibition on the slope of the membrane potential

were not studied in this part of the thesis.

Table 3.1 gives a list of all the parameter values and ranges used for the LIF and LIFwPR sim-

ulations.



Chapter 3. Determining the causes of firing using the membrane potential slope 26

(@) Sin = 0.2, 04, = 0ms (b) S;» = 0.2, 0y, = 3ms

50 P R I O U RO

OTAD

(c) Sin = 0.8, 05, = O0ms (d) S;n = 0.8, 05, = 3ms

TR Te st K T LD ern T s s ee

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

FIGURE 3.1: Four sample input cases showing the effects of the two synchrony parameters S;,,
& o, (see text for details) on the overall temporal structure of the input spike trains. For all
three cases, N;;, = 50 and T" = 1s. The first raster plot (a) shows a mostly random set of
spike trains, with only 20 % of the spike trains being completely synchronised (S;, = 0.2).
The second plot (b) shows the effects of jitter (o;, = 3 ms) on a set of spike trains with low
synchrony (S;, = 0.2). The third plot (c) shows a much higher degree of synchrony with
80 % of the spike trains being identical (S;, = 0.8). The fourth plot (d) shows the effects of
high jitter (o;, = 3 ms) on spike trains with 80 % synchrony (S;, = 0.8). Comparing (c) to
(d), while it is apparent by the vertical columns of aligned spikes that there is a high amount of
synchrony in both, the existence of Gaussian jitter in (d) makes the overall spike trains more
noisy and the columns are less pronounced.

3.4 Pre-spike membrane potential slope

The definition of the operational modes had to take into account the partial somatic reset mech-
anism, which only partially re-polarises the membrane potential after a spike is fired. Since
this mechanism affects the internal state of the model neuron (i.e., the membrane potential),

our method should account for arbitrary post-spike reset levels.

Our method should produce a normalised value within a bounded range. We designed the mea-
sure such that the range of values is [0, 1]. The value is calculated by normalising the slope of

the membrane potential preceding each spike. The normalisation requires defining the bounds
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Symbol Description Value for Value for  Units
LIF LIFwPR
Vin Firing threshold 15 15 mV
Viest Neuron resting potential 0 0 mV
Vieset  Neuron reset potential 0 0 mV
R Membrane resistance 10 10 kQ
Tm Membrane leak time constant 10 10 mV
ty Refractory period 2 2 ms
AVs  Synaptic weight 0.1to 2.0 0.16 mV
N; Number of input spike trains 30 to 200 50 -
fin Input spike frequency 20 to 700 150 to 300 Hz
Si Input synchrony degree Otol Otol —
Oin, Gaussian jitter Oto4 Oto4 ms

TaBLE 3.1: Parameter symbols and value ranges for the models used throughout this chapter.

Many of the parameters share a common value; we list them explicitly for completeness.

The ranges of the input rates were chosen accordingly to study the entire obtainable firing
frequency range.

of the membrane potential slope associated with each operational mode, which in turn requires
precise definitions of the operational modes themselves. We define the upper and lower slope
bounds for the normalisation as the slopes that would result from highly synchronised and
highly dispersed input spikes respectively. This follows from previous work which indicates
that precisely synchronised input results in the neuron operating as a coincidence detector,

while completely dispersed input is associated with temporal integration [31, 74, 75, 111].

The following equations are used to calculate the bounds of the membrane potential slope
associated with completely synchronised (eqn. 3.4) and completely dispersed (eqn. 3.5) input

spike trains respectively:

U, = [V;fh - (‘/rest + (V;“eset - ‘/rest)E)] wil (3.4)
L; = [V;fh - (‘/Test + 1y (1 - E))] w! (3.5)
At;—w
E=e (3.6)
V - erese
Iy = g (3.7)
l—e ™

where w is a method parameter called the coincidence window, At; is the duration of the ISI
preceding the i*" output spike (At; = t; — t;_1), and Iy is the constant input (expressed as
a voltage — current times resistance is implied) required to fire at the end of the ISI, starting

from V5. F is a common term that is used to calculate the effect of the membrane leak from
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the start of an ISI up to the start of the coincidence window, At; — w.

The coincidence window w defines the maximum temporal distance between a pair of spikes
that are considered to be coincident. Smaller values of w increase the temporal precision of
the assumed neural code. For instance, for w = 5ms, any number of spikes which arrive
within 5 ms prior to the firing of a spike are considered to have arrived synchronously. This
will be reflected in the slope value associated with coincidence detection, U; (eqn. 3.4), which
will regard any membrane potential changes within 5ms prior to a spike as instantaneous.
The value of the membrane potential slope associated with temporal integration, L; (eqn. 3.5),
assumes that under conditions where there is no synchronous activity, the membrane potential
of the neuron rises almost steadily from the reset potential (V,eset) to spike threshold (V;3),

during the entire duration of the inter-spike interval (At;).

The requirement for a coincidence window parameter is twofold. First, since inputs to the LIF
model are modelled as instantaneous jumps, the trajectory of the membrane potential is dis-
continuous. The coincidence window allows us to calculate the rate of change of the membrane
potential from the start of the window to the end, ignoring the discontinuity of the trajectory.
The second reason is somewhat conceptual. Coinciding or synchronous events almost never
occur simultaneously (to an arbitrarily high temporal precision), therefore the precision of
temporal coincidence is different for each case. For instance, synchrony can be defined as two
events within at most 2 ms of each other if time-scales are small and processing is considered
to be fast. In other cases this temporal difference can be larger, e.g., 5ms or even 10 ms. The
w parameter allows us to measure synchrony using different definitions of temporal precision.
The choice of value depends on the temporal precision of a given neuron, which is usually
considered to depend on the leak time constant (shorter time constants make a neuron more
sensitive to coincidences which implies a higher precision). As mentioned in Section 2.2, the
temporal precision for neurons with membrane time constants between 10 to 20 ms is consid-
ered to be between 1 to 3ms [117]. We use a membrane leak time constant of 10 ms, as our
study originated from data and models of neurons of the visual system [35, 73] and therefore

we use a temporal window of length 2 ms.

The bounds are used to linearly normalise the slope of the measured pre-spike membrane
potential. Using the coincidence window defined for the bound definitions w, we calculate the

average rate of change of the membrane potential between ¢; and ¢; — w, which is the slope of
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FIGURE 3.2: Example membrane potential trace V (¢) for the LIFwPR model (blue solid line).
The pre-spike windows (w) are shown as red rectangles. The related secant lines are shown as
dashed blue lines starting from w = 2 ms before each spike (¢; —w) and ending at the threshold
(Vi represented by the dashed black line) at the time of each spike (¢;). The two grey curves
represent the upper and lower bounds. The lower bound (low slope) corresponds to the curve
starting at the post-spike reset potential (in this case, V;.cse+ = 13.65 mV) and ending at the
point where the potential crossed the threshold (V;;, = 15 mV). The upper bound (high slope)
corresponds to the curve which decays from the post-spike reset potential for the duration
of the ISI. The two bounds correspond to the theoretical trajectory of the membrane in the
presence of constant input for the lower bound and completely synchronised inputs, with no
background activity, for the upper bound.

the secant line that intersects the membrane potential curve at the start and end of the window

w (Figure 3.2), as shown in eqn. 3.8.

The slope of the secant line of the membrane potential prior to each spike is calculated as the
difference of membrane potentials between the start and end of the coincidence window, over
the duration of the window (Figure 3.2, eqn. 3.8):

V(tl) - V(ti - w)

w

where V' (t) denotes the membrane potential at an arbitrary time ¢. Note that V'(¢;) denotes

the membrane potential at the time of firing of the ¢-th spike, in other words, during threshold
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crossing and therefore V'(t;) = V};, always. The resulting value is subsequently normalised

between U; and L;:
m; — L,‘

M, =
YU - L

(3.9)

Finally, the mean M; of an entire simulation is calculated to characterise the simulation’s be-

haviour as a whole:
1
Ny 4

M= M;, (3.10)

s
Il
—

where Ny, is the total number of spikes fired in the given simulation run. Since the bound cal-
culations involve the preceding ISI of each spike, the value of M for the first spike is calculated
using the start of the simulation ({y) = 0 ms), assuming the initial voltage is equal to the reset
potential (V' (0) = Vj.¢set) and the input spike trains begin driving the neuron from the start of
the simulation (stimulus onset is at ¢g), both of which hold for our simulations. Alternatively,

the calculation may consider only the Ny, — 1 intervals between all fired spikes.

We refer to the method described in this section, as well as the value it measures, as the Nor-

malised Pre-Spike Slope, or NPSS for short.

3.5 Results for LIF

The six images in Figure 3.3 show results of simulations of the LIF neuron for various parameter
combinations (see figure caption for details). The parameters were chosen to demonstrate how
the NPSS behaves under sub- and supra-threshold stimulation. The plots show the mean NPSS
of the membrane potential (M) for all combinations of S;;, and o, within the value ranges
specified in Table 3.1. Each M value represents the mean M for all spikes fired during 7' = 10's

of simulated time.

M reaches the maximal value of 1 in the lower right hand corner, which corresponds to com-
pletely synchronised input spike trains (S, = 1) with no jitter (g;;, = 0 ms). As expected, less
synchronised spike trains (lower S;, values, i.e., moving left on the plot) decrease the value
of M. The correlation between S;,, and M, when 0;, = 0ms, shows a near perfect positive
linear relationship, with a correlation coefficient of pg 3y = 0.99 (clearly shown in Figure 3.4a).
Similarly, increasing the amount of jitter (higher o, values, i.e., moving up on the image) also

decreases the value of M. The correlation coefficient between o;,, and M, when S;,, = 1, is
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FIGURE 3.3: The normalised pre-spike membrane potential slope (NPSS, M) for a LIF neuron
model with total reset. For each plot, the firing rate of the LIF neuron is kept constant by
calibrating the rate of the input spike trains at each data point. All the input spike trains
were calibrated simultaneously and always shared the same mean rate. The parameters for
the plots were as follows:
(a) Nzn = ].00, AVS =0.1 mV, fout =5Hz
(b) Nin, = 50, AV; =0.2mV, f,,: = 100Hz
(¢) Nip, = 60,AV, =0.3mV, fou: = 10Hz
(d) Nip, = 60, AV, = 0.5mV, fo,s = 7T0Hz
(€) Nip = 200, AVs; = 0.1mV, fo,; = 10Hz
() Nip, =60, AV = 0.5mV, f,,s = 400Hz
The horizontal axis shows the proportion of synchronised spike trains (S;,, € [0, 1]), while the
vertical axis shows the amount of jitter applied to the synchronous spikes (¢;, € [0, 4] ms).
The colour indicates the value of M for the simulation, as shown by the colour-bar on the
right hand side.
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FIGURE 3.4: Normalised pre-spike membrane potential slope (M) for (a) o3, = 0 plotted against
the full range of S;,, values and (b) S;,, = 1 plotted against full range of o;,,. The dots and
blue line represent measured data points for the LIF neuron firing at 70 Hz (corresponding to
Figure 3.3d), while the black dashed line represents perfect linear correlation for comparison.

po,m = —0.95 indicating a very high, negative linear relationship (Figure 3.4b). These values

correspond to a desired f,,; = 70 Hz (corresponding to Figure 3.3d).

Deviations of M from the trend in the measurements of the NPSS (Figures 3.3 and 3.4) are due
to randomness in the input spike trains, which cause random fluctuations of the membrane po-
tential. This in turn causes pre-spike membrane potential slopes that do not follow the typical
relationship between the slope and the parameters used to generate the synchronous inputs.
However, the slope is still correlated with the degree of input synchrony; the randomness af-
fects the correlation between the input synchrony parameters (S;, & ;) and the degree of
synchrony in the generated input spike trains. Although the averaging is used to remove such

variations (Eqn. 3.10), deviations may occur frequently and appear in the final results.

The results shown in Figures 3.3 and 3.4 as well as the aforementioned strong correlation be-
tween the input parameters and M indicate that the NPSS can reliably detect and measure the
input synchrony which was relevant to the firing of response spikes. The method maintained a
high reliability for a wide range of the input parameter values, i.e., the number of spike trains
(NVin), the desired firing rate (f,,;) and the membrane potential rise per spike (AVs). How-
ever, the robustness of this correlation depends on the input regime, i.e., the strength of the
input volleys with respect to the firing threshold. In particular, this correlation between input
synchrony and measured M is robust as long as the synchronous volleys are supra-threshold,
NinAVy > (Vi, — Vyest). The relationship between input synchrony and M, in other words,

the relationship between input synchrony and operational mode, and the way in which it is
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affected by various properties of the neuron and the neuron’s activity, is investigated in depth

in Chapter 4.

3.5.1 Upper- and lower-bound convergence at high firing rates

Of particular interest is the case where the LIF neuron is driven by high rate inputs causing it
to fire at extremely high rates. Figure 3.3f shows the measured synchrony of a LIF neuron with
fout = 400 Hz. Comparing this plot to the others of Figure 3.3, it is evident that the value of

M remains very high for all configurations.

This behaviour (Figure 3.3f) is due to the mean firing ISI approaching (in duration) to the
coincidence window. More specifically, if an ISI is equal to the coincidence window At; = w,
then the values of the two bounds (egns. 3.4 and 3.5) become equal. This occurs because in such
circumstances, the firing of a spike due to integration of inputs within a period equal to the ISI
is equivalent to firing solely from input spikes arriving within a period w. We can investigate
the divergent behaviour between the two modes as a function of the ISI (At;) and coincidence

window (w).

In order to grasp the intuition behind this phenomenon, let us first consider the case where a
firing IST is equal to the coincidence window, i.e., At; = w. In this case, it is clear from eqns. 3.4
and 3.5 that U; = L;, i.e,, the two operational modes are described by the exact same slope

value and are therefore identical and indistinguishable.

More generally, at very high firing rates the ISIs are much shorter than the membrane leak time

constant (At; < 7,,). In such cases, the solution of eqn. 3.1 for constant input given below
_t=to
V() = Vrest + IR (1= 70 ), (3.11)

can have its leak term replaced by an approximation of the term’s Taylor series expansion as

shown in eqn. 3.12.

_i-tg t—1p
e ™ RS —

(3.12)

Tm
Therefore, from eqns. 3.11 and 3.12, the membrane potential equation of the LIF model is sim-
plified and approximated by eqn. 3.13.

I(t —to)

V/(t) = V;'est + C

(3.13)
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where V' (t) signifies the membrane potential of the approximating model and C'is the capac-

itance of the membrane.

This approximating model is the perfect (i.e., non-leaky) Integrate-and-Fire neuron model (PIF),
which simply integrates post-synaptic inputs, without losing any of its charge over time. We
then use eqns. 3.11 and 3.13 to calculate the relative difference between the two models as a
function of the ISI (At;). The relative difference is measured at the beginning of the pre-spike
coincidence window, because the membrane potential at this time determines the slope of the
secant line associated with that specific spike (see eqn. 3.8 and Figure 3.2a). Therefore, the
relative difference for any given ISI is calculated as the difference between the two models at

the beginning of the coincidence window, i.e., t; — w (eqn. 3.14).

di, 0 = (3.14)

where V() and V'(t) are given by eqns. 3.11 and 3.13 respectively. The relative difference
is used as a measure of dissimilarity between the two models and by extension, it measures
the distinguishability between the two operational modes. Therefore, the relative difference d

represents the level of divergence between the LIF and PIF.

Alternatively, we can look at the behaviour of the two bounds U and L as a function of the

ISI and observe the rate of their convergence as the interval is decreased. More specifically,

L

the ratio of the lower bound eqn. 3.5 to the upper bound eqn. 3.4, {7, can show us how fast the

lower bound approaches the upper bound for decreasing ISI.

Figure 3.5a shows the relative difference d (eqn. 3.14), as a function of the ISI (At;) at high
firing rates, for a coincidence window w = 2 ms. Similarly, Figure 3.5b shows the ratio of the
bounds %, for the same scenario. Note that changing the value of w shifts both curves along
the horizontal axis, i.e., increasing the value moves the curve to the right and decreasing the
value moves the curve to the left. The figures show that at high firing rates, the LIF and perfect
integrator converge, as d gets closer to 0 and therefore the two models become indistinguish-
able. Similarly, the ratio between the two bounds approaches 1, as described in the beginning

of this section, indicating that the two operational modes are also indistinguishable.
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FIGURE 3.5: (a) Relative difference d between the LIF and the perfect integrator models and
ratio of lower bound to upper bound (5) as a function of firing ISI (At;), for window w =
2ms (solid lines). For details on the derivation of the difference d see eqn. 3.14. The three
points marked in each graph correspond to the firing rates of the simulations which produced
Figure 3.3b, (100 Hz), Figure 3.3d (70 Hz), Figure 3.3f (400 Hz). As we are interested in the
relative difference and convergence of the bounds at high firing rates, the graph does not
show values corresponding to firing rates lower than 50 Hz. Note that changing the value w
shifts both curves along the horizontal axis, i.e., increasing the value moves the curves to to
the right and decreasing the value moves the curve to the left.

3.6 Results for LIFWPR

We also measured the normalised pre-spike membrane potential slope of a model neuron ex-
hibiting highly irregular firing at high rates. We used the LIFWPR, with neuron and input
parameter values identical to the model by Bugmann et al. [35]. The inputs to the neuron con-
sisted of 50 Poisson spike trains and each input spike caused a depolarisation of the neuron’s
membrane potential by AV; = 0.16 mV. We used a reset parameter value of 8 = 0.91 as it
has been shown to be the only value that can produce purely temporally irregular firing (with
no bursting activity that can increase the firing variability) [35, 77]. This is compatible with

the high firing irregularity at high rates observed in cortical neurons [72, 73].

The results (Figure 3.7) show the value of M being below 0.35 for the entire range of firing
rates and below 0.2 for rates below 300 Hz. Each firing rate was achieved by varying input
rates within physiological ranges. These results suggest that neurons firing highly irregularly

at high rates operate mainly as temporal integrators.

In Bugmann et al. [35], it was suggested that temporal integration and fluctuation detection
(i-e., coincidence detection) can coexist and cause irregular firing, which was indicated by the
ISI of a LIFwPR neuron driven by a fluctuating input current being significantly shorter than

the ISI of the same neuron driven by a constant input current (of the same average value).
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The current results however indicate that there is a strong dominance of temporal integration
and the relatively small contribution of coincidence detection in the firing of spikes is not
sufficiently high to be distinguishable from the effects of the temporal integration process.
This indicates that coincidence detection is not necessary for producing highly irregular firing
at high rates (as was suggested by Softky and Koch [72, 73]) and that temporal integration on

its own is sufficient for such a purpose, provided the neuron does not completely repolarise.

3.6.1 Compatibility of results with original analysis

Our results are not incompatible with the analysis by Softky and Koch [73]. In their work,
these authors express the threshold in number of input pulses, Ny, necessary to raise the
neuron’s membrane potential from rest to discharge. We can use the definition of Ny, in the
same way and describe our model in terms of the difference in potential between threshold

and rest, divided by the depolarisation per spike:

(3.15)

Nth _ ’7‘/;571 - ‘/rest—‘

AV,

where [x| denotes the ceiling of z (i.e., the smallest integer not less than x). This is done in
order to make our results comparable with their analysis, which showed how the coefficient

of variation (CV) varied as a function of the time constant 7,,, and V¢, as seen in Figure 3.6.

Assuming that Vieset > Viest (Which holds for any model with a reset parameter 8 > 0),

for any given time where V() > Vjcset, the model neuron can be expressed in terms of an

/

st = Vreset and effective time constant 7,

equivalent model with effective resting potential
(the prime signifies a parameter or variable of the equivalent model). From this, it follows that
Nt,h S Nth> Since ‘/r/est Z V;"est:

= T e = - g (5.16)

Substituting for the parameter values used in our simulations, i.e., Vi, = 15mV, Ve = 0mV

and AVs; = 0.16 mV, the original value of Ny, is 94. For V!

est = 13.65 mV however, which is

the reset value of the LIFWPR model (6 = 0.91), the effective number of input spikes required

to fire a spike N}, is reduced to just 9.
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FIGURE 3.6: Contour plot of CV for leaky integrator for discrete values of 7,,, (shown as 7 in
the figure) and Ny, when the mean output ISI is 5 ms. Image taken from Softky and Koch
(73]

The effective time constant’s value 7,, should be such that (assuming the inputs are the same

for both models) the rate of change of the membrane potential for the equivalent model should
av av’

be equal to that of the original model, — = . Since the two models share the same input,

dt dt
we can calculate 7, by ignoring the input terms of the two models and equating the leak term

of eqn. 3.1 with the leak term of the equivalent model (eqn. 3.17):

dL !
!/ !
T =-V 1

rest

Comparing eqns. 3.1 and 3.17, replacing the effective resting value V/

ost With the original reset

value V;.csct and solving for 7/, gives eqn. 3.18:

/ V(t) - Vreset
= Ty— 3.18
Tm B V(t) - Vrest ( )

Therefore the value of the effective time constant 7, changes as a function of the membrane
potential V' (¢). For our simulations, we can calculate the range of values that 7/, takes, first
by substituting the parameter values we used, i.e., 7, = 10ms, Viesy = 0mV and Vyeser =
13.65mV and then by calculating 7, for the known range of V (¢) using eqn. 3.18. Thus, for
our simulations 77, = 10ms(V (¢) — 13.65mV)/V (¢).
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Since the effects discussed here are relevant for membrane potential levels above the reset po-
tential, we calculate the range of 7/, for membrane potential values between V' (t) € [Vyeset, Vin)

[13.65 mV, 15 mV] giving respective 7, € [0ms, 0.9 ms].

Therefore, for the LIFWPR, when the input is constantly high enough to keep the membrane
potential above the reset potential, the effective number of spikes required to reach thresh-
old becomes N;;, = 9 and the effective membrane time constant becomes a function of the
membrane potential and fluctuates within the range 7,,, € [0, 0.9] (with the parameter values
used to get the results shown in Figure 3.7). This result describes theoretically how a model
behaving primarily as an integrator, such as the LIFWPR, can fire at such high variability at
high rates. With the partial reset mechanism, the LIFwPR neuron’s membrane potential stays
very close to the spike threshold between successive firings (i.e., during an ISI), assuming the
neuron is spiking at high enough rates. More importantly, the membrane potential is almost
always above the reset potential Vs after the first spike is fired. With this in mind, we
have shown that when the LIFWPR neuron is driven by sufficiently frequent arriving inputs,

it operates equivalently to a neuron with an effective resting potential V!

.t equal to the reset

potential V;scs, a very short effective time constant (7;, < 0.9ms), and a very low effective

threshold (N, = 9).

Our results are thus in accord with the analysis by Softky and Koch [73] who showed that for
low Ny, values and sub-millisecond membrane time constant 7,,,, a LIF neuron operating as a
temporal integrator can fire highly irregularly at high rates (Figure 3.6) [73]. From the above
analysis, we can therefore conclude that the LIFwPR model, which models the incomplete
post-spike re-polarisation of a neuron, can be used for (i) reducing the effective number of
input spikes N/, required to cause a spike and (ii) decreasing the effective membrane leak time
constant 7/, such that a neuron can fire highly irregularly at high rates, in accordance with

experimental recordings.

3.7 Discussion

This chapter establishes the correlation between input synchrony and the slope of the mem-
brane potential prior to firing. This depends on normalising the slope between two bounds.
Our results suggest a strong correlation between pre-spike membrane potential slope and

pre-synaptic synchrony levels, that allows us to infer the degree of response-relevant input
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FIGURE 3.7: The normalised pre-spike membrane potential slope (M) for a LIF neuron model
with partial somatic reset firing highly irregularly at rates up to ~ 470 Hz (ISI ~ 2.1 ms).

synchrony under certain assumptions, namely the existence of excitation only and of supra-
threshold volleys. In a theoretical study, Stein [10] showed that the slope of the membrane
potential is inversely proportional to the variance of the firing ISIs, for a neuron driven by
Poisson inputs. Goedeke and Diesmann [32] showed that the membrane potential, as well as
its derivative, define the response of a LIF model to synchronised inputs. They analytically
studied the dynamics of the behaviour of a LIF neuron, both in isolation and in homogeneous
networks and concluded that the synchronisation between neurons depends both on the mem-
brane potential and its derivative. While these studies prove the existence of a correlation be-
tween membrane potential and firing statistics of both individual neurons and networks, our
own work establishes a specific correlation measure between membrane potential and input

statistics. As such, the two results may be considered complimentary.

However, a potential correlation between firing and input statistics is most likely not as straight-
forward to investigate, since both the membrane potential fluctuations and the firing ISI dis-
tribution are affected by multiple parameters of the stimulus. Synchrony in the pre-synaptic
activity of a neuron can affect its firing rate [153] and irregularity [154]. However, these effects
are not consistent and depend heavily on the state of the neuron. More precisely, the output
firing rate is a non-monotonic function of the correlation among excitatory inputs [153]. Ad-

ditionally, the firing variability depends heavily on other factors besides the degree of input
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correlations [154]. The NPSS relies on the assumption that changes in input parameters are
reflected in the trajectory of the membrane potential, while similar changes may not affect the

distribution of firing ISIs in a consistent manner.

Our work is more closely related to Kisley and Gerstein [31] and more recently to DeWeese
and Zador [33] and Kobayashi et al. [34], in that we establish a relationship between membrane
potential properties and properties of the input spike trains, in order to infer the latter from
measurements of the former. DeWeese and Zador [33] analysed membrane potential dynamics
to infer properties of the input population. Similarly, Kobayashi et al. [34] developed an algo-
rithm to estimate the time-varying input rates of the pre-synaptic population by studying the
membrane potential of the neuron. The correlation between membrane potential slope and
input synchrony was studied by Kisley and Gerstein [31]. The work presented in this chapter
relies on this correlation to provide a measure of the response-relevant input synchrony, which
relates to the operational mode of the neuron. In particular, the NPSS provides a measure of
the relative contribution of temporal integration and coincidence detection to the firing of a

spike, or the operation of a neuron in general.

The choice of the duration of the coincidence window, i.e., the value of w, is an important aspect
of the NPSS. It has to be noted that the effect of this variable on the temporal precision of firing
has also been the subject of theoretical study [120, 122]. As mentioned in Section 3.4, the value
of this parameter should reflect the time that is regarded as the maximum temporal distance
between two events that are considered to be coincident (2 ms in our case). The only limit for
the duration of the coincidence window is the time step of the simulation (here 0.1 ms) or more
generally, the temporal resolution of the data being analysed. However, the smaller the value
of w, the stricter the definition of coincident activity becomes, which in turn produces lower
M values, unless the input spike trains are completely synchronised. This provides a degree of

flexibility for the NPSS that allows it to be adapted to various levels of temporal resolution.

For our simulations, we set the coincidence window to w = 2 ms since, as mentioned in Sec-
tion 2.2, for neurons with membrane time constants within the range of 10 to 20 ms, a temporal
code with accuracy in the range 1 to 3 ms is theoretically possible [117]. By setting the width
of the coincidence window to 2 ms, we effectively attempt to measure the level of synchrony of
the input spikes that caused each response, under the assumption that the temporal precision
of coincidence detection is 2 ms. Higher precision has also been identified in experiments on

a CA1 hippocampal pyramidal neuron [155]. In their experiments, Losonczy and Magee [155]
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observed that the cell is sensitive to coincidences with a precision of up to 0.1 ms. As men-
tioned above, setting w to such a small value would greatly affect our results, by significantly
reducing the values measured by the NPSS. Such a strict definition of coincidences would nat-
urally translate to a very strict definition of coincidence detection, making it much less likely
that the neuron is operating in an operational mode other than temporal integration, for even

the slightest amount of jitter.

The meaning of the value for the duration of the coincidence window can be intuitively under-
stood in terms of the cost parameter found in spike train distance measures [see 112, 114, 142,
as well as the relevant subsection of Section 2.3 on spike train distances], which controls the
sensitivity of the metric to spike count and spike timing, i.e., the assumed resolution of the
temporal code. Spike train distances measure the distance between two spike trains by calcu-
lating the minimum cost of transforming one spike train into the other by adding, removing
or shifting spikes. By manipulating the cost parameter, one can control the measured distance
between two given spike trains. For instance, with a small cost parameter value, two very dif-
ferent spike trains will be measured as having a small distance, i.e, they are considered similar
by the metric due to the low cost of shifting spikes. Conversely, with a high cost parameter
value, two similar spike trains will be measured as having a large distance, i.e., they are consid-
ered dissimilar by the metric, due to the high cost of shifting spikes. While the NPSS measures
the response-relevant synchrony of the input spike trains of a neuron and by extension, the
operational mode of that neuron, the spike train distances measure the distance, or similarity
between a pair or group of spike trains directly. However, both types of metrics can be used in

different circumstances to measure the temporal precision of the neural code.

While similar work exists on measuring spike train correlations and synchrony, either by di-
rectly observing the spikes fired from a population of neurons [133, 135], or by identifying
synchronous activity in local field potentials [156], the NPSS differs in that it only responds
to such correlations between spike trains converging into a single neuron, when they are re-
sponsible for the triggering of response spikes. In particular, the NPSS explicitly calculates the
degree of input synchrony directly preceding a response spike and implicitly considers any
previous activity by taking into account the potential at the start of the coincidence window
w in the calculation. The higher the potential of the neuron’s membrane at the start of the co-
incidence window, the lower the relative contribution of the synchronous spike trains within
the coincidence window would be to the response. Consequently, the slope of the membrane

potential within the coincidence window is low, denoting a higher contribution of temporal
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integration. In this way, the NPSS is only concerned with the input statistics that affect the
neuron’s own spiking, in other words, it is sensitive to the response-relevant statistics of the
input. It is this particular feature which links our measure’s estimation of response-relevant
input synchrony to the underlying operational mode. The operational mode of a neuron is
not defined solely by the synchrony of the spike trains it receives, but also by whether or not
that synchronous activity causes firing. We refer to this distinction as the difference between
actual synchrony and utilised synchrony. The actual synchrony is the synchrony between a set
of spike trains, determined by the amount of coincident spikes in relation to the total amount
of spikes (coincident versus non-coincident, or synchronous versus random). The utilised syn-
chrony is determined by the way in which the actual synchrony affects the neuron’s spiking,
whether coincident spikes are able to cause firing, or non-coincident spikes are also required.

Chapter 4, studies this relationship in more depth.

The simulation method for the absolute refractory period described in Section 3.2 differs from
the traditional method of clamping the membrane potential to V,¢st or Vyeser for the duration
ty. In our simulations, the membrane potential is allowed to evolve freely during ¢,, but the
comparison with the firing threshold is not performed, effectively disabling the firing mech-
anism. This method is used in models with a partially resetting [35] or non-resetting [80]
membrane potential following a spike. This has several implications for the firing behaviour
of the model. It allows for ISI lengths of exactly ¢,., which occurs when the membrane potential
reaches Vy;, during the ¢, period following a spike and remains above threshold until the end
of the refractory period. When this occurs, the neuron fires immediately when the threshold
is reactivated at the end of the refractory period. With the traditional simulation method, the
smallest ISI is determined by the absolute refractory period, plus a small duration required for
the membrane potential to reach threshold from V.5, once the membrane potential integra-
tion is reactivated (i.e., the clamping is disabled). This rise time delay is generally determined
by the membrane leak time constant (7,,). Moreover, using this method of simulating the re-
fractory period results in a model that behaves in the same way as a model with no refractory
period, as long as the smallest ISI is > t,.. When this holds, the effect of the refractory period
(i-e., the disabling of the threshold) has no impact on the firing of the neuron, in addition to the
refractory period having no effect on the behaviour of the membrane potential. Our choice of
parameter value for the refractory period (¢, = 2ms) follows from our usage of the LIFwPR
model [35] and our goal of reproducing and analysing the behaviour of a model neuron firing

highly irregular spike trains at very high rates. The duration and simulation method of the
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refractory period has little impact on our results, however. The slope bounds defined for the
NPSS can very easily be adjusted to account for a refractory period, assuming it is known, by
subtracting its duration (,) from the duration of the ISI (At;) during the bound calculations

(see eqns. 3.4-3.7).

One of the motivations for the work presented in this chapter was to determine the operational
mode responsible for the firing of the highly irregular spike trains at very high rates. In partic-
ular, we were interested in the operational mode of the LIF model with partial reset (LIFwPR),
which adds a simple modification to the spiking mechanism of a simple model and has been
shown to accurately reproduce the firing statistics of experimentally recorded data [35, 77].
Similarly, models which implement a variable threshold, such as the Multi-timescale Adaptive
Threshold (MAT) model [80], can reproduce a wide variety of firing characteristics and accu-
rately predict spike times. While studying the LIFWPR model, Bugmann et al. [35] showed
that the partial reset mechanism is functionally equivalent to a model with a totally resetting
membrane potential and a time varying threshold (LIFwVT), where the threshold decreases
immediately following a spike and increases to its original value over time. This differs from
the behaviour of the MAT model, which has a non-resetting membrane potential and a variable
threshold which increases immediately following a spike and decays to its original value over
time. The three models (LIFwPR, MAT and LIFwVT) can behave equivalently when the im-
mediate change in threshold is set accordingly across all models and the decay constant of the
threshold is equal to the membrane leak time constant. This implies that our use of the LIFwPR
model and slope bound equations can be used to study the dynamics of all of these models,
with appropriate modifications. However, it should be noted that the MAT model allows for
modification of its firing dynamics by manipulating the decay rate of the threshold, which is
an extra parameter that has no equivalency in the LIFwWPR model. More specifically, when
the threshold decay constant of the MAT model is constant and equal to the membrane leak
time constant and the reset parameter of the LIFWPR corresponds to the increase in threshold
of the MAT model, the two models behave very similarly. The equivalence between the two
models does not hold when the threshold decay constant is not equal to the membrane leak

time constant.

The methods and results presented in this chapter were published in Neural Computation in

2012 [36].



Chapter 4

The relation between stimulus
synchrony and the operational mode

of a neuron

In this chapter, we investigate the relation between the operational mode, as determined by
the NPSS and the spike time distance of the spike trains driving the neuron, as measured by the
SPIKE-distance (see Section 2.3). Our goal is to determine the circumstances under which in-
put synchrony directly determines operational mode (i.e., high synchrony causes coincidence
detection while low synchrony causes temporal integration) and more importantly, to inves-
tigate how the properties of the input (number of inputs, rate), combined with the properties
of the neuron itself (synaptic weight, membrane leak time constant and threshold) affect this

relationship.

We chose to use the SPIKE-distance measure [142] for the reasons described in Section 2.3.
More specifically, the SPIKE-distance and in particular the multivariate variant of the measure,
is more suitable than other spike time distance measures for measuring the distance between
multiple (i.e., more than two) spike trains. Spike time distance measures such as the Victor-
Purpura (V-P) distance [141], the van Rossum distance [113], and the modulus metric [144],
operate on spike train pairs. Calculating the distance between multiple spike trains using these
measures involves taking the average of all pairwise distances, which scales with the square
of the number of spike trains (number of pairs between N spike trains = N (N — 1)/2). This

is true for the original (bivariate) version of the SPIKE-distance as well. Calculating the spike

44
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distance between N spike trains becomes infeasible when N is on the order of hundreds of
spike trains, as used in this chapter. The multivariate SPIKE-distance scales linearly, since it
only uses the standard deviation of the times of spikes around a certain time ¢ in its calculation

(see Section 4.1.1 below and in particular eqn. 4.1).

In addition to the lower computational complexity, the SPIKE-distance is parameter free, as
opposed to the V-P and van Rossum measures. The V-P measure is parameterised by a cost
parameter which defines the cost (distance) between nearby spikes (in units of cost per sec-
ond). The van Rossum measure is parameterised by a time constant which affects the expo-
nential convolution window used in the calculation of the distance. These two parameters are
inversely related and in both cases they are used to control the temporal sensitivity of the mea-
sures. In other words, the values of the parameters control whether the measures assume a rate
code or a temporal code. In this chapter, we aim to understand the relationship between the
operational mode and the input synchrony, across the whole continuum of operational modes.
The SPIKE-distance measure is more appropriate for this case since it makes no assumptions

about the underlying operational mode, or neural code.

Finally, the SPIKE-distance is time-scale independent. Calculation of the distance involves
scaling the measurements using the instantaneous mean ISI around a certain point in time,
which results in the measure removing any dependence on the time scales or firing rates of
the underlying spike trains. This is more compatible with the way the NPSS calculates the
operational mode. The calculation of the membrane slope bounds accounts for the different
bounds that are theoretically achievable given the length of a specific ISI (see eqns. 3.4 and 3.5).
The subsequent normalisation of the slope using the bounds (eqn. 3.8) therefore removes the

dependence of the slope measurement on the ISI and by extension, the spike rate.

Generally, the meaning of the two measures can be interpreted as actual synchrony for the
SPIKE-distance versus utilised synchrony for the NPSS. In the former case, the SPIKE-distance
is derived directly from the spike trains and is a measure of the synchrony between them, unaf-
fected by spike rates (it is time-scale independent) or the properties of the neuron. On the other
hand, the NPSS is a measure of how the neuron utilises the synchrony in the input, whether
synchronous spike trains are solely responsible for causing response spikes, no coincidences
are responsible for causing response spikes, or any combination in between. An important dis-
tinction is that the SPIKE-distance is measured on the input spike trains directly, i.e., the spike

times are used as inputs into the calculation. The SPIKE-distance measures actual synchrony:
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it is the degree synchrony that is measured by applying a method on the spike trains. On the
other hand, the NPSS is measured on the membrane potential of the neuron, i.e., it analyses
the behaviour of the membrane potential while the neuron is being driven by the input spike
trains. The NPSS measures utilised synchrony: it is the degree of synchrony that affects the
trajectory of the membrane potential after it has been integrated (utilised) by the neuron. The
term utilised in this context should not be confused with the idea of utility in any higher level
function. It is simply meant to refer to the degree of synchrony that is responsible for causing
response spikes. In other words, we are referring to the degree of input synchrony that is effec-
tive in causing responses, as opposed to the degree of synchrony that appears at the input. The
degree of utilised synchrony measured by the NPSS defines the neural mode: full synchrony
utilisation defines coincidence detection, while no synchrony utilisation defines temporal in-
tegration and intermediate values define the operational mode continuum. The purpose of this
chapter is to investigate how the input and neuron parameters determine the degree of utilised

synchrony, i.e., the operational mode, in relation to the actual input synchrony.

4.1 Methods

The overall methodology used is as follows:

1. Generate spike trains with parameter values (number of spike trains N;,, spike fre-
quency fin, fraction of synchronous spike trains S;;, and jitter 0;,) randomised within

the ranges defined in Table 4.1.

2. Use the spike trains to drive a neuron model, causing it to fire. The weight (depolarisation

caused per spike, AV;) is also randomised and shown in Table 4.1.
3. Calculate the NPSS as described in Section 3.4 [36].

4. Calculate the multivariate SPIKE-distance (Dg) [142] between the generated (input)

spike trains using the method described in Section 4.1.1 below.
5. Compare the NPSS with Dg. See Section 4.1.2.
For step 1, inputs were generated as in Section 3.3. Table 4.1 shows input related parame-

ter values and ranges (Nip, fin, Sin, 0in). In step 2, we use the leaky integrate-and-fire (LIF)

model, as described in Section 3.2, with total reset (V.cst = Vieset)- The neuron parameters are
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Symbol Description Value or range  Units
N; Number of input spike trains 30 to 400 —
fin Input spike frequency 50 to 100 Hz
AV, Synaptic weight 0.1to1l.0 mV
Si Input synchrony degree Otol -
Tin Gaussian jitter Oto4 ms
Vin Firing threshold 15 mV

Viest ~ Neuron resting and reset potential 0 mV
T Membrane leak time constant 10 ms

TaBLE 4.1: Parameter symbols and value ranges

duplicated in Table 4.1 for completeness. In step 3, we calculate the NPSS after running the LIF

neuron with the generated inputs from step 1 for 5 s of simulated time.

4.1.1 SPIKE-distance

The multivariate SPIKE-distance (step 4) is calculated using the method described in [142] and
Section 2.1.3 of the cited paper in particular. For any time ¢, the spike distance is:
o[t 0] X O+ o[t 0] X @)

S™(t) = n - : (4.1)
(XS ()2

Where <X1(3n) (t))n and <X}n) (t))n are the average intervals to the previous and following

spikes respectively, across all N;, spike trains. o [tgf) (t)} and o [t;:l)(t)} are the standard
n n

deviations of the spike times of the previous and following spikes respectively, across all N;;,

spike trains. Finally, (X}g)l(t))n is the average ISI across the N;, spike trains, around time t.

£ = max(t™ )™ < t) (4.2)
£ = min(t™ (" > 1) (4.3)
X0 =4 (4.4)
X =y (4.5)
X =l 4 (4.6)

Figure 4.1 shows an illustration of the quantities involved in the calculation of the SPIKE-

distance and eqns. 4.2-4.6.
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FIGURE 4.1: Illustration of the values used in the calculation of the SPIKE-distance. The figure
shows two spike trains (1: blue and 2: red) with four and two spikes respectively. The dashed

black line represents the time (¢) for which the local synchrony is being calculated. tg;b) is

the time of the last spike preceding time ¢ for spike train n. tgf) is the time of the first spike

following time ¢ for spike train n. X 1(3”) is the time difference between ¢ and tgl) and X l(pn)

is the time difference between ¢ and t;?). X}g)l is the duration of the interval around ¢, i.e.,

it is the time interval between tgf’) and t;?). Atg,n) is the time difference between tgb) and

the nearest spike in the other spike train and similarly for At;f). These last two values are

not used in the calculation of the multivariate SPIKE-distance, which we use in this chapter.
Image taken from Kreuz [157].

4.1.2 Comparison

Comparisons between the NPSS and the SPIKE-distance are made on averages across each
simulation. More specifically, for the NPSS we use the arithmetic mean (eqn. 3.10) and for the

SPIKE-distance, the integral over time,

T
]' m
m:T/sam. (4.7)
t=0

Numerically, the SPIKE-distance was computed at intervals for ¢ of 1 ms and the integral was
calculated using the trapezoidal rule. The interval was chosen based on trials where the SPIKE-

distance was calculated using decreasing values of dt, on the same set of spike trains. During
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these trials, the Dg followed an asymptotic trajectory, with minimal change for values of dt
below several ms. The value of 1 ms was also chosen to be small enough so that no interval
can contain two spikes and it is large enough so that computation was fast, as smaller values

increase the number of computations required.

4.2 Results

Our results initially focus on the relationship between the NPSS and the SPIKE-distance for
all simulations. We look at the effect of several parameters and properties of the simulation
on the relationship between the two measures and discuss the cause and implications of the
value of the parameter in question. We then generalise our conclusions regarding the effect of

synchrony on the operational mode.

For the following analysis, we introduce two features of the model: the asymptotic threshold-
free potential (V) and the volley peak potential (A,). The asymptotic threshold-free potential
is the asymptotic temporal mean of the membrane potential in the absence of a spike threshold

and is calculated as follows:

Voo = znfznAV:sTm + Viest- (4'8)

The volley peak potential is the increase in potential at the membrane of the neuron when a

completely synchronous volley arrives from all input spike trains and is calculated as follows:

A, = NinAV. (4.9)

4.2.1 Effect of jitter (0;,)

Figure 4.2a shows the relationship between the NPSS and the multivariate SPIKE-distance for
each simulation. The NPSS (M) indicates the operational mode by measuring the degree of
utilised synchrony and ranges from 0 to 1. M = 0 indicates that there is no synchrony re-
sponsible for the firing of the neuron, while M = 1 means that the neuron fires solely due to
synchronous spike trains. The SPIKE-distance (Dg) indicates the average spike distance be-
tween the input spike trains, which is an inverse measure of synchrony. Dg = 0 indicates that

all spike trains are synchronous (identical) while larger numbers indicate less synchrony. In
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FIGURE 4.2: NPSS (M) vs SPIKE-distance (Dg) with the colour of each point showing the

degree of applied jitter (0;,,). High values mean high degrees of applied jitter (up to 4 ms)

which makes spike volleys wider, while low values indicate that volleys are tighter and more

synchronous, with 0 ms indicating that all spikes in a volley are simultaneous. (a) shows all

points while the three smaller figures split the point into subsets depending on the value of
Oin- (b) 0i, = 0ms. (c) Oms < 04, < 2ms. (d) 0y, > 2ms.

our simulations, the maximum value of Dg approached 0.5, which is in accordance with the
values shown in Kreuz et al. [142]. The data consists of 253 simulations where no jitter was
added to synchronous spike trains (¢, = 0 ms) and 1012 simulations with jitter falling within
the value ranges shown in Table 4.1 (1265 total). Figures 4.2b and 4.2d show the same data, split
into three cases, depending on the degree of jitter. For Figure 4.2b, 0;, = O ms, for Figure 4.2c,
Oms < 0;, < 2ms and for Figure 4.2d, 2 ms < g;,, (up to 4 ms). In all three figures, the colour
of each point represents the value of jitter applied, denoted by the colour bar on the right-hand

side.

In Chapter 3, we noted that increasing jitter from 0 to 4 ms, causes the operational mode to
shift from coincidence detection to temporal integration. This is especially apparent in cases
where volleys are supra-threshold (A, > Vi — Vyest, see below) and pre-synaptic firing is

completely synchronised (S;, = 1). In such cases, the value of o;, can cause the neuron to
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operate as a pure coincidence detector (if 0;;, = Oms, M = 1) or a pure temporal integrator
(if 0i > 4ms, M = 0). The data presented in Figure 4.2 generalises this conclusion, since
as the jitter increases, the data points tend to stay closer to the upper left part, where the
SPIKE-distance is high (Dg > 0.2) and the NPSS is low (M < 0.6). This is expected, since
lower synchrony, caused by higher jitter, causes the neuron to operate as a temporal integrator,
regardless of any other behaviour or parameter. It is especially apparent in Figure 4.2d, which
shows the results with high jitter. The effect of increasing the amount of jitter is the reduction
of points in the lower right corner, i.e., high synchrony and coincidence detection are not
possible. This is also accompanied by an increase in points in the upper left corner or even
the middle-left side, which indicates that the high amount of jitter causes the NPSS to measure
temporal integration, even though there is some degree of synchrony measured by the SPIKE-

distance.

4.2.2 Effect of threshold-free potential (1)

Figure 4.3 shows the same data as Figure 4.2, with the colour of each point representing the
asymptotic, threshold-free potential. This term is the asymptotic value of the neuron’s mem-
brane potential, assuming an absence of a spiking threshold. If it is higher than the spike
threshold, response spikes are generated almost surely, while if it is sub-threshold, response
spikes are generated only if there is enough noise (either in the input, or intrinsic to the neu-
ron) causing random fluctuations that could drive the potential above threshold. The three
smaller subfigures, Figures 4.3b and 4.3c, separate the points into three categories, based on
the relationship between V, and the neuron’s spike threshold V};,. For Figure 4.3b, Vo < Vi,
for Figure 4.3¢c, Vi, < Vo < 2V}, and for Figure 4.3d, Voo > 2V,

It is interesting to note the tighter concentration of points in Figure 4.3d. This subfigure shows
the relationship between M and Dy for very high values of the asymptotic membrane potential
This indicates that the input drive is very high, causing the neuron to fire at high firing rates. As
mentioned in Section 3.5.1, as firing rates increase, the range of slope values shrinks, making
the two extremes indistinguishable once the firing rate becomes very high. What appears
in Figure 4.3d is the trend towards overestimation of input synchrony by the NPSS, i.e., the
points start concentrating in the upper right hand corner, where the spike distance is high
(input synchrony is low) yet the NPSS measures high M value, close to coincidence detection.

This is the phenomenon that occurs in Figure 3.3f.
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FIGURE 4.3: NPSS (M) vs SPIKE-distance (Dg) with the colour of each point showing the
asymptotic threshold-free potential (V, see eqn. 4.8). (a) shows all points while the three
smaller figures split the point into subsets depending on the value of V, with respect to the

spike threshold (Vi). (b) Voo < Vin. (¢) Vin < Voo < 2V (d) Voo = 2Vin.

4.2.3 Effect of volley peak potential (A,)

Similarly, Figure 4.4 shows the same data again, but with the colour of each point representing
the peak voltage change caused by a synchronous volley (when no jitter is applied). The three
smaller subfigures, Figures 4.4b—4.4d, separate the points into three categories, based on the
relationship between A, and the neuron’s spike threshold V;;,. For Figure 4.4b, A, < Vy, —
Viest, for Figure 4.4c, Vi, < Ay, < 2(Vip — Viest) and for Figure 4.4d, Ay > 2(Vip, — Viest)-

4.2.4 Integration of coincident volleys

The data points in Figure 4.2b that do not follow the trend seen in the other points of the same
subfigure (points where M ~ 0.5 and Ds < 2) are of particular interest. This deviation is
caused by sub-threshold values for the asymptotic potential (V) and more importantly the

volley peak (A,). This is evident in Figures 4.3b, 4.3c, 4.4b and 4.4c, which show the behaviour
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depolarisation of a fully synchronous volley (A,, see eqn. 4.9). (a) shows all points while the

three smaller figures split the point into subsets depending on the value of A, with respect

to the spike threshold (Vi,). (b) A, < Vip — Viest. (€) Vin < Ay < 2(Vip — Viest). (d)
Av > 2(‘/;5h - V;"est)-

occurring for low values of V, and A,. Even more clearly, the phenomenon is exemplified in
Figures 4.5a, 4.6a and 4.6b, which show how the operational mode is determined by varying
degrees of input synchrony when both the asymptotic potential (V) and the volley peak (A,)
are below threshold. More specifically, when A, < Vj, — V,.¢4, coincidence detection cannot
occur, even for S;, = 1, since a single spike volley cannot bring the neuron to fire from rest. In-
stead, the neuron may integrate multiple spike volleys in order to reach the firing threshold and
in that case, the NPSS measures a balance of integration and coincidence detection (M = 0.5).
The points that appear at M ~ 0.5 and Dg = 0 on the figures are examples of this occur-
rence: the input spike trains were completely synchronous (S, = 1) and there was no jitter
(0in, = 0ms), which results in a SPIKE-distance of zero, but the neuron behaves in a manner
signified by the middle of the operational mode continuum, where neither pure coincidence

detection nor temporal integration is taking place. In this case, we describe the behaviour of

the neuron as integrating coincidences, to denote that high degrees of synchrony are driving the
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FIGURE 4.5: NPSS (M) vs SPIKE-distance (D) with the colour of each point showing the degree

of applied jitter (o;,,). Each subplot is separated based on the relationship of the asymptotic

threshold-free potential (V) and the volley peak (A,) to the spike threshold (V4,). (a) Sub-

threshold asymptotic potential and sub-threshold peak: Vo < Vi, & Ay, < Vipy — Viest- (b)

Sub-threshold asymptotic potential and supra-threshold peak: Vo, < Vi, & Ay > Vip — Viest-

(c) Supra-threshold asymptotic potential and supra-threshold peak: Vo > Vi & Ay > Vi —
Vrest'

neuron, but multiple volleys are required to fire. In terms of the aforementioned actual versus
utilised synchrony, the input spike trains have very high degrees of actual synchrony, but the
neuron utilises this synchrony in a different way. Instead, the high synchrony in a single volley
is only utilised to bring the membrane potential up to a certain level below threshold, before
subsequent volleys are integrated to raise the membrane potential above threshold and trigger

a response.
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4.2.5 Coincidence detection

Our results also show the necessary circumstances for a neuron to operate as a coincidence
detector. Coincidence detection is measured by the NPSS when M ~ 1. We know that co-
incidence detection only occurs for high values of S;,, and in fact, pure coincidence detec-
tion only occurs when S;;, = 1. This is fundamental to our interpretation of the continuum
of operational modes. For any value S;,, < 1, there are N;,(1 — S;,) random spike trains
that contribute to the depolarisation of the membrane across each inter-spike interval. There-
fore, a response spike cannot be fired as a result of coincident inputs only; there is always
a degree of depolarisation that occurred before the coincidence window w and is part of the
interval’s integration period. By looking at each figure, we can determine how each of the
other parameters and variables (0;y, Vo, A,) affect the possibility of achieving pure coinci-
dence detection. From Figure 4.2 it is apparent that coincidence detection only occurs when
oin = 0ms (see, Figure 4.2b), while Figure 4.3 shows that the asymptotic potential, V., has
no effect on the ability of a neuron to operate as a coincidence detector. Finally, Figure 4.4
shows that coincidence detection requires supra-threshold volley peaks, A, > Vi — Ve
The above is summarised in Figure 4.5, which shows that coincidence detection occurs when
Ay > Vi, —Viest and 0, = 0 ms (dark blue points in lower-right corner), but Vi, can be either
supra- or sub-threshold (Figures 4.5b and 4.5¢). Examples of pure coincidence detection occur-
ring can also be seen in the sample configurations in Figure 4.6. Figures 4.6c and 4.6d show two
cases where the asymptotic potential is sub-threshold and the volley peak is supra-threshold
(Voo = 10mV, A, = 20mV for Figure 4.6c and Vo, = 12.5mV, A, = 25mV for Figure 4.6d)
and in both cases, M = 1 when S;,, = 1, Dg = 0 and 0y, = Oms. The same holds for Fig-
ures 4.6e and 4.6f, which show two cases where the asymptotic potential and the volley peak are
supra-threshold (Voo = 25 mV, A, = 25mV for Figure 4.6e and V,, = 20mV, A, = 40mV
for Figure 4.6f).

4.2.6 Effect of input parameter values (N;,, fi,, AV;)

The figures for separate parameter configurations in Figure 4.6 illustrate how the individual
parameters of the neuron and the input have little effect on the relationship between the NPSS
and the SPIKE-distance and it is in fact the volley peak’s relation to the spike threshold that
mostly defines the relationship. The relationship of the asymptotic potential to the threshold

mainly determines the number of spikes that are fired when there is little or no synchrony.
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Cases where the asymptotic potential is sub-threshold and there is no synchrony simply pro-
duce very few spikes or none at all. Cases where no spikes were fired were discarded and
therefore do not appear in any of the results. Each pair of figures in Figure 4.6 shows very
similar behaviour between them, suggesting that specific parameter values (V;y, fin, AVs), or
specific values for V, & A, are not important for the interaction between SPIKE-distance and

NPSS, but the relative value of A, towards the threshold is the most important factor.

4.2.7 Summary of results

In all figures, the horizontal axis represents the value of the average NPSS (M) and the vertical
axis represents the value of the integral of the SPIKE-distance over the entire duration of each
simulation (Dg). The location of each point on a figure tells us the degree of synchrony in the
input and how that synchrony is being utilised by the neuron. Points in the upper-left part of
the plot denote cases where the input is mostly random (Dg is high) and the neuron is simply
integrating random input spikes (M is low). This is the most common case, since it occurs both

when S, is low and when S;;, and o, are both high.

Points in the upper-right part denote cases where the input is mostly random (Dg is high) but
the neuron is performing coincidence detection. This case is rare and is caused by the SPIKE-
distance measuring low spike train synchrony due to a large number of random spike trains,
but the NPSS measures coincidence detection because the neuron is responding primarily to
coincidences. A clear example of this occurrence can be seen in Figure 4.6c, where M =~ 0.9
and Dg =~ 0.4. Similar occurrences can also be seen in Figures 4.6d and 4.6f. In such cases,
Dg is high due to the large number of random spike trains in the input increasing the spike
time distance. Even though S;;, = 0.8 & o4, = 0ms in the case of the aforementioned point
in Figure 4.6¢, which means that 80 % of spike trains are identical, the large value of NV;,, =
200 creates enough random spike trains for the SPIKE-distance to measure high overall spike
distance. On the other hand, the NPSS measures a dominance of coincidence detection, due
to the high synchrony driving the neuron. As mentioned above, this can also occur when
the firing rate is very high and the two operational modes begin to converge, making them

indistinguishable.

Even less common are points in the lower-left part of the plot. This area denotes cases where
the input is highly synchronous (Dg is high) but the neuron performs mostly temporal integra-

tion (M is low). Such cases can occur, theoretically, when the inputs are highly synchronised
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FIGURE 4.6: NPSS (M) vs SPIKE-distance (D) for specific configurations of N;,,, fi, and AV,
across the full range of synchrony parameters, S;,, € [0, 1] (0.1 step size) and oy, € 0 to 4 ms
(1 ms step size). The colour of each point shows the degree of applied jitter (¢;,,). The dashed
lines connect points which share the same value of o;,, and are ordered based on the value of
Sin. Each subsequent point on a given line, starting from the top left, has a higher value of
Sin- The values of the asymptotic potential and the volley peak for each subfigure are:
(a) Voo = 10mV and A, = 10mV,
(b) Voo = 10mV and A, = 10mV,
() Voo =10mV and A, = 20mV,
(d) Voo =12.5mV and A, =25mV,
(€) Voo =25mV and A, =25mV,
(f) Voo =20mV and A, = 40mV.
Therefore, each pair of figures correspond to one of the three cases shown in Figure 4.5: (a)
and (b) correspond to the first case (Figure 4.5a) where both the asymptotic potential and the
volley peak are sub-threshold, (c) and (d) correspond to the second case (Figure 4.5b) where
the asymptotic potential is sub-threshold and the volley peak is supra-threshold, and (e) and
(f) correspond to the third case (Figure 4.5c) where both the asymptotic potential and the
volley peak are supra-threshold.
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(Sin = 1 & 04, = 0), the volley peak is very low (A, < Vip — Viest), but the input rate of each
spike train (f;;,) is very high. The result of this, is an extreme case of the aforementioned be-
haviour of integrating coincidences, where the coincidences (synchronous volleys) cause very
small depolarisation (low peak), but they are frequent enough to drive the membrane potential
above threshold and cause response spikes. In terms of operational mode, this is equivalent to
temporal integration, even though the spike trains at the input are highly synchronised. The
results in this chapter do not show occurrences of this case (e.g., points in the lower-left corner)

since that would require extremely high (biologically implausible) input spike rates.

The fourth and final case is represented by the lower-right part of the plot, where the input
spike trains are highly synchronised (Dg is low) and the neuron is performing coincidence
detection (M is high). As mentioned in Section 4.2.5, high input synchrony, which occurs
when S;;, is high and ¢, is low, causes the neuron to operate as a coincidence detector only

when the volley peak is supra-threshold (A, > Vi, — Viest)

The following section (Section 4.3) discusses these cases further and relates them back to the

results in the previous chapter (Chapter 3).

4.3 Discussion

This section serves as a discussion on the results of the NPSS as a whole, which includes the
development and evaluation of the measure’s behaviour in relation to the input synchrony
parameters—presented in Chapter 3—and the results of the analysis of the measure’s relation-

ship to the SPIKE-distance—presented in this chapter.

The work presented in this thesis has so far focused solely on excitatory inputs which caused
the neuron to fire a response, in order to infer the degree of response-relevant synchrony
specifically. This simplifying choice was made to establish the viability of the slope of the
membrane potential in inferring pre-synaptic synchrony. The potential inclusion of inhibitory
inputs in our models would require our methods, namely the slope bound calculations, to
account for the effects of inhibition on the range of potentials the membrane can acquire.
More specifically, inhibition can drive the membrane potential below Vs, which can cause
pre-spike membrane potential slopes with higher values than the upper bound (see eqn. 3.4).
Furthermore, slope values smaller than the lower bound are possible, albeit rare. This can occur

in cases where the membrane potential increases rapidly, early during the ISI and remains very
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close to the threshold until firing occurs. In such a case, the membrane potential at the start of
the coincidence window, V(¢ —w), could potentially be higher than the value calculated by the
lower bound (see eqn. 3.5), since the lower bound assumes a reverse exponential shaped curve
(i.e., —e~ ") that increases from V,.c5¢; at t = 0sand hits V}y, att = At;. For short ISIs, this value
can be quite low compared to the threshold at t = At¢; — w. In the cases where this occurred
in our analysis, the normalised slope (which resulted in a negative number) was bound to 0,
i.e., a clipping procedure was introduced after the values are rescaled by the normalisation

procedure.

Generally, a neuron can operate in a sub- or supra-threshold input regime. The different in-
put regimes are generally defined in terms of the asymptotic time-averaged membrane po-
tential V, (eqn. 4.8) in the absence of a threshold. If Vo < Vjj, the neuron is operating
in a sub-threshold regime and spikes are caused by fluctuations which can briefly drive the
membrane potential above threshold. Conversely, if Vo, > V},, the neuron is operating in
a supra-threshold regime and spikes are fired quite regularly and inevitably by the integra-
tion of inputs [16]. However, we can also define the total contribution of a fully synchronous
(Sin = 1, 04) volley as AV, (eqn. 4.9). Given these two properties, we can define four condi-

tions, which based on their relationship with the firing threshold and separate 4 cases:
1. Case where AV, < Vi, — Viest and Vg < V.

This is analogous to a true sub-threshold regime where spikes are fired only in cases where
two or more volleys arrive close enough for their combined contribution to reach the threshold.
In other words, output spikes are caused by fluctuations in the arrival times of sub-threshold
volleys. When these relations hold, the NPSS will not produce a value of M = 1, even if the
inputs are highly synchronous (Dg = 0), due to the contribution of each individual volley
being sub-threshold as well as the lack of general supra-threshold input drive. Spikes in such
cases are caused with very low probability and depend on the timing of individual volleys and

spikes, i.e., the fluctuations in the input. Figures 3.3a, 4.6a and 4.6b corresponds to this case.
2. Case where AV, > Vi, — Vyest and Vo < V.

In this case, the NPSS will be able to achieve a value of 1 (if Dg = 0), regardless of the fact
that Vo < Vjp. Although this may correspond to a sub-threshold regime, with respect to the

asymptotic potential, the presence of supra-threshold volleys makes firing of spikes a certainty,
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as long as o;, is small enough and we can therefore refer to it as a supra-threshold volley regime.

Figures 3.3c, 3.3e, 4.6¢ and 4.6d correspond to this case.
3. Case where AV, < Vi, — Vyest and Vg > V.

In this interesting case, spikes are fired almost surely due to the neuron being in a supra-
threshold regime, in the general sense (the asymptotic potential is supra-threshold), but the
NPSS will never achieve M = 1, due to the contribution of each individual volley being sub-
threshold. Therefore, although the input is supra-threshold, in terms of the contribution of
single volleys it is operating in a sub-threshold volley regime. While the spikes within a single
volley may coincide (highly synchronous volley, i.e., Dg == 0), the total dispersion between all
the spikes that caused the neuron to fire is high. Instances of this case are rare, since the combi-
nation of a low volley peak and a supra-threshold asymptotic potential implies a very high rate
of input (f;,), outside the range of biologically plausible values. However, the relationship be-
tween the NPSS and the SPIKE-distance in this case, is very similar to the behaviour of case 1,
since the volley peak potential is the most important factor in determining the relationship

between the two measures. Figure 3.3b corresponds to this case.
4. Case where AV, > Vi, — Vet and Vo > Vith.

In this case, the mean drive is very high as well as the depolarisation caused by individual
volleys. The behaviour of the NPSS is the same as for case 2, as the mean drive has little effect
on the measure as long as AV, is high enough to consistently cause a response. The NPSS
however will behave unpredictably when the asymptotic potential is strong enough to cause
very high firing rates, as has been already discussed (see Section 3.5.1). Figures 3.3d, 3.3f, 4.6e

and 4.6f correspond to this case.

In summary, the relationship between input synchrony (D) and operational mode (M) is more
dependent on the relationship between AV,, and V;;, and is only slightly affected by the mean
drive Vo,. When volleys have a total contribution which is sub-threshold (cases 1 and 2) then
M < 1 even when S;, = 1,0, = 0 ms and therefore Dg = 0. In such cases, we use the term
integration of coincidence to describe the behaviour of the neuron, which is an operational mode
that is characterised by a balance of temporal integration and coincidence detection and lies
somewhere in the middle of the operational mode continuum. The value of M (for a single
inter-spike interval) reflects the total dispersion between all the contributing spikes, across

multiple spike volleys, not the dispersion between spikes within a single volley. This reflects
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the fact that the response can be caused by a number of volleys, each of which consists of
completely synchronised spikes, but whose total inter-synchrony is much lower. This empha-
sises the difference between input synchrony in the traditional sense, which we measure with
the SPIKE-distance, and the response-relevant input synchrony, which we measure with the
NPSS. This reflects the same separation between actual and utilised synchrony, discussed in
Section 3.7. The operational mode of a neuron is determined by the temporal dispersion of all

the spikes that were responsible for the neuron’s firing [31, 75].

The methods and results presented in this chapter have been submitted to a special issue on
the Application of mathematics in neuroscience in the Mathematical Biosciences and Engineering

journal and the manuscript is pending review.



Chapter 5

Input synchrony estimation for the

Ornstein Uhlenbeck LIF

The Ornstein-Uhlenbeck (OU) model is a continuous approximation and a stochastic variant
of the LIF [158-162], where the input is characterised by a stochastic Ornstein-Uhlenbeck pro-
cess [150]. The behaviour of the membrane potential is described by the following stochastic

differential equation:

dV () = (—V(t)_v’"“t + u) dt + ocdW (5.1)

Tm

where W is a standard Wiener process and p and o characterise the input. The input pa-
rameters ;1 and o represent the mean and variance of the stochastic input respectively. The
noisy input of the model is the diffusion approximation of many (tens of thousands) uncorre-
lated, Poissonian spike trains, where each spike contributes a small amount to the membrane

depolarisation [163].

While this model does not add complexity over the LIF model, it allowed us to reformulate
the stimulus to account for inhibition, which was lacking from the work up to this point and
limited the applicability of the methods. In addition, the previous methods required defining
a temporal window within which the pre-spike slope was averaged for each response spike.
This was necessary due to the trajectory of the LIF’s membrane potential being discontinuous.
The length of the window affected the interpretation of the results, since any spikes arriving
within that time prior to a response spike were regarded as completely synchronous by the
method.

62
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Symbol Description Value or range Units
Tm Membrane leak time constant 10 ms
Vin Firing threshold 10 mV

Viest ~ Neuron resting and reset potential 0 mV
La Amplitude of (t) signal 02t02.0 mV/ms
140 u(t) offset (baseline) 02t02.0 mV/ms
Ta Amplitude of o (t) 0to1.0 mV/y/ms
o0 o(t) offset (baseline) 0to1.0 mV/y/ms
f Frequency of sine waves 5to 20 Hz
h Simulation time step 0.1 ms

TABLE 5.1: Parameter symbols and value ranges.

5.1 Operational mode of the Ornstein Uhlenbeck LIF

Due to the nature of the input of the OU model, simulating synchronous volleys of varying
intensity required that we define i and o as time-dependent functions that replicate such input.
The input was therefore modelled using sine waves to describe both y(¢) and o(t) (eqns. 5.2

and 5.3).

pu(t) = po + pa sin(27t f) (5.2)
o(t) = 00 + o sin(27wt f) (5.3)

where pg and o are the sine wave offsets, 1 4 and o 4 are the amplitudes and f is the frequency

of the sine wave envelope. The final model has the following form:

av(t) = - VO =Veest) iyt + o(t)aw (5.4)

Tm

This way, by controlling the amplitude, frequency and offset of the waves, we can approximate
the effect of periodic volleys of increased activity, which arise from synchronous volleys of
spikes (see Section 5.1.1). The peaks of 1(t) represent the increased mean activity of the input,
while the peaks of o () represent the increased variance of the input signal which accompanies
a spike volley. The two waves are always synchronised and the offset of sigma must always
be greater or equal to the amplitude (09 > 04) in order to avoid negative o(t) values, as
that would produce high noise at the low 1(t) phases, due to ¢ acting as an absolute factor
on the Wiener process (i.e., positive and negative ¢ values have the same effect). Parameter

descriptions and values used in this work can be found in Table 5.1.
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It is useful to define two ranges for the values of the input signal u(t), with respect to the
threshold Vyy,. Supra-threshold input refers to the input activity when p(t)7,, > Vi, at a given
time t. At these values, the neuron will fire even in the absence of noise. On the other hand,
sub-threshold input refers to the input activity when u(¢)7,,, < V. Even though in these

cases the neuron never fires in the absence of noise, noise-induced firing may occur.

Our approach begins by determining the frequency of the oscillations of the input rates. Know-
ing the frequency of the input sine wave allows us to identify the intervals of low and high
activity, which represent the background and synchronous input intervals respectively. By
applying initially existing input estimation methods [149], we obtain a discrete, yet noisy, re-
construction of the input signal and noise. The values at each interval of the period of the
input can then be more accurately determined by calculating the mean of the estimated values

that fall within the same interval of the input signal period.

5.1.1 Comparison of LIF with OU model

We initially compared the behaviour of the two models—the LIF used in previous chapters
and the OU used in this chapter—to determine how well the sinusoidal input of the OU ap-
proximates the synchronous input spike trains of the LIF. In order to determine the range of
parameters and conditions in which the OU model with sinusoidal inputs can reproduce the
behaviour of the LIF driven by synchronous input volleys, we derived the relationship between

the models’ parameters and validated our results through simulations.

Due to the nature of the inputs used in this chapter, i.e., sinusoidal drive and noise, the corre-
sponding inputs to the LIF needed to contain periodic synchronous volleys with a wide disper-
sion (high o0y, see eqn. 5.5). This high value was necessary to create a (short) overlap between
the tails of the distributions that are centred on each volley peak. To create a continuous se-
quence of volleys aligned with the peaks of the corresponding sine wave, the synchronous
volley times (tg) were calculated based on the input sine wave frequency (eqn. 5.6). The input
spike trains needed to be separated into two groups, the Poisson inputs that drive the mem-
brane potential to a baseline voltage and the synchronous inputs that fire in volleys. In order
to control the relative contribution of these two groups, we can manipulate two parameters:
(i) the number of spike trains in each group (Np for the Poisson group and Ng for the syn-
chronous group) or (ii) the depolarisation per spike (i.e., the synaptic weight) from each group

(AVp and AVg respectively). For simplification, we chose to keep the number of spike trains
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constant and manipulate only the weights. This choice was made to allow for inhibitory in-
puts, where necessary, which we would achieve with negative weights. The Poisson input
group acts as a background voltage which keeps the membrane almost constantly depolarised
(or hyperpolarised). The background input equivalent in the OU model is the minimum value
of the sinusoidal drive (9 — pt4) and so the weight of the Poisson inputs (AVp) is analogous to
this value (eqn. 5.7). The rest of the input spike trains (AVg) make up the synchronous inputs

and their weight is analogous to the sine wave amplitude (eqn. 5.8).

Oin = (5f)_1 (5.5)
tS:TH_fO'%:nEZ (5.6)
AVp = “3\;}‘“ (5.7)
AVg = A‘;; 7 (5.8)

All other parameters (Vyest, Vreset, Tm) are common between models and were naturally set to

the same values in each case.

The validation procedure was performed in two steps. First we removed the threshold (i.e., the
neurons did not spike) and we determined the equivalence of the two models by measuring the
difference between the membrane voltage traces. Looking at the membrane potential in the
absence of spiking was necessary in order to avoid large membrane potential deviations caused
by mismatched spike times. The difference between the two traces was calculated using two
values, the maximum deviation (Dy, eqn. 5.9) and the root mean square (RMS) of the difference

at each simulated time step (Ry, eqn. 5.10).

Dy = max|Vprp(h) = Vou (h)| (5.9)
1 H

Ry = T (VL[F(h) — VOU(h)>2 (5.10)
h=1

where h indicates the iteration through simulation time steps and H is the total number of

time steps.

For the second step we set the threshold to several different values (below the maximum value
of the membrane potential) and the SPIKE-distance was measured, using the spike train dis-

tance measure described in Chapter 4.
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The results of our validation indicate that the derived relationships between the input param-
eters are accurate, as long as the sinusoidal noise is not very high (o(t) < 1.0mV//ms).
When the sinusoidal noise was low, the maximum RMS difference was 1.6 mV and the maxi-
mum deviation from all simulations was 4 mV (approximate values). Note that the maximum
depolarisation of the membrane in these cases was 35 mV (for the max RMS) and 25 mV (for
the max deviation). When the threshold was enabled, causing spiking, the SPIKE-distance was
no larger than 0.14, which is very low when compared to the ranges studied in Chapter 4.
Higher values of o(t), caused by either large o, or o, cause the simulations to deviate sub-
stantially, since the nature of the inputs we use for the LIF does not allow for controlling of the
noise in the same manner as in the OU model. It is theoretically possible to approximate this
type of noise by reducing the number of inputs to the LIF (Np and Ng), which would result
in an increase in input weights (eqns. 5.7 and 5.8). With this change, individual input spikes
would cause larger fluctuations of the membrane potential, which should produce behaviour
similar to the potential of the OU model with high noise parameter values. This high degree
of accurate reproduction is beyond the scope of the current section however. We only aim to
show that an approximate reproduction of the behaviour of the LIF driven by synchronous in-
puts and Poisson background spike trains is possible using an OU model driven by sinusoidal

mean drive and noise.

Figure 5.1 shows two examples of the similarity between the two models. For each example,
we show the membrane potential trace with and without the threshold enabled, totalling four
comparisons. One example was chosen for having high similarity (small differences), by keep-
ing the noise in the OU model low, while the other was chosen to show the effects of high
noise on the similarity between the two models. The parameter values of each case and the

measured errors (Dy, Ry, and Dg) are listed in the figure’s caption.

5.2 Estimation of frequency

The frequency of the sine wave f can be estimated using the power spectral density (PSD) of the
spike train [164]. The PSD is calculated as the Fourier transform of the binned autocorrelation
of the spike times. The frequency component of the PSD with the highest power (the spectral

peak) provides estimates of the underlying frequency of the sine wave.
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FIGURE 5.1: Membrane potential traces for two configuration pairs. Each configuration pair
consists of one simulated run without a firing threshold ((a) & (c)), in order to compare the
voltage trace directly, and a simulated run with the firing threshold enabled ((b) & (d)), in
order to compare the spike train distance. In all figures, the blue trace represents the voltage
of the OU model and the green trace represents the voltage of the LIF model. The parameters
of the LIF model were derived from the parameters of the OU using the equations described
in Section 5.1.1.
(a) Parameters: u, = 0.5mV/ms, 1o = 1.0mV/ms o, = 0.1 mV/y/ms, op = 0.1 mV/y/ms
f = 10 Hz, no threshold.
Voltage trace differences: Dy = 1.4mV, Ry = 0.5mV
(b) Parameters are the same as (a) but with V;;, = 10mV.
Spike time distance: Dg = 0.035
(c) Parameters: p, = 0.5mV/ms, o = 1.0mV/ms o, = 0.1 mV/y/ms, o = 0.5mV/y/ms
f = 20 Hz, no threshold.
Voltage trace differences: Dy = 4.4mV, Ry = 1.2mV
(d) Parameters are the same as (c) but with V;;, = 10mV.
Spike time distance: Dg = 0.06
The first configuration pair ((a) & (b)) has low noise (o) values and the differences between
the voltage traces as well as the spike times are therefore very small. On the other hand, for
the second configuration pair ((c) & (d)) the differences between the voltage traces and spike
times are relatively high, due to the high o values used in the OU model.
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The estimation of the frequency assumes that the input is periodic, with constant frequency
throughout the duration of the observed data. In addition, the binning introduced during the
calculation of the autocorrelation introduces an implicit rounding in the estimated frequency
values. A side effect of this rounding is the removal of any small errors that may have occurred
in the frequency estimation had the precision been finer. For the results in this paper, we used

a bin width of 1 ms, which made bins small enough to include at most one spike per bin.

5.3 Estimation of i

Figure 5.2 shows the steps of the estimation of y(t). The noisy input signal (Figure 5.2a) pro-
duces spikes at the output of the neuron (Figure 5.2b). From the spike train and the discrete
observations of the membrane potential, we can obtain estimates of the input signal p(t) (Fig-
ure 5.2¢, eqn. 5.11). The estimated values are aligned to a single period (Figure 5.2d, eqn. 5.12)
and subsequently binned and averaged (Figure 5.2e, eqn. 5.13), to produce the final estimates

of the input signal.

The estimation of the parameters for y(t) relies on estimation methods found in the literature.
More specifically, we use the y estimation method in Bibbona et al. [149]:
N Vin 1

i ot Vi (5.11)
Tsz(l - eﬁ) TmKi ;

where K; = T;/h, T; is the ith ISI and h is the discretisation step (i.e., the simulation time

step). V! is the discrete membrane potential trace during the ith ISL.

By applying eqn. 5.11 to the entire simulation’s membrane potential and spike train, we can cal-
culate /i; for each ISI during a simulation, which results in a sequence of tuples X = {(¢;, 1)},
where ¢; is the time of the ¢th spike and p; is the average membrane potential during the time
interval of the ith ISI (Figure 5.2c). The sequence X represents a discrete reconstruction of

w(t), with discretisation bins having the length of each respective ISL

Using the estimated frequency of the input sine wave f , each fi is aligned to the start of their

respective period:

G = {(¢i, fui)lpi =t; mod f~1 A (t;, ;) € X}. (5.12)
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The set GG groups all estimated values into a single period length, where ¢; is the period-aligned
spike time (Figure 5.2d). The period is separated into /N bins and the estimated values in each

bin are averaged to produce a sequence of average binned estimated values:

> pb/(FN) < ¢i < (b+1)/(fN)]
> [b/(fN) < ¢ < (b+1)/(fN)]

%

Hy =

(5.13)

where b € {0,1,..., N — 1} and the square brackets are Iverson brackets [165] yielding 1 if

the condition in square brackets is satisfied and 0 otherwise.

The binning and averaging removes estimation inaccuracies arising from the input noise o ()

(Figure 5.2e).

5.3.1 Estimation of 1,

The sequence of fi;, values represents a noiseless, partial reconstruction of a single period of
the input signal x(t). From this, it is straightforward to extract the peak of the input signal

Ip = fto + g by taking the maximum of the /i values.

5.3.2 Estimation of 1

As the aim of this work is to estimate the degree of input synchrony, it is important to know
how high the peak activity 1, is, compared to the baseline value. In other words, the amplitude
of the signal y, represents the increase in input spike rates during a synchronous volley, or a

brief synchronised increase in input rates.

For supra-threshold baseline values (o7, > Vip), flo can be estimated from the mean of the

reconstructed period:

=

1

flo = N b b (5.14)

I
o

Applying the same method to cases where 147, < Vy, is not as reliable (see Section 5.5).
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FIGURE 5.2: 11 estimation procedure. (a): Input signal with noise, i.e., (t)+o(t)W(t). (b): Out-
put spike train of the neuron. (c): Estimated p values resulting from the estimator given by
eqn. 5.11. (d): The same estimated values from panel C, aligned to a single period length, using
eqn. 5.12. (e): The averages of the estimates from panel D (dots connected with solid line) that
fall within the same bin, as described in eqn. 5.13. In all panels, the dashed grey line represents

the original, noiseless input signal p(t).

5.4 Estimation of o

While our focus is on input synchrony estimation, which involves the changes in the input
population’s firing rate ;(t), the same procedure used in the estimation of the u parameters
can be applied to the corresponding noise o parameters. We therefore use a similar procedure

to estimate the parameters of o(t) (o¢ and o,,) based on the o2 estimation method in Bibbona

et al. [149]:
Vi —

X X 12
WiTm + (MiTm - Vkl—l)e h m]

T (1 — e=2h/™m)

(5.15)
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where the symbols have the same meaning as the ones of eqn. 5.11.

eqn. 5.11 (which estimates individual . values) is replaced by eqn. 5.15 (which estimates indi-
vidual o2 values) and the rest of the procedure (i.e., eqn. 5.12 eqn. 5.13) is followed again, with

the square root of the o2 estimates replacing their 1 counterparts.

5.4.1 Estimation of 0, and o0y

For obtaining &, and 6 from the reconstructed trajectory of o we follow the same procedure as
for /i. The maximum value corresponds to estimates of the peak o, while the average provides

estimates for the baseline oy.

5.5 Results

Simulations were run using the input parameter values and value ranges shown in Table 5.1.
Parameter combinations were chosen such that data from all valid configurations were gen-
erated. Discarding simulations which did not produce enough output spikes (i.e., when the
output rate is less than 1 Hz) resulted in data from 14048 simulations, which were run for 5s

of simulated time each.

Parameter values covered the supra- and sub-threshold ranges, for both the baseline of the
signal 19 and the peak p,. As expected, cases where the peak of the signal is sub-threshold
(i.e., ppTm < Vip) were much less likely to produce spikes, since threshold crossings in such
cases are dependent on the amplitude of the noise. Only 564 of the simulations have a sub-

threshold 1s,,.

For each estimated parameter, we calculate the relative estimation error as |x —Z|/z and report
the mean relative error ¢, averaged over all simulations which share the same parameter value.

Where the correct value is zero (x = 0), the error is taken to be the value of .

Average estimation errors are summarised in Table 5.2, separated into sub-threshold signal
peak (pp7m < Vip), supra-threshold peak with sub-threshold baseline (o7, < Vin < pp7m)

and supra-threshold baseline (tg7, > Vip).
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Parameter e, for p,7n < Vi €g for pomm < Vip, < ppmm €5 for pomm > Vi, €4 (overall)
p 0.33 0.10 0.05 0.08
1o 0.35 0.43 0.07 0.20
Ua 0.89 0.24 0.19 0.28
Op 0.19 0.09 0.05 0.07
og 0.27 0.18 0.08 0.12
Oq 0.29 0.25 0.14 0.18

TABLE 5.2: Parameter estimation errors (relative) for sub-threshold signal peak, supra-
threshold peak with sub-threshold baseline and supra-threshold baseline. The number of
simulations for each range is 564 (4 %) for (1,7, < Vi, 4844 (34 %) for poTm < Vin < ptipTm

and 8640 (62 %) for ugT, > Vin (total simulations: 14048).
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FIGURE 5.3: Histograms of (a) relative and (b) absolute estimation errors from ~3500 realisa-
tions of the frequency estimator for each value of f € {5, 10, 15,20} (in Hz). The total number
of simulations was 14048. Note that due to the very low number of cases with nonzero es-
timation error, the vertical axis has a logarithmic scale. The u and o parameters (baselines
and amplitudes) varied across their entire ranges, found in Table 5.1. It should be noted that
the number of misestimated instances is only 66 and the average relative estimation error is

er < 0.01.

5.5.1 Frequency estimation results

Figure 5.3 shows the results of the frequency estimation. Figure 5.3a shows a histogram of the

relative frequency estimation errors (¢". = —f and Figure 5.3b shows a histogram of
q y f g g

the absolute estimation errors (6(} =|f- f |). The histograms are shown using a logarithmic

scale due to the very low number of nonzero estimation errors.

The average relative estimation error is e < 0.01. Of the 14048 samples used, only 66 had

a non-zero estimation error. The high amount of perfect estimates is a result of the rounding

that occurs during the calculation of the PSD, as mentioned in Section 5.2, which removes any
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FIGURE 5.4: The triangles represent po and p, values for simulations where the frequency
estimation failed. The frequency for simulations with values represented by the points was
estimated perfectly.

small deviations from the true value that may have occurred if a smaller bin size had been used.

The small number of misestimations deviate substantially from the correct values.

It is important to understand when misestimations occur and to be able to predict whether it is
possible to estimate the underlying frequency with no prior knowledge of the input. From our
investigation of the simulated data, it became apparent that the frequency estimation failed
when the amplitude of the input sine wave p1, was very small compared to the baseline 1 (see

Figure 5.4).

However, since prior knowledge of the input parameters is not assumed, the prediction of
whether the frequency estimation will succeed or not, should rely on the effects that the com-
bination of © parameters have on the firing of the neuron. The high-p/low-p, combination
does not allow for the underlying frequency to be estimated because in such cases, the fluctu-
ations of the input sine wave are very small (low amplitude). The firing becomes very regular
and does not reflect the subtle variations in the input firing rates. We can use the firing vari-
ability, commonly measured using the coefficient of variation (CV) of the ISIs, to test whether
the estimation of the frequency of the input fluctuations (if any) has a high probability of fail-
ing. Figure 5.5 (top) shows the frequency estimation error of each simulation £ as a function

of its CV. Figure 5.5 (bottom) shows the probability of misestimated frequencies conditioned
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FIGURE 5.5: Top: CV of the firing ISIs vs the frequency estimation error. Bottom: Normalised

(conditional) CV distribution of simulations with non-zero € s. High relative estimation errors

occur only at low CV values (regular firing) and with higher probability in the range [0.1-0.3],

which are caused by the input sine wave having very subtle fluctuations around its baseline
value.

on the CV. The figures clearly show that not only is the frequency estimation error larger for

CVs between 0.1 and 0.3, but misestimations are also more probable in that same range.

5.5.2 [i estimation results

Using the estimated frequencies f , we began the reconstruction of the input signal fi;, as de-
scribed in Section 5.3. Figure 5.6 shows the result of applying eqn. 5.11 to a single simulation’s
generated data (see caption for parameter values). This corresponds to Figure 5.2¢ of the illus-

trated methodology.

The data shown in Figure 5.6 has been truncated to 1 second for clarity. Figure 5.7 shows the

application of eqn. 5.12 to the ji; data shown in Figure 5.6, which corresponds to Figure 5.2d.

The data is then binned and averaged (eqn. 5.13) to produce Figure 5.8, which corresponds to
Figure 5.2e. We used N = 10 bins for all data in this study. The number was chosen such
that the bins were large enough to contain enough spikes for the averaging process, but small

enough to avoid containing both the high and low parts of the sine wave. In addition, it is best
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FIGURE 5.6: fi; for a single simulation with parameters ;19 = 1.6 mV /ms, p, = 0.4mV /ms,

oo = 0.4mV/y/ms, 0, = 0.4mV/y/ms and f = 5Hz. The dots connected with the solid

line represent the estimated trajectory of the input signal, while the dashed grey line is the

actual input sine wave. The results in this figure correspond to the step in the estimation
procedure shown in Figure 5.2c.

if the number of bins is chosen such that N/2 is odd, so that there is a bin centred on each
peak (positive and negative) of the sine wave. This ensures that all spikes around the peak
of the sine wave fall within one bin, and slightly increases the estimation accuracy for ji,.
From the binned data, we can extract the estimates for 1), (max(/i), Figure 5.9a), £ (eqn. 5.14,

Figure 5.9b), and subsequently estimate /i, = i, — fio (Figure 5.9¢c).

The average relative error between the actual and estimated values for the peak of the input
signalis €, = 0.08. The average relative estimation error for the baseline value is ,,, = 0.2. It
should be noted however that this includes supra- and sub-threshold values of y¢. Taking each
case individually, the estimator is very reliable for supra-threshold values €,,,,>v;, = 0.07
but as expected, it has a very high error for sub-threshold values ¢, <v;, = 0.43. Since the
estimation of the amplitude relies on all other estimated parameters, each estimated value is
affected by all previous errors. Its average relative error is £, = 0.28 (see Table 5.2 for full

results).
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FIGURE 5.7: [1; grouped into a single period length based on f. This is the same data used for
Figure 5.6. The results in this figure correspond to the step in the estimation procedure shown
in Figure 5.2d.

5.5.3 0 estimation results

Figures 5.10a-5.10c show the estimates ¢, 6o and &, for the parameter ranges shown in Ta-
ble 5.1. The overall, average estimation errors are £,, = 0.07, €5, = 0.12 and &,, = 0.18.
As expected, the estimates were more reliable when the input signal 1(¢) was supra-threshold
at the peak (i.e., 1,7, > V;3) and especially when the baseline of the signal was also supra-

threshold (i.e., o7 > Vip). Table 5.2 shows the full set of estimation errors.

5.5.4 Frequency misestimation

Since all parameter estimates rely on the frequency, in order to align estimated values to the
length of a single period, we also studied the effect that frequency misestimations have on
the subsequent estimates. Figure 5.11 shows ¢, ,, the average estimation error for y,, given
a frequency misestimation oy for all samples. i, estimates were calculated using incorrect

frequencies calculated as (1 + ay) f.
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FIGURE 5.8: [1: the binned average of the estimates seen in Figure 5.7 for N=10 bins, i.e., the
width of each bin is 20 ms. The results in this figure correspond to the step in the estimation
procedure shown in Figure 5.2e.

As Figure 5.11 shows, ¢, is very sensitive to errors in the estimation of the frequency. This
signifies the importance of accurately identifying the intervals of synchronous activity, as fre-
quency misestimations disrupt the averaging of estimates that occur within the same intervals

of the period.

5.6 Discussion

Our methods rely on estimating the frequency of the periodic synchronised activity from the
power spectrum of the fired spikes, which allows us to align estimates based on the length
of the period. As mentioned in Section 5.1, the methods presented in this chapter rely on ex-
isting estimation methods for stationary inputs. The existing methods rely on the membrane
potential trace during an inter-spike interval [149]. Using these estimators, we initially obtain
a noisy discrete reconstruction of the supra-threshold input signal. We adapt the estimators
to time-varying (sinusoidal) inputs by binning the response spikes and aligning bins based on

the input period. This may also extend to sub-threshold ranges in cases where noise-induced
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FIGURE 5.9: Estimated vs actual y parameters. (a): y,, estimates. €, = 0.08. (b): pio estimates.
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firing occurs, with less accuracy. From the reconstructed input we subsequently obtain accu-
rate estimates of the input signal and noise by averaging individual estimates that fall within
corresponding intervals of each period. The use of estimators for stationary inputs causes the
method to assume that the input within each bin is stationary, which provides a good approx-

imation as long as the bin width is small enough.

Even though the binning and alignment of input estimates is similar to the methodology pre-
sented in [151], in their work they assumed the sine wave frequency (f) was known and their
model only used stationary noise (o). These authors binned the spike intervals of the neuron,
with each bin representing a discrete phase shift of the input signal, and represented all points
within each bin by the midpoint of their respective bin. One further fundamental difference
of our work, however, is that our binning procedure is performed after the estimation of the
input signal parameters and the binning is used to align and obtain averages of the estimates.

The estimation procedure, in our case, is performed on the original spike time intervals.

The accuracy of our method is based on several underlying assumptions regarding the model
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€0y = 0.12. (¢): 0, estimates. €,, = 0.18.

and its input. We simulate periodic synchronous input volleys using a sinusoidal signal. Our
method therefore assumes that the input signal can be accurately described by a sine wave and
also that this sine wave represents a sudden increase in synchronous excitatory input firing
rates. The requirement that the oscillations are caused by an increase in excitation can be tested
by deducing the excitatory and inhibitory input rates from the estimated p and o values [34,
166]. More generally, it is important to note that synchronous inputs are not always accurately
represented by sinusoidal oscillations. The sine wave is an appropriate model for periodic
synchronous volleys of excitatory inputs, with relatively large variance between spike times
within the volley. When spike times are highly correlated however [see for example Figure
1c, in 33], the membrane potential responds with near-instantaneous jumps. Additionally, the
model’s explicit threshold function assumes that the threshold is constant, which is a common
assumption when working with models of reduced complexity, like the LIF. The method we
used to estimate the input parameters assumes a constant input signal across an entire spike
train. By using this method to estimate the parameters for individual inter-spike intervals,

we implicitly assume that the input during each interval can be approximated by a constant
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FIGURE 5.11: €, vs ay. The average estimation error for the peak of the input, assuming the
frequency has been misestimated. o ¢ is a fixed error ratio applied to all samples in the data.

current with added constant noise.

Our frequency estimation method requires that the amplitude of the input spike rates p, is
large compared to the baseline input rate pg, so that the observable fluctuations in the firing
frequency reflect the input sine wave. This requirement can be tested by measuring the CV of
the neuron’s firing. Lower CV values increase the probability of the estimation failing, since

regular firing provides no information about input rate changes.

It is interesting to note that the sinusoidal nature of our inputs causes stochastic resonance to
occur in our model. Stochastic resonance in neurons occurs when a sub-threshold input signal
(u(t) T < Vi) causes firing due to the fluctuations caused by the added noise (o (¢)) (i.e., noise-
induced firing), when in fact firing would not occur had the signal been noiseless [167, 168].
From our results (see Table 5.2) we can see that firing does indeed occur when the signal is

sub-threshold, but the estimation accuracy in such cases is low.

Alternative input parameter estimation methods, such as the Bayesian method developed by
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Kobayashi et al. [34, 169] and the state-space method by Kim and Shinomoto [170] do not re-
quire estimating the frequency of the input sine wave in the case of sinusoidal inputs, but they
do assume that the input variability is low. When estimating inputs that vary significantly, the
estimation error increases with the variability (e.g., amplitude of the sine wave). In our case, the
estimation error is lower for larger amplitudes and in fact, more variable input causes higher
output variability, which increases the accuracy of the frequency estimation (see Figure 5.5).
In the course of exploring the model and methods, it was not possible to find a way to estimate
the input signal with the same level of accuracy without a frequency estimation first. We may
therefore consider our method as an alternative to all other methods and complementary to
the Bayesian method [34] which estimates the input parameters accurately when no assump-
tions about the input’s variability can be made, or when the input is known to be smooth. Our
method however provides a good input estimation accuracy when the input is known to be si-
nusoidal with large amplitude and high variability and when the aforementioned assumptions

hold.

The dependence of the method’s accuracy on the underlying input sine wave frequency may
hint at an underlying phenomenon. It may suggest that information in the brain is transmitted
via synchronous regular signals. This is likely related to the idea that information is encoded
in spike times relative to the oscillatory signal [49]. In other words, the inability to accurately
reconstruct the input signal without knowing the frequency of the oscillations, may suggest

that the information in the signal itself depends on this frequency.

This method may be considered an extension of the NPSS as well as an attempt to address
some of its shortcomings. The NPSS was limited by the fact that the effects of inhibition were
not accounted for. The current measure overcomes this limitation by treating input synchrony
as a brief increase in the firing rates of the summed input population. Inhibition is implicit
in the sinusoidal input, which models the pre-synaptic population activity as a single input
signal. However, the input estimator described in this chapter is not a direct estimator of the
operational mode, as it estimates actual input synchrony, not utilised input synchrony. The
degree of utilised input synchrony can be inferred from our results by observing the firing

times with respect to the period of sinusoidal input signal.

By estimating the baseline and peak values of the input rates (1o and ) we effectively obtain
a measure of the synchronous modulations in pre-synaptic spike rates. Our previous work also

required the use of a temporal window that directly preceded a spike, within which all input
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spikes were regarded as coincident. This required determining (or making an assumption for)
the timescale on which a neuron processes information, as any temporal information was lost
within the window length. The method presented here requires only one parameter selection,
the number of averaging bins [V, the effect of which is negligible on the results and has no
effect on their interpretation, as long as the bin size is small enough to not contain both the
high and the low parts of the sine wave. As mentioned above, it is good to select NV such that
N/21is odd, in order to have a bin centred on the peak of the sine wave. Given this requirement,

we suggest that at least N = 6 should be used.

In the case of non-periodic inputs, our estimates would introduce large amounts of error, since
the methodology assumes periodic input when grouping spikes based on their relative position
in the sine wave period. In such a case, the frequency estimator could be replaced by a peak
detector that could detect peaks in the firing rate of the neuron. Using such a method, the
spike intervals could then be grouped based on their relative timing within each inter-peak
interval, rescaled to a single, common length. This would again assume that the input during
each interval is sinusoidal, but with varying frequency. If, on the other hand, this assumption
does not hold, the individual estimates of 11; could be grouped based on the instantaneous firing
rate, such that estimated values that fall within periods with similar firing rates are grouped

together and averaged.

Although our focus is on estimating the degree of synchrony at the input, which is represented
by the magnitude of change of 1i(¢), we can use the same method to estimate the noise o (¢). In
our model, we use noise to represent variability in firing rates of the input population. How-
ever, since noise in neural systems can induce synchronisation [171], the ability to estimate

the noise driving a neuron, or population, may be useful in studying this phenomenon.

The methods and results presented in this chapter were published in Brain Researchin 2013 [37].



Chapter 6

Can a biophysical model of a
pyramidal neuron learn time delays
between the spikes from different

input neurons?

In this chapter, we investigate the ability of a pyramidal neuron to learn to distinguish, with
high precision, correlated input spikes of varying delays. Our goal is to discover a learning
mechanism that allows the cell to reinforce pairs of synapses that activate with very specific
time delays between them (on the millisecond scale), while not reinforcing other synapses on
the same dendritic tree. A side effect of our analysis is the measurement of the precision with
which such a mechanism can function and an investigation into the properties that define or

affect this precision.

The detection of sequences of sensory inputs with specific short time delays (e.g., velocity
sensitive motion detection or decoding of the firing of Geniculate lagged cells, see [172]) is a
function of biological systems. Sequence detectors are usually modelled as coincidence detec-
tors that exploit appropriate delays of asynchronous individual input to cause a coincidence
after the arrival of the last input of the sequence (see for example [173]). Given the adaptability
of neural systems, the question arises as to whether learning mechanisms exist that develop

appropriate coincidence detectors and then stabilize them during use.

83
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The widely used Spike Timing Dependent Plasticity (STDP) [174-178] learning rule normally
requires the post-synaptic neuron to fire a spike and will reinforce all synapses with inputs
arriving shortly before that spike. Synapses on distant dendrites whose earlier inputs also
contribute to the spike undergo a much weaker reinforcement than proximal dendrites and
end up disappearing when resource limitations are considered in the model, as proposed by
Letzkus et al. [179]. Branco et al. [173] have shown that, on the contrary, synapses at various
distances from the soma stay strong and contribute to sequence-specific neuronal responses.
They did that by activating a succession of synapses by optical uncaging and noted that if the
uncaging sequence moves from distal to proximal synapses, the soma showed a higher increase
in potential than if the sequence moved away from the soma. Given the results by Branco et al.

[173], it should be possible to reinforce synapses at any distance.

In this chapter, we are interested in reinforcing pairs of synapses that are separated by a propa-
gation time delay corresponding to the arrival time difference of spikes from two different input
neurons. We initially examined whether a detector based on dendritic propagation delays in a
biophysical model of a pyramidal neuron [179] can be developed in a bottom-up, unsupervised
fashion, i.e., without the soma firing a prior spike to trigger learning on pre-synaptic inputs,
following a hypothesis formulated by Bugmann and Christodoulou [180]. A bottom-up ap-
proach is in the spirit of experiments conducted by Marom and Shahaf [181] showing learning
without supervisory spiking by the target. The examined mechanism is based on non-linear
summation of synaptic EPSPs and their effects, as described for example in Denham and Den-
ham [182], followed by the backpropagation of the summed EPSP to the dendrites, triggering a
learning mechanism at the originating synapse. Simulating this initial approach revealed that
the learning mechanism appears to be insufficiently sensitive to differences in time delays. This

lead to the development of a second approach using a backpropagating AP.

In the second approach, a background input current is added to the neuron (at the somatic
compartment), to allow the coincidence of pairs of small EPSPs to generate a spike that can
then activate learning mechanisms when backpropagating. That background current can be
seen as a “learning-enable” signal that is activated when the organism decides that there is a
need to learn the current input situation. These processes are designed to allow learning of

weights in conditions where they are initially too weak to induce output spikes.

A key element of both approaches is the assumption that inputs from each pre-synaptic neu-

ron initially target several pre-existing synapses at various positions on the dendrite. These
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synapses have a probabilistic behaviour and will activate at most one at a time, thus probing
various dendritic propagation times [180]. The learning rule should then select synaptic pairs

separated by the appropriate distance and reinforce them.

This approach differs from the supervised approach used by van Leeuwen [183] who assumes
synaptic relocation along the dendritic tree, or the model by Hiining et al. [184] that assumes
delay modification. The principle of selection of existing synapses is also used by Gerstner
et al. [185], where time-differences between pre- and post-synaptic spikes determine weight
changes, or the work by Eurich et al. [186] who use a Hebbian learning rule depending on
correlations between pre- and post-synaptic activity within a certain time window. Senn et al.
[187] also proposed the use of stochastic synapses, for adapting synaptic delays. Note that
the problem treated here is different from that of detecting temporal patterns in a single input
spike train, like in Hunzinger et al. [188], or global oscillations in multiple spike trains like
in Kerr et al. [189]. In the context of dendritic delays selection, in this chapter we examine the
capability of a pyramidal neuron to provide a learning signal selective enough to certain input
time differences. In this chapter, we use the term learning to refer to synaptic plasticity and
in particular, synaptic plasticity that reinforces a specific neural behaviour. Here, the neural
behaviour we aim to reinforce is the identification of precise input delays between synaptic
pairs. Moreover, the use of the term learning should not be confused with learning as a higher
cognitive function, but only as a mechanism for making a single cell sensitive to particular

input signals.

6.1 Methods

6.1.1 Overview

Figure 6.1 shows a simplified sketch of our model’s architecture. Four synapses attach to a
neuron’s dendrite at increasing distances from the soma. The synapse that is closest to the
soma, synapse B, originates from pre-synaptic neuron B. The rest of the synapses, A1, A2 and

A3, originate from pre-synaptic neuron A.

Pre-synaptic neurons A and B fire the same spike trains with a fixed time delay, At. In other
words, whenever neuron A fires at a time ¢, B fires at t + At. In this chapter, we aim at

reinforcing synapse A2. We consider two scenarios (Figure 6.1):
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FIGURE 6.1: Schematic of our model’s architecture consisting of a simple neuron with 4

synapses. B is a proximal synapse, while synapses A1-3 are at increasing distances from

the soma. All A-synapses originate from the same pre-synaptic neuron (neuron A) and B

originates from a different one (neuron B). See the text for an explanation of the two back-
propagation diagrams.

(i) An EPSP from A2 arrives at B after At time, thus coinciding with the time the EPSP at
B is created. The coinciding EPSPs are amplified, creating an increase in post-synaptic

potential at B, which travels back to the A-synapses.

(if) The EPSPs from A2 and B coincide at their arrival at the soma and trigger a somatic spike,

creating a back-propagating AP which travels back to the synapses.

In both cases, the back-propagating potential is expected to cause weight changes in the active

synapses (i.e., the synapses that have recently been active).

The purpose of both scenarios is to make the post-synaptic neuron sensitive to the firing delay
between pre-synaptic neurons A and B, by reinforcing only synapse B and the corresponding
A-synapse whose distance from B is such that the EPSP from A coincides with the EPSP from
B, at location B. In other words, if ¢ is the propagation speed and At is the firing delay between

pre-synaptic neurons A and B, the learning mechanism should reinforce an A-synapse that is
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at a distance cAt from synapse B. In all our scenarios, the A-synapse that is located at the
ideal distance from B will be labelled A2. Our methods require that synapses are stochastic
with a low probability of release [187, 190, 191], since synapses A1, A2 and A3 all originate
from the same pre-synaptic neuron, but should receive individual reinforcement. By setting
the release probability sufficiently low, we can consider that the probability of having two or

more A-synapses active at the same time is negligible.

The main difference between the two approaches is the lack of somatic spiking in the first
approach. The first scenario relies on the amplification and backpropagation of a potential,
caused by the coinciding EPSPs at the dendritic location of synapse B. Plasticity, in this sce-
nario, would occur as a result of the changes caused along the dendrite by the backpropagating
amplified EPSP, in the absence of somatic spiking. The second scenario follows a more tradi-
tional approach to learning, where the coinciding EPSPs trigger a somatic AP that is able to

cause synaptic changes based on a STDP-type learning rule.

6.1.2 Model

For our simulated experiments, we used the NEURON simulation environment [192] using a
reconstructed layer 5 pyramidal neuron model, originally built by Stuart and Spruston [193].
This model was modified by Letzkus et al. [179] to account for active properties, by including

voltage-gated ion channels at the following densities (in pS pm~2):

» Soma: gng = 3000, gxy = 30, gq = 0.06, gxccq = 2.5, gxm = 2.2, gcqr = 0.0003.
« Dendrites: gng = 40, 9xv = 30, 9o = 0.03, gxca = 2.5, gm = 0.05, goqr = 0.0003.

« Distal dendrites (> 600 pum from the soma): gy, = 40, gxv = 30, 9o = 0.03, grca =
2.5, ggm = 0.05, goor = 0.001, gou = 1.25 (slow high-voltage activated calcium).

« Axon: gy, = 30000, gg,, = 400.

This model, in principle, is able to generate dendritic calcium spikes, however these are not
produced in the scenarios simulated in this chapter. The specific membrane resistance was
15k cm?, the membrane capacitance was 1 pF cm =2 (giving a 15 ms time constant), the axial
resistance was 125 {) cm. Somatic resting potential, in the absence of any background current,
was —79mV and the AP threshold was —63 mV. We further modified the resulting model by

Letzkus with the addition of synaptic locations and their weights.
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FIGURE 6.2: Synaptic locations on a morphological reconstructed neuron model. The grey
location, indicated by S is the location of the soma.

Synapses were placed along the main branch of the dendrite at increasing distances, as shown
in Figure 6.2. Excitatory post-synaptic currents (EPSCs), produced due to AMPA («-amino-3-
hydroxy-5-methyl-4-isoxazolepropionic acid) receptors, were modelled as double exponentials
with a rise time 7,;5c = 0.2ms, a decay time 7jecqy = 2ms and a maximum amplitude (the
weight of the synapse). Each synapse also contained NMDA (N-Methyl-D-Aspartate) receptors,
with a NMDA-AMPA ratio of 0.2, as in Letzkus et al. [179]. The NMDA component was simu-
lated with a kinetic model, developed and described in Kampa et al. [194], and was part of the
model taken from Letzkus et al. [179]. Potentials were recorded at the dendritic compartment

of each synapse as well as at the soma.

6.1.3 Synaptic weights and scaling

As mentioned in the beginning of this chapter, our second approach relies on a constant back-
ground current that raises the resting potential of the neuron, such that two coinciding EPSPs
would trigger an AP at the soma, but a single EPSP should not. The current is applied directly
to the somatic compartment of the model. These requirements define a range of background
current amplitudes (0.22 to 0.24nA) and we use this range to explore the behaviour of the

neuron. For each value of the current amplitude, a different set of synaptic weights is required.
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The effect of the current amplitude on the results is discussed in Section 6.2.2.4. The figures
shown in this section illustrate the behaviour for an example case of 0.222 nA constant back-
ground current, which raises the effective resting potential to —72.5mV (6.5 mV higher than

the default rest).

Synaptic weights were scaled such that an EPSP from any of the synapses had the same peak
depolarisation level at the soma. The reason for the uniform scaling of synaptic weights was to
make the effective difference at the soma between specific pairs of EPSPs depend only on the
propagation delay of the potential and the input spike time difference. This reflects the results
of Hausser [195] showing that the amplitude of the EPSP arriving at the soma is independent

of the distance of the originating synapse.

The value range for the weights was assumed to be continuous (double precision floating point
values, in nA) and no bounds were set on the value of the weight for each synapse. However,
this does not mean that the weights were practically unbounded. If a synapse was strong
enough to trigger a somatic spike on its own, i.e., without the need for a second, coincident
EPSP, the weight would be considered too high. The values of the weights were therefore lim-
ited with respect to the peak depolarisation an EPSP from a synapse can cause at the soma. This
was a limiting factor during synaptic scaling and background current amplitude calibration,
but was not a relevant consideration during our investigation into the theoretical reinforce-
ment of synapses due to synaptic plasticity. While investigating the strength of reinforcement
caused by various plasticity rules, we assumed a continuous, unbounded range for the synaptic

weights.

Figure 6.3 shows the weight of each synapse after the calibration was complete. The effects of
the background current on the scaled weights can be seen in figure Figure 6.4. Figure 6.4a shows
the potential recorded at the soma for four EPSPs, evoked separately at each of the synaptic
locations with a constant background current applied (top) or not applied (bottom). Figure 6.4b
shows the peak depolarisation caused at the soma by an EPSP from each synapse, with (top
line) and without (bottom line) the background current applied. These values are calculated
by subtracting the effective resting potential, i.e., the membrane potential immediately before
the EPSP is triggered, from the peak potential reached during the EPSP. Figure 6.4c shows
the time when the peak potential was reached, both with (top line) and without (bottom line)
the background current applied. The results show that adding a background current has three
effects on the EPSPs:
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FIGURE 6.3: Example of synaptic weights after scaling. Weights (excitatory post-synaptic peak
currents) were scaled to produce a depolarisation of 1 mV at the soma when a constant back-
ground current is applied with an amplitude of 0.222 nA. The symbols used to represent each
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FIGURE 6.4: (a) Depolarisation at soma for EPSPs evoked at each synaptic location with a
constant background current of 0.222 nA (top) and without (bottom). (b) Peak potential at the
soma with background current (blue, solid line) and without (red, dashed line). The peak is
measured as the difference between the maximum potential reached when the EPSP is evoked
and the effective resting potential (i.e., the resting potential immediately before the EPSP is
triggered). (c) Time to peak (peak time minus onset of EPSP) at the soma with background

current (blue, solid line) and without (red, dashed line).
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« It shifts the voltage upwards, as expected, but also increases the depolarisation caused
by an EPSP. This effect becomes a little stronger with greater distance from the soma

(Figure 6.4b).
« It increases the time required for the EPSP to reach its peak at the soma (Figure 6.4c).

« It also affects the shape of the EPSPs arriving at the soma, with the expected widening
with distance largely being eliminated (in Figure 6.4a, top curve, the width at 95 % of
the height is for B: 7.1 ms, Al: 7.1 ms, A2: 7.1 ms and A3: 7.3 ms). Note that, without
background current, EPSP peaks are narrower and show the usual distance dependence
(in Figure 6.4a, lower curve, the width at 95 % of the height is for B: 2.4 ms, A1: 2.8 ms,
A2: 3.2ms and A3: 3.6 ms).

These effects have also been observed in in vitro studies on cortical and hippocampal pyra-
midal cells [196-200]. Fricker and Miles [198] suggest that when the membrane potential is
depolarised, the activation of inward currents tends to increase the amplitude of EPSPs and

prolongs their decay.

6.1.4 Simulation procedure

Only two synapses were considered in each simulation. The assumption in our model is that
synapses are probabilistic with low activation probability and we examine the cases where
at most only one of the A-synapses is active at a time, along with B. Therefore, activation of
synapses was induced in pairs of one of the A synapses and the B synapse, with a delay At,
in order to examine the AP firing behaviour for separate instances of stimulus arrival. The
simulation was run for 1 s before evoking any EPSPs at the synapses, to allow the potential to
stabilise from initial conditions. This was especially required in the case where background
current was applied. The background current is always applied directly to the somatic com-

partment of the neuron.
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FIGURE 6.5: Integral of the NMDA conductance during the activation of a pair of synapses,

A;, B. The conductance was recorded at the location of the A-synapse (4;) in each case.

The symbols at the peak of each curve represent the three synaptic locations, A1, A2 and A3
respectively. No background current was added in this scenario.

6.2 Results

6.2.1 Approach 1: Backpropagating coincident EPSPs

In this section we report on a simulation of the forward propagation of an EPSP from A2, its
coincidence with an EPSP generated by an input at B and then the backpropagation of the
resulting coincident EPSP to A2. In order to evaluate the expected degree of reinforcement of
synapse A;, we calculate the integral of the NMDA conductance at that synaptic location, as
in Letzkus et al. [179]. Figure 6.5 shows the integral of the NMDA conductance (normalised to
the maximum) across a range of input delays (At) after a pair of input spikes activated a pair
of synapses. For each simulation, one A-synapse was activated followed by an activation of
synapse B after a delay of At. The order of synapse activation was reversed (B A) for negative
At. The NMDA conductance was recorded at the location of the A-synapse being activated

and the integral over the entire simulation time was calculated (see Figure 6.5).

As Figure 6.5 shows, the integrated NMDA conductance for each synapse peaks at different
delays, corresponding to the dendritic propagation times from each A-synapse to B. The max-

imum conductance, used to normalise the conductance change, was taken to be the integral of
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TABLE 6.1: Normalised integral of the NMDA conductance for specific input delays At. Each
value is the delay which maximises the integral at one of the three locations, 0.8 ms for A1,
1.6 ms for A2, and 2.6 ms for A3.

At
0.8ms 1.6ms 2.6ms

Al 1.0000 0.9997 0.9997
A2 09997 1.0000 0.9999
A3 09997 0.9996 1.0000

200
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STDP [%]

T T T T 1
0 20 40 60 80 100

=

NMDA receptor activation [%]

FIGURE 6.6: NMDA conductance learning rule. The figure shows the degree of synaptic plas-
ticity as a function of the NMDA conductance integral. Image taken from Letzkus et al. [179].

the conductance at the synapse when the two synapses are activated with a delay that matches
the propagation delay of the EPSP between the synaptic locations. This is what we refer to
as the ideal time delay, for this scenario. However, the difference in conductance integrals
between synapses, for a given time delay, are very small. For instance, when the input de-
lay is such that it maximises the integral at A2, i.e., At = 1.6 ms, spike pairs (Al B) and
(A3 B) have normalised NMDA conductance integrals of 0.9997 and 0.9996 respectively (see
Table 6.1). A learning rule which is based on the integral of the NMDA conductance, as in
Letzkus et al. [179], would apply reinforcements with minute differences between synapses,
for delays —1 to 3 ms (Figure 6.6). This can be seen in Figure 6.5, where all curves are above

0.995 within the aforementioned range of delays. Ideally, in order for the neuron to learn
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to respond to a specific spike delay which corresponds to the propagation delay between A2
and B (At = 1.6 ms), the reinforcement at that delay should be significantly different for each
synapse, such that A2 receives a significantly stronger reinforcement when activated compared
to Al or A3. Our results show that this is not the case. Backpropagating coincident EPSPs are

therefore unlikely to provide sufficiently strong differentiating signals.

Given this result, we have investigated a different approach using backpropagating APs instead

of EPSPs. This is the topic of the next section.

6.2.2 Approach 2: Backpropagating action potential

Here we examine the idea that, by adding a background input current to the neuron, the two
small coincident EPSPs become able to cause a spike that then triggers learning mechanisms
when backpropagating to the recently active synapses. As learning by backpropagating APs
is well documented, the main issue dealt with in this section is the appropriate generation of

that AP. Again, we focus on learning at synapse A2, ignoring B.

Figure 6.7 shows two ways in which AP generation is affected by the application of a constant
background current to the soma. Figure 6.7a shows how the width of the firing domain grows
with increased background current. Each pair of curves show the minimum and maximum
input delays (the delay between activation of an A-synapse and synapse B) that trigger a so-
matic spike across a range of background current amplitudes, for each synaptic pair (A4; B).
Background currents below 0.22 nA do not raise the effective resting potential high enough to
enable a somatic spike, even when EPSPs coincide perfectly at the soma. Background currents
above 0.227 nA, which would drive the spike domain outside the range —20 to 20 ms, were not
considered. Figure 6.7b shows the effect of increasing the background current on the somatic
spike delay (the time of the somatic spike minus the time of the second EPSP’s onset). For each
synaptic pair (4; B), the optimal input delay was used (see Section 6.2.2.3 for calculations and

Table 6.2 for the values).

6.2.2.1 Relative timing conditions for action potential generation

To measure the selectivity of the coincidence detection mechanisms, we ran simulations where
we varied the time delay between spike arrival time at an A-synapse and synapse B. In the

example shown in Figure 6.8 (background current with amplitude 0.222 nA), the neuron fires
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FIGURE 6.7: (a) Effect of the background current amplitude on the range of input delays that

cause a response. Input delays outside the range —20 to 20 ms were not considered. (b) Effect

of the background current amplitude on the somatic spike time for (A; B) spike pairs. For

each pair, the optimal input delay was used (A1: 1.8 ms, A2: 3.8 ms, A3: 6.5 ms). The dashed

vertical line in both figures indicates the background current amplitude of 0.222nA used

as an example throughout this chapter. The number of samples on both figures have been
decimated for clarity.
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FIGURE 6.8: Spike occurrence for the indicated combinations of input delay (At) and synapse
location for an example case with background current amplitude of 0.222 nA. The bigger dots
denote cases where a spike was fired, while the smaller ones show cases where no somatic
spike occurred. Negative delays denote cases where the B synapse triggered an EPSP before
the A-synapse. The leftmost column of dots represents simulations where both EPSPs were
triggered at the B synapse. The dashed grey lines correspond to the maximum and minimum
delays that cause a somatic AP according to the model described in Section 6.2.2.3. The dia-
mond shaped points on each column represent the optimal delay between each synapse and
synapse B for maximum depolarisation, which is the difference in peak times at the soma
between an A-synapse and synapse B (d 4, g, third column of Table 6.2).

for a range of time delays, and cannot discriminate, in a binary way (which is by firing or
not firing) time differences shorter than around £7ms. The domain of firing rises towards
more positive delays for more distant synapses, showing the effect of an increasing dendritic

propagation time. The rise and width of the firing domain are explained in Section 6.2.2.3.

6.2.2.2 Action potential timing

Figure 6.9a shows the time of AP production relative to the input time. The somatic spike
delay (dg) was calculated as the somatic spike time (¢5) minus the initiation time of the second

input spike, dg = tg — max(t4,tp), where t4 and tp are the times of EPSP initiation from
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pre-synaptic neurons A and B respectively. The amplitude of the background current in all

cases was 0.222nA.

On the right-hand side of the horizontal axis (which shows the input delay), positive delays
indicate that synapse B receives the last input. On the left-hand side, synapse A receives the
last input. The four curves show a lateral shift by a time slightly shorter than the difference
between the time-to-peak (7},) delays of each individual EPSP (Figure 6.4). Table 6.2 in the next
section shows the time-to-peak (7},) values. The lateral shift shows clearly that the dendritic
propagation time affects the response to inputs with different time difference. However, it also
shows a very flat minimum that provides little differentiation between time differences close
to the difference in 7}, between synapses. All AP production times are at least 22 ms after
the arrival of the last of the two inputs, due to the integration of long lasting NMDA currents
needed to cause firing. They take around 2 to 3 ms to propagate back to an A-synapse, giving

a round-trip time of 24 ms or more.

6.2.2.3 Modelling the selectivity

Figure 6.8 shows that an AP is generated for a range of time differences of input spikes. To
explain the upper and lower boundaries of the domains of firing, we have formulated a simple
model. The EPSPs arriving at the soma from B and from A; (i = 1,2,3) cause a maximal
potential increase when their peaks are coincident. This occurs when the delay (d 4, ) between

input spikes matches the difference in arrival times (differences in time to peak) at the soma:

da = Tpa, — Tpp (6.1)

where T}, and T, are the times to peak for respectively inputs from A; and B. When both

inputs arrive at B, the delay is zero (dpp = 0).

Now, let us assume that an exact coincidence is not needed and that the peaks are efficient over
a given time window. A simple way to estimate this is to measure the duration 7, of the width
of the EPSP peak at, say, 95 % of its maximum height. The results are shown in Table 6.2. All
the peaks have a width of about 7ms. So, the inputs can be desynchronized by =7 ms and
still produce APs. More precisely, the maximum delay At;,.x and minimum delays At,,;, are

given by:
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FIGURE 6.9: (a) AP production time after the last input spike for the indicated synapses and
for different delays between spike input at B and A. Positive delays correspond to the B in-
put occurring after the A input. The range of delays correspond to the ones in Figure 6.8.
(b) Example voltage traces for a single simulation where an AP was generated. The case
shown corresponds to the point in subfigure (a) marked by the black asterisk (synapse A2,
At = 5 ms). The top panel shows the voltage at all three locations, A2, B and soma. The bot-
tom panel shows the depolarisation at dendritic locations B and A2 in an expanded ordinate,
for clarity. In subfigure (b), the time of the input at synapse B corresponds to time 0. Both
subfigures are sample cases with background current set at 0.222nA.
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TABLE 6.2: Model Data and Results. The results At and Aty are shown on Figure 6.8.
T, is the time-to-peak, i.e., the time when the EPSP reaches maximum depolarisation at the
soma. d 4, p is the difference between the two peak times from A; and B respectively. This
value is 0 when both EPSPs are triggered at B. Ty, is the peak duration, which is measured as
the duration where an EPSP is above 95 % of its maximum height. At .« and At,;, are the
calculated maximum and minimum delays that cause a somatic AP for an EPSP coming from a
given synapse, while coupled with an EPSP from B. All values on the table are in milliseconds.

Synapse T, da;p Delay from Figure 6.9a T, Atmax Atmin

B 6.9 0 0 7.1 7.3 -7.3

Al 8.7 1.8 1.12 7.1 8.48 -5.92

A2 10.8 3.9 2.8 7.1 10 -4.4

A3 13.4 6.5 4.8 7.3 12.1 -2.5
Atpax = dAiB + O.5TwA + O.5TwB (6.2)
Atmin = da,p — 0.5Ty,, — 0.5, (6.3)

It turns out that this simple model explains the behaviour of the domain of firing times in
Figure 6.8 (dashed lines). To obtain the correct slope of the curves, we had to replace the delay

calculated from eqn. 6.1 with the actual best delay given by data in Figure 6.9a (see Table 6.2).

6.2.2.4 Effect of background current on selectivity

In order to reinforce only one of the A-synapses (A2), the input pair (A2 B) should cause a
somatic spike, while the other pairs (A1 B) and (A3 B) should not. This requires the maximum
input delay At,ax for A2 to be smaller than the At,;, for A3, and for the minimum delay At i,
for A2 to be larger than the Aty,,x for Al. This defines a very narrow domain of operation
due to the shallow slopes of the max and min model curves in Figure 6.8. Given the difference
between d 435 and d 41 (taken from Figure 6.9a and Table 6.2), the firing domain at A2 cannot

be wider than £0.92 ms.

We can show that such a selectivity is difficult to achieve when membrane noise is taken into
account. Experimental data in low noise conditions show fluctuations of the membrane po-

tential reflecting excitatory inputs by fast (15 to 30 ms) potential rise, followed by a slower
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(200 to 300 ms) decay to the average potential (estimated from Figure 2 in 201). We can there-
fore assume, as a first approximation, that the potential stays constant long enough for the
duration of one (A4; B) input sequence and the summation of the two EPSCs at the soma. Ac-
cording to Destexhe and Paré [201], the smallest observed voltage fluctuations have a standard
deviation of around 0.4 mV. Their data suggest a Beta distribution of potentials (Figure 6.10a).

\Va a—1 v B—1

o) (-57) (649

B(V)=0C( 5

where C is a normalisation constant ensuring that the integral of B(V) is equal to 1 between

V=0andV =2.5mV.

We conducted a coarse fitting of the data and found a satisfactory match with values of v = 2
and 8 = 7. With a maximum fluctuation of 2.5mV, as seen in Figure 2b in Destexhe and
Paré [201], this distribution yields a standard deviation of 0.4 mV and a peak at 0.5mV, both
matching experimental values. In order to relate data on potential fluctuations to results of our
simulations, we calculated the equivalent background current I for each potential using the

locally (around 0.22 nA) linear relation found in our simulations:
V(I) = —72.66 [mV] + 55 [mV /nA|l (6.5)

For each current we then calculate the time window for firing using eqn. 6.6 below, based on
Figure 6.7a for inputs at the A2 synapse. Figure 6.7a shows that the half range At of delays
between an input at B and an input at A2 for which the neuron fires increases approximately

as:

AH(T) = mU — 0.22[nA)) (6.6)

This is valid for currents above 0.22 nA and no firing takes place below that current. The value
of the average half time window for currents between a base current Iy and the max current

Iy + Al 5 corresponding to a potential increase of Al = 2.5mV is calculated through:

5 PRSI AY(I(V))B(V)ST(V))dV
Y B()S(I(V))dv

(6.7)

where S([I) is either 1 or 0, reflecting whether the neuron can fire a somatic spike at the voltage

V or not. The integral of the distribution alone in the denominator of eqn. 6.7 is normally equal
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to 1, but if parts of the distribution fall below the voltage corresponding to 0.22nA, there
cannot be firing in that range and the integral in the denominator is needed for normalisation.
The denominator represents the fraction of cases where the voltage is above the minimum
needed for firing. From eqn. 6.5 we find that a background current increase of 0.045nA is
needed to increase the somatic membrane voltage by 2.5 mV. Therefore, we considered the

following two cases:

(i) The background current fluctuates between 0.22nA and 0.265 nA.

(ii) The background current fluctuates between 0.20 nA and 0.245 nA.

The results are as follows: For case (i), on average, inputs to A and B need to be no more than
£30 ms away from the ideal time difference (the propagation time difference between the A;
and B synapse, d 4;). For case (ii), on average, inputs need to be only within +10 ms, but there
is only a 7 % probability that the background voltage is high enough for inputs to generate a
spike. In the first case the potential (input current) is always sufficient to cause a spike if the
time interval between input spikes is within the firing domain (input current > 0.22nA). The
potential is often larger and allows for a large variation in timing. In the second case, the base
membrane potential is often (93 % of the time) below the minimum potential value (produced
by a current of 0.22 nA), and even inputs with the perfect time interval will not always be able
to cause firing. In the few cases where the current is above 0.22 nA, the average time window
is still quite high, with =10 ms. The more accurate the tuning of the somatic spike, the less
frequent that spike is. When we reduce [y until the ideal window of +0.92ms is achieved
(Io = 0.177253nA), the neuron is responsive in 2 x 10~® of cases, which is very close to
never. The image that emerges is that generating somatic spikes as a learning signal is almost

impossible.

6.2.2.5 Effect of background current on frequency of learning feedback

We have also explored whether there is enough difference in somatic firing probabilities to
provide a learning signal that differentiates A2 from A1 and A3. Ideally, the firing probability
of the neuron when (A2 B) are activated should be significantly higher than when (A1 B) and
(A3 B) are activated with the same input delay At, for a given level of baseline background
current. Figure 6.10b shows the probability of firing of all three pairs for input delay At = 2ms

across the full range of baseline input currents /j that do not cause firing with probability 1.
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FIGURE 6.10: (a) Distribution of membrane potential amplitudes above effective rest, i.e., the
minimum (baseline) resting potential of the membrane when the neuron is injected with a
fluctuating current. (b) Firing probability of the neuron as a function of the baseline injected
background current, Iy. The probabilities are calculated using eqn. 6.7. The smaller figures
on the right hand side show the lower and upper parts of the probability curves at different
scale to emphasize the small difference between the two curves. In order to calculate the firing
probability of (A1 B) and (A3 B), we set the minimum current required for firing to 0.2205 nA,
instead of 0.22 nA, which is the minimum current required for firing for those synaptic pairs
when the input delay is At = 2ms (seen in Figure 6.7a).

Since the noisy current causes fluctuations of the membrane voltage up to 2.5mV (which
corresponds to current fluctuations up to 0.045 nA), the lowest baseline input current I that
has a non-zero probability of causing a spike, when (A2 B) are activated with an input delay
of At = 2ms, is 0.175nA. The maximum I considered was 0.22 nA, since above this value
the probability of (A2 B) firing is 1 (for At = 2ms). The input delay At = 2 ms was chosen
as the ideal delay of (A2 B) in terms of firing probability, since this is the only delay which
causes firing for that synapse pair when the background current is 0.22 nA. In other words, it
is the leftmost point of the A2 curve on Figure 6.7a (0.22 mA, 2ms). The firing probabilities
for (A1 B) and (A3 B) are the same, since at At = 2 ms, both synapse pairs require a minimum

background current of 0.2205 nA to trigger a somatic spike.

The curves in Figure 6.10b show that the difference in firing probabilities is very small for the
full range of background current amplitudes. Is this difference too small to cause significantly
higher reinforcement of A2 than A1 or A3? To address this, we have examined two extreme

cases:
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(i) The background current fluctuates between 0.195nA and 0.24 nA.

(ii) The background current fluctuates between 0.220 nA and 0.256 nA.

For case (i) the probability of firing for (A2 B) is 1.8 % and for (A1 B) and (A3 B) 1.5 %. This
means that (A2 B) triggers 20 % more spikes than the other two pairs. However, the response
frequency for all pairs is very low. In other words, although the relative difference in probabil-
ities is not negligible, (A2 B) would only trigger 3 more spikes than (A1 B) or (A3 B) for every

1000 input pairs.

In case (ii), the inverse problem occurs. The probability of firing for (A2 B) is 100 % and for
(A1 B) and (A3 B) 99.6 %. In this case, the response frequency is high for all pairs, but the
difference in firing probability is too small for A2 to gain a significantly higher reinforcement
frequency. Therefore, it is unlikely that the firing probability would affect the frequency of

reinforcement in a way which would differentiate A2 from the other two synapses.

6.3 Discussion

The aim of the work of this chapter was to examine whether it is possible to train a neuron
to detect input spikes from different sources with specific delays. All mechanisms considered
attempted to exploit dendritic propagation times between pairs of synapses. This chapter has
focused on the possibility to generate appropriate training signals to reinforce pairs of synapses

with internal propagation time matching the external spike arrival time difference.

In the first approach, using backpropagating EPSPs, we found that even in the best case, where
the peak of an EPSP from A2 coincided perfectly with the peak of an EPSP at B, the difference
in integrated NMDA conductance was too small to be of practical use. Thus, the use of a
non-spiking approach as suggested in Bugmann and Christodoulou [180] is not effective in a

pyramidal neuron.

In the second approach, we generated a somatic AP in response to the coincidence of EPSPs
from synapses A and synapse B. Unfortunately, our work has revealed two problems: (1) In the
case of a noiseless constant background current at its minimum of 0.22 nA, the time window
for firing appears to be smaller than the desired +0.92 ms, but considering minimal noise as
observed by Destexhe and Paré [201] reveals that the practical time window is closer to 10 ms.

Triggering a spike only when the input time delay matches the propagation time delay of a
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specific synaptic pair is therefore impossible. (2) We then examined whether the probabilities
of producing an AP were sufficiently different between synapse pairs (A1 B), (A2 B) and (A3 B).
We found that either (i) there is a difference but with a very low probability of an AP being
produced, or (ii) many APs are produced but their firing probability does not differentiate

between synaptic pairs.

We also observed that there is a variation of the firing time of the APs, depending on the dif-
ference between ideal input time difference and the actual one. In Figure 6.9a, this difference
is at most around 10 % for large input time differences, but around values relevant to distin-
guishing between A1, A2 and A3, the curves show little sensitivity to be exploited, for instance,
in a STDP-type learning rule. Furthermore, in the presence of noise, it is unlikely that these

somatic AP delays remain reliable indicators of input time delays.

Thus, there appears to be no usable signal to reinforce one A-synapse against all the others.
Although pyramidal neurons in the brain vary in electrical properties, e.g., with membrane
time constants ranging from 9 to 60 ms (15 ms in the model used in this chapter), they share

sufficient common structural properties [202] for these results to be of a general validity.

The selectivity of the neuron can be measured by the height of the row of dots in Figure 6.8. Our
example for a background current of 0.222 nA shows that APs are generated for delays between
the two input spikes varying typically by +7 ms for any pair of synapses. Our computational
model proposes that the selectivity is related to the width of the EPSP arriving at the soma
(where width refers to some effective top part of the EPSP profile, estimated at around 95 %
of the height in our example). Even synapses attached directly to the soma show a width of
around 7 ms. One may ask if this is also the time window for coincidence detection. Without
background current, EPSPs arriving at the soma have much narrower peaks, around 3 ms vs
7ms in our example (Table 6.2). However, our simulations show that, when the potential
rises towards the firing threshold, EPSPs become wider. This raises the question of whether a
number of superposed narrow EPSPs actually stay narrow. This may be addressed in further

studies.

The methods and results presented in this chapter have been recently submitted as a paper to

BioSystems which has been accepted subject to minor revisions [38].



Chapter 7

General Discussion & Conclusions

The research presented in this thesis addressed multiple aspects of the problem of identifying
the temporal precision of the neural code. This problem arises as a generalisation of the more
traditional distinction between temporal integration and coincidence detection, which have
been regarded as the two distinct neural operational modes [70, 76]. The generalisation used
throughout our research regards the two modes as opposing extremes of a continuum: tempo-
ral integration is characterised by low temporal precision and wide (long window) spike rate
averaging, while coincidence detection is characterised by high precision and narrow (short
window) spike binning (Section 2.2) [31, 51, 74, 75, 111]. More importantly, the operational
mode has direct implications for neural encoding mechanisms. Temporal integrators inte-
grate all incoming activity, causing a neuron to fire responses based on the average rate of
input spikes, a behaviour which characterises a rate code. Conversely, coincidence detectors
respond to precise spike timing coincidences and synchronous events, which characterises a
temporal code [75, 76, 111]. This generalisation of the two operational modes extends to the

coding schemes, which yields the concept of a continuum between rate and temporal coding,.

The general contribution of the thesis is the development of tools and methods for determining
the operational mode of a neuron, through observations of its behaviour. While the results do
not provide definitive answers to the question of which operational mode neurons employ,
our methods provide general conclusions regarding the ways in which the operational mode

is defined by various properties of the neuron and its behaviour.

More specifically, our contributions towards solving the problem of understanding the neural

code, involved identifying where a neuron’s behaviour lies on the continuum of operational

105
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modes. We also studied the ways in which the neural and input parameters affect the relation-
ship between input synchrony and operational mode, to further understand how a neuron’s
mode of operation is defined. A more general approach was developed and presented for infer-
ring the parameters that define the entire signal driving a neuron, under the assumption that
it is sinusoidal, representing periodic bursts of correlated or synchronous activity. Finally, we
investigated ways in which a biophysical neuron model can learn (through synaptic plasticity)
to distinguish input spike pairs of fixed delay and the temporal precision of the distinguish-
ing mechanisms. The following list summarises the specific contributions that result from this

work:

« We developed the Normalised Pre-Spike membrane potential Slope (NPSS, Chapter 3),
which is a method for determining the degree of input synchrony that was responsi-
ble for the firing of a neuron and is a measure of the operational mode of a neuron. It
depends on knowledge of a neuron’s intrinsic properties (membrane leak time constant,
resting potential, firing threshold) and membrane voltage traces to determine, using the
slope of depolarisation prior to each spike, the strength of the input that was driving the

neuron at the time of firing [36]. Using this method we determined that:

— A leaky integrate-and-fire neuron with partial reset firing highly irregular spikes
at high rates is primarily a temporal integrator with short leak time constant and

low threshold.

— At very high firing rates, the definitions of two operational modes converge and

the two modes become indistinguishable.

+ We defined the distinction between actual input synchrony and utilised input synchrony
and determined the way in which neural and input properties affect the operational mode
of a neuron (Chapter 4). The former—actual input synchrony—can be measured using
spike train distance metrics, while the latter—utilised input synchrony—is analogous
to the operational mode and is therefore measured by the aforementioned method we
developed, the NPSS. The study of the relationship between the two types of synchrony

revealed that:

— Input synchrony directly determines the operational mode when a synchronous
input volley depolarises the membrane enough to fire a spike from rest.
- High synchrony brings a neuron’s operational mode to pure coincidence detection

only when (i) the synchronous volley causes a high enough depolarisation to cause
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a response (A, > V};) and (ii) spike volleys are highly synchronous (i.e., no jitter,
0in = 0 ms). These conditions are both necessary and sufficient for a neuron to

operate in a pure coincidence detection mode, as measured by the NPSS.

— The relationship between input synchrony and operational mode is not affected

significantly by the asymptotic, threshold-free membrane potential.

— A neuron can operate in a mode between temporal integration and coincidence
detection when (i) it is driven by high degrees of (actual) input synchrony and (ii)
a single volley does not depolarise the membrane enough to fire from rest, but
multiple volleys arrive at high enough frequency to trigger an output spike. In
such cases, we define the behaviour of the neuron as “integration of coincidences”,
since a high degree of coincidences occur at the input of the neuron, but multiple

highly synchronous volleys are integrated before the neuron fires.

« We developed a method for inferring the input parameters and by extension the degree
of input synchrony of a neuron driven by a periodic, sinusoidal signal (Chapter 5). The
method determines the frequency of the sine wave using the variation in spike frequency
of the neuron across time and by using previously developed input reconstruction meth-
ods for stationary signals, infers with high accuracy, the parameters of the sinusoidal

input [37].

« We developed a method for analysing the ability of a detailed reconstructed pyramidal
neuron to distinguish, or learn to distinguish, between pairs of input spikes separated

by temporal delays of varying width (Chapter 6). Our investigation determined that:

— The firing domain (the range of delays between a pair of spikes that triggers a so-
matic response) is defined in part by the amplitude of a background current which
affects the resting potential of the neuron. More specifically, the higher the ampli-

tude, the wider the firing domain of the neuron.

— For a neuron to learn to distinguish between input spike pairings of precise delay

(on the order of several milliseconds), a highly sensitive learning rule is required.

— A pyramidal neuron with a compact dendritic tree or short propagation times (fast
propagation speed), cannot learn to distinguish input time delays that vary by a
few milliseconds, as long as it fires at a reasonable rate (i.e., the firing probability

is not very low).
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7.1 NPSS: A measure of the operational mode

The NPSS, measures the degree of input synchrony that was responsible for firing response
spikes in a LIF model neuron. It estimates this quantity by normalising the slope of the mem-
brane potential prior to firing between two theoretical bounds, each of which represents either
the maximum or minimum obtainable voltage change in a small period. The maximum (upper)
and minimum (lower) slope bounds represent the voltage change that occurs from completely
synchronous and completely random (dispersed) input spikes causing the neuron to fire, re-

spectively.

Our method is based on the assumption that a neuron’s operational mode is solely determined
by the degree of synchrony responsible for triggering spikes. This is a safe assumption, since
in the presence of intrinsic neural properties which may determine the neuron’s operational
mode, the degree of input synchrony which causes a spike would reflect the neuron’s pref-
erence for input spikes of that form. For example, a neuron with very short time constant
(T < 101ms), or low threshold (Vy, < 5), would operate primarily (or even exclusively) as a
coincidence detector and the neuron’s sensitivity to coincidences (or insensitivity to uncorre-
lated input spikes) would be reflected in the dominance of coincident input events in the short

time before each output spike.

We explicitly defined the bounds of the slope of the membrane potential for models with arbi-
trary reset potentials (i.e., models where V,.¢s¢; is not necessarily equal to V,..5). Although the
bounds are general, we were interested in the case of partial reset in particular (Veser > Viyest)s
in order to study the case of high firing variability at high rates, which a partial reset model is
able to accurately reproduce. Bugmann et al. [35] attempted to determine the causes of firing
for this case using reverse correlations of the firing and the input spike trains, but concluded
that the method was not a reliable indicator of the relative contribution of each mechanism
(temporal integration and coincidence detection) to the firing of spikes. Using our method, we
were able to determine that the partial reset model, when driven by random, high-rate inputs
which cause it to fire highly irregular spike trains at high rates, is predominantly a temporal
integrator of incoming EPSPs. In accordance with the analysis by Softky and Koch [73], the
partial reset model operates as an equivalent temporal integrator with very low threshold and

very short membrane leak time constant.
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Our slope bound definitions also had an interesting implication. As the firing rate of a neuron
increases, which causes firing ISIs to become shorter, the two bounds converge to the same
value. Both bounds depend on a small time window preceding each output spike—called the
coincidence window—which defines a period within which all input spikes are considered syn-
chronised. When the firing ISl is equal to the length of the coincidence window, the two bounds
become equal. The implication of this behaviour is that if the firing rate is high enough, then
the two operational modes become indistinguishable. This can also be expressed intuitively.
If a firing ISI is equal to or less than the defined coincidence window w, then all input spikes
that triggered the output spike arrived within w. Therefore, there is no distinction between
describing the neuron’s behaviour as integrating EPSPs for a period w or responding to a coin-
cidence of EPSPs in a period w. Conversely, when an ISI is much longer than w, the difference
between temporal integration and coincidence detection is defined by the degree of depolari-
sation that occurred prior to the start of the coincidence window, with respect to the length of
the ISI. For small enough coincidence window, such as in our case where w = 2 ms, this issue

only appears at unrealistically high firing rates (above 400 Hz).

Given the existence of neurons with a very high sensitivity to highly precise coincidences, as
mentioned in Section 3.7, it would be beneficial to investigate the effects of such small values
of w on the results and consider the implications of such high precision. Based on the way in
which the NPSS measures the operational mode, a very small value of w would result in small
values for M, meaning that the NPSS would measure a dominance of temporal integration for
even very low jitter or very high synchrony. This is by design, since as mentioned already,
the value of w should reflect the maximum time between two spikes that may still be regarded
as coincident. If spikes are only regarded as coincident when they are within 0.1 ms of each
other, then the definition of coincidence detection becomes much stricter and it is less likely to

occur in the presence of noise.

7.2 Input synchrony and the operational mode

As mentioned in the previous section, our measure assumes that the operational mode is de-
termined by input synchrony. However, there is an important distinction between the degree
of synchrony between the neurons that are driving a single, post-synaptic cell and the degree
of synchrony between the spikes that are causing the post-synaptic neuron to fire spikes. We

label these two features actual and utilised input synchrony respectively. The latter of the two,
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utilised input synchrony, is what determines the operational mode of the neuron: high utilised
synchrony defines coincidence detection while low utilised synchrony defines temporal in-
tegration. We used a spike time distance metric to measure the actual input synchrony and
studied the relationship between the two features. Our goal was to determine how the neu-
ron’s intrinsic parameters, as well as the features of the input spike trains that are not relevant

to synchrony, shape the relationship between input synchrony and operational mode.

Our analysis revealed that input synchrony directly defines the operational mode when a single
synchronous volley of spikes from a pre-synaptic population is able to trigger a spike directly
from rest. This is caused by a large number of synchronised input spike trains or large synaptic
weights at the inputs (or both), such that when the pre-synaptic population fires in synchrony,
a response spike is almost surely triggered. This case is characterised by the NPSS measuring
1 when the spike time distance measures 0 and conversely, the NPSS measures 0 when the
spike time distance is near the maximum value (~0.5). The relationship of the two measures
between these two extremes varies based on the method used to generate the synchronous
events. Our results and analysis show that high synchrony brings a neuron’s operational mode
to pure coincidence detection only when (i) the synchronous volley causes a high enough
depolarisation to cause a response (A, > V};,) and (ii) spike volleys are highly synchronous
(i.e., there is no jitter, o;;, = 0 ms). These conditions are both necessary and sufficient for a

neuron to operate in a pure coincidence detection mode, as measured by the NPSS.

When the peak depolarisation of synchronous spike volleys is not high enough to trigger a
spike, the relationship between the two measures follows the same trend as in the case de-
scribed above, but the degree of utilised synchrony is generally lower. In the extreme case
of absolutely synchronised inputs, the operational mode lies near the midpoint between tem-
poral integration and coincidence detection. This value reflects the integration of multiple

synchronous volleys, which are required to trigger a spike.

We also examined whether the asymptotic threshold-free potential affects the relationship be-
tween the two measures, but found no apparent effects. This indicates that the frequency of
the input does not define in any way the operational mode, as long as the input frequency is

high enough to cause spiking.
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7.3 Input synchrony of the Ornstein-Uhlenbeck LIF

In order to extend the NPSS and address some of its shortcomings, we studied the estimation
of input synchrony for a stochastic, diffusion LIF, which is based on the Ornstein-Uhlenbeck
process. This allowed us to develop methods for estimating the degree of input synchrony
and by extension the operational mode for a similar neuron under similar conditions to the
LIF, but with different parameters and processes describing the input. We first derived the
correspondence between the parameters of the two models (LIF and OU), in order to show
that our choice of inputs is compatible with the pulse-packet-like input description we used
in Chapters 3 and 4. Our methods focused on estimating input parameters that allow us to
reconstruct the input signal driving the neuron. From the input signal or its parameters, we
can determine the actual input synchrony and subsequently infer the degree of utilised input

synchrony by observing the relationship between the neuron’s response and input.

The input signal was described by a sine wave with added noise. This caused behaviour which
is qualitatively similar to a neuron driven by periodic volleys of synchronous spikes. Our
methods adapted existing estimators which were developed to estimate input parameters for
stationary inputs signals. The main contribution of our adaptation was the estimation of the
frequency of the underlying sine wave that describes the input. Using the frequency, we were
able to obtain accurate estimates of the input parameters by aligning initial estimates of the

input signal and averaging points which fall within the same segment of the sinusoidal period.

The sinusoidal input signal was chosen as a way to emulate the pulse-packet formalisation used
in the previous chapters, Chapters 3 and 4, using the parameters of the OU model. Section 5.1.1
describes how each input parameter of the OU model with sinusoidal inputs translates to the
LIF with periodic pulse packets and random background inputs. However, our choice of input
signal also has implications relating to synchronous oscillations. In particular, oscillations
are considered to be instrumental for the synchronisation of neural firing [203]. Additionally,
oscillations have been found to promote reliable propagation of synchronous signals along
neural pathways [204]. Our study of synchrony as a determinant of the operational mode is
therefore reinforced by the addition of oscillatory signal analysis, since the two phenomena
are closely related. While the sine wave frequencies used in our work (5 to 20 Hz) fall within
the range of physiological oscillations (theta waves: 4 to 8 Hz, alpha waves: 8 to 13 Hz, and

beta waves: 13 to 30 Hz), we did not aim to simulate a particular frequency band. Our results
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and methods are general enough that they can be used to analyse neural oscillations of any

frequency.

Since we used estimators for stationary signals, our initial estimates assume that the input
signal during an ISI is stationary, which does not hold. However, this inaccuracy is averaged

out by our binning and averaging procedure.

Although our methods are tailored to estimate sinusoidal input signals with fixed frequency, a
similar technique can be used for varying frequencies or even random arrivals of synchronous
input volleys. In either case, a peak detector can be used to determine the times of the peaks

of the input signal and subsequently align estimates based on their relation to the peak.

Compared to the NPSS, the methods described in Chapter 5 do not require defining a coinci-
dence window, which affects both the results and the interpretation of the temporal precision
of the neuron. Additionally, the input parameter estimator is not affected by the existence of

inhibitory inputs, as opposed to the NPSS which assumes purely excitatory input spikes.

7.4 Learning temporal delays between input spike pairs

Coincidence detection in neurons allows for temporally precise signal propagation. Coincid-
ing EPSPs are more likely to trigger a response than temporally dispersed input spikes, which
implies that a neuron is able to signal the existence of precisely timed firing in its pre-synaptic
population. In Chapter 6 we investigated possible mechanisms for a neuron to learn to distin-
guish between input spike pairs with a specific fixed delay, without learning spike pairs with
slightly different delays. Our results suggest that it is not possible for a pyramidal neuron to
learn to distinguish time delays of the order of dendritic propagation time between synapses.
Our study of a biophysical model of a pyramidal neuron considered multiple learning mecha-
nisms and various features of the behaviour of the neuron which could, in principle, give rise

to signals that can distinguish between different input time delays.

Firstly, a learning mechanism which relies on the changes in NMDA conductance at the synap-
tic site, in the presence of coincident inputs and in the absence of somatic spiking, was shown
to be insufficient for producing a learning signal that is significantly higher for the coincident

synaptic pair, when compared to other synaptic pairs.
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Secondly, methods relying on a somatic spike being generated also failed to provide a mecha-

nism for learning temporal delays. In the presence of somatic spiking, we examined:

(i) the range of input time delays, at each synaptic pair, which produce a somatic response

spike (we refer to this as the firing domain);
(i) the timing of the AP, relative to the input, for the full range of input time delays;

(iii) the effect of background current noise on the width of the firing domain of each synaptic

pair;

(iv) the effect of background current noise on the firing frequency (or firing probability) of

the neuron for inputs from different synaptic pairs.

None of these features provided a strong differentiating signal for different input synapses.

More specifically:

(i) The firing domain is not sufficiently distinct between synapses (i.e., the domains always

overlap).

(if) APs are generated with delays that do not vary significantly when triggered by different

synapses, in the range of input delays considered by our study.

(iii) In the presence of noise, the average background current can be reduced to the point
where only current peaks cause firing. In this case, the firing domain is very narrow and

differentiated, but the probability of firing becomes negligible.

A central issue underlying our results is the width of the firing domain for all synapse pairs.
Gonzalez et al. [205] showed that supra-linear responses can be obtained for delays up to 13 ms
between the activation of subsequent synapses. Similarly, we have observed that somatic re-
sponses can occur for input spikes with arrival delays beyond 20 ms. The goal of our work
in Chapter 6 revolves around finding a case where spikes arriving at synapses (A2 B) within
At of each other cause a somatic response, but spikes arriving at (A1 B) or (A3 B) within the
same At of each other do not. Our investigation found that this was not possible, for a very
wide range of values for At, since, in accordance with the findings in Gonzalez et al. [205],
delays up to 13 ms between subsequent synapses can cause a somatic response. In our case,

it was found that delays of this length (~ 10 ms) either cause a somatic response or do not,
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regardless of which pair of synapses was activated. A neuron with different morphology, or
different biophysical properties, which has significantly slower propagation speeds across its

dendritic tree, would likely be able to distinguish input time delays at much higher precision.

Several changes to the simulation setup can be made that may give rise to learning signals that
differentiate between the synaptic pairs. The NMDA/AMPA ratio used in our study was 0.2,
as it was in the original model [179]. This low value could be a possible explanation for the
lack of sufficient difference in the NMDA activation integrals between different synaptic pairs.
Higher values, such as the 1.1 ratio found in neurons in layer 5 of the pre-frontal cortex [206]
would normally increase the NMDA activation integrals significantly. This would likely cause
an amplification in the NMDA peaks, which in turn would affect the normalised integrals
studied in the first scenario of Chapter 6. This change would most probably make the peaks
in Figure 6.5 easier to differentiate, since the peaks would be higher and more pronounced. If
the differentiation is high enough, i.e., the peaks are high and narrow, and the range of delays
that maximise the integral for each synaptic pair is unique, then the first scenario would be
successful in creating a differentiating learning signal for a specific pair of input synapses at a

specific time delay and our experiments would give positive results.

The change in NMDA/AMPA ratio would also affect the values of the normalised NMDA con-
ductance integrals, which we use to calculate the change in synapse weight based on a plas-
ticity rule, described in Section 6.2.1. In our analysis, we assumed that the maximum NMDA
conductance is the conductance change caused by coinciding EPSPs, which occurs when the
input time delay is equal to the dendritic propagation delay. However, higher conductance
changes would be possible with higher NMDA concentrations and even in our current model,
the assumed maximum is not necessarily the true maximum conductance. Since our model
has active conductances in the dendritic compartments, dendritic spikes are possible, which
would cause a non-linear increase in NMDA conductances. The large conductance integral
that would result from a dendritic spike would be a better candidate for the normalisation
maximum which would affect our analysis of the results of applying the plasticity mechanism.
However, in the current state of the model, this would not likely cause a differentiating signal.
We expect that, even though the increase in synaptic conductance in the presence of a dendritic
spike is non-linear, the relative changes in maximum conductance across all synapses would
be comparable. The resulting changes in synaptic strength would be similar for all synapses at
similar delays, which would result in the same lack of differentiability between synaptic pairs.

The major difference would be the synaptic weight change, as a higher maximum may cause
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the normalised NMDA integral to always fall within the negative part (depression) of the plas-
ticity rule. Regardless, the effect of dendritic spikes and the change in maximum conductance

integral should be investigated along with the change in NMDA/AMPA ratio.

The choice of synaptic pairs could also be a limiting factor. Synaptic groups could be studied
in the same way in order to enhance input cooperativity. In this case, instead of triggering EP-
SPs on two synapses, where the firing times between the two are determined by a fixed delay,
each synapse could be replaced by a group of synapses, and the firing between groups would
occur with the same fixed delays. Furthermore, this change would also remove the assump-
tion that multiple synapses originate from the same pre-synaptic neuron, an assumption with
little experimental evidence [207-209]. It should be noted, however, that this assumption can
be relaxed if we simply assume that each A-synapse originates from a different neuron, but
all pre-synaptic neurons are correlated. In the case of synaptic groups, each synapse would
originate from a different neuron and each synaptic group would connect a presynaptic pop-
ulation, which fires correlated spikes, to the postsynaptic neuron. We expect that this change
would cause a significant amplification in the potential at the synaptic location where mul-
tiple coincident EPSPs are triggered. This is due to the supra-linear depolarisation, which is
observed in cases where multiple synapses are active on the same dendritic compartment or
spine [210] and should amplify the difference in peak depolarisation between different pairs
of synaptic groups. In turn, it would cause learning signals that are significantly different for
each synaptic group. This should provide a differentiating signal, regardless of the scenario ex-
amined (with or without somatic spiking). The inclusion of multiple synapses at each synaptic
location would have several implications for the experiments and the model. A number of
new variables would arise from this change, such as the number of synapses per location, the
density of the synapses, i.e., the proximity of each synapse to its neighbour, and the distribu-
tion of initial synaptic weights. Given this change, the calibration of synaptic weights could
be made only for cases where there is no background current, which would better conform
with the experimental data [195], since the background current may not be required given the
amplification that would be caused by the multiple synapses. These variables would have to
be studied within the ranges found in the appropriate experimental literature and adjusted to

accommodate the goals of our scenarios.

All synapses in Chapter 6 were placed on the main branch (the apical stem) of the dendritic tree
(see Figure 6.2). Therefore, an EPSP triggered at any of the synapses caused a depolarisation

at the other synaptic sites as well. Placing synapses on different branches of the dendritic
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tree should limit the effects of EPSPs between synapses. This would be particularly useful
when multiple synapses at each location are included, as mentioned above, since the amplified
depolarisation caused by multiple coinciding synapses would need to be isolated from other
synaptic locations to avoid reinforcing all synaptic groups. If multiple synapses are kept at
the original locations, then the coincident firing at one synaptic location would cause a large
depolarisation at all other synaptic locations as well, effectively making the production of a

differentiating signal harder, or even impossible.

An interesting issue to consider is the distribution and nature of the membrane potential noise,
used in Sections 6.2.2.4 and 6.2.2.5. Our calculations of the effect of noise on the behaviour of
the model assumed a voltage fluctuation distribution which was obtained from experimental
recordings [201]. It is unclear whether the noise recorded in these experiments represents so-
matic or synaptic noise. We believe it is more important to incorporate membrane potential
fluctuations that fit experimentally recorded data, with no assumption as to the source of the
fluctuations. Noise of a different form or source would potentially follow a different distribu-
tion and may allow for a greater difference between firing domains and firing probabilities.
The effect this change would have on our methods would solely depend on the distribution of
fluctuations. Different sources and intensities of noise fluctuations could be studied, alongside

the changes mentioned above, to examine whether differentiation becomes feasible.

Given the biophysical neuron model used in this study, as long as it fires at a reasonable rate
(i-e., the firing probability is not extremely low), the neuron shows little sensitivity to fluctua-

tions in input time delays on the order of the effective width of the EPSP.

7.5 Simulation, theory and experiment

7.5.1 Simulations

Various choices regarding the simulation of neurons affect the accuracy of the results. Here we
discuss the relevant simulation strategies of this thesis, which includes our choice of simulation

environments, differential equation solvers, and simulation time steps.

The time step of a simulation or data can have a significant impact on methods and results [211].

Generally, the smaller the time step the more accurate the simulation, at the cost of longer run
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times and higher memory usage. The choice of differential equation solver also provides similar

trade offs between accuracy and run time [211, 212].

In our simulations of LIF-type models, we maintained a simulation time step of 0.1 ms. All
such simulations were run in the Brian simulator using exact integration [213]. For the work
in Chapter 3 the simulations for the publication [36] were originally generated using a custom-
built simulator which used the fourth order Runge-Kutta method [36] and were reproduced in
Brian for this thesis. The simulations for Chapter 6 were run in NEURON [192] using an

integrator with adaptive time step called CVODE.

The exact integration method implies there is no error (i.e., deviation from an exact solution)
with respect to the evolution of the membrane potential, regardless of time step. However,
given that the simulator is time-driven (as opposed to event-driven), the simulation time step
affects the temporal resolution of spike generation. More specifically, spikes can only occur at
multiples of the time step. Our choice of 0.1 ms for the time step was chosen as a good balance
between the aforementioned accuracy and simulation run time and was kept throughout the
entire research project, both for simplicity and for compatibility between results. The CVODE
integrator used in NEURON allows the simulator to achieve very high accuracy by shrinking
the time step when necessary, while speeding up computations by growing the time step when

the model’s variables remain in steady states, or vary slowly.

7.5.2 Time scales: Theory and experiment

As with simulations, the temporal resolution of data from experiments is also a factor that
can affect results [214]. More importantly, when developing analysis methods, it should not
be assumed that the data discretization step is arbitrarily small. This is especially important
when working with simple models, such as the LIF, that lend themselves to analytical treat-
ment. Direct analysis of the behaviour of the OU, for example, is not uncommon and in fact,
it is regarded as one of the model’s advantages [158—162]. Similar analysis on digitized exper-
imental recordings may be infeasible, if the developed methods rely on data (voltage traces or

spike trains) of arbitrary precision.

In our work, the methods did not generally make any assumptions about the time scales of
the data. However, since all our LIF-based simulations used the same time step, as mentioned

above, this topic was not investigated during the research. It would be interesting to investigate
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the effect of different time scales on our analysis and whether adjustments need to be made to

our methods.

7.5.3 Biological relevance of results and conclusions

In addition to the above discussion on the relevance of time scales in both theoretical and
experimental work, as well as the accuracy of simulations, we may examine the relevance of our
work to biology. The degree of biological relevance of our results depends on the corresponding
biological relevance of our models, the choice of parameter values and the assumptions made

by our methods.

The LIF models used in Chapters 3 and 4 are relatively simple and use various artificial mecha-
nisms (firing, reset, refractoriness) to simulate the behaviour of real neurons. The relevance of
our methods is limited by the ability of such models to reproduce realistic membrane potential
trajectories and firing statistics. However, they do provide a very good baseline for developing
methods which can then be extended to more realistic models and data. Parameter values were
chosen within the range of biologically plausible values and where appropriate, were adjusted
to produce realistic firing statistics. For example, the LIFWPR model was chosen for its ability
to reproduce the highly variable high rate firing observed in cortical neurons by Softky and
Koch [73].

However, in more recent years, it has been observed that high firing variability at high rates
may not represent the usual behaviour of cortical neurons [215-219]. More specifically, phys-
iological firing rates are usually much slower, in the range of 1 to 5 Hz, or at most on the order
of tens of Hz. Fortunately, this does not affect our methodology. The highly variable high rate
firing served as our initial motivation for discovering the operational mode of neurons exhibit-
ing this behaviour, however the methods we developed are generally applicable, irrespective
of the underlying firing rate of the cell. In fact, lower firing rates make the NPSS in particular

more reliable, by widening the continuum between the two extreme operational modes.

More biologically relevant results could be obtained by directly applying our methods to exper-
imentally recorded data. Furthermore, spike trains from neurons known to employ a particular
encoding scheme, such as rate coders [39, 40], could be used to adjust the firing statistics of our
models, or even calibrate the models to reproduce the spike times precisely. Fitting of mod-

els to experimental data could also extend to intracellular membrane potentials, which would
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increase the biological relevance of all aspects of our model (integration of potentials as well
as spiking). This would provide partial experimental validation for our methods as well as our

results.

7.6 General contributions

The general contributions of this thesis can be examined from different aspects which reflect
the multidisciplinary nature of the work. As mentioned in Chapter 1 and Section 1.1, com-
putational neuroscience relies on contributions from a number of fields of study. Conversely,
contributions to computational neuroscience often feed back into the contributing fields. In
this section, we discuss how our work contributes to computational neuroscience as a gen-
eral field, the closely related field of neuroinformatics, and also specific sub-fields of computer

science.

Neuroinformatics involves research which intersects the fields of neuroscience and computer

science. They generally involve:

« the development and application of computational methods for the study of brain;

« the application of advanced IT (information technology) methods to deal with the large

quantities and a highly complex neuroscientific data;

« the exploitation of our insights into the principles underlying brain function to develop

new IT technologies.

Our work falls under the field of computational neuroscience, which is represented by the first
category in the list above. We have developed methods for studying single neuron function in
order to gain insight into the ways in which information is encoded in the brain. Our methods
and results could produce future contributions towards the third category as well, since any
advancements in neural coding can lead to better computational methods, within the realm of

computational intelligence, machine learning or artificial intelligence.

7.6.1 Contributions computational neuroscience

The general goal of the work presented in this thesis is to gain a better understanding of the

neural code. In other words, the aim of this work is to improve our insight into how neurons
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encode and decode information. The specific goal of identifying the operational mode of neu-
rons and measuring the temporal precision of their integration and encoding, was specifically

aimed at addressing this general goal.

The problem of the neural code is a fundamental and integral issue of computational neuro-
science and neuroscience in general. Our work contributes towards solving it through the
development and analysis of methods that help us understand the temporal precision of sig-
nal encoding and propagation, by analysing neural behaviour, i.e., the relationship of neural
responses to their input, and framing the discussion around the problem of identifying the
operational mode. As described in Section 2.1, the identification of operational modes relates
directly to the issue of rate codes vs temporal codes. Therefore, by developing methods of
studying neural operational modes, we are enhancing the body of available tools for under-
standing neural coding and directly contribute towards understanding the function and infor-

mation processing mechanisms of the brain, at the level of signal processing in single neurons.

7.6.2 Contributions to computer science

Neuroscience related contributions to computer science usually revolve around the fields of
artificial intelligence, computational intelligence, and machine learning. While the terms ar-
tificial intelligence and computational intelligence are often used interchangeably, they differ
slightly in meaning. Artificial intelligence is considered a more general term which implies
any intelligence that is not biological. Computational intelligence, on the other hand, suggests
a kind of intelligence that can be expressed through computational methods (e.g., artificial

neural networks, genetic/evolutionary algorithms, fuzzy logic).

The most prolific and obvious contribution of computational neuroscience to computer science
is the study of artificial neural networks. While the earliest forms of artificial neural networks
were based on very simplified abstractions of how neurons were thought to operate [220],
newer incarnations have been drawing more and more inspiration from our understanding of

biological neural networks and learning mechanisms [221-226].

In this context, understanding how neurons encode and decode information in the brain helps
researchers develop new neural network architectures and learning rules, in order to better

replicate biological functions. Such advancements could lead to computational intelligence
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techniques that can better emulate human behaviour and performance. Our work on opera-
tional modes and temporal precision could be used to understand the effects of different modes
(on the temporal integration — coincidence detection continuum) on machine learning algo-
rithms. A common issue in the training and usage of such algorithms is the trade-off between
generalisation and accuracy in, for example, classification problems: higher accuracy makes
the classifier more sensitive to differences between samples, while lower accuracy enhances
generalisation at the cost of higher classification errors. In these cases, generalisation is desir-

able, as long as misclassification is low.

Understanding the role of operational modes with respect to the sensitivity of a neuron to dis-
tinguishing signals (stimuli) in realistic neural networks, could benefit the design of artificial
neural networks. Networks could be designed to adjust their sensitivity to differences between
signals, by shifting their mode of operation along the continuum. Such an endeavour would
benefit directly from the work in this thesis, as it would require understanding how the op-
erational mode is defined and measured in simple spiking neuron models (Chapters 3 and 5),
in order to design neurons that can operate in a given mode as well as adjust it. It would also
benefit from understanding the role that synchrony plays in a neuron’s mode of operation and
the ways in which this relationship can be enhanced, weakened, or generally affected by other
properties of the neuron model (Chapter 4), such that they can be used as parameters for defin-
ing the mode of a node in the network. A neuron’s sensitivity to coincidences and its potential
ability to learn to distinguish between highly precise input signals (Chapter 6) could aid in
the design of the input signal encoding. It should, for instance, take into account the smallest
temporal shift between two signals that a neuron can detect to encode inputs into signals with
differences large enough for the neuron to distinguish and small enough to allow for a wide
input domain. In addition, hybrid networks can be designed, where neurons are separated
into groups whose nodes share the same properties, but differ between subnetworks, such as
in Poirazi et al. [222, 224]. In this case, the difference between subnetworks would be the use of
different operational modes which may allow the network to take advantage of the strengths

of both temporal integration and coincidence detection.

The study of all of the above issues would use our work as a foundation but would require

further research to assess their applicability and benefit.
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7.7 Dissemination of PhD work

The research carried out during this PhD has been widely disseminated, both in publications in

refereed archival journals and by presentations in various conferences/workshops/meetings.

The publications in refereed archival journals are as follows:

« Achilleas Koutsou, Chris Christodoulou, Guido Bugmann, and Jacob Kanev. Distin-
guishing the causes of firing with the membrane potential slope. Neural Computation,

24:2318-2345, 2012.

+ Achilleas Koutsou, Jacob Kanev, and Chris Christodoulou. Measuring input synchrony
in the Ornstein-Uhlenbeck neuronal model through input parameter estimation. Brain

Research, 1536:97-106, 2013.

« Achilleas Koutsou, Guido Bugmann, Chris Christodoulou. On learning temporal cor-
relations between input neurons’ spikes in a biophysical model of a pyramidal neuron.

BioSystems, accepted subject to minor revisions, May 2015.

« Achilleas Koutsou, Jacob Kanev, Maria Economidou, Chris Christodoulou. Integrator or
coincidence detector — What shapes the relation of stimulus synchrony and the opera-
tional mode of a neuron?. Submitted to Mathematical Biosciences and Engineering, under

review, March 2015.

In addition to the above publications, which were a direct result of this PhD work, we have
been working in parallel on other very relevant topics related to neural coding, which resulted

in the following submission:

« Jacob Kanev, Achilleas Koutsou, Chris Christodoulou, and Klaus Obermayer. Integrator
or Coincidence Detector — a novel Measure based on the discrete Reverse Correlation
to determine a Neuron’s operational Mode. Submitted to Journal of Neurophysiology,

under review, June 2015.
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Part of this work has also been orally presented by the candidate as an invited lecture enti-

tled Distinguishing the causes of firing with the membrane potential slope, at the Department

of Computational Neuroscience, Institute of Physiology of the Academy of Sciences, Prague,

Czech Republic.

The presentations of this work by the candidate in conferences/workshops/meetings are as

follows:

Achilleas Koutsou, Chris Christodoulou, Jacob Kanev, and Guido Bugmann. Quantifica-
tion of the contribution of temporal integration and coincidence detection to the irregu-
larity of cortical neurons at high rates. Poster, STM2010 — Spike Train Analysis Workshop,
Plymouth, UK, June 2010.

Achilleas Koutsou, Chris Christodoulou, Jacob Kanev, and Guido Bugmann. Causes
of firing in cortical neurons revisited: Temporal integration vs coincidence detection.
Poster, AREADNE 2012: Research in Encoding And Decoding of Neural Ensembles, San-

torini, Greece, June 2010.

Achilleas Koutsou and Chris Christodoulou. Measuring single neuron operational modes
using a metric based on the membrane potential slope. Oral presentation, 3rd Cyprus

Workshop on Signal Processing and Informatics, Nicosia, Cyprus, July 2010.

Achilleas Koutsou, Chris Christodoulou, Guido Bugmann, and Jacob Kanev. Distinguish-
ing the causes of firing with the membrane potential slope. 9th International Workshop

on Neural Coding, Limassol, Cyprus, October/November, 2010.

Achilleas Koutsou, Chris Christodoulou, Guido Bugmann, and Jacob Kanev. Determining
pre-synaptic synchrony and neural operational modes using the membrane potential
slope. Poster, FENS (Federation of European Neuroscience Societies) — IBRO (International

Brain Research Organization) — Hertie Winter School, Obergurgl, Austria, January, 2012.

Achilleas Koutsou, Petr Lansky, Jacob Kanev, and Chris Christodoulou. Input synchrony
estimation in the Ornstein-Uhlenbeck model through the slope of depolarisation at thresh-
old crossing. Oral presentation, 10th International Workshop on Neural Coding, Prague,

Czech Republic, September, 2012.
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« Achilleas Koutsou, Chris Christodoulou, Guido Bugmann, and Jacob Kanev. Understand-
ing the Neural Code through Exploration of the Causes of Firing. Research Work of Post-
graduate Students, Faculty of Pure and Applied Sciences, University of Cyprus, Nicosia,

Cyprus, November, 2012.

« Achilleas Koutsou, Jacob Kanev, Maria Economidou, and Chris Christodoulou. Compari-
son of synchrony measures and implications for inter-network neural connectivity. 11th

International Workshop on Neural Coding, Versalilles, France, October 2014.

« Achilleas Koutsou, Guido Bugmann, and Chris Christodoulou. Learning temporal cor-
relations in input spike trains. 11th International Workshop on Neural Coding, Versailles,

France, October 2014.

Work on other relevant topics, which were not a direct result of this PhD work, was also

presented by the candidate in the following workshop:

« Jacob Kanev, Achilleas Koutsou, and Chris Christodoulou. Can discrete Response-Stimulus
Correlation distinguish Integration from Coincidence Detection? 10th International Work-

shop on Neural Coding, Prague, Czech Republic, September, 2012.



Chapter 8

Future work

The primary general objective of this thesis was the study of the distinction between opera-
tional modes and ways to identify and measure where the behaviour of a neuron lies on the
continuum between temporal integration and coincidence detection. This involved studying syn-
chrony and its effect on the integration and firing precision of neurons, within the context of
understanding the neural code and the time-scales of neural processing. This was achieved
through the development of methods of identifying and measuring response relevant input
synchrony from single cell observations. Further insight into the identification and measure-
ment of synchrony and the effects it has on the operational mode of neurons can be achieved
by extending our existing work and generalising our methods to multi-neuron behaviour, net-

work behaviour and more realistic models.

Extending the NPSS

Alternative models

The NPSS can be adapted to study the behaviour of alternative models, such as the MAT model
mentioned in Chapter 3. Although the two models are equivalent under certain conditions, the
threshold decay parameter of the MAT model allows for different dynamics when set to val-
ues other than the membrane leak time constant. In their paper, Kobayashi et al. [80] showed
how the MAT model’s parameters can be adjusted to accurately reproduce various spiking

characteristics, based on experimentally recorded data. The slope bounds of the NPSS could
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be adapted to apply to the membrane potential dynamics of the MAT model, namely the be-
haviour of the threshold and the lack of a post-spike reset of the membrane potential, in order
to determine the operational mode responsible for the firing characteristics that it can repro-
duce. Furthermore, we could adapt the NPSS to analyse the behaviour of biophysical models.
For this, we would be unable to derive slope bounds analytically, as we did for the LIF model.
Rather, we would derive the upper and lower slope bounds by observing the model’s behaviour
under conditions of very high or no synchrony, respectively. The method would therefore be
more empirically based, but it would not rely on any single neuron model. Instead, it would
allow us to analyse the behaviour of any model, given that the model can be simulated with
inputs at both extremes of the continuum and with a variety of parameter configurations. This
would make our results and conclusions more compatible with biologically relevant conditions

and behaviour.

Inhibitory inputs

One of the drawbacks of the NPSS is its inability to analyse the behaviour of a neuron in the
presence of inhibitory inputs. As a first extension of the work presented in this thesis, it would
be interesting and useful to adapt the NPSS to measure the operational mode of neurons when
driven by varying degrees of inhibition, as well as the excitation that causes firing. The method
can be modified to account for the higher slopes which are caused by the membrane potential
being driven below rest. Also, we expect that the inclusion of inhibition will change the re-
lationship between input synchrony and operational mode, as the amplitude of synchronous
spike volleys required to cause output spikes will need to be higher when the membrane is
hyperpolarised. Generally, this extension will require redefining the slope bounds to account
for the effects of an inhibitory drive, which may require making assumptions about the nature

of inhibition, e.g., whether it is constant and how strong it is in relation to the excitation.

Experimentally recorded data

Another extension to the NPSS would be to adapt it to analyse recordings made from real
neurons. In this case, the estimation of the bounds of the slope would be based on empirical
observations of the range of the pre-spike slope, under different conditions. This is necessary
since theoretical estimations of the maximum and minimum rate of change of the membrane

potential would be inaccurate for a real neuron. A preliminary study on this extension has
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already been performed, using intracellular data recorded in vivo while the cell was being
stimulated by a fluctuating current [162, 227]. In this preliminary work, ISIs were binned based
on their length and the bounds of the slopes were chosen for each bin separately, by observing
the highest and lowest recorded slopes for each binned ISI range. An important difficulty in the
adaptation of our method was the proper selection of the length of the coincidence window.
Since spike initiation in real neurons is not as rapid as in LIF models, the 2 ms window used
in our study is too short to capture a significant part of the stimulus that drives the neuron to
fire. Since the length of the coincidence window affects both the results and the underlying

assumption of what we consider coincident, this issue requires more in depth study.

Extending the input parameter estimator

The input parameter estimators described in Chapter 5 can be extended to situations where
the frequency of the underlying sine wave of the input signal varies with time. Additionally,
the methods can be tested on more realistic, biophysical models, that are driven by spike trains
with oscillating firing frequencies, in order to determine the accuracy of our methods in more

realistic circumstances.

Further investigation into learning temporal delays between in-

put spike pairs

A better understanding of the operational mode in real neurons could be achieved by extending
the work of Chapter 6. In particular, we could further investigate how the biophysical proper-
ties of different types of neurons affect the precision of coincidence detection and determine

the necessary conditions for highly precise input delay learning and detection.

The operational mode of networks and single neurons within

them

A more general continuation of the project might involve simulating neural networks, which

exhibit synchronous activity by calibrating network parameters appropriately (e.g., external
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inputs, amount and strength of inhibitory connections) within the ranges of biologically plau-
sible values. This would allow us to probe individual neurons within the network as well as
observe the behaviour of populations of neurons, in order to ascertain how our existing results
hold when the simulated cell is embedded within a neural population. By observing single
neuron activity in networks using the NPSS, we might be able to determine the predictability
of synchronous activity within the network. This is closely related to the concept of synfire
chains [70, 74, 123, 130], mentioned in Section 2.3, but could also be defined in more general
terms. For instance, at the single neuron level, the observed synchrony is expected to be de-
fined as a function of (i) the overall synchrony in the network and (ii) the connectivity density
of the network [50]. In other words, synchronous activity in any network is expected to be
sustained and propagated to further layers only if the connectivity is strong enough to allow
it. The level of synchrony that can be sustained is expected to rely on the amount of connec-
tions from one layer to the next and the strength of that connectivity. Additionally, a network
study might investigate the precision with which synchrony is propagated through the net-
work, which aspects facilitate this propagation (e.g., connectivity patterns, variance between

synaptic delays, excitation-inhibition distribution) and which inhibit it.
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