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Abstract

Sensory stimuli are received by sensory neurons and information about these stimuli is
further transmitted throughout the brain as electrical signals. These electrical signals do
not directly resemble the stimuli they represent, but instead are temporal sequences of
discrete electrical impulses, known as action potentials (APs) or “spikes”. This thesis
aims to further the undefstanding of how the statistical properties of neural output is
determined by the statistical properties of inputs; also it aims to understand what
temporal features of the inputs are represented in AP output sequences, or “spike trains”.
In the first part of this thesis, consisting of chapters 2 and 3, we study how input
signals with long-range correlations impart slow correlations in output interspike
intervals (ISIs). These correlations are important for information transmission at plastic
synapses, which is dealt with in chapter 3. In the second part of this thesis we examine
how the temporal structure of a specific class of relevant sensory stimuli affects the spike
train patterning of the neurons they impinge on. Single cell recordings in weakly electric
fish, presented in chapter 4 uncover a simple two-cell network responsible for
transmitting a narrowband signal and high-order features (i.e. the time-varying contrast,
or envelope) of the signal through parallel neural channels. In chapter 5 we examine,
using expériments and theory, the single cell mechanism responsible for representing the
envelope directly in the AP firing rate of neurons. In chapter 6 we extend these results to
show that in parameter regimes where the firing rate éannot convey information about
signal envelopes, networks of electrically coupled cells can convey this information

through their precise relative spike times.



Résumeé

Les stimuli sensoriels sont regus par les neurones sensoriels et 1'information & propos de
ces stimuli est subséquemment transmise & travers le cerveau sous la forme de signaux
électriques. Ces signaux électriques ne ressemblent pas directement aux stimuli qu'ils
représentent, mais sont plutdt des séquences temporelles d'impulsions électriques,

connues sous le nom de potentiel d'action (PAs) ou “décharges”. Le but de cette thése est

d'améliorer la compréhension de la fagcon dont les propriétés statistiques de la sortie’

neuronale sont déterminées par les propriétés statistiques de I'entrée. Elle nous aidera
aussi a comprendre quelles caractéristiques temporelles de I'entrée sont représentées dans
la séquence de PAs de sortie, autrement dis, dans le train de décharges.

Dans la premiére partie de cette thése? les chapitres 2 et 3, nous examinons comment
des signaux d'entréeﬁ avec des ’corré.lations a long terme imposent des corrélations lentes

dans les intervalles iriter-décharges (IIDs) a la sortie. Ces corrélations sont importantes

pour la transmission de l'information dans les synapses plastiques, ce que nous traitons

dans le chapitre 3. Dans la seconde partie de cette thése nous examinons comment la
structure temporelle d'une classe spécifique de stimuli pertinents affect les patrons de
trains de ‘décharges des neurones qu'ils mobilisent. Des enregistrements de cellule unique
dans le poisson faiblement électrique, présentés au chapitre 4, révélent que un simple
réseau de deux cellules est responsable pour la transmission d'un signal a bande étroite et

de caractéristiques d'ordre supérieur (i.e. les variations temporelles de contraste, soit

I'enveloppe) du signal a travers des canaux neuronaux paralléles. Dans le chapitre 5 nous

clarifions, a l'aide d'expériences et de théories, le mécanisme unicellulaire responsable
pour la représentation de l'enveloppe directement par la vitesse de décharge des neurones.
Au chapitre 6 nous étendons ces résultats pour montrer que, dans un régime avec des
paramétres tel que la vitesse de décharge ne peut pas communiquer d'information sur
I'enveloppe du signal, des réseaux de cellules couplés électrotoniquement peuvent

comporter cette information dans le timing relatif des décharges.
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CHAPTER 1: INTRODUCTION

1.1 GENERAL NEUROSCIENCE

One of the rhaj or tasks of the central and peripheral nervoﬁs system is to acquire sensory
information that will ultimately be used to guide behaviour, form perceptions or become
memories. Sensory neuroscience, and neuroscience in general, is a field traditionally
rooted in the biological sciences. As such, its methodology has been largely observational
and descriptive in nature. However, over the past years there have been increasing
contributions to neuroscience from the physical, mafhematical and engineering sciences.
These disciplines lend themselves well to sensory neuroscience, in particular allowing a
quantitative description of the detection, processing and transmission of sensory inputs.
The synergistic relationship between experimental neuroscience and a computational
description of neural processing will undoubtedly continue as the field of neuroscience
evolves.

In the late 1800s Ramén y Cajal (1) speculated that the brain is comprised of discrete

elements, interconnected with each other to carry out specific neural tasks. It was not
until the discovery by Camillo Golgi of a procedure involving silver staining of brain
tissue ahd visualization under a light microscope that Cajal could begin a systematic
description of neural anatomy. Thus began the view of the brain as a machine composed
of discrete, highly complex computationall elements. Altogether there. are on the order of
10"* neurons in the human brain with different morphologies and connections, located in
various functional structures. Ignoring the complexity of a single neuron itself, we are
faced with a seemingly limitless computational capacity of the brain, due to the potential

combinatorial complexity of neural connections. One of the primary goals in
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neuroscience is to understand how the interplay between single cell complexity and
structured connectivity leads to the vast repertoire of behavioural and perceptual
responses.
The basic elements describing the microstructure of the brain are illustrated in Fig. 1-
1. A typical neuron is composed of: (i) a soma, or cell body, similar in size, shape and
cytoplasmic content to many other cells in the body, (ii) an axon, which is a lengthy
cylindrical extension of the cell membrane, and (iii) dendfites which typically emanate
from the cell body and have intricate branching sti’uctures (1-3). The axonal brénches ofa
neuron end in small swellings called boutons that are in close proximity to the dendrite of
other neurons. The specialized regions of contact between axonal boutons and dendrites
are called synapses. Transmission of information in the nervous system is usually
unidirectional: from the axon to dendrite via the synapse. Stereotyped electrical signals
are generated near the soma in a location called the axon hillock, set apart by the
electrical properties of its cell membrane; these signals propagate down the axons and,
upon reaching the boutons, trigger the release of molecules (transmitters) that excite or
inhibit the target dendrites. Thus neurons are connected to each other at specialized points
of contact between axons and dendrites, called synapses. The electrical properties of the
neural membrane and the function of synapses will be described in more detail in sections

1.3 and 1.4 of this introduction.
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synapses
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Figure 1-1: The basic components of neurons, the units of computation in the brain. A
typical cell consists of a soma, an axon and dendrites. Neurons are interconnected with
each other via synapses, typically located at the termination of one neuron onto the
dendrite of another.
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1.2 SENSORY SYSTEMS AND ELECTRIC FISH
The understanding of sensory processing is aided by the study of a plethora of different
animals, humans least of all. Sensory experience involves the receipt of some
| environmental factor (stimulus) by an observer; this environmental factor is then
transformed by lower brain centres into the “language of the brain” and relayed to higher
Dbrain centres where it is uéed for higher cognitive function, such as sensory perception,
working memory formation or long term memory storage. Different species have various
strengths and weaknesses when it comes to ihteraéting with their sensory environments,
and so it makes sense to study the sensory modality for which a particular species has
"been well adapted. Some examples} include audition for barn owls, olfaction for insects |
(4), and vision for primates (5). Outside the typical range of sensory modalities we are
familiar with in our everyday experience, there are sensory “champions”, species who
have highly specialized sensory cues and sensory organs with which to detect them (6).
These unique sensory sysfems, while not utilized by hurhans, offer the study of
specialized éspects of sensory processing. A common problem facing many different
sensory systems is to extract multiple types of weak signals that4 interfere with each other
and are contaminated by noise. There may be similar adaptétions to solve these problems;
thus the “champion” systems offer an opportunity to investigate well-developed common

computational adaptations.

Weakly electric fish offer such an opportunity. The focus of part of this thesis
concerns the study of the electrosensory system of the species Apteronotus

Leptorhynchus (shown in Fig. 1-2 A), a species indiginous to South America (7). They
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use a highly evolved set of cutaneous electroreceptbrs that are a form of modified hair
cell (hair cells are the receptors of the evolutionarily related auditory system). In contrast
to other aquatic animals that have electroreceptors (sharks, rays, paddlefish, etc.) weakly
electric fish require a specific frequency of time-varying electrical input. This input
comes from a self-génefated quasi-sinusoidal electrical discharge known as the electric
organ discharge (EOD). The source is a caudally located organ that consists of, in most
cases, a series of modified muscle cells that, upon activation by spinal nerves, generate a
concerted large-scale electrical impulse (instead of contracting). In rarer cases, and in
particular with the species of interest, 4. Ieptorhynchus, the EOD comes instead from the
capacitive discharge of a series of modified motor ﬁerves" (the muscle that they would
normally innervate degenerates during development) (8). The EOD sensitive
electroreceptors come in two varieties: probability coders and phase coders. The former
give a graded response to the amplitude of the EOD, and the later give a response
temporally locked to a specific phase of the EOD (9). Environmental modifications of
both phase and amplitude of the self-generated EOD form the most important sensory
cues for A. leptorhynchus (10, 11). A typical EOD waveform and an amplitude
~ modulation conveying environmental information are illustrated in Fig 1-2 C. These two
forms of EOD modulations arise from a wide array of environmental sources, such as
communication with conspecifics (i.e. same species) or prey objects (Fig. 1-2 B),
predators and inanimate background objects. Later we will associate specific temporél
forms of signals with specific sources, and discuss the their sensory and behavioural

relevance.
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b
Global signal: communication

Sms

Figure 1-2: A The weakly electric fish 4. Leptorhynchus can detect objects in its
environment through amplitude modulations of its self-generated EOD. B Conspecifics
generate amplitude modulations that are broad in spatial extent (left) while prey objects
generate spatially localized amplitude modulations. C The high frequency EOD (left) can
be amplitude-modulated by objects in the environment, conveying information to
electroreceptors. This figure is modified from Krahe and Gabbiani, Nat Rev Neurosci,
2004 (12).
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1.3 NEURAL MODELS

Three of the most fundamental advances in the history neuroscience were the discovery
that the brain is composed of discrete elements, neurons, by Ramon y Cajal (1), the
understanding of the nature of the action potential in terms of voltage dependent trans-
membrane ion channels, by Hodgkin and Huxley (13) and the discovery of the quantal,
chemical nature of synaptic transmission by Bernard Katz (14, 15). The action potential,
a rapid large increase in the trans-membrane voltage (depolari;ation) followed by a rapid
decreasé back to resting voltage values (hyperpolarization) was previously observed, but
it was not until Hddgkin and Huxley that the underlying physical mechanism was’
understood, opening the way for detailed recordings and modeling of the electrical
activity of neurons. The importance of the action potentiél cannot be understated; as will
be discussed in a following section it mediates the majority of signal transfer between
neurons in the CNS and is widely believe to be the substrate itself for information
transmission in the brain.

1.3.1 CONDUCTANCE BASED NEURAL MODELS

The cell membrane, nearly impermeable to any flow of molecules, acts as a capacitor to
separate charge from the inside to the outside of the neuron. Ions can flow across the
membrane through transmembrane protein pores known as ion channels (16). Channels
are typically selective to specific ions based on size and valence charge. There are also
classes of channels that are not selective, but they are typically lumped together during
analysis and mediate the flow of mostly CI" and some K*. This is illustrated in Fig. 1-3

A. In addition to ion channels the membrane also contains ion pumps, proteins that use
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the energy from ATP hydrolysis to actively move ions across the membrane to maintain
ion specific electrical gradients. Associated with each ion population is a reversal, or

Nernst, potential, E,. This is the value of the transmembrane voltage difference, V, at

which the osmotic and electric forces balance so that the transmembrane ion
concentration difference is in equilibrium. As a consequence of the conservation of
charge we have a balance of currents equation relating the capacitive current to all ion

mediated currents across the cell membrane (17):

av
C;=—2gi(V_Ei) 2.1)

where g, is the conductance of each ion channel population, C is the capacitance of the
cell membrane, and E, is the aforementioned reversal potential. The second term on the

right is the battery term or electromotive force (EMF) on a particular ion type. Even if the
channel is in a conductive state (i.e. high g, ) there will be no current if the membrane
voltage is at the reversal potential. At the single channel level, ion channels are not
continuously open with a specific permeability. Instead it is in one of two states: open or
closed. The conductance is equal to the maximum total conductance times the fraction of

channels in the open state. So relating to the single channel, g, is proportional to the

probability of being in the open state. The probability of being in either state can be
constant, as is thé case for most non-selective or leak channels, or depend on other
factors. Voltage-activated channels are sensitive to changes in the membrané {/oltage,
ligand-activated channels respond to extracellularly applied chemicals and messenger-

activated channels respond to the release of intra-cellular molecules. Only voltage-
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activated channels are discussed here, as they are primarily responsible for action
potential generation.
The form of current balance as described by Hodgkin and Huxley is as follows (13):

av
C? =-8&L (V —-E; ) = gNam3h'(V - ENa)_ gen' (V - EK) . 22)

The first term represents (L) the non-selective leak current. The second term (Na) is the

sodium current; the constant g,, represents the maximal sodium conductance (i.e. when

all the sodium channels are open), m is related to the probability of channels being in the
open state and # is related to the probability of it being in the inactivated state. For

potassium (K) currents g, is the maximum conductance and  is related to the probability

of a channel beihg in the open state.

Qualitatively, the progression of ionk currents in an action potential is as follows: at
low voltages both sodium and potassium channels are mostly closed. If the membrane
voltage reaches a high enough level, sodium channels are the first to open (m—1),
causing the membrane to rapidly depolarize even further. At higher voltages, sodium
channels are activély closed (& — 0), which stops the cell from depolarizing further. The
time course of the membrane voltage and the sodium and potassium conductanc.es‘ are
shown in Fig. 1-4. I will not go beyond a qualitative description fbr‘ the ionic basis for
action potential generation as the following simplified model is used in this thesis

wherever modeling is necessary.

10
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Figure 1-3: The electrical equivalence of a neural membrane and an RC circuit with reset.
A The lipid bilayer is traversed by protein pores that are selectively permeable to
different ion populations. The voltage-dependent activations of the different ion channels
act in a concerted fashion to give rise to action potentials. B The RC circuit can integrate
inputs until the threshold is first crossed from below, triggering a short circuit which
resets the circuit to a reference voltage. C A simulation of the circuit in B, with an input
bias and additional noise input. The times of threshold crossing and reset of v(¢) can be

used to construct a representative neural spike train, x(z).



CHAPTER 1: INTRODUCTION

(73]
w

-9
s

N
o o
n
«Q

ey
o

Voltage (mV)
5 8

conductance (mS/cm?)

3

g

14 6 18 20
time (ms) ‘

Figure 1-4: The time course of an action potential and the underlying ionic conductances
leading to it in a model modified from the original Hodgkin-Huxley equations (18). The
solid trace shows the action potential following the course of a fast depolarization,
followed by a slightly delayed rectifying hyperpolarization and a slow depolarization to
resting level. The dotted trace illustrates the voltage-dependent sodium conductance,
which activates rapidly once a threshold voltage is reached and then inactivates once an
even higher voltage threshold is crossed. The dashed line shows the slow voltage
dependent activation of the potassium conductance. : -
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1.3.2 THE LEAKY INTEGRATE-AND;FIRE NEURON MODEL

The previous model for describing voltage dynamics and AP generation is highly
successful at replicating experimental data but is not analytically tractable due to its high
dimensionality. The magnitudes of sodium and potassium currents throughout the course
of an AP are typically much larger than other current sources, resulting-in a stereotyped
AP shape. Because of this, the AP time of occurrence, rather than its shape, is usually
viewed as having more significance. The leaky integrate-and-fire model (LIF) is very
similar in its description of the voltage trajectory to threshold (19, 20). It largely differs in

its description of currents during an AP; the LIF model imposes an artificial hard

threshold so that when the voltage reaches this level it is explicitly reset to another

prescribed value. This replaces the implicit threshold at which spiking sodium channels
are activated and the reset voltage the potassium hyperpolarizes to. The LIF has been
used successfully to describe neural activity observed in many experimental studies, as
well as to allow useful aﬁalytic descriptions of their behéviour. In addition to spiking
currents, neurons may receive currents coming from synaptic sources that in general
could have deterministic and noisy components. This form of the LIF can be written as
follows:

c‘;—‘: =—g,V+pu+I10t)+~2DE(r) (2.3)

where g, is the leak conductance, pis a lumped parameter that takes into account the leak
reversal potential and the mean value of any synaptic inputs and &(¢) is a Gaussian white

noise current . Figure 1-3 B shows the equivalent RC circuit to the LIF dynamics as well

13



CHAPTER 1: INTRODUCTION

as a sample simulated voltage trace, v(f), and corresponding spike train output, x(¢) in
Fig 1-3 C.

The noise in Eq. (2.3), when treated as background noise can come from various
sources. Spontaneous fluctuations in open and closed states of transmembrane ion
channels can contribute to voltage fluctuations (21); but perhaps an even more important
source of noise is large numbefs of synaptié inputs with r_andom arrival times (22, 23).
Using the central limit theorem (24) Stein has shown that in the limit of a large number of
synaptic inpufs the effective membrane fluctuations become a random walk which can be
described by continuous Gaussian white noise (23). More recently it has been shown that
if the statistics of the individual synaptic inputs are not Poissonian (i.e. synaptic arrival
times are independent of one another), the effective noise will have a different power
spectrum (defined in section 1.6.3) from that of Gaussian white noise (25).

Numerical simulations of equations of the form of Eq. (2.3) throughout this thesis are
performed using a Euler-Maruyama approximation scheme (26, 27). The contributions to

the membrane voltage at each time step are approximated by a Wiener process with

variance ,/ZD/ At so that the voltage update rule becomes:

CV(t+ At)= CV(£)— g,V(£)At + pt + I()At + 2D N(O, )\ At (2.4)

where Ar is the fixed integration time step and N(0,1) is a zero-mean Gaussian
distributed random variable with unit variance. Equation (1.4) is the discrete
approximation of the integral solution of Eq. (1.3), used to find the numerical solution for

the LIF neuron model.

14
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1.3.3 THE PHASE OSCILLATOR NEURON MODEL

Another model, used in chapter 6 of this thesis, is the phase oscillator model (28, 29).
This model can be obtained by mapping a limit cycle in a state space consisting of
membrane voltage and ionic conductances onto a single scalar variable, 6, with periodic
boundary conditions. The dynamical model described by the scalar phase variable, 6, is
know as the phase oscillator model. It is a convenient description when the dynamics of
the system is periodic, and is also useful in geometrically visualizing phase relationships
between coupled neurons. The general dynamics of a pair of identical cbupled neural

oscillators has the form:

6, = f(6,)+£(6,,6,)
8, = £(6,)+5(6,.,6,).

A(2.5)
When adding ﬁoise to this dynamics, care must be taken in choosing the distribution and
correlations describing this noiSe, if the quantitative effects that noise has in the original
system are to be preserved [not used in this thesis, but instead for more realistic phase
oscillator models such as the theta-neuron model, see refs. (30, 31)].

1.4 NETWROKS AND SYNAPSES

In the previous section we discussed the eléctrical behaviour of neurons and their non-
linear AP generation mechanism. These are the building blocks for input integration and
output signaling. It was briefly mentioned that for the most‘part AP generation and
transmission fc;rm the substrate for fnost long-range information transmission in the
nervous system. Here we introduce the biophysical mechanism through which the

influence of an AP is transmitted across the junction between two cells, and describe how

this mechanism can be modulated by neural activity.

15
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1.4.1 NEURAL CONNECTIVITY: SYNAPSES
The connection between two neurons Voccurs at a specialized site known as a synapse
which usually involves the protrusion of membranes of adjacent cells forming a small,

flat separation (=30 nm) known as the synaptic cleft (2, 3). In the absence of neural

activity, the cleft is filled with extracellular fluid of typical ionic concentrations. The
sending (via its axon) and receiving (via their dendrites) cells are known as the
presynaptic and postsynaptic neurons, respectively. Synapses are not exclusively found at
one characteristic site in fhe neuron; axon-dendritic and axo-somatic synapses. vastly
predominate in the vertebrate brain but there are examples of dendro-dendritic and axo-
axom'c connections as well. When a somatically generated AP travels down the axon to
the site of a synapse, the local depolarization causes an influx of Ca®* through the
voltage-gated, calcium-specific ion channels. The increase in intracellular [Ca2+] causes

fusion of the neurotransmitter-containing vesicles with the presynaptic membrane.

Neurotransmitters are chemicals which, when exocytosed into the synaptic cleft, diffuse

over the short distance to bind with receptors on the extra-cellular, post-synaptic
membrane. These recepiors are either directly connected to ion channels (ionotropic) or
indirectly to ion channels via intracellular secondary messengers (metabotropic), usually
G-proteins (requiring GTP for their fﬁnction). The activation of these ion channels causes
transient conductance changes in the post-synaptic membrane whose influence is either
excitatory (depolarizing) or inhibitory (hyperpolarizing). The small, transient, deflections

they cause in the post-synaptic membrane voltage are known as post-synaptic potentials.

16
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-

The major inhibitory and excitatory transmitters in the central nervous system are
gamma aminobutyric ' acid (GABA) and glutamate, respectively. Glutamate mainly
activates two types of ionotropic receptors called AMPA and NMDA receptors. Both
mediate mixed cationic conductances. AMPA conductances are typically fast to activate
and de-activate, while NMDA receptors evoke slower conductances. GABA activates
two types of receptors: GABAa receptors directly and rapidly activating and de-
activating CI" conductances, and GABAD receptors indirectly (via G;proteins) activating
much slower K* conductances. In addition to these two classes of chemical synapses,
there are specialized proteins that span the gap between pre- and post-synaptic
membranes, directly linking the intracellular fluids of both cells. These pores, also known
as gap junctions, mediate (instantaneous) electronic current ﬂo§v between cells.

The postsynaptic potentials (PSPs; stereotyped voltage deflections) caused by chemical
or electric synapses, though not APs thémselves, are transmitted to the soma where they
are integrated and cause an AP when the somatic Voltaige threshold is surpassed. In some
cases, dendrites may themselves contain highly non-linear, or active (i.e. voltage
dependent), ion channels causing smaller APs or spikelets before reaching the soma.
Regardless of thev type of PSP, their entry into the somatic membrane dynamics can be

modeled using terms such as S():

o’te™ =0
S@t)= ’ . ' 2.6
® { 0 , t<0 (2.6)

17
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Figure 1-5: The effects of plasticity on postsynaptic conductances. The top trace
illustrates the attenuating effect of depression on the postsynaptic conductance, in
response to a repetitive presynaptic spike train (bottom), when the synapse exhibits
depression. The bottom trace illustrates the enhancing effect of facilitation on the
postsynaptic conductances, in response to a repetitive presynaptic spike train (bottom),
when the synapse exhibits facilitation.
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1.4.2 SYNAPTIC PLASTICITY

Common to many synapses is a form of firing activity history-dependence known as
plasticity. Plasticity is the process where repeated synaptic transmissions cause a change
in the efficacy of the syﬁaptic transmission itself (2). Facilitation and potentiation are

forms of plasticity where repeated transmission of events causes an increase in the

magnitude of currents through the post-synaptic membrane. Depression has the opposite'

effect whereby the magnitude of the post-synaptic current is reduced in response to
repeated transmission. Plasticity can be implemented by feedback mechanisms occurring
at either or both the pre- and post-synaptic sites, and occur on many different time scales.

Synaptic plasticity is believed to be important, not only as a potential substrate for long-

term memory storage, but is also in filtering time-varying inputs through the synapse (32,

33). Figure 1-5 illustrates qualitatively the effect that synaptic plasticity has on the
conductance and the postsynaptic cell due to repeated action potential stimulation. The
presynaptic spike train (Fig. 1-5, bottom) drives the postsynaptic conductance. In the case
of depression (Fig. 1-5, top) the amplitude decreases with fepeated stimulation and in the
case of facilitation (Fig. 1-5, middle) the amplitude increase with repeated stimulation.

1.5 NEURAL CODE

The computational nature of the brain necessitates some form of code used in information
transfer and to computations. The question of the basis of the “neural code” is still under
debate. The dominant view is that the code involves patterns of action potentiéls being
transmitted between neurons and neural assemblies. In contrast to this, a growing body of

evidence is highlighting the importance of glial cells in information transfer (34-36).
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Glial cells outnumber neurons‘ in the CNS, .but were previously relegated to the
supporting roles of providing nutrients and guiding neuronal growth. They do, however,
form a network through which slower, graded voltage signals can be propagated. These
can, in turn, regulate neuronal activity. This form of information transmission and
processing will not be focused on here; instead we will concentrate on the traditional
neural network view of information transmission.

There are two opposing views of the form of code that spiking neurons can be used to
implement: a rate code and a temporal code. According to the rate 'coding doctrine,
stimuli are encoded in the average firing rate of a population of neurons (37). In this
scenario, the-high variability of neuronal responses to similar inputs is detrimental for
signal fidelity and must be averaged out amongst neurons in a population to achieve a
clean signal. As a result of the.required averaging the spike times of individual neurons
convey no information. An alternative view is that precise spike timing of individual
neurons is important in conveying information in an efficient manner (38, 39). If the
pattern of action potentials a neuron emits. is reliable and reproducible given a particular
time-Varying input, theoretical analysis has shown that the capacity of the neuron as an
information channel could be high (38, 40), even when the spike times do not directly
reflect the population-averaged firing rate.

1.6 EXPERIMENTAL TECHNIQUES & ANALYSIS

In the previous sections we discussed the importance of the action potential as a unit of
information. In order to determine action potential times we must have access to the
transmembrane Voltége. I will now review basic electrophysiological techniques and

tools used to obtain the data component of this thesis. Figure 1-6 is a schematic of the
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basics of single cell recording. The transmembrane voltage is measured by placing a
voltmeter in parallel with the membrane. A microelectrode is advanced into the cell
membrane and the voltage difference between this electrode and a nearby reference
electrode is measured and then passed to a data acquisition board on a personal computer
where it is stored for further analysis. The microelectrodes are constructed by heating a
borosilicate micropipette (I.D 0.86 mm; O.D. 1.5 mm) with a tungsten filament in a
commercial microelectrode puller (Flaming Brown). Tension is applied across the pipette
so that, as it heats up, it is stretched and eventually breaks leaving a fine, needle-like tip

(<1 um). This tip can then be positioned across the cell membrane inside the cell with a

motorized micro—fnam'pulator with sub-micrometer precision (Inchworm, Burleigh)
without exqessive damage to the cell membrane. The microelectrode is filled with a
highly conductive ionic solution (3M potassium acetate, KAc) and is connected to
complete the circuit with a wire, usually chloridized silver to reduce fluid metal junction
potentials. The Voltmeter-électrode circuit forms a voltage divider on the transmembrane
voltage (Fig. 1-6, right). Thé measured voltage will be VmR,-n /(R,+R,) where V_ is the
transmembrane voltage, R, is the input resistance of the amplifier and R, is the

resistance of the microelectrode. If the input resistance of the amplifier is sufficiently
high, the true membrane voltage will be recorded. This mode of recording is known as
“current clamp” from the fact that the current drawn by the recording device is clamped

to zero.
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Figure 1-6: An illustration of the essential technique of electrophysiology. A
microelectrode is advanced towards the cell (left), either through an intact brain or in a
brain slice, and then is placed just exterior to the cell body or pierces the membrane to
obtain intracellular potentials. The difference in the microelectrode potential with respect
to some reference electrode, placed in the nearby brain tissue, is then amplified and
stored on a personal computer. On the right we see the equivalent circuit including the
cell membrane, the micorelectrode and the recording device. If the input resistance is
high enough the observed voltage, V , will be close to the true transmembrane voltage,
Vv

m*
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1.6.1 | IN VIVO EXPERIMENTAL TECHNIQUES

The goal of the in vivo experiments presented in this thesis is to explore sensory
prdcessing in the electrosensory lateral line lobe (ELL) of weakly electric fish. The ELL
is a brain nucleus, located in the hindbrain, that performs the first extensive processing on
electrosensory signals. Fish are first anaesthetized by placing them in tank water with
0.2% 3-aminobenzoic acid ethyl ester (MS-222, Sigma) and then transferred to a custom
made stereotax where they are respirated with the same oxygenated, anaesthetic solution.
Local anaesthetic is -applied to the dorsal side of the head above where the ELL is
located, a small area of skin is removed and then a high-speed dental drill is used to clear
away the exposed cranium. Once the eminentia granularis posterior (EGp) is visible
(allowing microelectrode access to the ELL) the respiration fluid containing anaesthetic
is substituted by water from the fish’s housing tanks. The fish is then immobilized by an

intramuscular injection of pancuronium bromide (1 pL/lg body weight, Sabex,

Boucherville, Quebec) and then transferred to a tank with 28°C water so that all but the
exposed brain is submerged.

The aforementioned electric organ discharge (sect. 1.2), or EOD, unperturbed by the
stimulus was recorded between the head and tail of the fish using two vertical carbon
rods (11 cm long, 8 mm diameter). Two silver-silver chloride wires, insulated except at
the tips, spaced 2 mm apart, and oriented perpendicular to the rostral-caudal axis of the
fish were place approximately 1mm away from the fish's body. Amplitude modulations
of the EOD were created by sampling the EOD using head-tail carbon electrodes,

multiplying this EOD with the desired modulation and delivering this signal, in phase
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with the' fish's own EOD, via stimulation electrodes of either local (spatially focal) or
global (spatially extent) geometry. The output of the stimulation electrodes was
attenuated so that when combined with the self;generated EOD, it produced the correct
signal contrast (i.e. stimulus amplitude relative to the EOD afnplitude). The stimulation
electrodes in global geometry consisted of two carbon rods (20cm long, 8mm diameter)
placed laterally, on either side of the fish 10cm away, with each electrode oriented

parallel to the rostral-caudal direction. In local geometry two thin tungsten wires,

insulated except at the tips, with a spacing of 2mm were place Smm away from the

surface of the fish perpendicular to the body axis. Microelectrodes are advanced through
the EGp, roughly 700 um below the surface ‘of the brain until the cell body layer is
reached (cross section shown in Fig. 1-7 A). Action potentials from single units were
recorded either intracelluiarly with borosilicate microelectrodes (70-140 MQ, ﬁlled with
3M KAc) or extracellularly with tungsten wire electrodes (IMW, TM33C10,» WPI,
Sarasota, FL) that were advanced with a piezoelectric microdrive (Inchworm, IW-711,
Burleigh, Fishers, NY) into the ELL.

The extracellular potential, the EOD, the transdermal potential, and the attenuated

stimulus were digitized at 20kHz with a 12-bit Multi-IO board (PCI-MIO-16E-4;

National Instruments, Austin, TX) on an Intel Pentium IV 1.8 GHz Linux personal

computer. Spike and EOD detection, stimulus generation and attenuation, and pre-
~analysis of the data were performed on-line during the experiment within Online

Electrophysiology Laboratory (OEL) software. Analysis was performed offline using
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Figure 1-7: A cross section of the brain of 4. Leptorhynchus displaying the relative
positions of the EGP and ELL and a schematic diagram of the connections between the
primary neurons and local interneurons in the ELL. A Microelectrodes are advanced
vertically downward through the EGp, typically over a distance of around 700 pum to
~ record from pyramidal cell bodies in the cell body layer of the ELL. B Basilar pyramidal
cells (right) receive direct excitatory inputs from primary afferent inputs on their basilar
dendrites; afferents also excite several classes of inhibitory interneurons which then
project onto pyramidal cells. Nonbasilar pyramidal cells (left) receive inputs from only
inhibitory interneurons. Figure modified from Berman et al. J. Neurophysiol. 1998 (41).
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Matlab software (Mathworks, Natick, MA). All experimental protocols were approved by
the University of Ottawa Animal Care Committee.

1.6.2 IN VITRO EXPERIMENTAL TECHNIQUES

ELL slices were prepared for in vitro recording using a technique modified from
Mathieson and Malér (1988). Fish of 5-10 g weight were positioned on a custom-made
stereotaxic apparatus. The gills were superfused with oxygenated tank water (95% O, 5%
CO;) through a burette in the fish’s mouth, and anesthesia provided by 0.2% 3-
aminobenzoic acid ethyl ester (MS-222; Sigma) in the superfusate. The tissue overlying
the skull was dissected away under microscopic obsewatioﬁ, and the cranium lifted away
with forceps after cutting along the lateral cranial sutures with iridectomy scissors. The
brain was superfused With an oxygenated (95% O,, 5% CO,) artificial cerebrbspinal ﬂuid‘
(ACSF) consisting of (in mM) 124 NaCl, 3 KCI, 0.75 KH,POs4, 1.6 CaCl,, 1.2 MgSO,, 24
NaHCO;, and 10 D-glucose, pH 7.4. A micro-blade was used to cut the anterior lateral
line nerve at the ventrolateral surface of the medulla, sever the spinél cord, and block the
brain at roughly a 45° angle at the level of optic tectum. The fish was then immersed in
cold (4°C) preoxygenated ACSF and the brain lifted out with a spatula.

The rostral surface of the brain was attached to a pre-cooled aluminum block with
cyanoacrylite glue and surrounded with gelatin (20% in distilled water) ejected from a
previously cooled syringe (-28°C) to provide support during slice preparation; 550 pm
slices were cut by vibratome under microscopic observation in a chamber filled with cold
oxygenated ACSF (4°C). Excess gelatin was trimmed from a slice using forceps and

iridectomy scissors, and the slice floated onto a spatula rostral side up for transfer to an in
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vitro recording chamber. Slices were maintained as an “interface preparation” at room
temperature by perfusion of oxygenated ACSF (I-2 ml/min) and superfusion of
humidified 95% 0,, 5% CO, gas. Dissection was completed in about 15 min and the
tissue was allowed 1.5 h for recovery and equilibration before recordings were carried
out.

Intracellular recordings were made in the pyramidal cell layer of the centromedial and

centrolateral segments of the ELL with 3M potassium acetate—filled electrodes (80120

MQ). Electrical signals were amplified (Axoclamp-2B, Axon Instruments), filtered (10 -

kHz cutoff), digitized (ITC-16, Instrutech, Port Washington, NY), and analyzed off-line
(IgorPro, Wa§emetrics,"~Lal;e" Oswego, OR). All experiments were softwareacontrolled
(A/Dvance, McKellar Designs, Vancouver, BC, Canada or Pulse Control, NIH). All
experimental protocéls were approved by the University of Ottawa Animal Care
Committee.

1.6.3 DATA ANALYSIS

The focus of the mose of this thesis is the capability of neurons to transfer information
down axons and across synapses to other neurons. With this in mind, the quantification of
information should be done with respect to the action potential sequence, not the full time
course of the transmembrane voltage. Since the voltage trajectory during an action
potential is stereotyped, only the spike times themselves are important. The spike train

can thus be represented mathematically as a time-varying signal, x(t), by a sequence of

Dirac detla functions:

x(t) = Za(t -t | 2.7
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where {#,} is the set of spike times.
If the neuron receives a time-varying input, S(z), we can ask how well the output

spike train linearly represents the input. This representation' is quantified by the
coherence function (24). The coherence function between two time varying signals, in

this case x(¢) and S(z) is:

1S

ColD= g 5’

0<Cy(f)<1 (2.8)
where Sy (f) is the cross spectral density of x(¢) and S(z):

Sys(f)=lim _2'1T_( frx(t)e_iz"ﬁdt)i ( [ S(z)e-‘Z"ﬁdt) 2.9)

and the autospectral densities, Sy, (f) and S (f), are defined similarly.

The types of delivered stimuli/signals used in this study to test neural responses are
either single harmonics or Gaussian noise. In terms of spectral content, tonal structures
are ubiquitous in natural sensory systems (42-45), whether they are pure tones or
modulated tones. Since studying the response to pure tone driven systems is sometimes
analytically difficult a popular method has been to use Gaussian noise, thereby
simultaneously testing sensitivity to all frequencies. This also leads to the question of
whether or not the processing is linear or nonlinear. A linear ansatz states that the
response, in the freQuency domain, is expressed as the unperturbed spectrum plus a small

correction linearly dependent on the input:

Hw) = %,(0)+ A(@)S(w) (2.10)
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where the tilde is shorthand denoting the Fourier transform of the corresponding variable

and A(w) is the susceptibility of the process x(r) (27) .We can use this to compute the

auto-spectrum, cross-spectrum and coherence function:

S (@) = 55 () +|A(@)] Ss(@) 2.11)
S1s(@) = A@)Ss5(@) 2.12)
Cxs(@) o) $y(07
Xs (S,‘}X (w)+ |A(w)|2 Sgs (w))Sss(w) 2.13)
1 :

1+ 5% (@)/(|A@) Ss(@))

where Sy, is the “background” power spectrum of the spike train, i.e. the unperturbed

spectrum, in the absence of ahy stimulus. Using these expressions we can test whether or
not the system is linear by comparing the predicted quantities to those obtained directly
measured from responée at different amplitudes. Another issue of linearity arises when
we ask not only what happens when the response magnitude depends on the size of the
input, but also on thé presence of the frequency components in the signal.
To assess whether a linear model is sufficiently accurate to describe the transfer of a
given signal, we can analyze the variability in the rcsporises as a function of frequency.
Roddey et al. (47) have shown fhat the square root of the coherence between two

responses, R(z) and R’(t) to the same stimuli S(¢) is greater than or equal to the
coherence between the stimulus and a single response, i.e. Cg(f) < /Cre-(f). The

equality holds in the case where the transfer is linear. This procedure is illustrated in Fig.

1-8. If a frequency in the stimulus, through the action of the neuron, reliably results in
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Stimulus 4
Response
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Stimulus-Response (SR) Coherence

Response-Response (RR)
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Figure 1-8: A time-varying input to a neuron or neural model results in a patterned output
sequence of action potentials, a spike train. This pattern will vary from presentation to
presentation, due to sources of randomness in the system. The coherence between the
stimulus and spike train can be calculated to quantify the frequency-dependent, linear
information transmitted. The same stimulus can be presented repeatedly to form a set of
spike train responses. The average coherence between different response can be
calculated, the response-response coherence; any discrepancies between the square root
of this quantity and the stimulus-response coherence indicate the presence of non-linear
processing in the neuron (46, 47).
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power not at this frequency then some of the transfer is nonlinear. This is also connected
to estimates of the mutual information between the stimulus and the response. The mutual
information between a response, R, and a stimulus, S, is given by the reduction in
entropy, H , or uncertainty, in observed responses when this stimulus is presented (38,
46).

IR,s))= H;[R]——H[Rlsj]

p(r, |Sj) (2.14)

p)

= Zp(r,.lsj)log2

where we have made use of Bayes’ formula (24). Averaging over the entire stimulus

ensemble, or set of all possible stimﬁli, we have:

p(r,-|sj)
p(r)

I(RIS)=3. Y, p(s))p(r]s))log, (2.15)
joi

If the input to and output of the neuron display Gaussian statistics (i.e. the neuron is a

Gaussian channel) then an estimate for the lower bound on mutual information, 7, can

be obtained by using the coherence function in eq. (2.13) (38, 46):

. i |
Iy =—[log, (1~ C () df (2.16)

;
where f, and f, are the lower and upper cutoff frequencies of the stimulus. If the neuron
performs any nonlinear operations on the input, the mutual information may be larger
than this lower bound estimate. In the same way, we can use the coherences between two

responses to two presentations of the same stimulus to estimate the upper bound, I\, of

mutual information (38, 46):
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Fy
Iy == [ log, (1= [Car (1)) f (2.17)
5

In chapter 4 we will show how the use of the response-response coherence can uncover
non-linearities in neural processing. The class of signals used in that and the remaining
chapters is a narrowband Gaussian signal (i.e. a signal containing power within a narrow
range of frequencies).
1.7 THE'SIS OVERVIEW
In chaptel;;Z we ‘study the output statistics of a simple neural model driVen‘ by temporally
correlated inputs. The model used is the leaky intégrate—and-fire (LIF) neuron and the
form of input being used is the Orsfcin—Uhlenbeck process, a form of Gaussian white
noise that is low-pass filtered. Temporal correlations are Widely observed in signals
throughout the brain, whether they are single neuron spike trains, synaptic: currents, or
more macroscopic‘ signals such as field potentials, electroencephalograms (EEGs) or
magentoencephalograms (MEGS). The OU process was used as a starting point in the
examinatioﬁ of the influence of témporally stru.cvtured signals because it is defined by an
intensity and a single time constant, the correlation time. We develop analytical
expressions describing the input/output relationships both in the time domain and the
frequency domain.

In chapter 3 we examine how signal transmission at synapses, the junction points
between neuronms, is affected by the temporal structure of the signal being passed.
Transmission at synapses occurs when an action potentialr at the pre-synaptic neuron

triggers the fusion of neurotransmitter-loaded vesicles into the pre-synaptic membrane.
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The neurotransmitter, once released into the synaptic cleft (the space between pre- and
post-synaptic membranes) binds with specific receptors in the postsynaptic membrane
causing associated ion channels to transiently open, allowing current through the
postsynaptic neuronal membrane. Synaptic plasticity is believed to be important, if not
the substrate for lorlg term memory storage, particularly in the 4hippocampus. It is also
important for processes such as learning, pattern recognition, and temporal filtering. In
the case of temporal signal filtering the cemmon view is that synaptic depression
mediates lowpass filtering and facilitation mediates highpass filtering. This filtering
dichotomy relies on the fact that a harmonic signal from the sensory periphery is being
transmitted through successive layers in terms of neural firing rate, i.e. a low frequency
harmonic signal is represented in the brain as a low frequency spike train, and a high
frequency signal is represented in the brain as a high frequency spike train.

Here I show that if sensory signals are conveyed as modulations of the firing rate
around a constant mean value the roles of depression and facilitation are reversed.
Analytic expressions are developed showing that the mean level of plasticity is dependent
on the frequency of rate modulation coming from the pre-synaptic spike train. We then
use numerical simulations of two LIF neurons connected by a plastic synapse to show
that, in addition to attenuating the direct current (DC) component of the post-synaptic
current, there is also additional frequency dependent filtering present.

In chapters 4, 5 and 6, I study neural processing of more temporally structured
signals, and move beyond the focus of low versus high frequency first-order processing.

In particular the focus is on narrowband signals. A narrowband signal contains harmonic
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S —————

components limited to a frequency range between a lower and an upper cutoff frequency
that are typically close together. As opposed to a single time constant characterizing a
low pass filtered signal, there are two time constants that characterize narrowband
signals: the inverse of the centre frequency and the inverse of the bandwidth. These types
of signals. are seen frequently in naturalistic signals across many sensory modalities.
Auditory signals are comprised of different tones being modulated to produce
vocalizations (45). In natural visual scenes, objects are sometimes defined by spatially
varying contrast instead of luminance (48); this type of signal when decomposed in terms
of spatial frequency content exhibits narrowband structure. Somatosensory stimuli also
have complex textural structure (49). It has been observed that rat vibrissae (whiskers)
vibrate with narrowﬁand temporal structure. Further away from the sensory periphery
many examples of narrowband processes have been observed. For example, in
hippocampal and cortical areas, quasi-harmonic rhythmic activity is observed in both
normal and pathological brain states (50).

Chapter 4 is a presentation of data obtained from electrophysiological recordings in
the electrosensory lateral line lobe (ELL) of the weakly electric fish, Apteronotus
Leptorhynchus. Giving narrowband sensory stimuli, we observed a response in the
primary ELL cell type, known as pyramidal cells, to both the actual frequency component
in the stimulus as well as to frequency components related to the bandwidth of the
stimuli. Moreover, we ascertained that this response arose - specifically from a distinct
class of interneurons projecting onto pyramidal cells. It forms the basis of a canonical

circuit we have found, in which linear and non-linear stimulus features are processed
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separately and in parallel. This type of neural architecture is responsible, in these
systems, for certain types of cue invariant responses. Cue invariant responses are neural
responses that are similar, independent of whether the relevant sensory object is defined
by first order signal features or higher order signal features.

Having localized the neuron responsible for our observations of cue invariant-like
narrowband reSponses in a network context, we then went on, in chapter 5, to examine
the general properties of a single neuron that allow it to extract and transmit higher order
stimulus features. It has long been known that simple non-linear transformations of a
narrowband signal will introduce frequency components, in the spike train, related to the
signal envelope. One example non-linearity is rectification. There are many biophysical
mechanisms available to siﬁgle neurons capable of implementing this transformatien, but
here we focus on a ubiquitous property of epiking neurons, the spike generation
threshold. We show how the input/output relationship in reference to the spiking
threshold, known as the Fl-curve, determines a neuron’s ability to extract the higher order
envelope from narrowband signals when it is in different parameter regimes. This semi-
analytical analysis is supborted by electrophysiological recordings of pyramidal cells in a
brain slice exhibiting the same FI-curve-dependent envelope processing capabilities. Here
the main results are that neurons Whose mean level of input places their excitability near
the spike generation threshold are proficient at extracting si gnal envelopes, while neurons
whose level of excitability has far surpassed this threshold are poor at extracting signal

envelopes, yet still respond well to the direct signal.
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In chapter 6, we take the same neurons, far away from spike threshold or in the
superthreshold regime, and connect them with other neurons to form mutually coupled
networks of oscillating neurons. We review an existing method to represent the limit
cycle of neural firing as a scalar variable and to transform signals either from coupled
neurons or external sources into forcing terms in this picture. Given the appropriate
forcing terms, the neuron they influence will become locked into a fixed relative phase
with respect to the source (either a coupled neuron or external signal). If both of these
sources are simultaneously present and their preferred phases differ, the new fixed point
in phase will attain some intermediate value. We show how this phenomenon can form
the basis for a new coding scheme with whieh the envelope of an entraining carrier signal

is represented as a slowly varying phase difference between the two coupled neurons. In

the conclusion of this thesis (chapter 7) I summarize key findings of this thesis and-

elaborate on the connections between the chapters. Finally I suggest some future
challenges in extending this work to fit within the general framework of sensory

decoding.
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2.0 ABSTRACT

We study the statistics of the firing patterns of a perfect integrate and fire neuron model
driven by additive long-range (i.e. large time constant) correlated Omstein-Uhlenbeck
noise. Using a quasistatic weak noise approximation we obtain expressions for the
interspike interval (ISI) probability density, the power spectral density, and the spike count
Fano factor. We find unimodal, long-tailed ISI densities, Lorentzian power spectra at low
fréquencies, and a minimum in the Fano factor as a fuﬁction of counting time. The

implications of these results for signal detection are discussed.

2.1 INTRODUCTION

Long-range correlations are ubiquitous in nature (51). For example, it is known that natural :

images (52) as well as music (53) display long-range correlations. These signals serve as
natural stimuli to neurons in the visual and auditory systems, respectively. It is known that
these neurons exhibit long-range correlations in their spike trains (17, 54), and there is
much speculation as to the functional role these correlations might serve. For example, it
has been proposed that long-range correlations in neurons provide some advantages in
terms of matching the detection system to the expected signal (54, 55).

- The regularity shown by neural spike trains will have consequences on stimulus
encoding and detection. It has been shown recently that both auditory neurons (54) and
electroreceptors of weakly electric ﬁsh display both short-range anti-correlations and
long;range correlations in the interspike interval (ISI) sequence (56, 57). Long-range
correlation of a different kind, namely long-range anti-correlation, have also been

observed in paddlefish electroreceptors (58).
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It has been shown that short-range anti-correlation and long-range correlation could
contribute to give a minimum in spike train variability as measured by the Fano factor
(variance-to-mean ratio of the spike count) at a behaviorally relevant time scale (56). Iﬁ
that study the minimum was numerically observed for a leaky integrate-and-fire neuron
with dynamic threshold (LIFDT) driven by periodic forcing and weak long-range
correlated noise. Our study focuses on the sufficient conditions under which such a
minimum can be obtained in a neuron model. Our results show that dynamic-threshold,
leakage, and periodic forcing are not necessary to obtain a non-monotonic Fano factor. A
perfect integrate-and-fire model driven by long-range correlated noise contains all the
essential elements to reproduce a minimum in the Fano factor.

We also examine how the long-range correlated .rioise affects ISI statistics and the
spike train power spectrum. The ISI densities and correlaﬁonl measures are difficult to
obtain analytically for the LIFDT, but are possible, with certain approximations, for the
perfect integrate-and-fire neuron. Unimodal ISI densities with long tails are analytically
obtained, and the correlation present in the driving noise source is shown to carry over to
the ISI correlation coefficients. The structure of the pbwer spectrum follows as a
consequence of the Fano factor shape. Analytic results are compared with results of
numerical simulations throughout.

Section 2.1 presents the model system and outlines the approximations used for the
analytics as well as the pafameter regime under which they are valid. Section 2.2
characterizes the ISI statistics and shows how their properties reflect the properties of the
input to the neuron. In sections 2.3 and 2.4 the statistics of the output spike trains are

analyzed using the Fano factor, the spike-spike autocorrelation function and the power
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spectral denéity. The analytic expression for the Fano- factor agrees with the simulation
results, revealing a minimum for this simple integrate-and-fire model. Finally, the
implications of these results are discussed.

2.1.1 MODEL

Here we look at a simple neuron model, the perfect integrate-and-fire neuron, driven by

Ornstein-Uhlenbeck (OU) noise, 7)(t) . The dynamical equations describing our system

are
(i) = H+n()
dt @.1)
d /21) '
b Zit) - n’(Ct) * T g(t)

where v(¢) is the membrane voltage, i is a constant bias, 7 and D are, respectively, the
correlation time and variance of the OU process and &(z) is Gaussian white noise with

autocorrelation <§(t)§(t’)) = (¢t —1t"). The driving OU process has a Gaussian stationary
probability density, p(n)=-exp [—112 /2D] / V2D, and an exponential correlation

function, (n(t)n(t’))= exp[—-lt—t’|/z']. The voltage is reset to zero once it reaches a

threshold value, v,, without resetting 7(¢). For all numerical results, unless stated

otherwise we use the parameter values v, =27 and p=1. The times at which the
voltage crosses threshold, {tk} , will be the spike times of the resulting spike train given

by the expression:

x(t)=D 8(t—1,). (2.2)
k
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The spike count, N(¢) (i.e. the number of spikes observed in a counting window (0,?)) is

given by:

N(@t)= jdt x(t)=Y Ot -1, (2.3)

o<t
where O(t) is the Heaviside step function. Figure 2-1 shows a realization of the
membrane voltage, v(¢), and its corresponding driving noise, 7(¢). This illustrates the
slow modulating effects of the noise én the ISIs.

An equivalent spike train can be generated without the explicit reset of the voltage,

but instead by incrementing the threshold by v, every time the voltage reaches it. Spikes

are generated each time the threshold is incremented. In this picture, without explicit
voltage reset, the spike count at time ¢ is equal to the threshold divided by the constant
v, - The freely evolving dynamics in Eq. (2.1) is equivalent to the Brownian motion of a
particle on an inclined plane. Variables v(t) and u+mn(r) are then viewed as the
particle's position and velocity, respectively. Provided we have a finite positive bias,

i >0, the average difference between v, (N(z)+1) and v(¢) does not grow unbounded

in time, whereas the standard deviation of v(f) grows as Vi, asymptotically.
Consequently, in the asymptotic limit, the statistics of the threshold and of the counting

process, N(t), become indistinguishable from the statistics of v(z) as seen in Fig. 2-2.

2.1.2 QUASI-STATIC APPROXIMATION

We wish to look at the effect of long-range correlated noise, so we use a quasi-static

approximation for the noise. If 7 is much larger than the average ISI, then on short time
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Figure 2-1. A sample spike train with subthreshold voltage variations and the
corresponding driving noise. The variance of the noise was set to a large value, D=1,
which is used here to visually discern the modulation of the interspike intervals. The
time constant used was 7 =100. The vertical bars on top of the voltage trace in the upper
panel is not from the dynamics in Eq. (2.1), but were added to illustrate spikes.

42



CHAPTER 2: FIRING STATSTICS OF A NEURON MODEL... 43

g |
30030 ——T 1
...20'__> -
200 [
- 0O - B llO l 210 : 30
100+ | _
! ---v(t) _
— Vth(N(t)+1)
O ‘ : 1
1
n L

I — 100 200 300

Figure 2-2. The freely evolving voltage, v(¢), and the increment threshold variable (upper
panel) driven by the OU process 7(¢) (lower panel). The difference between the
threshold variable and the voltage are only noticeable on smaller scales (inset).
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scales 7] is approximately constant. In this way we can relate each ISI to a unique value

of the OU process

=V
u+n,

I, (2.4)

wﬁere k denotes the index in a sequence of ISIs, and .nk is the value of n at the
beginning of the k™ interval. Equation (2.4) is a good approximation as long as 1, > -
and I, <<t. As 1, approaches —y from abO\lle, the ISI obtained from the static-noise
approximation diverges and is negative for 7, >—u. This is problematic as negative ISIs

have no physical meaning. In order to minimize the occurrence of these values we require

that:

D=(n") << p’ 2.5)
i.e., we use weak long-range correlated noise. Whenever the noise attains values close to
or below —u , the ISI will be of the order of magnitude of the correlation time, 7, during
which the OU process returns to values greater than —u . Clearly, those ISI‘realizations

are not captured by Eq. (2.4), however, their occurrence will be rare due to (2.5) and thus
their influence on the firing statistics is negligible.

The approximation (2.4) not only allows us to write down a conditional probability
density function (PDF) between I, and 7], but it also allows us to reduce this
conditional PDF to a delta function due to the unique one-to-one correspondence between

n, and I, :

P(1|n)=6| I, - —2—|. 2.6
( |77) ( .u+nk) 29
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2.2 INTERSPIKE INTERVAL STATISTICS
2.2.1 STATIONARY PROBABILITY DENSITY FUNCTION
The first quantity of interest is the stationary PDF of ISIs. In order to obtain the stationary

ISI PDF we can average the conditional PDF between I, and 7, over all values of 7, :

P(1)= [ dn,P(1,In.)p(n,). eX)

The statistics of thé values of the OU process sampled at the beginning of each ISI, n,,
are not the same as for the continuous OU process, 17. Imagine we measure the noise
value at the beginning of each interspike intervai of a long spike train. Then a highef
value of noise leads to a shorter interval and hence to more intervais within a given time
period than a lower valﬁe of 1. This problem is known as biased sampling of a

stochastic variable (59) and is resolved by a corrective factor given by the inverse

interspike interval (see also (60).) Normalization of the corrected PDF yields

( )_e‘nf/ZD(1+ﬂ£) 2.8)
PO =Toap T ) '

For simplicity, this normalization as well as any integration in the remainder of the paper

is performed with respect to the full range of noise values, including 1 < —u, since these

values will make a negligible contribution to the integrals we perform. Inserting Eq.

(2.8) into (2.7) yields the PDF for the interspike interval density:
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Using these densities the means for the sampled stationary OU process and ISI are
respectively D/p and v, /i . Note, however, that the PDF decays as 1/1} for large I,
according to a power law, in contrast to the white noise driven case (61). This implies a
divergence for the second and higher moments revealing again that the approximation
made is restricted to ISIs smaller than 7.

Figure 2-3 shows< the stationary PDF for fixed 7 and several values of D from both
numerical simulation of Eq. (2.1) and the corresponding theoretical curves using (2.9).
With increasing noise the mean of the density does, in fact, remain the same, at v, /i,
because the shift of the peak towards smaller ISI values is balanced out by the long tails
for larger ISI values. Even though we began with a weak noise condition (2.5) the;
theoretical densities agree with simulation results very well beyond this condition. The
agreement holds even for higher noise values (i.e. D=1), though not as well as for
smaller noise values.

Figure 2-4 shows the simulation and theoretical PDFs fof fixed D and various values
of 7. The numerical results agree well with the theory, but the agreement breaks down

when 7 is on the order of the mean ISI. For shorter values of 7, i.e. T<v,/u, the

quasi-static approximation is no longer valid.
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Figure 2-3. Stationary ISI probability densities. Numerical simulations for fixed
7=1000 and different values of variance, D, along with the theoretical probability
densities (2.9). Note that the mean is v, /u in all cases.
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Figure 2-4. Stationary ISI probability densities. Numerical simulations for D =0.01 and
different values of the correlation time, 7. The theoretical result (2.9) is independent of
T because of the quasi-static approximation. The quasi-static approximation is not valid
for small values of 7.
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2.2.2 SERIAL CORRELATION COEFFICIENT

The serial correlation coefficient (SCC) is a measure of correlation between different
elements in a sequence of random events. The SCC, p,, in this case, is between two ISIs
separated by [ intermediate ones. The number [ is referred to as the lag, and the SCC at

lag [ is given by:

.___(Iklk+l>_(lk)<lk+l>‘ (2.10)

(113>"<Ik>2

where the averages here are over an ensemble of ISI sequences. The mean values for the

Y

k™ and the (k +1)" ISIs are the same if the process giving rise to these ISIs is stationary.

49

A simple expression for these SCCs can be obtained first by taking the Taylor expansion -

of (2.4) about 17, =0:

v, 1
[ =tn 1-—k) @.11)
* u( 7

provided the assumption (2.5) still holds. = We may then approximéte the serial

correlation coefficient by inserting Eq. (2.11) into (2.10):

- (nknk-«-l) - (m )2

(771f ) - (M )2

which is simply the autocorrelation function of the sampled OU process. For low noise,

P =C, () 2.12)

the times, ¢,,,, at which the process is sampled do not deviate much from t,+1(I). This

allows us to estimate the ISI correlation:

p,=C, ()= C,((I))

[ lv,h} [ 1(1)}. (2.13)
=exp| —— |=exp| ——
ur T |
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Although this formula is just a simple estimate it fits the simulation data, Fig. 2-5, rather

well. Deviations become apparent for moderate values of the correlation time 7 (i.e. in

Fig. 2-5, T=10=(I)) and for larger values of the noise variance (not shown). Numerical

simulations have shown that for extremely large correlation times the noise variance
needs to be scaled down appropriately in order to maintain agreement with the theoretical
expression, Eq. '(2'13). Apart from these small deviations, we can state that for weak
long-range correlated noise, the exponential correlation of the noise carries over to the ISI
statistics and that the “correlation lag” (i.e. the discrete counterpart of a correlation time)

is given by

;= | (2.14)

2.3 FANO FACTOR

2.3.1 LARGE-TIME ANALYTIC APPROXIMATION

The Fano factor (62), F(¢) ,‘ is the variance to mean ratio of a counting process, N(t), for
a give;n counting time, ¢. It is useful for determining on which time scales the process is
most regular. As discussed in the introduction, the spike count process is equivalent to
the freely evolving dynamics of a particle executing Brownian motion on an incline in the
asymptotic time limit. In this limit we can use the statistics of the two processes
interchéngeably, so that we can use the well known Fano factor for Brownian motion

(63) as an approximation for the Fano factor of the spike count for large times

2Dt T
F_(t)= 1-=(1-¢")|. 2.15
large( ) vﬂ“u( ’ t( € )) ( )
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Figure 2-5. The serial correlation coefficient from numerical simulation (symbols) and
theoretical result [Eq. (2.13)] (solid lines). Results for three values of the noise
correlation time are shown. The variance of the noise used in simulations is D = 0.01;
the theoretical curves are independent of the driving noise strength.
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It is readily seen that for moderate time, t <7, the Fano factor is F,.~Dt (no 7

arge
dependence), whereas for ¢t — e we have F_ =~ Dt (i.e. saturation). Hence, the linear

growth of the Fano factor in time (corresponding to the ballistic phase of Brownian
motion) is determined only by the variance of noise values, while the correlation sets

where the ballistic phase terminates. Figure 2-6 shows F.(¢) for different variances of

the OU process with 7=10°. The theoretical curves (2.15) c_bnverge toward the.

numerical results for a sufficiently long counting time. The convergence is faster for
intermediate noise values as seen in Fig. 2-6. The Fano factor curves reach an asymptotic
value given by

(t)=lim F(r)= 2Dt (2.16)

Valk

large

lim F,
t—yoo

2.3.2 SHORT-TIME ANALYTIC APPROXIMATION
The Fano-factor of the random point process described by our neuron with long-range
noise (2.1) approaches 1 in the limit  — 0, which is the Poissonian limit (59). Equation
(2.15) is only valid in the large time limit and fails to capture the discrete nature of the
point process which becomes apparent at small times (see Fig. 2-6.) If an approximation
of the Fano factor for short counting windows times can be found, we can use this
expression as well as the large time approximation (2.15) to interpolate values of the
Fano factor at intermediate time scales.

The intensity of the long-range correlated noise is small in our approximation.
Consequently, over short counting times the spike train appears very regular. Because of

this regularity the Fano factor for a deterministic spike train will be a good
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Figure 2-6. The numerical results (solid lines) of the Fano factor for different noise
intensities with 7 = 1000 for the system of Eq. (2.1). The dashed lines are the theoretical
curves obtained from equation (2.15). This theory is valid only in the large counting time
limit. The arrows indicate the positions of the minimum in the Fano factor as given by
equation (2.23).
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approximation. Figure 2-7 shows such a spike train with a given counting time, . The
variable A (used here as shorthand for mod(z,{I))) is the difference in time between ¢
and the largest numBer of infeger multiples of (I) that ¢ contains. We shall refer to this
largest >integer as k, which gives us ¢t = kk(l )+ A. As Figure 2-7 shows, for a given t

the spike count, N, can take on only one of two values: k or k+1. The probabilities of

observing these counts are

A
-—, i=k
(1)
Pi=1 2. i=k+1 2.17)
(1)’ | |
0, otherwise

where i is the index of the spike in the deterministic spike train. From P(i) we can

obtain the mean and variance of the spike count:

(n )=—t— | (2.18)

()

and

2 2+ A
(n*)= ’2‘5113(:) k 2k(1) w

(2.19)

and thus the variance becomes

(n*)—(n)’ _(5( (%) (2.20)

From this we can obtain an expression for the Fano factor for small counting times:
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Figure 2-7. A regularly spaced spike train. A is the fraction of an ISI that remains after
taking out the largest number of ISIs from the counting time, ¢ .
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(n) = n)

Fou () ="—F~—

] % (l(f)(%). @.21)

The variance of the deterministic regular spike train is a periodic sequence of inverted

parabolas with a local maximum of 1/4 located at every odd multiple of (I)/2. Because

the variance does not grow past a finite value in time, the Fano-factor is damped out by
the linearly increasing mean and becomes negligible at large time scales.

2.3.3 FULL-RANGE APPROXIMATION

The sum of the short-time and the long-time appfoximations, F(t)= Fp(t)+ F. (1),

provides a good fit to data from numerical simulations over the full range of counting
windows as can be seen in Fig. 2-8. Figure 2-6 shows that for a finite range of noise
intensities the Fano factor exhibits a minimum and it is noteworthy that this crude

approximation, F(¢)= F,,, () + F,.(?), gives a very good estimate for the position of the

minimum in»the Fano factor. By minimum we mean the first local minimum encountered
in going from large time values to small ones. It was previously shown that a minimum in
the Fano factqr indicates an optimal time scale on which to detect two distinct signals
(56, 64). Since the variance of the deterministic spike train, Eq. (2.20) is confined to the
interval [0,1/4], the small time Fano curve can be approximated by the envelope of its

oscillations, F,(t)=(I)/4t=v,/4ut. This agrees with our previous definition of the

minimum of the Fano factor. This envelope and the large time Fano factor can be used to

‘determine a minimum, given by:
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Figure 2-8. Comparison of the numerically obtained Fano factor along with the complete
short- and long-time theoretical Fano factor from Egs. (2.15) and (2.21) for D =107 and
7 =1000. The arrow indicate the position of the minimum in the Fano factor as given by
Eq. (2.23). The numerical data are the same as in Fig. 2-6.
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4 —VL+2DT[1-3(1—e—'/’)) =0. (2.22)
de\ 4ut  v,u t

Since the position of the minimum is in general much smaller than 7 we can expand the
exponential in (2.22) to second order and differentiate. Solving the resulting equation
yields the approximate position of the minimum of the Fano factor:

vth

t . = .
min 2\/‘5

Because we consider large correlation times, 7, the times at which the sum of F,_,(?)

(2.23)

and F,

large

(t) gives a minimum, occur only in the ballistic region of Brownian motion.
Here, neither F, ,(t) nor F,,(¢) depend on 7. Hence, the minimum is determined by

the only remaining parameter, namely the noise variance.

The positions of the minimum as given by (2.23) are indicated by arrows in Figs. 2-6
and 2-8, which agree very well with the apparent positions of the minimum given by the
numerical simulations. We have thus shown that Eq. (2.1) exhibits a minimum in the
Fano factor, and that the position of this minimum does not depend on the c_orrelatibn
time 7 in this quasi-static approximation, but is entirely determined by the variance of
the noise.

2.4 SPIKE TRAIN POWER SPECTRUM
We now derive correlation and spectral properties of the spike train generated by Eq.
(2.1). The relation between the Fano factor and the spike auto-correlationvfunction is

given by (59)

F(t)=1+ %Ids(l _ %)R;’x(s). (2.24)
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where f=p/v, is the mean firing rate of the point process and R (t) is the
autocorrelation function of the spike train for ¢ >0 (not including the & -function at the

origin). We can invert this relation to find R} (¢) in terms of the Fano factor

oy Y _ﬁi_ 2_‘1
R""”(t)_Zv,,,t dt(t o F(t)). (2.25)

The power spectrum can be calculated by the Fourier transform of the autocorrelation

function
S(F) = sz ¢ R_(1). | (2.26)

Due to the linearity of the differential operator acting on the Fano factor in (2.25), the
correlation can be epre,ssed as a sum of two contributions: one coming from‘ fhe small
time approximation of the Fano factor and the other from the large time approximation.
The discontinuities in the derivatives of the small time approximation make the
integration of its corresponding correlation function analytically difficult. If we limit our
focus to the correlation function at large times (coming from the large time Fano factor)
we can describe the power spectrum at low frequencies. Substituting the expression for
the large-time Fano factor, Eq. (2.15), will give us the autocorrelation function for large

times:

RL(t)= Qze-'/’ . (2.27)

vth

Inserting this expression into Eq. (2.26) gives us a Lorentzian spectrum:

2Dt 1
S(f)= vz {1+ (27rfr)2)' (2.28)
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Figure 2-9. The low frequency power spectrum derived from the large time Fano factor
approximation Eq. (2.15) compared with simulation results of Eq. (2.1). Results for three
values of the noise correlation time are shown. The variance of the noise used in the
simulations is D =0.1. For reference, the frequency corresponding to the inverse ISI is
f=0.159.
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Just as the spike-spike autocorrelation function displays properties of the input
correlation, the low frequency power spectrum of the spike train has the same Lorentzian
form as the OU input. Figure 2-9 shows the theoretical low frequency power spectral
curves for several input noise correlation times compared with simulation results.

2.5 CONCLUSIONS

The effects of correlated noise have been of interest in the study of many stochastic

systems (see-eg. (51, 57, 65-70)). In this study, we have seen how long-range correlated |

noise can influence the spike train, ISI, and spike count statistics in a perfect integrate-
and-fire model. Using a qﬁasi-static approximation, analytical expressions for the ISI
density were obtained. It was seen that the exponential correlations in the noise led to
exponential correlations in both the ISI sequence and the spike train at long lags. As a
consequence, the power spectrum of the spiké train had a Lorentzian shape at low
frequencies. |

An expression for the Fano factor curve was then obtained. In particular, long range
correlated noise was shown to increase the Fano factor at long time scales. Due to the
finite correlation time used in the OU process, the Fano factor eventually saturates to a
finite value. Such a saturation has been observed experimentally (17). An interesting
finding of our study is the fact that a minimum in spike train variability as measured by
the Fano factor can be obtained in this simple model. While the perfect integrate-and-fire
neuron model used here as no explicit absolute refractory period there is a relative
refractory period that arises due to the small noise and the fact that it takes a finite time

(on the order of the average ISI) for the voltage to reach threshold from the reset value. It
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is the interaction between this refractoriness, which decreases the Fano factor for small
times, and the long-range correlated noise that will increase it for large times that causes
the minimum.

It was shown that synaptic vesicle release observed in Xenopus neuromuscular
junctions and in rat hippocampal synapses displayed long-range correlations (71). Our
slow noise could thus model the synaptic current fluctuations received by a neuron. The
Fano factor minimum has been observed in experimenfal data in both auditory fibers (54,
55) and weakiy electric fish electroreceptors (57). Our study thus suggests that the Fano
factor increase, and consequently the minimum, obseryed in many neurons (54, 72-76)
could be due to long range correlations in the neurotransmitter secretion rate.

There is much speculation as to the significance of a minimum in spike train
variability (56, 57, 64). For weakly electric fish electroreceptors, the time scale at which
the minimum occurred matched the observed time scale at which these fish capture prey
(77), giving a behavioral relevance to this minimum. It can be shown that the

discriminability, d, between spike counts arising from distinct signal distributions is
inversely proportional to (F @®)/ I)M (56, 64), this latter quantity is also the relative error
of an observed spike count. Figure 2-10 shows the relative spike count error, F(t)/t, as a

function of counting time, ¢, for a single value of 7 and two different noise intensities.
The minimum of the Fano factors from Eq. (2.23) indicates the beginning of a plateau in
the relative error. It is apparent that by increasing the counting time, while on the
plateau, there is little improvement in the accuracy of spike count estimation. However,

the relative error can be reduced to arbitrarily small values by taking increasing counting
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Figure 2-10. The relative spike count error, F(¢)/t, as a function of counting time. The
simulation results from integrating Eq. (2.1) are compared with the theory from the full
range Fano factor approximation, F,,,(t)+ F.(t), where F__(¢) is given by Eq. (2.15)
and F_,,(t) is given by the envelope approximation v, /4ut. Results are shown for
7=1000 and for two different values of noise, D=0.01 and D=1. The arrows
indicate the onset of the plateau region as given by Eq. (2.23). In each case the plateau
persists until about the correlation time 7. While on the plateau there is very little
change in the relative spike count error.
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times greater than the correlation time of the OU process, 7. A sensory system using
observed spike count to determine the presence or absence of prey would encounter the
problem of having to wait long periods of time for the lowest possible spike count
relative error. By the time a decision is made on the presence or absence of prey, any
action based on that decision would be irrelevant, as the prey would have escaped in the
meantime. The Fano factor might already implicitly factor in the cost of waiting too
long. It is proportional to the relative error squared multiplied by counting time. The rise
due to the factor of: ncounting time implicitly accounts for the cost of indecision. If the
Fano factor were actually an inverse measure of the benefit from the most accurate
estimation in the shortest possible time, then its minimum would be the optimal tirhe on
whibh to perform computations used for sigﬁal detéction, as has been observed
experimentally in elec&ic fish eleétroreceptors (57, 77).

An accurate electroreceptor model (78) driven by long-range correlated noise and
periodic forcing was shown to reproduce this observed minimum (56). This result was
later reproduced in a simpler leaky integrate-and-fire model with dynamic threshold (64)
driven by both white and correlated noises without periodic forcirvlg‘. In that study,

negative ISI correlations, present due to a dynamic threshold (79), further decreased the

Fano factor, from the value obtained with a renewal process, while the positive ISI"

correlations due to the slow noise increased it, giving rise to a minimum where signal
detection with respect to an equivalent renewal process was greatest (64). Here we have
found that the simple generic perfect integrate-and-fire driven by long-range correlated
noise is sufficient to observe the Fano minimum. In particular, the counting time at which

the minimum occurred varies with noise intensity, possibly explaining the experimentally
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observed variability in the position of the minimum in weakly electric fish
electroreceptors (57). While the minimum arising from the perfect integrate-and-fire
neuron is not as pronounced as that from the LIFDT it is perhaps a less restrictive model.
Because of this it may be useful for the phenomenological description of the Fano factor
and its minimum, and thus signal detection time scales in various sensory system

experiments.
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3.1 INTRODUCTION

Sensory systems detect and acquire information about the environment; this information
is “processed” and relayed through successive stages up to higher brain centres where it
is used to form perceptions, store memories or guide behaviour, among other things.
Plasticity, which is the process by which the synaptic connection strength between
neurons is modified based on their history of activity, has long been thought to be
important in these cognitive/computational tasks.

It has been previously suggested that plasticity can play a role in neural dynamics
other than as a substrate for memory storage [for comprehensive reviews see refs (32,
80)]. Synaptic depression has been proposed as a mechanism of adaptive gain control so
that cortical neurons can respond in a invariant fashion to relative changes in ﬁfesynaptic
firing rates over a broad range of absolute firing rates (81). Activity dependent, or
“plastic”, synapses have been shown to enhance information transfer when compared to
the‘casé of activity independent synaptic transmission (33, 82), even in the paradoxical
case where the synapses are depressing (83, 84). In addition to these roles it has recently
been suggested that plasticity can act as a temporal filter, processing information streams
to higher‘brain centres (85, 86). The prevailing belief is that depression (i.e. weakening
synaptic strength with repeated activity) acts as a lowpass filter of time-varying signals
and that facilitation (i.e. strengthening synaptic strength with repeated activity) acts as a
highpass filter. Indeed this association is intuitive and it has been shown in sensory
neurons that transmission of bursts events (high frequency spikes) is enhanced by
facilitation and that transmission of single spike events are not affected by depression

(12). This is specific to a neural spiking “code” whereby an oscillatory signal is
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represented by a spike train firing at the same frequency of oscillation, namely that high
(low) frequency signals are coded for by high (low) frequency spike discharge. The goal
of this work is to expand this description to more general forms of spike train encoding
and describe the overall filtering properties based on pre-synaptic inter-spike interval
(ISI) statistics. We thus make the connection from sensory inputs to presynaptic neuron
dynamics and resultant ISIv statistics through to postsynaptic plasticity to form a
generalized description of synaptic temporal filtering.

It was found (87) that sensory neurons, in a species of weakly electric fish, coded for
oscillatory inputs by spiking once per cycle of oscillation. This is illustrated in Fig. 3-1 A
where a representative high or low frequency signal is shown with their corresponding
resultant spike train above. Plasticity was observed at the synapses that these neufons
connect to; it was able to have long lasting cumulative effects in the case of high
frequency firing. Facilitation thus enhances the post-synaptic current (PSC) resulting
from high frequency events, acting as a highpass filter. Similarly, depression suppresses
the current in the case of high frequency events, thus acting as a lowpass ﬁlfer.

We can see for the rate-coded cases, Figs. 3-1 A, that the spiking frequency conveys
the signal of interest. Both of these ISI sequences are very regular (i.e. low sequential
interval variation) and have serial correlations only through their regularity. In this case
it is expected that depression would filter the high frequenéy signal due to its short mean
ISI and pass the low frequency signal through due to its long mean ISI, and vise versa for
facilitation. The ISI sequences shown in the rate modulation case, Figs. 3-1 B, have the
same mean ISI and so any differential effects of plasticity will not depend on the mean

ISI. What is different between these two cases is the serial
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Figure 3-1. The different ways of coding for frequency content of input signals
corresponds to different regimes of ISI statistics. In A the frequency of the input signal is
conveyed through the mean firing rate of the encoding cell. The small ISIs of the high
frequency coded signal will evoke a strong synaptic response compared to the long ISIs
of the low frequency coded signal. In B the neurons have the same mean firing rate and
yet are coding for different frequency inputs through modulations of the instantaneous
firing rate. The long lasting positive correlations of the low frequency coded signal will
evoke a strong synaptic response (in the case of either depression or facilitation)
compared to the negative correlations of the high frequency coded signal.
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correlations that the signals induce in the ISI sequences: the longer lasting positive

correlations in the ISI sequence coding the low frequency result in subsequences of ISIs

shorter than the mean. These subsequences of above, or below, average ISIs will

incfease or decrease the plasticity in a correlated manner.vThis signal will be suppressed
or enhanced if the form of postsynaptic plasticity is depression or facilitation,
respectively. This leads to the hypothesis fha‘; the roles of depression and facilitation as
temporal filters can be switched under the right coding conditions, and given a fixed
mean and variance of the ISI probabﬁity density; it is the serial correlations in the input
| ISI sequence that will‘ determine the strength of the consequent filtering.

Here we present a simple linear model for synaptic plasticity and then show
simulation results confirming the .proposéd roles of plasticity for both rate and
modulation coded single harmonic signals. We theﬁ develop an analytic description of
fhe role of ISI statistics in these filtering schemes. We then go on to show how the PSC
resulting from our linear model responds to broadband inputs.

3.2 ISI STATISTICS AND POST SYNAPTIC PLASTICITY
A simple description of a post-synaptic current (PSC) generated from a single pre-

synaptic spike is the "alpha function", g(¢). It has the form:
g(t)=0e™ 3.1)
The parameter ¢¢ is the inverse timescale of both the rise and fall of the PSC, and the

prefactor o> normalizes the area under the PSC to 1. The full PSC arising from a

presynaptic spike train is the solution of the dynamical system:
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g=nh
h=-0’g-2ah+0a’) 8(t—t,) ' (3.2)
k

where {tk} is the set of pre-synaptic spike times. This dynamics generates a continuous

PSC comprised of a linear sum of single PSCs each with unit area. The effect of
plasticity on the PSC can be implemented in a simple way by scaling the integral of the
PSC by the value that a plasticity variable has at the time of PSC generation. Introduéing
the variable, a’, we can scale the area of a single PSC by a factor 1+a so that the case
a= 0‘ coﬁesponds to no plasticity, a <0 corresponds to synaptic depression, and the
case a>0 corresponds to synaptic facilitation. This plasticity dependent single PSC
scaling can be realized by the dynamics:

g=nh
h=-0o*g-2ah+a*(1+a)) 8(t—1,) (3.3)
k

Ta=-a+g, ) 8(t—t,)
k

where 7, and €, are the timescale and stréngth, respectively, of the plasticity. £, <0 (>

0) éorresponds to the case of synaptic depression (facilitation). These synaptic dynamics
are a simplification of more reaiistic synaptic dynamics. The linearity of the system,
howevér, offers analytical tractability and offers a starting point which may help in
understanding non-linear synaptic models (82, 88). The average PSC in the absence of

plasticity can be found easily by applying Campbell’s theorem (89):

(g(t)) = V‘[(th'e—at'dt’ =y v (3.4)
0
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where v is the presynaptic firing rate and the argument of the integral is the alpha

function. To see how plasticity scales the average PSC we must determine the average
effect of the plasticity on the dynamics (g,h). With non-zero plasticity the running PSC
takes the form

g(t) =Y (1+a)0’(t —t,)e ™™ ' | (3.5)
k

where {ak} is the set of plasticity variables at the presynaptic spike times. Using

Campbell's theorem the average PSC becorﬁes
(s®)=v(1+(a,)) [o’redt =v(1+(a,)). (3.6)
0

The dynamics of eq. (3.3) can be driven by a spike train generated from a leaky
integrate-and-fire (LIF) neural model (19). The LIF has the dynamics:

dv v ‘ ’
E_—;+u+\/55§(t) (3.7

where v is the membrane voltage, 7 is the membrane time constant, 1 is the input bias
and D is the membrane noise intensity. The bias can be first set in such a way that the
LIF neuron is subthreshold (excitable) so that spikes will only be evoked by time varying
inputs. Figure 3-2 shows the average plasticity (filled circles) in the case where one cycle
of a sinusoidal input evokes one spike, the ‘rate-coding’ scenario described above. There
is a compounding effect wheh the frequency of sinusoidal input increases such that the
activation of plasticity is larger for high frequency input. When the bias, u, is increased
to put the neuron in the superthreshold regime (i.e. spontaneously firing) we can give

different frequency inputs that leave the average firing unchanged, but modulate the rate
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Figure 3-2: The average plasticity resulting from the dynamics of Eq. (3.3) being driven
by an LIF neural model responding to sinusoidal inputs in the subthreshold (filled circles)
and superthreshold (open circles) regimes. The subthreshold and superthreshold regimes
correspond to the rate coding and modulation coding scenarios, respectively. Both the
bias, 1, and the noise intensity, D, were tuned to keep the firing rate at 100 Hz for the

superthreshold case, and locked to the stimulus frequency for the subthreshold case. In
both cases the noise was kept at low values (D <10™).
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of spiking proportionai to the input signal. This plasticity resulting from this form of
driving is shown in Fig. 3-2 (open circles). We can see that the response, in terms of
average plasticity, has the opposite dependence on input frequency; only in the case of
low frequency inputs are there many successive short intervals between spikes allowing a
build-up of plasticity.

3.2.1 PLASTICITY WITHOUT PRESYNAPTIC PLASTICITY

Given that the dynamics of (3.3) is linear we may attempt to formalize the dependence of
the average plasticity on input ISI statistics, thus developing an analytic description. Eq.

(3.3) shows that the value of @ is incremented by an amount €,/7, every time a spike
occurs. The contribution from the previous spike is (€,/7,)exp[—(t, —t.,)/7,], and in

s

general from the k™ preceding spike we have a contribution of
(e,/7.)exp[~(t, —.,)/7,], where ¢, denotes the spike time of the k" preceding spike.

Therefore the value of the plasticity at the current spike time, ¢, is given by

a(to)——z [("’ *1 (3.8)

or introducing the notation a, =exp[—(t, —t_,)/7,], the current plasticity value can be

expressed as:

a(ty) == &Y, (3.9)

a k=1
with a, =1. Figure 3-3 illustrates the geometrical relationship between the set {a,} and
the value a(z,). The arguments of the summation in Eq. (3.8) can be expressed in terms

of the preceding ISI sequence, instead of the set of preceding spike times. The difference
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Figure 3-3: The value of the plasticity at the time of a spike, #, is a random variable
whose value is a linear sum of exponential decays from all previous spike times. a, is the
value of the instantaneous jump from the current spike time, and a, is the contribution

from the k" previous spike.
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between the current and the k" preceding spike time is the sum of all intervening ISIs,

k
to—t =1 (3.10)

Jj=1
where I; denotes the ISI between the j and(j—1)"* preceding spikes. The above sum of

ISIs is also known as the k" order ISI, which we shall label with T,.

Before dealing with the complete sum in Eq. (3.8) we ‘will show how the statistics of
the first order ISI contribute to ‘a(to) and then extrapolate those results to contributions of
higher order ISIs. The average contribution of the first order ISI to the ’synaptic variable
a is |

& =(exp(-T;/7,)) = {exp(~1,/7,)) (3.11)
If the CV of ISIs is small the spread of the ISI probability density about the mean value is

small and a, can be well approximated as

a, =(exp(-1,/7,)) = exp(~(1,)/7,) (3.12)
However if there is any significant spread of the ISI probability density about its mean,

then values of I, smaller than (I,) will bias a, to values higher than exp(~(1,)/7,).

This is a consequence of Jensen's inequality (90), namely that the expectation of a
function of a random variable is greater or equal to that function of the expectation of the
random variable if the function in question is convex (i.e. its second derivative is
positive). The convex property is natural for any sort of decaying synaptic dynamics.
This inequality is illustrated in Figure 3-4 comparing the mean values from a narrow

versus a broad ISI probability density.
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Figure 3-4. The expectation of a random variable, in this case the ISI, depends on the
probability density. The black curve shows the exponential of an ISI, whose average
value in the case of a narrow probability density (blue) is very close to the exponential of
the mean ISI. Due to the convex nature of the exponential any probability density with
moderate to large variance (green) will always increase the average value of the
exponential. The blue and green dashed horizontal lines indicate the average values of
the exponential for a narrow and abroad ISI probability density, respectively.
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Even though ISI densities typically have complex functional forms (20, 91), in some
cases approximating this density as a Gaussian is valid, particularly when a neuron is in
the superthreshold firing regime (20, 91, 92). Making the ansatz that the ISI probability
density is Gaussian:

~(h-p?*[26*

PU) = (3.13)

27no?

with mean g=(I,) and variance o> =<112)-—(Il)2, we can then obtain an analytic
expression for q,,

2 T

a

00 1 O.2
4 =J.11P(I1)dl1 =CXP[—T—(L¢— ):l (3.14)
0
We see from this closed form expression that increasing values of the ISI variance shift
a, to larger values.
If the ISI sequence {I k} input to the synapse is uncorrelated then the probability
density of the k" order ISI density scales with &, and it is a Gaussian with y, = ki, , and

o} = ko?. This gives us

a a

o 2
a, = [1,PU I, = exp|:—-z_i(k,u— k;’ J] (3.15)

This allows us to obtain a simple closed form solution of the average synaptic variable a

at the current spike time
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& G-t )N\ _&Y _L
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£, k o’ \|_ £,/7, (3.16)
_Zéexp[—f_a(”_fﬂ_ [ 1( | 0’)]
1-exp u-——

From this expression we can see that in order to have high levels of post-synaptic

plasticity, i.e. large (a(t,)), the condition: (u—o0’/7,)<7,, must be met. This

inequality can be achieved by decreasing the mean, y, or increasing the variance, o?, of
the ISI probability density. Otherwise the average coﬁtribution of plasticity to the PSC
will be €,/7, independent of the presynaptic statistics.

3.2.2 PLASTICITY WITH PRESYNAPTIC PLASTICITY

To show the effect of ISI correlations, we will again use the approximation that the ISIs

have Gaussian statistics. In this case the mean value of the k™ order ISI, T, still has the

1

same value, i, = ki . However the variance of the k* order ISI, o7}, will be affected by
correlations between ISIs.‘ In the case of the second ISI we have (93)

0l =20"+2p,6* =20*(1+p,) (3.17)
where p, is the correlation coefficient between I, and I,. For the general case of

arbitrary order k, there will be contributions of the correlations between all pairs of ISIs

between 0 and k. In this case we have

or =0 (k- j)p; (3.18)

j=0
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where p, are the serial correlation coefficients. In other words p, is the correlation

coefficient between adjacent ISIs in the sequence {I,}, p, is the correlation between all

ISI pairs separated by one ISI in the sequence, and so on. The zeroeth order term p, =1

is the correlation coefficient between an ISI and itself. With this correction to the
variance of the ISI probability deﬁsity for the case of ISI correlations Eq. (3.16) becomes
(aty) = -e—i<em[——]>——“ ) xp{——[ u———Z(k J)P,J] (3.19)

Ta k=t T Ta k=1 T, T, j=0.
This expression depends on the structure of the SCCs and in general cannot be further
simplified analytically as in the case Eq. (3.16). However, we see that for positive

correlations the average plasticity value will be larger than in the case of no ISI

correlations. In the same way negatively correlated ISIs in the sequence {I k} will

contribute in a way that decreases plasticity with respect to its baseline value.
3.3 SIMULATIONS OF SYNAPTIC PLASTICITY MODELS
To verify that ISI correlations can play a significant role at the post-synapse, we have
done numerical simulations using two different simple neural models, each producing a
different type of correlation structure, and fed their spike trains through the alpha
function synaptic current model with plasticity, Eq. (3.3). Both are non-renewal models,
the first one displaying long lasting positive correlations between ISIs, and the second
one negative correlations between adjacent ISIs and zero correlations with all others.

We have shown, in chapter 2 of this thesis, that a simple integrate and fire (IF) neural
model driven by bandlimited Gaussian distributed noise will have positively correlated

ISIs sharing approximately the same exponentially decaying correlation structure with the

80



CHAPTER 3: SYNAPTIC PLASTICITY AS A TEMPORAL FILTER...

input (91). An ISI sequence from this model was generated, and for comparison, to
confirm the role of correlations, a second ISI sequence was generated in which the order
of ISIs was randomly shuffled, thus removing all sequential correlations. Both sequences
were fed into the synaptic dynamics of equation (3.3) and the resulting post-synaptic
current was temporally averaged after all transients died out. The comparison of a spike
train and its corresponding shuffled surrogate should isolate the effects of correlations as
the other primary ISI statistics, mean and variance, are unchanged by this operation. In
the case of depression the results are displayed in Fig. 3-5, where for both ISi sequences
the avefage PSC is plotted versus synaptic timescale. ’The units of the PSC are non-
dimensionalized so that a value of one corresponds to the case of no plasticity. The solid
curve iﬂ Fig. 3-5 shows the PSC frém’ the original spike traiﬁ, while the dotted curve
shows that resulting from the shuffled pfesynaptic ISI sequence. We can see that the
average PSC is lower for the original spike train as predicted by Eq. (3.19) in the case of
depression for all synaptic timescales. The dashed curve shows the relative difference
between these two PSCs and it can be seen that the position of the minima in PSC for
both spike trains also corresponds to the maximal relative differences in the PSCs. When
the plasticity timescale is zero there is no difference between these two cases as the
plasticity decays much faster than the average ISI. As the timescale becomes arbitrarily
large these two curves also converge since the synaptic variable just becomes a constant,
independent of the correlations in presynaptic ISI sequence. In this limit the only factor

determining the average PSC level is the mean ISI, 1.
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Figure 3-5. Simulation results for the mean level of the PSC from a presynaptic neural
model with positive correlations. The solid line shows the average PSC as a function of
synapse timescale when the presynaptic correlations are left intact. When spike train
shuffling removes the presynaptic correlations, the average PSC is closer to its baseline
value (dotted line). The dashed line shows the relative change between the two cases.
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Another form of ISI correlation observed in primary sensory neurons (56) consists of
a negative correlation at lag zero and no correlations for all other lags. This form of
correlation arises from a dynamic spike threshold and has been shown to increase
information transfer at iow frequencies (94, 95). A simple phenomenological model

reproducing these ISI statistics consists of a linearly increasing voltage, with rate y, that
generates spikes when a uniformly distributed random threshold, 6 € [60 -D,6, + D] , is

reached. The voltage is then reset by a fixed decrement, 8,. To test the impact that this

form of correlation, fed into plastic synapses, has on the PSC we drove the dynamics in

Eq. (3.3) with spike trains generated by the dynamic threshold model as well as with

surrogate spike trains with their intervals shuffled to remove correlations. We would

expect that the negative ISI correlations would cause a decrease in the k" order ISI
variance and that the average plasticity due the original spike train would be less than for
the shuffled spike train. The results are shown in Figure 3-6 where the average PSC, as a
function of synaptic timescale, 7,, is plotted for the original spike traih (solid line) and
the shuffled spike train (dotted line), as well as their relative change (dashed line). It can
be immediately seen that there is very little difference between the cases of shuffled and
unshuffled spike trains. The parameter space was thoroughly searched and there was no
regime threv a significant difference in the average PSC was noticed. The reason is that
the impact of ISIs further in the past are lost because the only non-zero SCC in this model
is at lag one. The variance of the k™ order ISI density still grows linearly, whereas if we

had a model that could generate long-range negative correlations (an unphysical scenario
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Figure 3-6. Simulation results for the mean level of the PSC from a presynaptic neural
model with negative correlations. The solid line shows the average PSC as a function of
synapse timescale when the presynaptic correlations are left intact. When spike train
shuffling removes the presynaptic correlations, the average PSC is closer to its baseline
value (dotted line). The dashed line shows the relative change between the two cases.
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unless interspersed with positive correlations) the variance of the k" order ISI density

would grow sub-linearly and then be able to impose a significant reduction of plasticity.
3.4 TEMPORAL FILTERING OF BROADBAND NOISE BY PLASTICITY

In addition to the mean level of the PSC, we studied how the correlation structure of the
presynai)tic ISI sequence affects the transmission of temporal information at the plastic
synapse. This was achieved by calculating the coherence between the presynaptic spike
train and the postsynaptic current (PSC) to see whether or not the conventional idea of
depression as a lowpass ﬁlfer and facilitation as a highpass filter holds. The coherence
between two stationary, time-varying signals, )c‘(t) and y(t), is defined as

15,

C (f)=—"2—"_
() S, (F)S,,(f)

(3.20)

where S (f) is the cross-spectral density between x(t) and y(#) in the frequency

domain, and S, (f) is the auto-spectral density of x(z) and likewise for y(z). This
' measure of information transfer can obtain values between zero and one, with zero
indicating no linear correlations between the two signals at a certain frequency and a
value of one indicating perfect linear correlation.

Figure 3-7 shows the coherence between presynaptic spike train and PSC using the
neural model with long-range positive correlations described above in the case where the
plasticity is depression. The coherences from 10 realizations of 10 s long trials were
averaged to reduce statistical fluctuations. The dotted curve shows the resulting
coherence using the original spike train and the solid curve shows the coherence using the

corresponding shuffled spike train. In the lower frequency range (<50 Hz) we can see
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Figure 3-7. The coherence between pre- and postsynaptic neural spike trains when the
intervening plasticity is depression. The dotted line shows the coherence for the original
pre-synaptic spike train and the solid line for its corresponding shuffled surrogate. The
original spike train coherence is highpass with respect to the shuffled spike train whose
correlations have been removed. The parameters used in the model of Eq. (3.3) are
o=1ms, 7,=15msand €, =-0.8.
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that the coherence with the unshuffled spike train drops off faster as frequency goes to
zero. This result confirms that for superthreshold presynaptic spike trains synaptic
depression acts as a highpass temporal filter. Figure 3-9 shows the difference of the
coherences in Fig. 3-7 for the depressing synapses (solid line). This difference is
representative of the extra information filtered out at the synapse. In this case there is
more information filtered out in the low frequency range (<50 Hz) as is the case for a
highpass filter.

Figure 3-8’ shows the coherence between presynaptic epike train and PSC using the
neural model with long-range positive correlations described above in the case where the
plasticity is fgcilitation. The dotted curve shows the resulting coherence using the original
spike train and the solid curve shows the coherence using the corresponding shuffled
spike train. With increasing frequency we can see that the coherence with the unshuffled
spike train drops off faster. This result confirms that in the case of superthreshold spike
trains the role of synaptic facilitation is as a lowpass temporal filter. Figure 3-9 shows the
difference of the coherences in Fig. 3-8 for the facilitating synapses (dotted line). This
difference is representative of the extra information filtered out at the synapse. In this
case there is more information filtered out in the high frequency range (>50 Hz) as is the
case for a lowpass filter.

The same protocol was applied with negative correlations. We were interested to see
if there were differences in the filtering properties despite the fact that the mean level of
plasticity was practically uﬁchanged by shuffling the pre-synaptic spike train. The results

(not shown) were inconclusive as the noise shaping effect (94, 96)
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Figure 3-8. The coherence between pre- and postsynaptic neural spike trains when the
intervening plasticity is facilitation. The dotted line shows the coherence for the original
pre-synaptic spike train and the solid line for its corresponding shuffled surrogate. The
original spike train coherence is lowpass with respect to the shuffled spike train whose
correlations have been removed. The parameters used in the model of Eq. (3.3) are
o=1ms, 7,=15msand £, =2.0.
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Figure 3-9. The difference in coherence of the original spike trains in Figs. 3-7 and 3-8
and their respective shuffled surrogate spike trains. This solid line is representative of the
extra information filtered out by depressing synapses; the extra information filtered at
low frequencies indicates a highpass filter. This dotted line is representative of the extra
information filtered out by facilitating synapses; the extra information filtered at higher
frequencies indicates a lowpass filter.
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seen in neurons with negative ISI correlations greatly reduces power at low frequencies
(94) and interferes with any type of filtering going on at the synapse.

3.5 PLASTICITY IN BIAS CODING VERSUS NOISE CODING

As shown in the previous section, the time averaged plasticity contributing to the post-
synaptic current depends on the relationship between the ISI statistics and the synaptic
timescale; namely significant contributions from synaptic plasticity can occur only if

(u-o0*/1,)<t,. It was also shown that ISI correlations are important in determining

- the effect of plasticity on the PSC and the filtering properties of the post-synaptic neuron.
- Positive ISI correlations iﬁcrease the magnitude of plasticity while negative ISI
correlations contribute to a decrease.

It is interesting to consider how choosing different models and how placing them in
different contexts lead to ISI sequences with different éorrelation structure. However,
here we will only study a single neural model and place it in two different contexts to
show how different levels of average post-synaptic plasticity arise. It will then become
apparent how these two different contexts are relevant for simple neural coding tasks that
this model may represent.

It was previously shown how the statistics of a simple neural model were modified by
introducing an input with long lasting correlations in the time domain (91). In that case
the input was given as a slowly varying current injection. The dynamics of that model is
described by:

v(t) = 1+n()

3.21
() = -N()+ V2 DTé(r) G20
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supplemented with the condition that once the membrane voltage reaches a threshold

level, v, , it is instantaneously reset to a reference value, v < - Here, u is the mean input
current, 7 is the slow noise process, 7 and D are the timescale and variance of this

noise, respectively. With this model it was shown that the serial correlation coefficients

(SCCs) of the ISI sequence, for small noise variance, take the form

p;= exp[— j -(—9} (3.22)

The small variance condition was used to match the analytical results to simulations,

however, the decaying exponential form still holds for larger noise variance but scale
with a constant of proportionality less than one. The work in chapter 2 of this thesis was
done in the spirit of determining the type of statistical context where a neuron with a

correlated intrinsic noise source could process signals. Instead of 1 being an intrinsic

noise source, it could also be treated as a signal and add an uncorrelated intrinsic noise

into the neural dynamics, i.e.,

V= p+1+2D,& . (323)

With this description the intrinsic background noise should decrease the absolute value of
the SCCs, but the relative slowly decaying form will still hold.

With the results of the previous section we can see that the slowly decaying positive

correlations arising from the slow fluctuations in the bias current of the model will, on

average, cause a strong buildup of the synaptic plasticity, primarily due to long sequences

of successive short ISIs. If the plasticity variable is, for example, depression (g, <0)

then the average value of the postsynaptic current that this neural model causes will be
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strongly attenuated, and the synapse will also be lowpass. If the purpose of this neuron is
to transmit, an accuratea copy of this signal to the post-synaptic cell then the ISI
correlations caused by the signal would be detrimental.

Instead of giving the time-varying signal, 17, into the neural model as a bias current,

we can deliver it as a time varying component of the noise intensity,

v=p+ 2Dy +mE (3.24)

This may be realized in a biophysically plausible manner by having populations of
Poisson spike trains whose mean rate varies with 1 and whose inputs onto the neuron
have balanced inhibition and excitation. - This type of signal transmission in single
neurons has been shown to allow fast transmission of time varying signals between
populations of neurons (97). It will be shown below that noise coding of slow signals
will allow the signal to be passed through a plastic synapse and escape the detrimental
effects Qf plasticity.

In order to assess the benefit of noise coding on plasticity we must determine the
form of the correlation that a noise-coded signal creates in the presynaptic spike train.
Using the quasi-static noise approximation, presented in chapter 2, also see ref. (91), it
was shown how the correlations in the driving Ornstein-Uhlenbeck process passed
through to the ISI correlation. Using the conditional probability density in Eq. (2.6) the

correlation between I, and I,,, becomes:

V2 2 n J( n ]>
LI = i =t 1_._k. 1__kii
( k k+l> <(ﬂ+nk)(l»l+77k+1)> u2 <( u L
; m) (MM
2&@{[1_2< k)+( k ;c l)j

u u i

(3.25)
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The mean ISI can be calculated in the same using the conditional probability density, Eq.

(2.6):

(1,)= <—1'1—> = 3&(1 - (—"—QJ (3.26)

H+M, U H
With the previous two results, we see that the serial covariance of the ISIs is the same as

the covariance for fhe discretely sampled OU process

2 2
<Ika+l) = (Ik) = (”knku)— (ﬂk) (3-27)
so that the serial correlation coefficients of the two random variables are the same:

C,()=C, () (3.28)

as shown in chapter 2. For the noise-coded signal we can use the same quasi-static

approximation to express I, in terms of 7,. The difference now is that the mean is

independent of the noise intensity in the perfect integrate-and-fire neuron giving:

Vi \ _ Vi
(L1,,)= <-u—g> = ﬁ% (3.29)

From this it is easy to see that the serial correlations in the noise-coded case are zero, for
all lags greater than or equal to one. This is only the case for the simple dynamics we
have chosen, hamely the perfect integrate and fire. The average firing rate does not
depend on the driving noise intensity, and consequently neither does the mean ISL. For
the case of a leaky integratg-and-ﬁre model, the mean ISI does depend on the noise
intensity, though not as strongly as it does on the driving bias. We would expect that for
this model, the serial correlations induced by a slowly varying driving noise intensity

would be non-zero, but much smaller than for the case of a slowly varying bias current.
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3.6 DISCUSSION

Plasticity has been shown to play a role in temporal filtering of sensory stimuli, in the
steady state. The prevailing belief is that the roles of depression and facilitation are as
low and high pass filters respectively. We show here that these roles are dependent on the
mode that the neuron is firing in, i.e. subthreshold or superthreshold. In the subthreshold
case, when a single cycler of input generates approximately one spike, the signal is coded
for by the rate of firing. In the superthreshold case, when the neuron is spontaneously
active, the mean firing can remain unchanged while the temporal modulation of the firing
rate tracks the input signal. We havé presented a simple linear model for synaptic
pljasticity and then showed simulation and analytic results confirming the proposed roles
of plasticity for both rate and modulation coded single harmonic signals, némely that in
the modulation coded case the roles of depression and facilitation are reversed. These

results should apply qualitatively to more detailed synaptic models containing

nonlinearities. The analytics in the first half of this chapter will not be applicable to

nonlinear models although the numerics, which followed should, as the essential element

for this effect to occur is the statistics of the presynaptic neuron spike train.
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4.0 ABSTRACT

Sensory stimuli often hﬁve rich temporal and spatial structure. One class of stimuli
common to visual and auditory systems and, as we show, the electrosensory system, are
signals that contain power in a narrow range of temporal (or spatial) frequencies.
Characteristic of this class of signals is a slower variation in their amplitude, otherwise
known as an envelope. There is evidence suggesting that, in visual cortex, both
narrowband stimuli and their envelopes are coded for in separate and parallel streams.
The implementation of this parallel transmission is not well understood at the celtular
level. We haﬂ'e identified the cellular basis for the parallel transmission of signal and
envelope in the electrosensory system: a two-cell network consisting -of an interneuron
connected to a pyramidal cell via a slow synapse. This circuit could, in principle, be
implemented in auditory or visual cortex by the already identified biophysics of cortical
interneurons.

4.1 INTRODUCTION

Narrowband signals (i.e., containing power in a narrow range of frequencies) are an
important class of naturalistic stimuli for visual and auditory systems and have associated
with them a stimulus envelope, a slow, time-varying contrast or modulation of a
sinusoidal carrier arising naturally from, for example, interference between two or more
sinusoidal oscillations with similar frequencies. Amplitude modulated signals have no
power at the frequencies of the modulation, but instead have power centered on the
carrier frequency with side-bands whose structure depends on the frequency content of

~the modulation, or envelope (89). Since the actual signal contains no power at the
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envelope frequencies a system that can extract information about the envelope must
utilize non-linear processing. An asymmetry in the single neuron inpﬁt—output transfer,
such as rectification (89), will generate power at the envelope frequencies (98, 99).
Recent studies show that visual cortical neurons in cat respond to both low spatial
frequency signals and to the low frequency spatial envelopes of high frequency signals,
and also Suggest that information about stimuli and their envelopes take separate and
mutually exclusive, linear and non-linear pathways to reach these cortical neurons (48,
100-106). The cellular and network basis of these paréllel cortical computations is not,
however, understood. '

A. leptorhynchus geﬁerates a sinusoidal electric organ discharge (EOD) that produces
an electric field around its body. Recent field studies have showh that A. lepiorhynchus
and related species forage in groups (107). Although individual A. leptorhynchus
maintain a stable EOD frequency (108), the species has a frequency range of about 700-
1000 Hz. Two fish with widely spaced EOD frequencies will generate a high frequency
envelope of their EOD referred to as an amplitude modulation (AM) or beat. Additionai
fish can superimpose a slowly varying contrast on this high frequency AM (an envelope
of the envelope of the EOD) (107) (Fig. 4-1 A). To avoid confusion we will henceforth
refer to the AM of the EOD as the stimulus, and the modulation of the AM as the
envelope. Thus envelopes are a natural component of the electrosensory environment of
an aggregation of wave-type electric fish.

Electroreceptors - (P-units) are sensitive to the AMs induced by conspecifics

(communication signals) and project to the electrosensory lateral line lobe (ELL). Here
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we study the response of ELL neurons to the envelope of these signals. We demonstrate
that a two-cell network, consisting of: (a) a direct P-unit synaptic input to a pyramidal
(projection) cell and (b) a high-frequency tuned interneuron projecting onto the
pyramidal cell via slow GABA-B mediated inhibition, is responsible for parallel
transmission of the AM stimulus (direct input) and the corresponding stimulus envelope
(interneuron mediated input) in separate channels.

4.2 MATERIALS AND METHODS

Electrophysiological Recording. Data from 32 adult A. leptorhynchus are used in this
study. For surgical exposure of the electrosensory lateral line lobe (ELL), fish were
anesthetized (Tricane-S, Western Chemical Inc. Ferndale, WA). After surgery fish were
immobilized (Pancuronium Bromide, Sabex, Bouchervillee, Quebec) and transferred into
a tank (28°c) where they were respired by a constant flow of oxygenated water through
their mouth. Intracellular and extracellular recordings from ELL neurons and axonsv were

routinely made with borosilicate microelectrodes (70-140 MQ), filled with 3M KAc

(intracellular) or tungsten wire electrodes (extracellular, TM33C10, WPI, Saratosa, FL);
the reéording electrodes were advanced into ELL with a piezoelectric microdri?e
(Inchworm, IW-711, Burleigh, Fishers, NY) in the ELL. Electroreceptor afferents (P-
units), pyramidal cells, one class of ELL interneuron (ovoid cells) and feedback inputs to
ELL were identified based on electrode depth, baseline discharge statistics and by
responses to step changes in the EOD amplitude, sinusoidal and random EOD amplitude
modulations; these responses are well characterized and successfully discriminate cell

types (9, 109-111). Recorded signals were amplified (Axoprobe, AXQn Intruments, Union

98



CHAPTER 4: THE CELLULAR BASIS FOR PARALLEL...

City, CA for intracellular, N=43, and for extracellular recording, N=9) and stored on a
desktop personal computer. Analysis was performed offline using Matlab (Mathworks,
Matick, MA) software. All experimental and surgical protocols were approved by the
University of Ottawa Animal Care Committee.

The EOD unperturbed by the stimulus was recorded between the head and tail of the
fish using two vertical carbon rods (11cm long, 8mm diameter). Two chloridized silver
wires, insulted except at the tips and spaced 2 mm apart were placed approximately 1 mm
away from, and at right angles to, the fish’s body; these electrodes were used to record
the stimulus induced EOD amplitud¢ modulations.

The membrane potentials, the unperturbed EOD, the modulated EOD transverse to
the fish and the attenuated stimulus were digitized at 20 kHz with a Multi-IO béard (PCI-
MIO-16E-4; National Instruments, Austin, TX) on an Intel Pentium IV 1.8 GHz Linux
personal computer. Spike and EOD detection, stimulus generation and attenuation,
preanalysis of the data were performed online during the experiment within Online
Electrophysiology Laboratory (OEL) software (112).

Stimulation. Amplitude modulations of the EOD were created by sampling the head-
tail carbon electrodes, multiplying this EOD with the desired modulation. This signal was
delivered in phase with the fish’s own EOD, via stimulation electrodes placed over the
cell’s receptive field center (local geometry) or across the fish’s body (global geometry)
as previously described (79, 113, 114). The output of the stimulation electrodes was
attenuated so that, when combined with the fish’s own EOD, the correct signal contrast

was produced. The stimulation electrodes in global geometry consisted of two carbon
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rods (20 cm long, 8 mm diameter) parallel to the rostral-caudal axis placed either side 10
cm away. In local stimulus geometry, two thin tungsten wires, insulated except at the tips,
with a spacing of 2 mm were placed 5 mm away from the sufface of the fish
perpendicular to the body axis.

There were two classes of stimuli used: broadband and narrowband Gaussian
distributed noise. Both were derived from Gaussian white noise by applying a low pass
filter (100 Hz cutoff frequency) or a band pass filter (20 Hz bandwidth with center
frequencies ranging from 30 Hz to 290 Hz), respectivély. Narrowband signals are a
convenient representation of the types of signals electric fish would see while aggregating
with a population: of conspeaflcs Wave type weakly electric fish have a natural

distribution of EOD frequencies (107). In a population of 3 or more the types of EOD
modulations they would experience are neither broadband, nor pure tones, therefore we
chose narrowband Gaussian noise as a mimic of this kind of electrosensory signal.

Extracting the stimulus envelope. The Hilbert transform is a useful tool in the analysis
of time-varying stationary signals with oscillatory components. A harmonic oscillation,

x(t), can be represented geometrically as a limit cycle in the complex plane by creating
the analytic signal, z(¢f)= x(z)+iy(t), whose imaginary part is composed of the real
frequency components phase shifted by 90 degrees, i.e. y(¢)= H[x](t), where H is the

Hilbert transform:

x(‘c)

H[x] (t)——PJ. (4.1)

In the case of the narrowband signals that we used the radial component of the

corresponding analytic signal has an intuitive interpretation. The radial component,
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represents the instantaneous amplitude, or signal envelope, arising due to interference of
spectral components of the signal having similar frequencies.

Data analysis. The coherence between two stationary signals, x(t) and y(¢), is defined
as:

1S (I

4.3
Six (F)Syy (f) @3

CXY(f)=

where S,,(f) is the cross-spectral density between x and y, and Sy, and S, are the

auto-spectral densities of x and y respectively. It measures the correlations of phase and
kS
amplitude of oscillations between the two signals as a function of their frequency. The

coherence gives a measure of the filtering properties of a trénsfer system if x(z) and y(¢)
refer to the input and output. We are interested in the responvse, R(t), of a given neuron in
the form of an action potential sequence, or spike train, to a given stimulus, S(¢), at the
sensory periphery. The spike train response can be defined mathemati.cally as a series of

delta functions centered at the spike times: R(¢)= 26 (t - t,.). We will use the notation

Cy(f), or equivalently S-R coherence, to refer to the coherence between stimulus and

response, in the form of a spike train. We also use the notation S-R coherence to denote

the response between subthreshold membrane voltage and the stimulus, but we explicitly

state this where used. The coherence between two responses to the same signal is denoted

Crr(f), and in general the inequality Cg(f) < JCre(f) holds, so that the responses are

at least linearly related to one another via the stimulus (47); the stimulus-response and
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response-response coherence are lower (linear) and upper bounds respectively on the
information that can be transmitted by a neuron about a signal (47). Throughout, we
compare S-R coherence to the square root of R-R coherence but denote it as simply R-R
coherence, for brevity. A more formal connection to mutual information has been
established using these measures but will not be used here (46). The notation E-R
coherence is» used to represent the response of the spike train (or subthreshold voltage
where stated) to the‘ stimulus envelope calculated via the Hilbert transform. The
subthreshold membrane voltage was obtained from the intracellular voltage recording by
using a spike removal algorithm. This algorithm detected spikes by using voltage and
voltage derivative threshpld conditions, and removed them by réplacing the voltagea‘,
trajectory during a spike by the average of the values immediately before and after the
spike. Significance of coherence responses in the populations of different cells was done
by comparison to a numerically simulated Poisson spike train with a firing rate equal to
the average rate of E type pyramidal cells. A one-way ANOVA was performed between
the distribution of average coherence valﬁes in the stimulus bandwidth and the envelope
bandwidth and the distribution of coherence values in the respective bandwidths from the
Poisson spike trains.

4.3 RESULTS

P-units and ELL pyramidal cells can respond to the wide range of frequencies present in
communication and prey signals (95, 115, 116). Here we investigate their response to the
low frequency envelope signals expected to arise during foragiﬁg behaviour. Since the

particular rangé of EOD frequencies varies considerably in natural fish groupings (107),
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we chdse to mimic the sensory signals present during foraging by using narrow
(frequency) band Gaussian noise stimuli. The analytic signal, éxtracted via the Hilbert
transform (117), can be used to estimate the envelope of these stimuli (Fig. 4-1 B); the
mapping of stimulus to envelope is non-linear (see methods). A signal, amplitude
modulated by a 20 Hz bandwidth, will have an envelope with power in the 0-20 Hz range
(Fig. 4-1 B). Basilar pyramidal cells (E cells) are high pass in response to global
communication-like signals (95, 116) (Fig. 42 A, upper) and, as expected, these cells
also respond well to 20 Hz band pass noise with center frequencies ranging from 50-90
Hz (Fig._ 4-2 A). To quantify _the response to the stimulus we use the coherence function
(see methods), which is the linear correlation coefficient between stimulus and response

(S-R coherence) as a function of frequency. The S-R coherence does not account for
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Figure 4-1: A mixture of three or more EODs gives rise to narrowband amplitude
modulations. A. An example of a fish’s EOD mixing with nearby conspecifics with
frequency differences of +40 Hz and —~50Hz (green). The amplitude modulation it creates
has a 45 Hz oscillatory component (blue) with a slowly (10 Hz) varying contrast (red). B.
To simultaneously test a broad range of EOD frequency differences we used narrowband
Gaussian random amplitude modulations (RAMs) with 20 Hz bandwidth and center
frequencies ranging from 30-90 Hz. This distribution of frequencies is expected based on
the EODs of members of foraging groups (107). A sample realization of 40-60 Hz
Gaussian noise (blue) will give an envelope (red) with power in the 0-20 Hz range. Their
power spectral densities are shown on the right in the bottom and top panels, respectively.
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signal transfér when there are non-linear mappings between the stimulus and the spike
train response. The presence of non-linear mappings can be revealed by the R-R
coherence. The R-R coherence is the coherence function between two different spike
train responses given identical stimuli; discrepancies between S-R coherence and R-R
coherence indicate a non-linear mapping (47). For example, the R-R coherence may
reveal a response at frequencies not present in the stimulus.

E—R coherence can also be computed; this is the coherence between the stimulus
envelope and the spike train response. The R-R coherence of E type pyramidal cells,
under global stimulus geometry (see methods) was similar to the S-R cohere‘nce over the
narrowband stimulus frequency range (in this case 40-60 Hz; Fig. 4-2 A) demonstrating
that the signal transfer in this range is linear. However the R-R coherence also had power
in the 0-20 Hz range indicating the presence of a non-linear transformation since the
signal has no power in that frequency range. Further, at the 0-20 Hz range the E-R
coherence was very similar to the R-R coherence demonstrating that pyramidal cells can
respond to the envelope of a complex signal. Since there is no stimulus power in the 0-20
Hz range, this response must be due to a non-linear operation. To quantify the
significance of these results we compared pyramidal cell E-R coherence to that of several
other types of upstream neurons, downstream neurons, and interneurons, as well as to the
E-R coherence from homogenous Poisson spike trains (as a control) using a one-way
ANOVA,; there were highly significant differences aéross these populations (p<10?°).

Multiple comparisons were made (Tukey HSD test) in order to determine the relative
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Figure 4-2: Pyramidal cells respond to narrowband envelope signals, whereas their
afferent inputs do not. A. In global stimulus geometry an E type pyramidal cell, as
expected (79), has hlgh pass filtering characteristics when stimulated with broadband, 0-
100 Hz, Gaussian noise (inset). The color-coding is according to the legend shown in
panel B. When given narrowband, 40-60 Hz, stimulation, the same pyramidal cell
responds linearly to that range of frequencies, shown by the S-R coherence (blue) and R-
R coherence (grey), but responds non-linearly to the stimulus envelope, as shown by the
R-R (grey) and E-R (red) coherence in the 0-20 Hz range. B. Primary sensory afferent
fiber (P-unit) spike trains are good linear encoders, showing response in the stimulus
range, 40-60 Hz (S-R (blue) and R-R (grey) coherence), yet show no response to the
stimulus envelope. C. The same pyramidal cell (as in A) under spatially local dipole
stimulation has low pass filtering characteristics, as expected (79), when stimulated with
0-100 Hz noise (inset). When given a saturating local 40-60 Hz RAM the cell responds
linearly to the input signal, since R-R coherence (grey) and S-R coherence (blue) agree,
but not to the stimulus envelope in the 0-20 Hz range. D. A sample (E type) pyramidal
cell membrane voltage trace (black, spikes truncated) and subthreshold voltage trace
(spikes removed, red). E. The S-R and E-R coherence between stimulus and both the
spike train and subthreshold membrane voltage for the cell shown in D. The S-R and E-R
coherence (red and blue, respectively) of the spike train with respect to the stimulus and
envelope are shown with solid fills. The S-R and E-R coherence (red and blue,
respectively) of the subthreshold voltage with respect to the stimulus and envelope are
shown with vertical bar fills. In this case the spike train coherences were plotted over top
of the voltage traces coherences because they have smaller values.
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response in these different cell types in comparison to Poisson spike trains and each
other.

For all classes of pyramidal‘ cells (116) in the centrolateral and lateral segments of
the ELL; the E-R coherence, éveraged over the 0-20 Hz bandwidth, had a mean value
(0.29 + 0.14 S.D., N=52 units) that was significantly different from that of homogenous
Poisson spike trains (0.01108 £ 107, p<10?). In the following, unless otherwise stated, all
significance comparisons are between a POiSSOI”l spike train and the cell’s response to a
global 40-60 Hz stimulus.

We then demonstrated that the source of the response to the stimulus envelope does
not arise from P-unit input to the pyramidal cells, or from a non-linear operation intrinsic
to the pyramidal cell. P—unitsv are known to respond linearly to a broad range of
frequencies of EOD amplitude modulation (>200 Hz, data not shown) (95, 118), yet
when stimulated by a signal in the 40-60 Hz range they show little E-R coherence (0.034
+ 0.001, N=52, not significant). Stimulation that saturates only the receptive field center
of E type cells ‘(local stimulus geometry, sée methods) rembves the non-linear effects of
the non-classical receptive field presént under global stimulation, and reveals the isolated
processing capabilities of the pyramidal cell (79, 116). Under saturating (79) local
stimulus geometry (stimulus intensity matched to the global case) E type pyramidal cells
respond to the 40-60 Hz signal yet fail to produce significant E-R coherence (0.026 x
0.001, N=16, Fig. 4-2 C). The direct synaptic input from electroreceptor afferents and the
synaptic input from locally projecting interneurons (119) are therefore not able to

generate the envelope response.
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As a check that the envelope response in the pyramidal cell spike train did not arise
from the pyramidal cell spike generation mechanism under global stimulation, we
examined the subthreshold membrane potential and calculated both the mean S-R (0.67 +
0.16, 40-60 Hz range, N=11) and E-R (0.42 + 0.19, 0-20 Hz range, N=11) coherence with
the stimulus. Figure 4-2 D shows a sample spike train and the subthreshold voltage, low
pass filtered (cutoff 200 Hz) to remove the EOD artefact (small amplitude potential coming
directly from the ei'e',ctric organ), for an E type pyramidal cell. Figure 4-2 E shows the S-R
and E-R cohereﬂ;e between the stimulus and both the spike train and membrane ﬁotential.
As expected both responses were greater for membrane potential than the spike train
confirming that the envelope arises from global synaptic inputs to the pyramidal cells and
not the spiking non-linearity. |

Given that the source of the envelope to the pyramidal cell is global we decided to
examine ovoid cells, which provide global input to pyramidal cells (119, 120), as a
candidate source of their envelope response. As previously reported (110) ovoid cells
responded very strongly in a high pass fashion to broadband global signals (Fig. 4-3 A),
but not local signals (data not shown); these responses are expected from the anatomy of
ovoid cells (119) (i.e. extensive dendritic arborizations receiving P-unit inputs from a
large fraction of the body surface) (109, 120, 121) and their receipt of gap junction input
from P-units (41, 121). Ovoid cells also responded strongly to the signal envelope with a
mean E-R coherence of 0.58 % 0.23 (Fig. 4-3 B; N=11; p<10?). Furthermore,iunlike
pyramidal cells, they also responded to very high frequency noise signals (up to 180-200

Hz) and exhibit response to envelopes when presented these stimuli as well (data not
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~ Figure 4-3: The spiking mechanism of ovoid cells generates narrowband envelope
response that is transmitted to pyramidal cells through slow synapses. A. Ovoid cells are
high pass when given global, broadband (0-100 Hz shown) Gaussian RAMs. B. In
response to global, narrowband (80-100 Hz shown, similar results were obtained for
center frequencies ranging from 30 to 190 Hz) stimulation they respond linearly to the
signal (S-R coherence-in blue and R-R coherence in grey), and also respond in a non-
linear fashion to the stimulus envelope (R-R coherence (grey) and E-R coherence (red))
in the 0-20 Hz range. C. Under global stimulus geometry the E type pyramidal cells
receive the stimulus directly through fast glutamatergic synapses from P-units (blue
arrows), and the stimulus envelope indirectly through GABA-B-like synapses from the
ovoid cell (red arrows). The ovoid cell is high frequency tuned so that it will respond
well to ‘carrier’ frequencies, extracting the slower envelope and exclusively passing it to
pyramidal cells, filtering out the ‘carrier’ with a slow synapse. D. A sample voltage trace
from a somatic intracellular recording of an ovoid cell (spikes truncated, black).
Superposed on this trace is the same trace with spikes removed (see methods) and low-
pass filtered to remove the EOD artefact. The artefact is a small portion of the EOD being
picked up directly by the intracellular electrode, which is caused by electrical activity of
the cell. E. S-R and E-R coherence between stimulus and both the spike train and
subthreshold membrane voltage for the cell shown in D. The S-R and E-R coherence (red
and blue, respectively) of the spike train with respect to the stimulus and envelope are
shown with solid fills. The S-R and E-R coherence (red and blue, respectively) of the
subthreshold voltage with respect to the stimulus and envelope are shown with vertical
bar fills. In this case the spike train S-R coherence and the voltage trace E-R coherence
were plotted on top since they have smaller values.
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shown). Ovoid cells receive only P-unit input (122) and, since P-units do not themselves
extract the envelope, it appeared likely that the envelope must first be extracted by a non-
linearity associated with ovoid cell spiking. Preliminary data suggests that envelope
extraction requires low membrane noise and the spiking threshold nonlinearity (J.W.M,
E. Harvey-Girard, A.L., and L.M. (123)). Most recofdings from ovoid cells were made
from their thick axons as previously reported (110), and their membrane potential did not
reflect the stimuius (data not shown). In one case, however‘,ﬁ we achieved an intracellular
somatic recording from an ovoid cell. In this case thei:;nembrane clearly tracked the
stimulus (Fi g; 4-3 D) so that the S-R was very high and similar to that of the spike train
(Fig. 4-3 E). The membrane potential of this cell showed no E-R coherence although its
spike train clearly did (Fig. 4-3 E, average E-R coherence of 0.37, 0-20 Hz, average S-R
coherence of 0.86, 40-60 Hz range). This suggests that the ovoid cell is the first site
where a non-linearity associated with the spike threshold extracts the signal envelope
associated with bandpass Gaussian stimuli.

It appeared puzzling that the strong linear response of ovoid cells to the high
frequency signal was not also transmifted to its pyramidal cell targets. Ovoid cells are
GABAergic (119) and their stimulation in vivo (110) or in vitro (41) causes a slow
inhibitory postsynaptic potential (IPSP) in E-type pyramidal cells that appears to be
mediated solely by GABA-B like receptors (41). We propose that these slow IPSPs will
act as a low pass filter of the ovoid cell output, removing the high frequency content and

transmitting only its envelope response.
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As an additional test of our hypotheses we also examined envelope extraction in
nonbasilar pyramidal cells (I cells). I cells are a morphologically and functionally distinct
population that receives indirect P-unit input (via locally projecting interneurons) and are
low pass (116, 120, 122). As expected, these cells responded at best weakly to a global
bandpass signal when its center frequency was >30 Hz; however they still produced E-R
coherence comparable to that of E cells. This response is illustréted in Fig. 4-4 A where
an I cell given 80-100 Hz stimulation showed no response to the signal while still
responding to its envelope (E;R: 0.20 = 0.09; S-R: 0.029 .£0.021, N=8.; Fig. 4-4 A). We
conclude that the I type pyramidal cell is not responsible for generating the envelope
response as it shows no response to the narrowband signal from which to extract the 3
envelope (48, 124). This fofm of processing is similar to neurbns iﬁ the visual or auditory
systems showing no linear response to a high-frequency signal, but instead responding to
its‘envelope (48, 100, 101, 103-105, 125-129). Extraction of the signal envelope is
thefefore not due to the intrinsic dynamics of pyramidal cells or input from
electroreceptors (directly or via local granular interneurons). With these sources
eliminated we conclude that the envelope response requires input with global stimulus
geometry, presumably the ovoid cell (see methods).

Ovoid cells project indirectly to I-type pyramidal cells via local granular interneurons

(119) and the resulting responses are also slow (110); because the ovoid cell input to I

cells is via an inhibitory interneuron, it is sign inverted and appears as a slow

depolarizing potential (110). Thus we propose that the envelope response of I-type
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pyramidal cells is also generated by the ovoid cells but via slow modulation of the
response of local interneurons (41, 110).

Our model for the parallel transmission of the envelope along with the signal to E
type ELL pyramidal cells is illustrated in Fig. 4-3 C; ovoid cells respond to the high
frequency signals and generate a response to its envelbpe via a non-linearity such as half-
wave rectification (89), possibly implemented by the thresholding spiking non-linearity
(130); they transmit the response to the stimulus envelope to the pyramidal cells via a
slow synapse; while information about the stimulus (to E cells) comes via fast
glﬁtamatergic P-unit synapse on their basilar bush (41). Figure 4-4 B shows a quel to

+ - explain the I cell envelope fesponse: the ovoid cell passes: on the envelope signal to
another local interneuron with the net result being depolarization at the I type pyramidal
cell. Since for a narrowband stimulus the envelope is the same whether or not the
stimulus is inverted it does not matter whether the slow signal is passed via inhibitory or
excitatory synaptic input as long as they have a slow time course.

In addition to the ovoid cell global feedforward input, the ELL pyramidal cells
receive extensive global feedback input (111, 116) and the envelope response might
therefore also be generated or modified via a feedback mechanism. Feedback input to
ELL emanates mainly and perhaps exclusively from one class of pyramidal cells: the
deep pyramidal cells (DBP) (111). Previous studies have shown that DBP cells fail to
respond to very high frequency AMs (116). However, global stimulation of deep
pyramidal cells with 180-200 Hz stimuli generated an envelope response without any

response (S-R or R-R) to the signal itself (E-R: 0.17 + 0.07; S-R: 0.006 + 0.002, N=5,
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Figure 4-4: The envelope response generated by ovoid cells can also be transmitted to
principal cells via intermediate neurons. A. Under global stimulus configuration some
non-basilar, or I-type, pyramidal cells fail to respond to the AM signal yet show strong
response to the stimulus envelope as shown by the R-R (grey) and E-R (red) coherence in
the 0-20 Hz range. B. The response in I type cells is mediated by an additional inverting
local interneuron, showing that the envelope response may be hyperpolarizing or
depolarizing in nature.
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Fig. 4-5 A). Ovoid cells are the only ELL neurons able to respond to AMs with
frequencies >180 Hz (data not shown); they are theréfore the sole source of DBP input
capable of generating envelope power.

Furthermore, under these conditions there should be no source of narrowband, high
frequency (>180 Hz) input avéilable to higher brain feedback circuitry from which to
extract the envelope. To investigate whether the global feedback pathway driven by the
DBPs (111) might still influence the envelope response of pyramidal cells, we have
récorded from feedback (nuclgus praeminentialis, nP) afferent fibérs in the eminentia
granularis posterioris (EGp), a cerebellaf—like structure shown to be responsible for global
gain control and adaptive sensory cancellation (111). Consistent with earlier reports (111)
we found that nP afferents were high pass (Fig. 4-5 B, insgf) and also responded weli to
narrowband frequencies. These afferents did not, however, respond to the envelope in
their spike train response, having a mean E-R coherence of 0.049 + 0.001 (Fig. 4-5 B;
N=16, not significant). It is therefore unlikely that feedback input contributes to or
modifies the pyramidal cells’ envelope response. Since the DBPs did ‘respond to the
stimulus envelope but nP afferents did not; these results imply that the envelope response
is filtered out within nP and, unlike direct low frequency input (79, 111, 115), is therefore
not available as a cancellation signal to ELL.

The E-R coherence (global stimulation) of E and I type pyramidal cells were not
significantly different (p=0.1482) and so the responses of these populations were pooled.
The E-R coherence of pyramidal cells is significantly greater than P-units, pyramidal

cells with local stimulation and nP afferents (p<10?). The E-R coherences of these last
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Figure 4-5: Feedback inputs are not responsible for generating the envelope response. A.
When given high frequency, global, stimulation outside of their range of sensitivity (180-
200 Hz shown), deep pyramidal cells, the sole source of inputs to higher feedback centers
(116), show envelope response (R-R coherence (grey) and E-R coherence (red)) in the 0-
20 Hz while showing no response in the 180-200 Hz range. This also rules out the role of
feedback pathways in the generation of the stimulus envelope to the pyramidal cells
since, for the neurons responsible for the feedback signal, the narrowband signal is
unavailable (blue) for the extraction of the envelope under this stimulus condition. B. The
majority of Pd afferent axons in the EGp are high pass in response to broadband, 0-100
Hz, stimulation (inset). When given narrowband, high frequency (80-100 Hz shown,
similar results were obtained for center frequencies ranging from 30 to 90 Hz)
stimulation, their spike trains show good response to the direct stimulus (S-R coherence
(blue), R-R coherence (red)) and no response to the envelope. This rules out the
transmission of the envelope signal to the pyramidal cell aplcal dendrite via the indirect
feedback pathway.
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three populations were not significantly different from each other, nor from the Poisson
spike train. The mean E-R coherence of the ovoid cells is about double that of pyramidal
cells (0.58 vs 0.29, p<107) further suggesting that the ovoid cells are the source of
envelope response in pyramidal cells.

4.4 DISCUSSION

We have shown that parallel pathway's transmit the electrbsensory narrowband signal and
their envelopes from P-unit electroreceptors to pyramidal cells. The direct projection
from P-units to pyramidal cells conveys the narrowband signal. An indirect pathway from
.P-units to pyramidal cells via avfast interneuron With slow output synaptic kinetics
extracts the envelope of the narrowband signal.

Similar processes may be operative bin the auditory and visual system. The
spectrotemporal structure of ‘communication vocalizations reveals modulations at
different carrier ffequencies (131, 132). The relationship between envelope and carrier
frequencies determines the perception of pitch fluétuation, pitch roughness, and
subharmonic, or residue pitches (45, 98, 133). In visual scenes, envelopes (spatial
contrast modulations) are responsible for groupings of objects and illusory contour
perception (100, 102, 103). There is mounting evidence that the invariant response to
object groupings arise from parallel network structure consisting of separate linear (first
order) and non-linear (higher order) channels. This parallel transmission supports the idea
of cue invariance in the visual system, where objects are perceived similarly if they are
delineated by either intensity or contrast boundaries (48, 100-105). It has also been

shown that cells in the inferior colliculus (IC) respond to interaural time differences
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(ITDs) of low frequency pure tones and low frequency modulations of high frequency
carrier tones (126, 129). This response to low frequency signals and envelopes of high
frequency narrowband signals can be thought of as another form of cue invariance except
in this case pertaining to sound localization, not object perception. Observations of
independence between optimal carrier and envelope frequencies in the auditory cortex
also support the idea of parallel transmission of signal and envelope (125, 127, 128).
Electric fish may require separate responses to both the envelope and direct
electrosensory signals to distinguish the frequencies, and therefore the identities, of the
other fish within a foraging group. EOD frequency difference‘s between fish are detected
as direct inputs to the ELL. At very high EOD frequency differences (>200 Hz) the P-
units and thus the pyramidal cells can no longer reliably track the stimulus (Benda,
Longtin and Maler, unpublished results); further, midbrain neurons in receipt of ELL
input respond mostly to lower frequencies in a related wave type gymnotiform fish (134).
In auditory and visual systems it is observed that the envelope generating mechanism
does not interfere with response to direct, low frequency stimulation (48, 100, 101, 103-
105, 125-129). In fact when first order and higher order stimuli represent the same cues
they can actually interact constructively as was recently shown in stereopsis (106). The
magnitude of response to envelopes is dependent on the carrier frequency, which is
typically much higher than envelope frequencies. A result of this design is that
information typically takes-one of two i)arallcl pathways, i.e. linear or non-linear. The
direct P-unit synapses onto pyramidal cells (linear) in parallel with the ovoid cell synaptic

input to pyramidal cells (non-linear) satisfies this design criteria (Fig. 43 D). A low
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frequency signal delivered to the cell’s receptive field center will pass through the P-unit
synapses to the pyramidal cell (linear pathway, Fig. 4-2 C inset), while being filtered out
in the ovoid cell due to its high pass frequency response (Fig. 4-3 A). In contrast, ovoid
cells respond to even very high frequency narrowband signals (180-200 Hz, data not
shown), extracting the low frequency envelope and passing to the pyramidal cell (non-
linear pathway); I type pyramidal cells have a low pass frequency response (116) and
thus do not respond directly to the very high frequency signals.

The two-cell network we have identified, consisting of a high pass interneuron that
can extract the envelope and that connects to the output cells via slow inhibitory
synapses, is a simple way of extracting and separately transmitting linear and non-linear
(sloWer) stimulus features. The types of stimuli used in ﬁiis study are relevant to visual
and auditory systems as well (45, 98, 100, 103, 131, 132). Response to the signal
envelope is seen up to cortical levels of both auditory and visual systems. The basic
building blocks of our simple network, high pass interneurons (135) and interneurons that

- utilize GABA-B receptors on pyramidal cells (136-139) are present at cortical levels,
suggesting that this simple neural implementation of parallel linear and non-linear

information streams might be widespread.
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5.0 ABSTRACT
We show conditions where the response of real and model neurons is linearly correlated
with narrowband signals and the slower envelope of such signals. Power at the envelope
frequencies will act as a noise background when the neurons must respond to other signals
in that band. We further show that a novel form of noise-shaping can increase the signal-to-
noise ratio in thé envelope band. The effect, based on uncorrelated intrinsic additive noise
in neurons followed by averaging, is expected to apply to a broad class of nonlinear
threshold systems.
5.1 INTRODUCTION
Nonlinear dynamical systems driven by noise and harmonic signals can display a range of
interesting phenomena. This is particularly the case for excitable "threshoid" systems in e.g. -
bi;)logy and laser physics (140-143). In physical systems, harmonic signals are often more
of a narrowband nature, with power over a finite bandwidth. This class of signals, with
statistical properties intermediate to those of harmonics and broadband noise has been
studied in bi-stable systems (144, 145), charge density waves in semiconductors (146) aﬁd
in coupled Josephson junctions (147). In the field of neuroscience narrowband signals
occur in natural stimuli (44, 127, 148) and are éommonly found in large-scale cortical
activity (50, 149). Narrowband signals have multiple associated timescales: one related to a
fast oscillation, or carrier, and a longer one related to the slow modulation, or envelope, of
the carrier.

In this Letter we first show, using experiments and theory, how the spike generation

threshold is a sufficient non-linearity for envelope response generation that is universal to -
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all spiking neurons. Using these results we show how populations of neurons can transmif
small amplitude signals in the presence of ongoing background rhythmic inputs. This leads
to a new form of noise shaping to enhance population signal-to-noise ratio (SNR), which
paradoxically arises from the addition of intrinsic uncorrelated noise, with subsequent
population averaging, in contrast to previous mechanisms resulting from reciprocal

feedback in a network (96) or single cell negative interspike interval correlations (94).

5.2 METHODS
The model neuron used in this study is the leaky integrate-and-fire (LIF) neuron (19), with

dynamics:
—=—— L+ ZTDé(t)+S‘(t) (5.1)

where v is the trans-membrane voltage, 7 is the membrane time constant, y is the
stationary input bias, and S(¢#) is an input signal. For all following results S(¢) is a

narrowband Gaussian process with power in the 40-60 Hz range. The stimulus envelope,

E(t), is computed with a non-linear transformation, i.e. taking the time-varying amplitude
of the analytic signal via the Hilbert transform (117), and in this case gives a signal with
power in the 0-20 Hz range. The intrinsic membrane noise, &(¢), is a Gaussian white noise
process, i.e. (E(t)E(t")) = 8(t—1"), and has an intehsity D . This dynamics is supplemented
with absorbing and reset boundaries at v, and v,., respectively. The times at which the

voltage process is absorbed and reset represent spike times.

The stationary mean rate of firing for the noisy LIF is given by (150):
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~p-u)NBDE | 2 N
r0=(fc\/} | Iy etfc(z)) . (5.2)

The stationary rate plotted as a function of input bias is also known as the frequency-input
(F-I) curve. Except for comparison with experiments this model will be kept in the non-
dimensionalized form, with the exception of the time constant, 7 =10 ms, to preserve firing
rate in units of Hz.

We make the ansatz that the response of the LIF tb the envelope will be in the form of a
time-varying modulation of the firing rate. This approach is similar to that used in linear
response theory for LIFs, where the response to weak signals is in the form of a time-
varying deviation in the firi’ng rate from the stationary value (151, 152). We hypothesize
that the instantaneous ﬁring*'réte is determined by Eq. (5.2) where the input current, i, is
replaced by the time-dependent form u(t)=u+a(w)-S(). The scale factor, a(w),
depends largely on the sﬁb-threshold merﬁbrane dynamics and could be an attenuating
factor (a(w)<1) in the case of low-pass filtering or an amplifying factor (a(w)>1) if the
membrane dynamics has resonant properties (153). The factor a(w) should be
approximately the susceptibility a;veraged over the narrow frequency band of the input
signal, but as we are using large amplitude inputs we fit this as a free scalar parameter for
simplicity in exposing the effects of interest. The model parameter, a(®), was fit to match
the numerical simulation results with all other parameters fixed.

The rate transfer model thus consists of Eq. (5.2) supplemented with subthreshold,
frequency dependent filtering. The response to thé carrier signal may be removed by

averaging the output rate over a timescale larger than that of the carrier. Figure 5-1 is an .



CHAPTER 5: ENVELOPE GATING AND NOISE SHAPING... 125

firing rate
Fso, .

current frequency

output

71

envelope  yiact
POWer  cignal

power

input

frequency

Figure 5-1: A When the average value of the input current (power spectral density shown
on left) is superthreshold (top), the signal transfer is linear, leading to low signal
distortion in the output firing rate (B, top), and output power in the signal bandwidth (C,
top). The lack of slow drifts in the output firing rate is visible in the temporal domain
when the rate is averaged over the timescale of the fast carrier oscillation (B, top, thick
line). When the average value of the input is near the firing threshold (A, bottom) the
output firing rate is a rectified version of the input (B, bottom). The slow modulations
become apparent in the temporal domain (B, thick line), and in the frequency domain (C,
bottom) by the presence of low frequency output power.
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illustration of this form of transfer function. In Fig. 5-1 A (bottom) the average input
current is at the rheobase (i.e. the value of current at which the firing rate becomes non-
zero) of the F-I curve. During positive phases of the input signal the output firing rate

varies proportionally to u(¢) , while for the duration of the negative signal phase the firing

rate remains at zero. An avérage of the firing rate over one fast cycle of the input current
will vary proportionally to the signal envelope (Fig. 5-1 B, boftom, thick line). When the
average input current is far above rheobase (Fig. 5-1 A, top) the corresponding output rate
is linearly relatéd to the input (Fig. 5-1 B, top) and has no slow drifts (thick line). The

| power spectral densities (PSDs) in Fig. 5-1 C illustrate the lack (top) or presence (bottom)
of envelope power. |

The measure of linear signal transfer we use between the original stimulus, S(¢), and

the spike train response, R(t), is the frequency dependent coherence function,

Co(f)= |SSR f )|2 / (SSS (F)Sge(f)). Six(f) is the cross-spectral density between the
stimulus and the spike train response and S (f) and S, (f) are the auto-spectral densities
of the stimulus and response, respectively. The coherence function, Cg,(f), is also used as

a measure of linear signal transfer, treating the envelope as an input signal.

5.3 RESULTS

The model based on the firing rate transfer function for the stimulus envelope predicts that
neurons with average current near the rheobase would respond to the stimulus envelope
better than neurons far into the superthreshold regime (i.e. average input current far above
rheobase). Figure 5-2 A compares the stimulus driven average F-I curve from the firing rate

model (5.2) (circles) and from numerical simulations of the LIF (5.1) (line).
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'Figure 5-2: A the comparison of the firing rate versus input current curve for the rate
transfer model and a numerical simulation of a LIF model neuron. B Comparison of the
coherence predicted by the rate transfer model and that obtained by numerical simulation
of Eq. (5.1). The solid line and filled circles show the values of coherence between a 40-
60 Hz Gaussian stimulus and the response spike trains (SR coherence), averaged over the
stimulus bandwidth and shown as a function of input current. The dashed line and open
circles show the values of coherence between the envelope of the same signal and the
spike trains (ER coherence), averaged over the 0-20 Hz range of the envelope power. The
current rheobase in this case is g =0.1. C,D Comparison the results of LIF simulations

to pyramidal cell spike train responses in vitro. A constant depolarizing current of 0.7 nA
was added to the model to account for depolarizing leak current from the impaling
electrode in this recording. Preparation of ELL slices and electrophysiology techniques
were as previously described (154). All experimental protocols were approved by the
University of Ottawa Animal Care Committee.
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Figure 5-2 B compares C,(f) and Cg,(f) calculated from the firing rate model (filled

and open circles, respectively) and from numerical simulations of the LIF neuron (solid and
dashed lines, respectively). Note that the response of the corresponding LIF simulation was
in the form of a spike train, not a continuous firing rate variable. For the rate transfer
function model two free parameters were used to account for the background noise power

in the 0-20 Hz and 40-60 Hz bandwidths expected for spike trains. Cg,(f) increases with

input current and saturates for input currents corresponding to very high firing rates as a

consequence of the general dependence of information transfer on firing rate (155). Cp(f)

increases with current near the rheobase (0.1 in this example) but decreases for higher
' currents, where the F-I curve is more linear.

Figure 5-2 C and D compare a numerical simulation of the LIF model neuron and an in
vitro recording made from a sample pyramidal cell. The input current for the model neuron
was re-dimensionalized and rescaled in units of (nA) to match the injected current levels of
the real neuron. This same qualitative result was found in a total of N =9 cells. It has been
previously shown that LIF ﬁeuron models can effectively reproduce first order firing -
statistics of real neurons, and also good qualitative fit to second order statistics with
parameter fit to the first order (156); we also show good agreement between real and
simulated neurons usihg coherence as a higher order statistic. The real neurons show the
predicted dependence of coherence on input current - saturation of Cg(f)), and a non-
monotonic dependence for C.(f). Higher y values bring on a more linear regime and

thus C.,(f) drops. Together, these results confirm the validity of the rate transfer model in

describing the response of LIF neurons or real neurons to narrowband signals.
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The previous results were obtained in scenarios with relatively low levels of intrinsic
noise. By and large, intrinsic membrane noise has a deleterious effect on the extraction and

transmission of the signal envelope. Figure 5-3 A shows the Cg(f) as a function of mean

input current from the rate transfer model for different values of noise intensity. The

standard deviation of the narrowband signal added was 0.8. Cg(f) decreases with

increasing intrinsic noise, but the fractional decrease is relatively small considering the

noise is increased three orders of magnitude. In the subthreshold regime Cg,(f) actually
increases; this is due to stochastic resonance. C.,(f) is not as robust against the influence
of noise as Cg,(f). For the same range of noise intensities Fig. 5-3 B shows the peak of the

ER cohereiice decreasing at least three-fold. The main effect of intrinsic noise is to wash
out (i.e. linearize) the effective current threshold responsible for rectifying the input signal
(150).

Figure 5-3 C shows the effect of intrinsic noise on the power spectrum of a siﬁgle
simulated spike train. When intrinsic membrane noise is increased from D =0.005 to
D =0.5 the entire broadband spectrum increases. The shape of the power spectrum is
changed as well: the narrowband power at envel'ope frequencies (0-20 Hz) and higher
harmonics of the fundamental frequency range are washed out relative to the background.
We may then ask what effect this noise-dependent &pectral shaping may have on signal
transmission in neurons driven by narrowband rhythms. The answer may be pertinent to
neurons in different cortical areas that are subject to large spatial scale narrowband

rhythms; these do not correspond to sensory stimuli but are often related to other tasks such
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Figure 5-3: A,B The averaged values of Cg(f) and C..(f), respectively, as a function
of input current, for different values of noise intensity in the rate transfer model Eq. (5.2).

C Power spectra of the spike train of a simulated neuron, Eq. (5.1) with 40-60 Hz
Gaussian input for two different noise intensities with ¢ =0.12 and 7=10 ms. D The

power spectra of the average spike trains of N =50 identical neurons with common
narrowband input and independent membrane noise sources. E When a small amplitude,
low frequency f =10, sinusoidal input is added to the simulated network the SNR of the

averaged spike train shows a non-monotonic behavior as a function of noise intensity, D
(line). A noise-dependent rheobase shift predicts the low frequency behavior of the SNR
in the small noise limit (circles). The arrows indicate the SNR for noise values used in C
and D.
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as directing attention (50, 149, 157). In this scenario, low-frequency envelope power would
interfere with other signals being transmitted in the same envelope bandwidth. The addition
of noise to a single cell removes the envelope power by linearizing the F-I curve, but in
doing so adds extra broadband power (Fig. 5-3 C). If the Spike trains from a population of
N identical neurons with independent intrinsic noise are averaged, the extra broadband

power can be reduced as it varies as 1/N. Figure 5-3 D (dashed, D =0.5) shows the

power spectrum of the average spike train in a population of N =50 simulatéd neurons
displaying ;edu’ced envelope power relative to the power in the fundamental range. In the
low noise case the envelope component, common to all neurons, cannot be effectively
averaged out (Fig. 5-3 D, solid, D =0.005).

Figure 5-3 E shows the effects of this form of noise shaping on signal transmission.
When a small amplitude sinusoidal current is introduced whose frequency, w,, is in the
envelope bandwidth is added to the scenario in Fig. 5-3 D, the signal-to-noise ratio
(SNR=lim, _,,25(®,)/[S(@, — €)+ S(w, + €)]) is dependent on D . The SNR with respect
to this signal increases with increasing noise intensity up to a point.and then decreases
when the single cells can no longer respond coherently with the sinusoidal current in the
very high noise environment. The increase in SNR can be understood when one considers
that the envelope power is extracted from rectification by the F-I transfer function in Eq.
(5.2). A general, biased rectifying device results in total envelope power proportional to
A% — B® where A? is the signal variance and B is the bias (89). Increasing noise has the
effect of shifting the rheobase leftwards. With this in mind we can make a first-order

approximation that increasing the noise shifts the bias, i.e. Beck—D where k is an
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arbitrary constant. A small noise expansion of the SNR gives a second order polynomial,

SNR= a—bD +cD* which we have fit (circles) to the numerical simulation results (lines)
in Fig. 5-3 E to show that changing the bias in rectification predicts the small noise regime
of the SNR in this systém. The arrows indicate the SNR at the noise values used in Fig. 5-3
C and D. Even though stochastic resonance (SR) is visible in Fig. 5-3 A and B for very low
input currents (increasing Cg(f) and C ER( f) with D), it does not play a role in this form
of noise shaping as the bias, y, used for Fig. 5-3 C, D and E is superthreshold. This effect
also differs from superthreshold stochastic resonance (SSR) (158). In SSR the addition of
noise increases the SNR by increasing the effective sampling rate of a high vfrequency
signal. Here we remove extra "background" low frequency power, by linearizing and then
averaging, thus increasing SNR.

5.4 DISCUSSION

We have examined the nature of envelope extraction in biophysical spiking neurons and
confirmed the validity of the underlying mechanism in pyramidal cell recordings in vitro.
The envelope-response coherence, Cp.(f), shows a strong dependence on average current
inputs as well as on intrinsic membrane noise. This mechanism could play a role in gating
the flow of envelope information in sensory systems where the envelope represents a
pertinent cue (45, 127, 148). Also, with these results we may hypothesize that a novel form
of noise shaping could take place in cortical areas where macroscopic rhythms (50, 149,
157) and neurons with high degrees of variability (37) are found. This form of noise
shaping is mediated by an increase in intrinsic noise as opposed to network connectivity

(96) or intrinsic single cell temporal correlations (94). Experimental validation of this
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hypothesis may be difficult in vivo, although we predict this form of noise shaping could be
observed in iterated network experiments (159) in vivo. We predict that the envelope
response described here is a general property of non-linear threshold devices and thus our
proposed form of noise shaping‘could be more generally applied to signal transmission in

arrays of generic threshold devices.
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6.1 INTRODUCTION

In the study of neuronal dynamics and information processing'there are many questions
pertaining to the nature of the signal, or information being encoded, and the
representation of this information in terms of neural activity. The problem of optimally
encoding stimulus through linear means has been well characterized (118, 160-162). Here
the output spike train fires with a probability that is a linear function of its input. The
input, in turn, can be “decoded” from the spike train by linear, reverse correlation
techniques. The stimuli in question are oscillatory signals with narrowband spectral
content. In general these signals can be decomposed into a carrier signal and a time-
varying contrast, or envelope. The signal envelope has begn shown to be crucial for
stimulus perception in visual (48, 101, 124) and auditory systems (45, 126, 163), and
based on electrophysiological results it has been recently speculated that this type of
feature is important for properly identifying conspecifics within a population of weakly
electric fish (44).

Although there has been growing interest in non-linear signal representations the
number of possible representations and mechanisms for creating them becomes daunting.
Here we focus on a specific non-linear representation 6f signal envelope in model
neurons and explain the mechanism responsible for this transformation with analytic and
simulation results. We understand these results in terms of a geometrical picture bof the
phase space of the dynamical system describing these model neurons. The mechanism
described involves the interplay between synaptic dynamics of coupled cells and the

dynamics of signal integration from a common external source, which results in a
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representation of the envelope as a time-varying phase difference between superthreshold
spiking neurons.

This type of stimulus encoding has not been observed in peripheral sensory systems,
however it has been observed that relative spike timing between neurons is of importance
in different cortical areas and in the hippocampus. What is more is that the areas in which
these observations hav¢ been made typically exhibit global oscillations themselves or
receive global oscillations from other areas in the brain occupying different frequency
ranges. Thus the representation of a signal as phase differences is possible as the two
necessary ingredients, global narrowband oscillations (50, 149)‘ and mutual synaptic
coupling (164, 165), have been observed in higher brain centers.

This chapter follows from the study of single cell benvelope processing in chapter 5
and shows that under certain circumstances cells that could not generate envelopes can
do so when coupled‘with similar neurons. In that chapter we showed that a sufficient non-
linearity for erivelope extraction is signal rectification via a spike threshold non-linearity
(123). This transformation results in a linear, or first-order, representation of the envelope
as slow variations in the average firing rate. This representation of the envelope may then
be decoded further on by linear means. Here we present a review of a phenomenological
model of an oscillatory neuron, the phase oscillator (29), and of how to describe their
intrinsic dynamics and the dynamics arising from coupling. We also describe the
transformation of general time-varying inputs in the phase oscillator picture. The
interaction of coupling dynamics and stimulus evoked dynamics leads to higher order
temporal relationships between oscillators, namely stimulus-specific relative phase

values. In addition, we show analytically and numerically that the dynamics we have
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qualitatively described in the phase oscillator picture exists in certain parameter regimes
in more realistic biophysical, coupled models. Extending work by Chow and Kopell
(166) using the spike response method (SRM) (167) we show the same interplay between
mutual phase coupling and stimulus-induced synchrony, leading to a stimulus-specific
fixed point (i.e. a stable equilibrium point of the system dynamics) of the phase
difference between two identical biophysical spiking neural models. Finally, using the
same parameters shown by the theory to exhibit this effect, we quantify information

transmission in the coupled neural models using the coherence, C(f), function as a

mecasure.

6.2 MODELS
6.2.1 LEAKY INTEGRATE-AND-FIRE (LIF) NEURON MODEL
The networks we are studying have membrane voltage dynamics, for the i neuron, of the

form;
N
v, =F)+ 2 G, v,)+ S,,t) (6.1)
J

where F(v) is the intrinsic dynamics of a single neuron in the network describing both
the subthreshold evolution of the membrane voltage and the spike-generating mechanism.

The function G(v,,v;) describes the coupling between i® and j® neurons in the network,

assuming pair-wise interactions that can.involve both subthreshold voltage coupling and
spike coupling and S(v,,t) is the external time-dependent input signal. S(v,,t) typically
describes a time-varying synaptic input driven by a voltage-dependent reversal potential

However in the following study we will use simply a time-dependent input signal for
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analytic tractability. In general, more detailed models have companion equations

describing the dynamics of ion channels, contained in F(v), which contribute to spike

generation, such as in the Hodgkin-Huxley conductance based model (168). A simpler
model, and one useci in this study, accounts for spike gen¢rations by an explicit voltage
reset once it has crossed a threshold value. In this way the neuron can display linear
subthreshold dynamics and still produce spikes, qualitatively reproducing input-output
firing relationships. The leaky integrate-and-fire neuron is the most common form of

simplified thresholding neuron (19). Its dynamics are:
. 12
V= —:[-+,u+S(t) (6.2)

where 7 is the membrane time constaht and p is the current driving the voltage towards
threshold. Every time the voltage reaches the threshold value v, it is explicitly reset to
another given value v,. The first two terms in Eq. (6.2) along with the voltage reset
correspond to F(v) in Eq. (6.1).

6.2.2 PHASE OSCILLATOR MODEL

The dynamics in Eq (6.2) are more tractable than a general conductance based model, but
often further simplifications can be made given certain assumptions about the firing
patterns. The trajectory in the state space of the neuron from reset, through the
characterized action potential and back to reset, can be transformed to a scalar variable,
0 (29). With superthreshold dynamics a transformation that gives 6 as a linear function
of time, e.g. 0 = wr , essentially maps the attracting limit cycle in the state space of the

neuron onto a circle with uniform rotation. If the neuron is subthreshold or near a
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bifurcation point, more care has to be taken to express the dynamics, as a phase variable
usually involves transforming the normal form dynamics near the bifurcation (28). With
this method the neuron can be represented as a phase oscillator even though a strong limit
cycle may not be present.

Given the simple mapping of the limit cycle onto a phase variable the corresponding
transformation of coupling terms between similar neuroné into the phase sfate space ére
not necessarily as simple. A perturbative approach to the coupling dynamics may be used
if the limit cycle of the individual neurons is strong and the mutual coupling is weak,
giving corrections to the limit cycle due fo small input currents averag.ed over time.

For the case of two mutually coupled neural oscillators we wish to obtain the
transformation from tﬁe system ‘

v, =F(v)+eG(v,v,)
(6.3)
vy = F(v,)+&G(v,,v,)

to the system (29)
6, =w, +eH(6,,6,)
. -(6.4)
0,=w,+€H(6,,0), -t<O=rx
First we need to introduce the concept of a phase resetting curve (PRC). The PRC gives
the linear response of the phase to brief weak input current pulses, namely the constant of
proportionality between an infinitesimal input current pulse and the advance or delay of
phase, 6. The PRC, or P(z) to explicitly show the dependence on the relative time in the

cycle, can have positive (phase advance) or negative (phase delay) values. For a

continuous time current, S(¢), the instantaneous infinitesimal phase shift is given by
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do(t) = P(t)S(t)dt (6.5)
so that the accumulated phase shift over a given period of time is given by
t+At |
AG = j P@)S(t)dr’ . (6.6)

If the phase shifts over this period of time are relatively small we associate the average

value of this integral with a rate of change of phase due to the input S(z):
=2 [ PaS@ ©6.7)

where T is the period of the limit cycle. Note that this average is done over one period of
the limit cycle, so that in this approximation At =T .

Given a well defined aftracting limit cycle, v (#), with period T we can look at the
relative phase shift that occurs at the end of one cycle due to the weak coupling eG(v,,v,).
If v, starts ahead of v, by an amount ¢ =6, —6, on the limit cycle v (¢) then the phase

coupling term becomes:
" g _&e 7, , Ny (e ,
EH(6,0,)= === [ POIG(v,(*), (" + 9T [2m))dr’ = eH (9) (6.8)

so that in this perturbative approach the coupling terms only come in through the
difference of phases, ¢, not their absolute values. In this way we can take the difference
of the individual phase dynamics of Eqs. (6.4) to obtain the phase difference dynamics:

¢=w, -~ o, +eH(-9)— eH($) (6.9)
which can be re-written as

¢=Q-2eH (¢), -m<Pp<Tm (6.10)
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where Q = ®, — @, is the frequency detuning between the two oscillators and H,(¢) is the
odd part of H(¢).

6.2.3 EFFECT OF TIME-VARYING SIGNALS

It then remains to be seen how time-varying inputs to the two neurons will affect the
dynamics in the phase oscillator picture. If the signal is periodic, then the same method as
used above can be applied, Whére the averaging is done over the larger of the two cycles.
If there is a great disparity in the period of the signal and that of the intrinsic limit cycle
then this method will not be as accurate a representation, és it requires that the phase
difference does not change much over the period of integration. With this in mind we will
assume that the periods of both the signals and the oscillators are similar. Given the input |
signal, A(t), Eq. ‘(6.6) can be used to determine the form of the coupling given a
knowledge of the PRC. In this case however, the signal can be viewed as an autonomous
oscillator and the argument of the coupling term gives the difference of the oscillator
phase with respect to some absolute reference point.

We first present here a specific example of a PRC that will motivate the general

form of the phase oscillator dynamics examined in the following section. For a leaky

integrate-and-fire neuron with the dynamics in Eq. (6.2) the general solution of v(?) is
v(t)=v,e " +v (1=-e"") (6.11)

where v' = 7 is the equilibrium in the absence of a threshold. Given a threshold, v,,, and

the initial condition at reset, v, =}vr , Eq. (6.11) can be inverted to find the period of

oscillation
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T=-1 ln(uj. (6.12)
TU—V, ‘
The effect that the infinitesimal current pulse, €, has is to cause a jump in the voltage
of height €. The time it would have taken the system to reach that level naturally is the
phase advance when expressed as a fraction of the entire period, T . Using Eq. (6.11) and

given the endpoints v and v+ & we can obtain the advance in time

At=—1'ln[1— £ ] | (6.13)
TU— V(1) ‘

which can be expanded in small &, resulting in

~_ TE
Cou—vE)

(6.14)

Inserting the time dependent solution for the voltage and dividing by the total current in

the pulse we have the PRC
tit
dr— . 0<t<T
P@)={ " T(mu-v,) (6.15)
0, t=0,T

with the condition that P(0)and P(T) are both zero. This LIF PRC could be classified as

being a type I PRC, i.e. one where positive inputs can cause only advances in phase, not
delays. However, it differs from the type I PRCs of more realistic neuron models because
of the discontinuity at £ =0,T .

We wish to show how the PRC can be used to describe the phenomenon of
synchronization. Frequency synchronization is the process of locking the frequency of an

oscillator to that of the driving signal, or an integer multiple thereof (169), while phase
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synchronization occurs if additionally there is a fixed relative ﬁhase relationship that
occurs (170). Synchronization is naturally described in the phase oscillator picture, so we
will show how a transformation of the PRC to the phase oscillator picture leads to
synchronization, given similar intrinsic and driving frequencies, as well as a PRC with
functional dependence on ¢. Synchronization is theoretically possible with any rational
relationship between driving and entraining frequencies, but we will restrict ourselves to

the simplest form, 1:1 synchronization. For this reason we first examine the case when

the external signal has the same frequency as the phase oscillators, @ = ®,. Taking the
case of the LIF and a sinusoidal input S(t) = € sin(w t), where & is assumed to be small,
we can express the dynamics of the oscillator-signal pair as:

O=w+¢eJ@,-0)
_ (6.16)
6, =w

where O is the phase of the input signal and the coupling can be expressed by

substituting the PRC of the LIF, Eq. (6.15), in Eq. (6.7):

_ 2nt T . ’ ’
J(6,-6)= pETEm— [ ¢ sin(@,t+6, - 6)dr’. (6.17)
Solving explicitly we have:
277° (" - 1) _
(227 cos(6, - 6) - (T/7)sin(B, — 6)). (6.18)

T3 (u—v,)(1+Q@mt/T))
Without loss of generality we can absorb the entire pre-factor into the impulse constant,
€, and use only a single oscillatory function (this simply requires a re-definition of the

signal phase origin), giving a simple harmonic functional form.
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The next step is to include a second phase oscillator in‘order to study the interplay
between mutual coupling and signal forcing. The system of interest then has the form
6, =, +&,H®O,-0)+¢eJ(©6,-6)
0,=w,+€&,HO,—-6,)+€JO,-0,). (6.19)
0, = o,
Since we are now both describing inputs from mutual coupling and external signals, we
henceforth us the subscripts ‘o’ and ‘s’ to disﬁnguish the amplitudes of these two
sources, respectively.
6.3 RESULTS |
6.3.1 PHASE OSCILLATOR ANALYTICS
| In the previous section we reviewed how a neural oscillator can be mapped into a phase
representation and how input from either coupled oscillators or external signals, provided
they are weak enough, can be déscribed by series of phase-difference dependent coupling
terms. Assuming that this transformation is possible for an arbitrary neural model we will
study the generic dynamics of the simplest forms of coupled phase oscillators receiving
inputs. Moré specifically, we look at the interplay between input currents arising from
mutual coupling and external signals and how the resultant dynamics affect the capability
of these simple networks to process and transmit information in different forms.
It was shown (29) that only odd components in mutual coupling terms lead to

phase synchronization, so for the phase coupling term we use the simplest anti-symmetric

coupling term H(¢) = ¢, sin(¢) that leads to the dynamics ¢ = 2¢, sin(¢). This dynamics

has stable fixed points at ¢" = 0,+27,+47,... the stability of which is determined by the
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sign of €. As shown in the previous section, if the stimulus has a fundamental harmonic
component at the same frequency of the neural oscillators, then it is péssible to represent
the input current in terms of a phase and time-dependent term. Adding the phase of the
signal into the dynamics we have a 3-dimensional system where the oscillators are bi-
directionally coupled and the signal is an extraneous oscillator unidifectionally coupled
onto the oscillators. The absolute phase of the signal is irrelevant; this will only change
the reference point of the relative phase between signal and oscillator. A signal term
expressed as a difference of phases will only arise if there is some contracting region (i.e.
ab region in state space in Which all initial conditions are attracted to a stable fixed point)
in the vector field of the independent neural dynamics. In this case, we expect locking of -
the neurél firing pattern to the stimulus (171-174). |

Since the dynamics of 6, is independent of the other phase variables, the state space
of the system is effectively two-dimensional. The first change of variables, already

presented, forms the phase difference ¢ =0, —0,. A second convenient state variable to
introduce is av =6, — (6, +6,)/ 2, which can be viewed as centre-of-mass-like coordinate

which gives the mean value of the first two phases with respect to the autonomous signal

phase. With this change of variables the dynamics becomes:

¢=0,-0, =w, -, +2¢, sin($)+¢, (cos(a —,gi) — cos(o + 52’-)) (6.20)

and

a=0 ————=a)3————-—-——8{cos(0¢-—%)+¢os(0¢+§). (6.21)
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Using trigonometric summation relationships the dynamics can be expressed as

¢ =Q, +2¢,sin(p)+&sin(a) sin(g)

(6.22)
a=Q,—¢,cos(a) cos(%)
where Q =, —, is the detuning between the oscillators and Q =, — (@, +®,)/2

is a measure of detuning between the signal and the oscillators.

Figure 6-1 A. shows the effective phase-difference potential, V(¢)=—I(i)(¢)d¢, in

the absence of stimulus, £ , showing a fixed point at ¢’ =, the anti-synchronous state.
Figure 6-1 B shows the effective potential in the absence of mutual cqupling, but with
stimulus presént; here the stable fixed point is at ¢"=0. Because each neuron gets
locked to the same phase with respect to the stimulus, provided the parameters are in the
1:1 mode-locking regime, the stable fixed point due to the stimulus will always be at
Zero.

Because these mutual ’coupling and stimulus coupling terms are additive terms in the
dynamics, we can simply add the potentials together to see that the new fixed point iﬁ the
mixed potential will be an intermediate value of phase differgnce illustrated in Fig. 6-1 C

as the linear sum of the potentials in Fig. 6-1 A and B. It should be poihted out that,
because of the common signal, the potential in phase differénce is 4 periodic, not 27
periodic as in the case of only mutual coupling. This ié because for a fixed phase center-

of-mass the states ¢’ =0 and ¢ =27 represent different states: for every increment of

¢ , each oscillator phase increments by only +¢ /2 and thus after a phase difference shift
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Coupling induced
anti-synchrony

Stimulus induced
synchrony

V()

Intermediate phase
relationship:
coupling+stimulus

¢

Figure 6-1: A The potential [from the anti-derivative of Eq. (6.22)]as a function of. phase
difference, ¢, for coupled phase oscillators. For this particular coupling form the stable

fixed point is at ¢ =&, the out-of-phase solution. B In the absence of mutual coupling
and with a common driving signal both neurons get locked to the same stimulus-relative
phase, thus making the synchronous solution, ¢ =0 stable. C In the presence of both
mutual coupling, leading to anti-synchronous oscillation, and common stimulus driving
the stable fixed point will lie at some intermediate value.
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of 2 each have moved m with respect to the external signal. This point is iliustrated in
Figs. 6-2 A and B. The value of the fixed point will depend on both coupling strength and
the magnitude of the signal. In the context of narrowband signal processing, this result is
important as it shows that for a given value of the envelope signal of a carrier, anti-
synchronously coupled neurons will have a specific phase difference. This one-to-one
correspondence of signal amplitude to phase difference can form the basis of a neural
code. The input signal being coded for is the instantaneous value of the amplitude
modulation of a fast carrier (the carrier frequency is entraining the neurons), and the
output of the neural pair is their phase difference ¢.

The transfer function fqr this input/output relationship can be obtained by solving the
dynamies (6.22) for the fixed point of phase as a function of the signal amplitude. The
stable fixed point of the center-of-mass variable, independent of phase difference is

*
3

a =—x /2. Substituting this into the first of equations (6.22) we can solve for, ¢, to

2 4
¢ = cos™ (%-i%,/%—zaz +4J (6.23)

where the bifurcation parameter is the ratio of signal to coupling strength, a=¢ /¢,.

obtain

Figure 6-3 shows a fixed point diagram where we see that the stable fixed point of the
phase, ¢°, decreases in a monotonic fashion from ¢ =7 to ¢ =0. In the full 2-

dimensional phase space there are multiple allowable fixed points due to the periodicity
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A

¢=0
61—'95,
0,-0,=m/?2

Figure 6-2: The fixed points for phase difference are degenerate with respect to the
stimulus-relative phase. A The stable fixed point ¢ =0 with both oscillators being at the

stimulus-relative phase 6,,—60;=7m/2. B The unstable fixed point ¢ =0 with both
oscillators being at the stimulus-relative phase 6,, -0, =-m /2. |
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T T T T 1
0.0 0.5 1.0 1.5 2.0 2.5 3.0

bifurcation parameter, a

Figure 6-3: The fixed point diagram showing the dependence of the fixed points ¢ on
the bifurcation parameter, €, /€, , which is the ratio of external signal strength to mutual
coupling strength. The solid and dashed lines indicate stable and unstable fixed points
respectively. From |¢*| =gx the magnitude of the stable fixed point decreases
monotonically with increasing signal-to-coupling ratio. Past a pitchfork bifurcation (175)
there is only a stable fixed point at ¢ = 0. The detuning was set to zero, Q=0.
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of the dynamics. Figure 6-4 shows the 2-dimensional potential where the grayscale “dark
to light” represents “low to high” values of the potential. The light coloured areas are
basins of attractions with the minima being stable fixed points, while the maxima of the
dark coloured areas are unstable fixed points.

6.3.2 LIF COUPLING WITH SPIKE RESPONSE METHOD (SRM)

Given that we have just shown that coupled phase oscillators and common inputs
can influence the dynamics in such a way as to transmit information in higher order
statistics of population firing, namely the signal dependent phase difference, it remains to
be seen whether this type of phenoména exists in more biophysical neural models. To
answer this question we will again return to the LIF. This model is still
phenomenological in the sense that it accounts fér action potential related currents in an
artificial manner (19), but still retains the synaptic integration dynamics and spike timing.
To study phase locking in LIFs we will build on the approach of Chow and Kopell (166),
based on the spike response method (SRM) (167).

The SRM is a phenomenological, non-dynamical description of neural membrane that
takes into account two important properties of neural activity: spiking and synaptic
integration. The membrane voltage is determined by a kernel response'to unitary events:
synaptic inputs and voltage threshold crossings. In a network of coupled neurons the

SRM equation describing the i membrane voltage is

v,.(t)=n(t—t":.)+;wij;8ij(t—ti,t—t(f)j)+'|‘0 Kt =1, )@ —s)ds. (6.24)
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¢

Figure 6-4: A contour plot of the potential landscape of the coupled phase oscillators in
the reduced variable space (4,a). The grayscale from white to black corresponds to the
transition from high to low values of the potential.
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where 7, is the previous spike time for the i" neuron. Here ¢, (t—fi,t—t‘f ) j) is the

kernel that determines the voltage resulting from a synaptic input from the /* spike of the
jth neuron. In general the response to external inputs can depend on the neuron’s own
spiking memory; this is taken into account by the dependence on the ‘relative time since
the neuron’s last spike time ¢t—7,. The kernel x(t—1{,s), describes the effect of a ‘
generalized continuous-time input signal coming from sources other than neighbouring
neurons. The function 7(t — tA,.) describes the excursion of the voltage during a spike, ‘the
after-hyperpolarization and the recovery to rest following a threshold crossing.

In the case of a sinusoidally driven LIF, we can obtain the SRM kernels and resultant
voltage equations by integrating the dynamics to obtain formal solutions. Important for
the Subsequent discussion of driven, coupled neurons is the solution for the fixed point in
relative phase between the input signal and the threshold crossing times, namely to show
that the proposed form of neural coding in phase oscillators holds for coupled spiking
neurons as well. For the LIF Wevhave, for the dynamics

v==v/T+ U+ cosmt/T +y) ‘ (6.25)
where a is the signal amplitude, y is the relative phase between the external signal and

the oscillation of the neuron (defined by the spike times), and T is the signal period. As
in section 6.2, we choose a signal with the same frequency of oscillation as the neuron,

i.e. T =27/w, . Integrating this equation we have

Wt W)= pur(l— e ) +e, jo e cos2ms I T +y)ds (6.26)
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where the first term on the right hand side is the familiar spike recovery kernel, 7(z) , and
the exponential being convolved with the stimulus is the signal response kernel, k(¢ —s) .

The integral can be evaluated to obtain a tractable expression coupled with the condition
that the period of forcing is the same, or near the spontaneous period of firing, allowing
us to solve for the fixed relative phase of input to threshold crossing. Given that the

neuron spiked at ¢ = 0, it should also spike one period later

w0,¥)=1=wT,y) (627)

1.
i

The roots to the equation v(0,y)—v(T,y)=0 in term of y can be numerically

obtained. In general for periodic forcing there will be two roots to this equation, the
physical one being the phase that gives threshold crossings from below, i.e. v'(0,y)>0.

The following solution of the stable phase difference between two coupled LIF
neurons in the absence of an external signal consisting of Egs. (6.28)-(6.37) is reproduced
from reference (166) for completeness. After these resulfs are reviewed we will thén
combine them with the results of stimulus-induced synchrony as we did with the phase
oscillators in section 6.2. A network of two LIF neurons coupled via gap junctions, i.e.

electrically coupled can be described by the equations:

V(@) =1 —v, - g(v, = v,)+ I At —t)

' (6.28)
V()= I, —v, — g(v, =)+ D At —1})

!

where A(¢) is the derivative of the spike response kernel, 7)(¢), introduced above. This

description is not completely in the SRM formalism as the RHS of equation (6.28) still

depends explicitly on voltage. In order to make this dependence implicit and obtain
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kernels based in the SRM formalism and describing the electrical coupling terms, a

change of coordinates transformation into normal modes, v, =v,+v, and v_=v,—-v,,

must be performed. The system dynamics then becomes:

v,(0) =1, v, + Y At —t))+ > At =17")
! " (6.29)
v.@O)=1—rv_+ 3 Alt—t)- Y At—1]")
| : <

where r=1+42g, I, =1,+1,and I_=1I -1I,. Integrating Eq. (6.29) to obtain formal

solutions to the normal mode variables:

v+(t)=I+(1-e")+;ﬂ+(’—ff)+§"+(t"f")
0= (1) (1=d)- B -1

m

(6.30)

and transforming back into the original coordinate system, the SRM equations for gap

junction-coupled neural voltage membranes become:

v@®)=0+Yy,¢=t)+ D r.a-1)
! m

R (6.31)
v2(t) = 12 +2Ys(t - té)+27c(t - tlm)
{ m
where
A1=; (1"'%]11'*(1—7)12
. '_ (6.32)

>

N |

and
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1
%=5M40+m0ﬂ'
(6.33)

. :
ve=3[n.o-n.0)]

To assess whether or not the neurons will display stable phase locking, the first neuron is

assumed to fire, without loss of generality, ahead of the second neuron. If the first neuron

fires at time zero, it is at the threshold, and a fixed time later, ¢ = ¢T , the second neuron

will fire. Given these conditions, the difference of the two voltages gives equations
whose roots, if they exist, are the stable phase differences between the two cells. We

have:
v(0)=v,(T)=0=1,~ I, - G@,T) (634
with

G(@,T)=7.@T)+ 3 [v.AT +¢T)~y,(T - ¢T)]. (6.35)

21
This gives the condition for a stable phase difference given a period of oscillation, T .
The complementary equation, obtained by taking the arithmetic mean of the two voltages,
gives a solution for the ﬁeriod of firing, for a given phase difference. The two equations,
solved self-consistently allow a solution for both phase difference and period. Eq. (6.35)

can be summed to obtain a closed form solution for the LIF model

—(T+¢T-A) __ e—(T—¢T—A)

1
G(@.T)=v.(oT)~ '2-|:
o THT=8) _ ,rT=9T=A) (6.36)

-8 } ¢T <A

1 _ e—rT
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1 [ @T-8) _ o~ T=o7-0)
G(,T)=——
@.1) 2[ 1-e7

(6.37)

o TWT=8) _ ,or(T=4T-8)

-0,

c

=rT

}, A<¢T <T
1-e

The roots to these equations, for specific values of T', give the solutions to fixed points
of phase difference. Zero crossings of this function with positive slopes are stable fixed
points, and it can be shown that this function is equivalent to a phase coupling term (176).

The fixed-point diagram shows complicated behaviour with different parameter
regimes displaying stable synchrony, anti-synchrony, bi-stability or even phase-locking
with intermediate phases; for more examples see Chow and Kopell (166). We are

- interested in the dynamics of anti-synchronously coupled cells, motivated by the results
with phase oscillators in section 6.3 of this thesis, so we will use the parameter regime
where the width of the spike, and thus the influence it has on the subthreshold dynamics,
vanishes. In this regime where spike width is very small compared to the period of
oscillation, the anti-synchronous state was predominantly attracting.

To incorporate the effects of stimulus-induced synchrony, we extend the same
approach as Chow and Kopell but add the contribution to the voltage from the stimulus
given by the stimulus response term in Eq. (6.26). Taking the difference in voltages again
to obtain a phase coupling term, also dependent on relative stimulus phase ¥, we obtain
a new phase coupling function (not shown due to its lengthiness). This is é first order
correction to the case of isolated, coupled neurons. Ideally one would take into account

the stimulus terms when obtaining the SRM kernels y.(¢) and v (¢) of Eq. (6.33). Here

we make the ansatz that one of the neurons will be at the preferred phase relative to the
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stimulus, Y, in the absence of coupling, given by the positive going root of (6.26), and
the other at ¢ away from this phase. Nuinerically solving for the roots of the corrected

phase coupling function we obtain fixed phase differences for the neurons.

In Fig. 6-5 we show the results from the analytic expression of fixed phase difference
as a function of stimulus amplitude plotted (solid line), with good agreement, to the
results of numerical simulations of coupled LIFs with the same parameters. This curve
shows the competing effects of stimulus induced synchrony and coupling induced anti-
synchrony; for smaller signal strengths the phase difference is cioser to 0.5 (here the
domain of the phase has been normalized from [0,27] to [0,1]), decreasing with
increasing stimulus amplitude as the signal entrains the neurons and pushes them closer
into synchrony. This shows that a biophysical, spiking neuronal model can exhibit this
phenomenon as well as the phenomenological coupled phase oscillator model in Eq.
(6.19).

This result was obtained in a deterministic setting, which leads to the question of the
effects of noise on the stability of the phase difference fixed point. The brain is a noisy
environment and thus for the amplitude-phase relationship to constitute a useful neural
code it must be somewhat robust to the effects of noise. We show this qualitatively in
Fig. 6-6 where the panels display the time sequence of phase differences (evaluated at the
spike times of a single reference neuron) as well as the amplitude of the entraining
harmonic signal, for increasing values of noise. Since noise induced phase slippings are

possible we use a wrapped phase [i.e. mod(0,27)]. We see that after 2 orders of

magnitude when the noise intensity reaches D =107 the correlation starts to degrade. In
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Figure 6-5: The stable fixed point in phase difference, ¢, of two electrically coupled LIF

neurons with common stimulus, at their resonant frequency, as a function of stimulus
amplitude, £;. The analytic solution from SRM (6.36) and (6.37) taking into account

mutual stimulus-induced synchronization is shown in the solid line. This shows good
agreement to results from numerical simulations (circles) of the LIF neuron. The
monotonic relationship between stimulus amplitude and phase difference indicates that
this could be a useful variable to transmit information on the stimulus amplitude.
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Figure 6-6: The effects of independent internal additive noise on phase difference coding
in coupled LIF neurons. Two LIF neurons are receiving a common amplitude modulated
sinusoidal forcing. These plots show the stimulus (solid line) and the sequence of
instantaneous phase differences (dots), observed at the spiking times of one neuron. As
the intrinsic noise intensity is increased (left to right, top to bottom) the representation of
the modulation by phase difference is gradually degraded. The parameters used are
u=0.1and 7=10. ' '
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higher noise settings, population averaging of coupled cells may be required to maintain -
lower signal-to-noise ratio.

We can also examine the effect the coupling strength, g, has on input/output

relationship between signal amplitude, A, and phase difference, ¢ . For noise intensity,

D =107%, Figs. 6-7 A-C show scatter plots for phase difference versus instantaneous
signal amplitude from numerical simulations for electrical coupling - strengths
g=10.0, O.4,{gnd 1.5 respectively. In the case of no coupling (Fig. 6-7 A) we can see that
there is no effective input/output relationship in terms of the phase difference. This makes
sense as the two neurons are independent of each other except via the stimulus; with
respect to the phase potential picture of Fig. 6-1, the 'ant‘i-synchronous‘ attractor is
removed. For an intermediate coupling strength (g = 0.4, Fig. 6-7 B) we can sée that the
points collapse onto an amplitude dependent phase difference allowing for a one-to-one

input output relationship. For even higher coupling strengths (g=1.5, Fig. 6-7 C) a
larger fraction of the points fall along the ¢ =0 line. It has been shown that strong gap

junction coupling promotes synchrony in theory, simulations and experiments (164, 165,
176). For larger coupling strengths the graded one-to-one relationship W'e‘ see between
phase difference and amplitude is removed because the phase difference goes to zero. To
quantify the efficiency of the phase difference code, we calculated the correlation

coefficient between the signal amplitude and phase difference,

(£59)
es)Jo

Coyp = (6.38)
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Figure 6-7: The effects of coupling strength on phase-difference coding of an input signal
in LIF neurons. A In the absence of coupling there is no preferred phase difference
between the neurons with weak internal noise. B For an intermediate value of coupling
(one that allows stability of the anti-synchronous solution) there is a well-defined one-to-
one relationship between phase difference and stimulus amplitude. C Large electrical
coupling promotes synchrony (165, 176) and thus more sampled phase differences are at
zero independent of the instantaneous stimulus amplitude. D The correlation coefficient
between phase difference and stimulus amplitude for the coupling strengths shown in A,
B, C. Strong anti-correlation only occurs for intermediate coupling strengths with lower
levels of noise. Only under these conditions is phase-difference coding of the stimulus

amplitude feasible, i.e. when (C_,|is large.



'CHAPTER 6: ENVELOPE CODING THROUGH PHASE... 163

where the brackets indicate a double average over both &; and ¢ . Figure 6-7 D shows the

- correlation coefficient for coupling strengths in Fig. 6-7 A-C as a function of noise
intensity. For the high and low coupling cases, the correlation starts from a low
magnitude level and decreases even further with increasing noise. For the intérmediate
coupling case, the input-output correlation is very good (close to -1) for vanishing noise
intensities and decreases in magnitude with noise becoming indistinguishable from the
other coupling scenarios past D =107. The noise does not change the effective phase
potential, but does increase the spréad of the probability denéity around the minimum,
decrease the magnitude of correlation.

We have shown that coupled neurons in the superthreshold (oscillatory) regime are
able to code for stimulus envelope through their phase differences. This differs from
subthreshold or perithreshold neurons coding for narrowband stimulus envelopes with
slowly time varying firing rates, as we have shown in chapter 5. In the coupled
superthreshold this amounts to a novel form of parallel transmission of linear and non-
linear stimulus features. We previously showed how separate channels consisting of
physically distinct neurons transmit a stimulus and its envelope through a network (44),
which ultimately arose from linear coding of envelope and direct signal in differentv
frequency bands of the neural firing rate (44).

Here we have displayed the potential for parallel transmission of first and higher
order features of the stimulus in parallel channels of a different nature; instead of the
parallel channels being distinct cells, or different frequency bandwidths kof the firing rate

power spectral density, the channels are different order statistics of the spike train, i.e.
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Figure 6-8: Coding of coupled LIF neurons for a 25-35 Hz narrowband signal and its
envelope, with D=10" and g=0.4. A The response of the summed spike train of the
coupled neurons as measured by the coherence function. The spike trains do not
significantly code for the stimulus envelope (red), while they do code for the stimulus
itself (blue). B The response of the phase-difference between the coupled neurons as
measured by the coherence function. The phase difference responds well to the stimulus
envelope (red), while it does not code for the stimulus itself (blue).



CHAPTER 6: ENVELOPE CODING THROUGH PHASE... _ 165

first order statistics of the firing rate versus second order statistics of the relative spike
times, which may be then separately decoded by different mechanisms. To illustrate this
Fig. 6-8 A shows the coherence between the summed spike trains of the two neurons and
a carrier input at 30 Hz modulated with a 0-5 Hz stimulus. In blue is the coherencve
between the direct signal and the summed spike train and in red is the coherence between
the stimulus enveldpe and the summed spike train. Figure 6-8 B shows the same
response functions but now with respect to the instantaneous, time-varying phase
difference signals: spike times and relative spike time. We see distinct signals being
transmitted through these channels: linear stimulus and stimulus envelope.
6.4 DISCUSSION
We have shown how cells, which by themselves have no capability to convey
direct information about higher order stimulus features due to their non-excitability (123),
can convey this information through precise relative timing of spikes with respect to
those of cellsvthey are coupled to. This effect arises due to the competing effects of
stimulus-induced synchrony and a tendency for anti-synchrony arising from precisely
- tuned coupling. The stimuli leading to the synchronization of the coupled cells is
narrowband in nature, a characteristic of many oscillations observed in the brain (50, 149,
177). These theories would have to be tested by multiple unit recordings in coupled cells
in vivo. Another possibility would be to do simulate networks in vitro with iterated

recordings and stimulation on a single cell (159).
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This thesis has two distinct sections:

I. Chapters 2 and 3 study how correlations in neural inputs shape output spike train
correlations and furthermore how this affects signal transmission at plastic
synapses.

II. Chapters 4-6 study the processing of envelopes of narrowband signals in the context
of networks and single cells, both in the excitable and non-excitable firing regimes.

I will discuss how the results within each section relate to one another ahd end with some

final thoughts on the representation of temporal stimulus features in neural spike trains

and their decoding.

7.1 ISI STATISTICS AND TEMPORAL FILTERING
Temporal correlations are widely observed in signals throughout the brain, whether they
are single neuron spike trains, synaptic currents, or more macroscopic signals such as
field potentials, electroencephalograms (EEGs) or magnetoencephalograms (MEGs). The
OU process is widely used as a starting point in studying the influence of temporally
 structured signals (20) because it is defined by a single time constant. In chapter 2 we
devéloped analytical expressions describing how tempqral correlations in neural inputs
translate into output spike train statistics. Using a quasistatic approximation of the input
noise, contingent on the separation of timescales of input signal and output firing rate, we
can use conditional probability densities to obtain approximations for the stationary
probability densities of ISIs, and serial correlations in ISI sequences.
Information is transmitted from one neuron to another through synapses. The

dynamics of synaptic transmission determine the amount of information passed on to the
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postsynaptic neuron. Plasticity, a property whereby repeated synaptic transmissions
caused a change in the efficacy of the synaptic transmfssion itself, is common to many
synapses. Facilitation and depression are forms of plasticity where repeated transmission
of events causes an increase in the magnitude of currents through the post-synaptic
membrane. In chapter 3 we show that if sensory signals are conveyed as modulations of
the firing rate around a constant mean value, the roles of depression and facilitation are
reversed. Analytic expressions are developéd showing that the mean level of plasticity is
dependent on the frequency of rate modulation coming from the pre-synaptic spike train.
We then use numerical simulations of two LIF neurons connected by a plastic synapse to
show that in addition to the mean level of post-synaptic current, there is also additional
frequency dependent filtering present.

The results from chapter 2 directly motivate the study of temporal filtering in chapter
3. The representation of temporally correlated inputs by spike trains with highly
correlated ISI sequences will determine the time varying inputs to successive neurons. In
the context studied, i.e. superthreshold neurons driven by slow noise, depression and
facilitation filter out low frequency aﬁd high frequency information, respectively. This
type of processing may have important implications for guiding behaviour or perception,
as it has been shown in several systems how behaviourally distinct natural stimuli occupy

different bandwidths (42, 44, 178, 179).
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7.2 NARROWBAND ENVELOPES: SINGLE CELL AND NETWORK

PROCESSING

In the latter part of the thesis (chapters 4, 5 and 6) wekuncovered single cell properties
and network structure leading to the processing of the temporal envelopes of narrowband
signals.

In chapter 4 we obtain single neuron recordings in vivo in weakly electric fish from
multiple cell types in the ELL and associated feedback structures. We uncovered the cell
type responsible for the extraction of signal envelopes from narrowband sensory stimuli.
The network structure proved interesting, as it was a single inhibitory interneuron
requnsible for the envelope extraction, and transmitting it to primary neurons, parallel to
the original signal itself. This form of parallel processing has been speculated to be
responsible for cue-invariant responses in cortical neurons (103). This discovery led to
the work in chapter 5 where we study the biophysical, single cell, mechanism responsible
for envelope extraction. The nonlinearity in the F-I curve transfer function was shown to
be sufficient for this task. We then hypothesized a novel form of noise shaping whereby
increasing the level of independent uncorrelated noise in a population of neurons with
ongoing backgrouhd, narrowband inputs can increase the signal-to-noise ratio of
additional harmonic inputs in the envelope frequency range.

These findings support that idea that neurons with average input currents that position
them near the rheosbase of their F-I curve would be well suited to take the envelope from
a narrowband input and represent the envelope of this signal directly in its time-varying

firing rate. Primary cortical neurons seem to have the appropriate firing characteristics
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(37); as well, they have been shown to respond to the envelopes of narrowband sensory
stimuli (48, 127). One may then ask what role fast spiking neurons with regular ISI
statistics (i.e. well above rheobase) might play in the transmission of envelope signals.
Cortical interneurons often fire at fast rates, and are also coupled with gap junctions
(164). This motivated the study in chapter 6 where we examined how coupling between
superthreshold spiking neurons could modulate the statistics of their relative spike times.
Using a phase oscillator description of oscillating neurons and then a more
biophysical neural model, the LIF, we show how coupled neurons can represent the
envelope of a common narrowband input in their phase difference, when their coupling
+ led to anti-synchronous firing in the absence of inputs. It is: interesting to think of this
result in terms of parallel transmission of stimulus features through different orders of
spike train statistics. In chapter 4 we had the transmission of a narrowband signal and its
envelope through two distinct neural pathways. Here we have shown that the narrowband
signal and its envelope can be represented through the average instantaneous firing rate
of the coupled cells and their time-varying phase difference, respectively. It would be
interesting, as a further study, to see what types of decoding mechanisms can be used to
exclusively draw information from one of these signals only.
Chapter 6 presents a speculative form of envelope coding that motivates a closer
examination of the role of higher-order spiking statistics in conveying information about

stimulus envelopes in the cortex.
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7.3 FINAL THOUGHTS
This thésis dealt with the representation of signals and stimulus features in the spiking
output of real neurons. Through a combination of statistical and mathematical theory,
numerical simulations and electrophysiology experiments we look at how the output spike
sequences, or spike trains, are influenced by the temporal structure of the different types of
inputs. We further showed in a specific case how a behaviourally relevant temporal feature
was expressed in the spiking activity in networks of neurons in the ELL in chapter 4.
Temporally precise patterns of spike trains has been observed in binaural sound localization
(180), and in stimulus specific spike patterns in auditory cortex (43, 181, 182) in response
to same-species vocalizations. Neurons in the visual cortex also respond to visual stimuli
with precisely timed spikes (183). Using RR-coherence it can be shown tﬁat temporally
precise spikes can be used to transmit more information about the stimulus than firing rates
alone, even when the spike precision time scales differ from those of the stimulus. It is an
interesting question to ask what stimulus features are related to spike train properties. We
have shown how envelopes of narrowband signals lead to slow variations in firing
frequency of neurons that encode them under certain circumstances. We also develop a
potential coding mechanism whereby the precise temporal relationship between spike
times, in particular their phase difference, in coupled neurons can be used to code for the
same information without it being repreéented in the averaged firing rate.

We have dealt with the encoding of signals in spike trains throughout this thesis; how
statistical and temporal properties of inputs shape output spike trains and affect information

transmission. Further work must be done to understand how the information transmitted
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can be decoded by higher brain centers. This is the ultimate goal if one wishes to
understand how these stimulus features and their specific representation in spike trains of
intermediate neurons guide behavioural output. Recent w:ork has shown how specific
models of synaptic plasticity can respond to and classify a wide range of temporally precise
multi-neuronal spike patterns (184). An emerging theme in‘the study of noisy neural
dynamics is how noise can gate the flow of information in the brain (185). The work
presented here fits in that framework, as we have characterized the effects of noise on
several neural models, ahd shown how they influence information flow. Potential future
work may involve integrating these separate components together. Eventually this may
ultimately help in understanding stimulus-driven behavioral output; this thesis is a modest

step towards that exciting goal.
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