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A Large-Scale Simulation of the Piriform Cortex by a
Cell Automaton-Based Network Model

Enric T. Claverol*, Andrew David BrownSenior Member, IEEEand John Edward Chad

Abstract—An event-driven framework is used to construct a data required to set the parameters in the model. As a result of
physiologically motivated large-scale model of the piriform cortex  these limitations, the simulation of large aggregates of neurons

containing in the order of 10° neuron-like computing units. This . . . .
approach is based on a hierarchically defined highly abstract (more than 1) is unfeasible or requires parallel architectures.

neuron model consisting of finite-state machines. It provides com- During the past decade, several software tools have been devel-
putational efficiency while incorporating components which have oped for the realistic simulation of single cells and small aggre-
identifiable counterparts in the neurophysiological domain. The gates of neurons (e.g., GENESIS [5] and NEURON [6]). There

network model incorporates four neuron types, and glutamatergic . : ; )
excitatory and GAB A , and G AB A inhibitory synapses. is also ongoing research to develop simulators capable of han

The spatio-temporal patterns of cortical activity and the tem- dling large networks [4] by means of parallel architectures. At
poral and spectral characteristics of simulated electroencephalo- the opposite end of the spectrum, artificial neural networks, in
grams (EEGs) are studied. In line with previous experimental and general, do not allow direct mapping of biophysical parameters

compartmental work, 1) shock stimuli elicit EEG profiles with ei- 1 odel parameters and are considered too unrealistic to be
ther isolated peaks or damped oscillations, the response type being

determined by the intensity of the stimuli, and 2) temporally unpat- used in physiologically motivf';lted sim.u.lation. Their simplicity,
terned input generates EEG oscillations supported by model-wide however, results in computational efficiency.

waves of excitation. We have chosen to extend the approach based on highly
Index Terms—Cell automata, discrete simulation, EEG oscilla- abstract neuron-like computing units, typical of the artificial
tions, piriform olfactory cortex, pulse-coded neuron model. neural networks domain, to the problem of physiologically

motivated neural simulation. The underlying assumption is
that the inherent biological properties of neurons stabilize
their computational function and, hence, abstract single-cell
T HE simulation of the mechanisms implicated in i”formarepresentations may, at the network level, display physiolog-
tion processing in the nervous system is an area of actiy@ly realistic behavior while retaining their computational
research [1]-[7]. It provides a tool for the understanding of bragﬁiciency_ To this end, and drawing from the methods used
functions which are difficult to study experimentally due to th@, giscrete simulation, an event-driven neuron model can be
large number of cells involved and the difficulties arising frorgnriched with physiologically motivated functionality (e.g.,
the execution ofn vivo experiments. synaptic latency, axonal propagation delay, finite refractory
The techniques used for the simulation of large aggregatespgfriod, firing threshold, and others). Such a neuron-like de-
neurons can be grouped into two categories: biophysically dgce can be modeled as a complex finite-state machine (an
tailed models [1]; and artificial neural networks [2]. Biophysiztomaton [7]), retaining the efficiency inherent in discrete
cally detailed models are based on cable theory applied to dgfnulation [8] and making possible large-scale simulations
drites and axons and make use of ion channel models Whighn the available computing resources.
are usually described using the Hodgkin—Huxley formalism [3]. The availability of both experimental data [9], [10] and simu-
In this context, neurons are described by systems of nonlingions based on biophysically detailed models [11], [12], makes
differential equations which must be solved numerically. TWghe piriform cortex an ideal cortical module to validate this ap-
undesirable properties of this approach are the computatiopgach. The piriform cortex is thought to be involved in smell
cost of numerical integration and the amount of experiment@lcognition [13]. It receives input from the olfactory bulb, which
performs the first stages in smell identification [14], through the
lateral olfactory track (LOT). After carrying out certain compu-
Manuscript received July 12, 2001; revised April 5, 2002. This work was sufations on the input data (the nature of which is still unclear) it
ported in part by the Biotechnology and Biological Sciences Research Counpé{ays its output to higher level cortical modules. Previous sim-
U.K., and in part by the Department of Electronics and Computer Science, Uni-_: . .
versity of Southampton, U.KAsterisk indicates corresponding author. ulations have been confined to networks of 4500 neurons in [11]
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Fig. 1.

t2+tap
Message-based event-driven neuron model. Solid arrows indicate origins and destinations of messages. Thick dashed arrows indisptsnttencerr
between parts of the real neuron and blocks in the model.

for slow GABAg receptors, and mitral neurons. The mes- [I. METHODS
sage-based event-driven neuron model will be described fir/&t.

A ) : Message-Based Event-Driven Neuron Model
Second, the piriform cortex model and the calculations involved ) ) )

in the estimation of field potentials and electroencephalograms| '€ message-based event-driven neuron model is a hierar-
(EEGS) will be discussed. Third, the responses of the corti

Ccanically defined finite-state automatoipl6]. It is made up of
model to shock stimulus and random input will be studie

?]everal blocks, each of them capturing the functionality of a dif-
and shown to share the main characteristics of experimenf9

arﬁlnt component of the neuron (see Fig. 1).
data and results obtained with compartmental models. Iss%

o essage passing is the method used for communication
. . . . . be
regarding the implementation of an efficient simulator for thlis1

fween model neurons and between blocks within a single
) - euron. Each message is a data packet containing the time at
type of models and networks in the order of’ Iffieurons are g P g
discussed elsewhere [15].

1Available: www.its.caltech.edu/~enric/TBME.
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TABLE | TABLE 11l
MESSAGECHANNELS IN THE NEURON MODEL THE SYNAPSE BLOCK FUNCTION
Channel Message structure Legal values  Legal values Synapse block
of m of p Input Output
a {t,m} on a = on B = {taei,on}
ﬂ {tam} O"I'L,Off ﬁ =on ,3 L= {tdur» Off}a Y= {0; on, wsyn}
} {E;m’li} OZ’Off eﬂicacy(wsyn) B = of.f Y= {07 Off7 —wsyn}
,m change
€ {t,;m} on,of f
¢ {t,m} on TABLE IV
n {t,m} of f, rof f THE THRESHOLD BLOCK STATE MACHINE
Threshold block
TABLE I Input Action | Output
PARAMETERS IN THE NEURON MODEL Wsum+ = Wayn
Wsym >= the
Parameter Function v:=on | true: - | e:={0,0on}
the Excitation threshold Waym <= th;
th; Inhibition threshold true: - | e := {0,0ff}
tap Duration of action potential Waum— = Weyn
tres Duration of refractory period Wsym >= the
Nowrst Number of spikes per burst v:=o0ff | true: - |e:={0,on}
tosc Period of pace maker Weym <= thy
te Time offset of pace maker true: - | € := {0,0f f}
tdel Synaptic delay
taur Duration of synaptic pulse
Synaptic efficac TABLE V
Loyn yoapy Y THE OSCILLATOR STATE MACHINE
which the message will be delivered to its destination, a label Oscillator
field indicating the type of message and a third optional field ~_Current state Next Stlate | Output
with extra information used by the target neuron to process the =1t nplzthan o]
message (see Table I). Arrows with solid lines in Fig. 1 indicate L g —
h on of f | 6 := {tosc, change},{ := {0,0n}
message paths. of f on | 8 := {tose,change},( = {0,0n}

The delivery of a message to a block, triggers the update of
its state, which may be accompanied by the broadcasting of new
messages (an output) and the update of state variables inittegeases beyondh.. Conversely, if the weighted sum be-
block (an action). For purely combinational functions (e.g., theomes more negative than the inhibition thresh@lt;), the
synapse block), the output is only a function of the input.  threshold block sends a¥ff message to the burst block to stop

Table Il lists the parameters required for the configuration @i ongoing burst. Note that, since neurons in the cortical model
each neuron and synapse in the model (different neuronal grdsented in this paper were configured to fire single spikes,
synaptic types are conferred different functional characteristiesrst truncation does not apply and it was disabled, in order to
by setting these parameters). Tables IlI-VI are the state-travoid the unnecessary generationadff messages, by setting
sition tables and combinational functions implemented by th&; to —1000, a value never reached by,.,,. Therefore, the
blocks in the neuron model. possibility of burst truncation remained hardwired in the model

1) The Synapse BlockSynapses receiving then message to support future studies including bursting neurons but was
at timet, which notifies of the firing of a presynaptic neurondisabled for the simulations discussed here.
introduce a synaptic delay and become activated -att . 3) The Oscillator Block:The oscillator block simulates
An on message is then broadcast to the threshold block. diythmic activity in neurons. It sends an message to the
t-+tael+taur, the synapse inactivates, having remained activatbdrst generator block evety,. time units starting at = ¢.
for tqu time units, and sends aff message to the threshold 4) The Burst Generator BlockThe burst generator creates
block. Synapses are combinational functions which schedualetion potentials as follows: the arrival of the message trig-
new messages depending on the last message received (theyeds a change from statdf to stateon (onset of the first action
not need memory of their current state). potential). Aftert,,, time units, the state changes framto ref

2) The Threshold BlockThe threshold block computes(beginning of the refractory period). Aftér.; time units it re-

a weighted sum of inputéw,,,) where the weights are theturns to the initial stat®ff. An on message is broadcast to all
synaptic efficaciegwsy,). The arrival ofon and off messages postsynaptic cells driven by the burst block whenever its state
from synapses, triggers the update:qf,..,. After an update, its changes tmn.

value is compared against the excitati@gn.) and inhibition In the presented cortical model, neurons fire single action
(th;) thresholds. Aron message is sent to the burst generatotentials upon integration of sufficie(s,., > the) Synaptic
block (which generates a burst of action potentialsjif,,, excitation. However, to support future network models with
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TABLE VI
THE BURST GENERATOR STATE MACHINE

Burst generator

Current Next state | Action | Output
state Input
€:=on e:=off n:=off n:=roff ¢ :=on
on on[-]- on | Nburst =0 |- | ref [-[n:={tres, r-0ff} on|[-]- on|-T-
Nburst —1 ==07
ref ref|-]- ref | Nburst =0 | - ref|-]- true: of f |Nburst = Nourst | - ref|-1|-
false:
on [Npurst— =1 | a:= {0, on},
= {talz’off}
off on |- Ta:=1{0,on}, of f1-1- of fT-7- of f1-1- on]-To:={0,0n},
n:= {tap,0ff} 7 := {tap, of f}
TABLE VII et al. [12]. Four types of cells have been included (Fig. 2):

NUMERICAL VALUES OF PARAMETERS IN THE PIRIFORM CORTEX MODEL

Neuronal parameters
the (pyramidal) 7
the (fast inh.) 30
the (slow inh.) 30
th; —1000 (burst truncation inactivated)
tap 1ms
tref 10 ms
N, burst 1

tosc (pyramidals and inhibitory)
t4 (pyramidals and inhibitory)
tose (LOT axons, all stimuli)

ty (LOT axons, shock stimulus)
ty (LOT axons, random input)

0 (inactive oscillator)
0 (inactive oscillator)
3000 ms

0ms

Uniform(0 — ¢5:0p)

Number of synapses per neuron

LOT to pyramidal 100
pyramidal to pyramidal 300
pyramidal to fast inhibitory 20
pyramidal to slow inhibitory 10
fast inhibitory to pyramidals 70
slow inhibitory to pyramidals 60
Synaptic parameters

tyer (pyramidal to pyr./inh.) (3—12ms)
taur (pyramidal to pyr./inh.) 5ms
Wsyn (pyramidal to pyr./inh.) 1
tger (fast inh. to pyramidal) 51ms
taur (fast inh. to pyramidal) 12 ms
Wsyn (fast inh. to pyramidal) -15
taer (slow inh. to pyramidal) 10 ms
tdur (slow inh. to pyramidal) 150 ms
Weyn (slow inh. to pyramidal) -1
tger (LOT to pyramidal) (1-4ms)
taur (LOT to pyramidal) 5ms
Weyn (LOT to pyramidal) 4

Mean connection range, A (normalized distance)
pyramidal to pyramidal 2
pyramidal to fast inhibitory 10
pyramidal to slow inhibitory 10
fast inhibitory to pyramidals 10
slow inhibitory to pyramidals 10
LOT to pyramidals 2

fast excitatory pyramidal cells, fast inhibitofgr AB A 4 ) cells,
slow inhibitory(G AB Ag) cells and mitral olfactory bulb cells,
which provide stimulus to the cortex and whose axons form the
LOT.

The pyramidal cell layer consists of a grid of 28@50 neu-
rons whereas7ABA, and GABAg inhibitory cells are ar-
ranged in two layers of 88 80 cells each. For clarity, these are
depicted in separate planes in Fig. 2. However, they occupy the
same plane in the actual model.

The top-layer models the input activity that arrives at the pir-
iform cortex from the mitral cells in the olfactory bulb carried
by the LOT. The number of cells in this pool has been adjusted
for each simulation in order to provide the desired rate of exci-
tation. As they are topologically far from the rest of the cells,
these neurons do not contribute to the simulated field potential
recordings.

Pyramidal cells possess local and long range intralayer ex-
citatory connections (amongst pyramidal cells) and local in-
terlayer connections (exciting nearliABA4 and GABAg
cells). Inhibitory cells GABA 4 and GABAg layers) do not
have intralayer connections in this model. Instead, they locally
inhibit pyramidal cells by means of local connections.

The target neurony, of a synapse from neuranis chosen
as the closest cell to the position given by a random vettir
componentyp, ¢} (in polar coordinates), whergis an expo-
nential random variable (mean given in Table VII) apds a
uniform variable in the rang@-2+. The target neuron is chosen
as the closest cell to the vector

)

wherep; andp; are the position vectors for neuronsind j
respectively.

pj=pi+d

bursting neurons, the proposed neuron model includes a (mor&OT axons synapse onto pyramidal cells and introduce ex-

Npurst SPikes (Vi,urst = 1 in this paper}

B. Piriform Cortex Model

This discrete model of the piriform cortex is based on thg

compartmental simulations by Wilsaet al. [11] and Barkai

2The sequence of state transitions during generation of buéts.s; > 1)

differs with respect to those for single spike¥i..s; = 1), at the end of the
first refractory period. In bursts, the end of the first refractory period trigger
state transition ton(start of the second action potential in the sequence) and t

cycle is repeatedVy, .. times, making up a burst df’,...; action potentials.

LOT to pyramidal cells decreases exponentially from left to
right (rostral to caudal in the real cortex) in the pyramidal layer
of Fig. 2.

Any one synapse in the model is completely characterized
y a synaptic parameter triplefyf;, tqur, wsyn). The duration

of the synaptic activatiofit,,,,) was initially set to half-max-
imum values of typical postsynaptic potentials and later ad-

Sjusted to achieve realistic shock and random stimulus responses.

;ﬂhe final values were 5 ms for excitatory synapses and 12 ms
and 150 ms fol7ABA,4 andGABAg synapses respectively.
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Fig. 2. Model of the piriform cortex.

The synaptic delay parametéfy.;) accumulates presynaptiction of the synaptic configuration, a strategy that minimizes the
axonal propagation delay and onset to peak latency of the pasemory space necessary to store the maédel.
synaptic potentials. For LOT to pyramidal and pyramidal—-pyra- The synaptic efficacyuw.,.) was arbitrarily set to 1 for exci-
midal connections, the axonal delay was calculated from aetory synapses and tel and—15 for slow and fast inhibitory
tion potential propagation velocities in LOT axons (1.6 m/9ynapses, respectively, mantaining the relative efficacy as in-
and in pyramidal cell axons (0.6 m/s, the average of the velaticated by the maximal conductance of synaptic conductances
ities for rostrally and caudally directed fibers used by Wilsonsed in previous compartmental models.
et al.[11]). Further, to reduce memory consumption, the delay Neurons fire a single action potential (with a duration of
introduced by long-range pyramidal cell axons and LOT affef- ms and followed by a 10-ms refractory period) whenever
ents was quantised and the number of allowed values limited,,, (weighted sum of inputs) increases above the excitation
to 10 and 4 respectively. Similarly, the delay introduced by the
axons of inhibitory cells, given the local nature of these CoONNeCrpe quantization of delays causes artifacts in shock stimulus simulations
tions compared to the long-range pyramidal—pyramidal axorspsisting in precisely delimited cortical bands showing homogeneous neuronal
was assumed distance independent (see Table VII). Overall, $#¢s (Fig. 7¢ = 13 ms and Fig. 8 = 14 ms). This effect is not present
L . in EEG simulations with more realistic (random) stimuli [e.g., Fig. 9(c)], for
quantization of axonal delays, reduces the number of differ

- ) : : ich reason the computational advantages of delay quantization motivated the
synaptic parameter triplets to 16, allowing a 4-bit representiatroduction of this simplification in the model.
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Electrode array as used
for EEG simulation

Field potential function, h(t),
as used for EEG estimation

oo b oo L

Time (ms)

R TR IR TR RIRNRRRERARNNAY
0 5 10 15

Pyramidal neuron

Fast inhibitory neuron

O Slow inhibitory neuron

Fig. 3. Setup used for the simulation of field recordings and EEGs.

threshold. Suitable values for the excitation threshold weneously. The summations are over the total number of action

determined by parameter space search. potentialsK generated by neurghand over all the neuron$
A complete list of numerical values for the parameters of thie the network. The casé; = 0 is avoided by positioning the
model are provided in Table VII. array of electrodes at a plane slightly above the cell layers, so

that the minimum electrode-neuron distance is equivalent to the
C. Simulation of Field Potential Recordings, EEGs and Powsjistance between two adjacent pyramidal cells.

Spectra The prototype field potentiali(¢), is shown in the box in

Field potentials and EEGs are measurements of tiffiéd- 3 and given by#(in milliseconds
changing potentials generated by neuronal activity. Field t<0 0
potentials are recorded with single microelectrodes located 0O<t<5 —5
close to the pool of neurons under study whereas EEGs are h(t) =< . <t<12 2 3
recorded with electrodes placed on the skull. For the purpose of ‘1)% 0
model validation, it is desirable to compare the characteristics
of the recordings predicted by the model with those seen Where the negative segment accounts for the negative field po-
experimentally recorded signals. tential recorded experimentally during the onset of action poten-
For the simulation of EEG recordings, a procedure simil&igls and the positive segment corresponds to the positive field
to that described by Wilsoet al. [11] has been followed. A potential seen during repolarization (its return to resting voltage)
number of virtual electrodes are spatially distributed forminig71, [18].
a grid of E x E recording sites (Fig. 3). Each one of these The EEG signalis obtained by linear combination of the field
simulated electrodes obtains a field potential (FP) calculatedrgfentials

ExE

J K
1
SFPi = Z Z d—éj(t — tk) * h(t) (2) SEEG = Z SFP; (4)

whereSrp, is the field potential signal recorded by tite elec- whereSgrg is the EEG signalSrp, the field potential recorded
trode, d;; is the distance between thith electrode and neuron by the:th electrode and the summation is over all the electrodes
J. 6;(t — tr) is the delta function indicating that neurgriired  forming the £ x E grid.

an action potential at = ¢, andh(¢) is the prototype field po-  For the estimation of the EEG power spectrum, the proce-
tential recorded from a group of neurons firing nearly simultature described in [19] (with Hamming window, segments of
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Fig. 4. Sequence of images representing (a) the state and (b) the weighted sum dfinputsof pyramidal neurons in a partially connected model (each pixel
in the arrays corresponds to an individual neuron).

512 samples, half-periodogram overlapping and 1 kHz effectioé LOT axons into a single unit with connections to one ran-

sampling rate) was used. domly chosen pyramidal neuron. Fig. 4(a) shows an array rep-
resentation of the state of the pyramidal cells at selected times
D. Computer Resources (black, gray or white pixels correspond to neurons in stéfie

All simulations were run on a 350-MHz desktop PC computéefractoryandon, respectively). Fig. 4(b) shows the value of the
running Linux (kernel version 2.2.5-15) with 320 Mbytes ofveighted sum of input8w,.., ), which allows quantification of
RAM. The average CPU time taken by 1 ms of simulation wdBe total synaptic input received by any one neuron.

0.9 s in the case of random input stimulus where the networkAt ¢ = 0, the LOT axon fires an action potential (not shown
displays realistic behavior and continuous activity througholit the figure), whose excitation reaches its target neurén-at

the entire simulation. In the case of shock stimulus, activity wadsms (see lefmost top panel). At= 5 ms, local pyramidal to
restricted to the first 100 ms and no CPU time was taken pyramidal connections have started spreading the excitation. At
the simulation beyond this point_ By reducing the amount éfI 9ms, the cells located at the core of the patCh excited first
collected data, the number of neurons in the model could Bave become refractory, shown as atransition to a gray shade. At

increased by approximately 20%. t = 19ms, the wave reaches the borders of the cortex while most
pyramidal cells remain in refractory state. However, those that
. RESULTS fired first during the wave, have finished their refractory period
o ) and enter theff state. Att = 22 ms, they are re-excited by
A. Wave Generation in a Partially Connected Model long range axonal connections carrying action potentials from

To study the mechanisms underlying the continuous genethe distant wave (now at the boundary of the cortex) toward the
tion and propagation of waves in the pyramidal cell layer, theore. In this way, a second wave is initiated. A similar sequence
model was simplified first by removing the inhibitory connecef events takes place in the simulations of the cortical response
tions from GABA to pyramidal cells and by collapsing the podio various types of stimuli described below.
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Strong stimulus Weak stimulus EEG

40 msec 40 msec 0.5 sec

Compartmental
simulation by
Wilson and Bower

Fig. 5. Recordings (top) and compartmental s‘imulations (bottom) of field potentials after weak shock (left), strong shock (center) and ratha®nigkithu
Figure reproduced from [11].

Simulated Field Recording (weak shock) Simulated Field Recording (intense shock)
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Fig. 6. (a) Simulated field potential after weak shock stimulus. (b) Simulated field potential after strong shock stimulus.

Comparison of Fig. 4(a) and 4(b) indicates that the finite aia two categories: single wave response and damped oscilla-
onal propagation velocity introduces a delay in the propagatition (Fig. 5). High-intensity current pulses stimulate a single
of excitation between pyramidal cells. For instance, althougieak whereas, counter-intuitively, lower intensity pulses pro-
cells are firing in the outer shell @& = 15 ms, the maximal duce long-lasting responses consisting of several damped peaks.
excitatory input is being received at the core [see first panel inln our model, shock stimulus is generated by the simultaneous
4(b)] where the neurons have already entered the refractory figng of all LOT axons att = 0. The intensity of the shock
riod and are unable to fire. is adjusted by changing the total number of cells in the LOT

In this partially connected model, the absence of inhibitiopool. Fig. 6 shows the field potential measured by a single elec-
allows continuous wave generation with unrealistically regulaode positioned at the center of the cortical layer. In accordance
spatial patterns. The addition of inhibitory connections, devith experimental observations, a weak stimulus generated by
scribed in Sections 11I-B and C, limits the number and intensity000 LOT axons generates a damped oscillation [see Fig. 6(a)]
of the waves and introduces irregularity in the wave edges. whereas an intense stimulus created by 6000 LOT axons trig-
gers a single peak response [shown in Fig. 6(b)].

Understanding of the mechanisms underlying these two re-

In shock stimulus experiments, the LOT is stimulated with sponses can be gained studying the panels shown in Figs. 7
short duration current pulse (duratienl ms) and the responseand 8 (only pyramidal cells shown). Images correspond to the
of the olfactory cortex is monitored with a single electrode meatate (leftmost column), value of,,,,,, (middle column) and par-
suring field potentials. Experimental recordings [20] and contial contribution tows,,, by other pyramidal cells (rightmost
parmental simulations [11] of this experimental paradigm fatlolumn).

B. Shock Stimulus Response
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Fig. 7. Statesw...,» and pyramidal-pyramidal excitation for pyramidal neurons after weak shock stimulus.
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Fig. 8. Statesw..., and pyramidal-pyramidal excitation for pyramidal neurons after strong shock stimulus.

Fig. 7 shows how the weak stimulus triggers a wave of aever, at = 29 ms, the area where the first wave was originated
tivity, its front reaching the distant region of the cortex after 9 mgeftmost region in all panels) is returning to the initial state.
(leftmost top panel). The middle and right panels show a zofiée disappearance of inhibition makes it possible to generate a
of excited cells (lighter region) generated by the passing wawecond wave, which has advanced up to the central region of the
In the wake of the excitatory wave, appears a region of inhibitedrtex att = 33 ms.
cells (darker pixels in the middle panels) due to the activation Fig. 8 shows the results for the high intensity shock stimulus.
of inhibitory cells in theGABA 4, andGABAg layers. How- In comparison with Fig. 7, the initial wave of excitation propa-
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Fig. 9. (a) Simulated EEG. (b) Power spectrum of the EEG. (c) Cortical waves underlying EEG oscillations.

gates faster, arriving at the far end of the corte-at6 ms (see C. Random Input Response
leftmost top panel). However, at= 14 ms andt = 16 ms the ) . . .
entire pyramidal layer receives inhibition following the passing EXPerimentally recorded EEGs [21] and simulations with
wave (middle column) and intensifiestat 18 ms. Long-range compartmental mo_del_s [11] dlsplay clear oscillations (Fig. 5).
excitatory connections between pyramidal cells (see rightmddt€se pseudo-periodic EEG profiles are thought to be sup-
column) are unable to generate a second wave. Simultaneou’ffied Dy spatial waves of excitation [22], [23] sweeping
the pyramidal to pyramidal excitation has also decreased (coRt/0SS the cortex. To study these phenomena with our cortical
pare rightmost panels at= 14-15 ms and¢ = 18 ms). The model, a long-lasting random input stimulus was used. Random
remaining excitation is only able to trigger sparse action poteﬁxcitation is more closely related to the normally functioning
tials in a few cells (see leftmost region in the first column gpiriform cortex than the shock stimulus. It was generated by
panels at = 15-18 ms). spreading the firing times of the LOT axons throughout the

In contrast with the weak stimulus, the strong stimulus causgaire simulation. Each neuron in the LOT pool was configured
fast excitation which leads to the disappearance of excitatdg/fire once and its firing time is given by a uniform distribution

input before the GABA inhibition following the passing waven the range(0 — tsop), Wheretq,, is the duration of the
deactivates. simulation. Hence, the stimulus intensity, expressed as the

Note att = 13 ms in Fig. 7 and at = 14 ms in Fig. 8 average number of excitatory synaptic connections from LOT
the appearance of bands of refractory neurons. This artifacgions to pyramidal neurons activated per unit of time, is given
caused by the quantization of the axonal propagation delaby,
an strategy that reduces memory consumption. It was observed
during the initial wave after shock stimulus but disappeared in R NLoTCLOT-topyr (5)

subsequent waves as the firing desynchronized. tstop
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Fig. 10. EEG profile for several values &f,,. in GABA 4, GABA 5, and excitatory synapses.

whereN o is the number of LOT axons af@.or-wo-py: the  D. Effect of Synaptic Parameters on EEG Profiles

number of connections to pyramidal cells from a single LOT The impact of model parameters on the characteristics of the
axon. Fig. 9(a) shows the simulated EEG obtained using a gi¢tG was explored. In particular, variationstef; in inhibitory
of 10 x 10 electrodes and a stimulusBf= 10* activations/ms. and excitatory synapses were found to trigger EEG profile tran-
Fig. 9(b) is the corresponding power spectrum. sitions. Fig. 10 shows the EEG traces for several valueg,gf

The unstructured random input generates a structured aCt'\{HBGABAA (leftmost column)(ABA 5 (middle column), and
pattern in the cortical model. The simulated EEG [Fig. 9(adxcitatory synapses (rightmost column). The middle trace in all
shows an initial transitory phase of approximately 150 ms, fakn|lumns corresponds to nominal values. Variation§ B A 4
lowed by sequences of peaks with intervals of diminished agynapses affects EEG regularity; $gg = 14 ms compared to
tivity. In its power spectrum [Fig. 9(b)], two main frequency, . — 10 ms andty,, = 11 ms. A decrease d@fy,, in GABAg
bands appear; 0-10 Hz and a higher frequency range 30sg§dapses from 150 ms to 50 ms leads to total absence of EEG
Hz. A secondary harmonic peak is also present at 60-65 Hbrsts and nearly sinusoidal traces. Conversely, an increase to
Fig. 9(c) shows a state map of the pyramidal layer. It is cha50 ms results in an EEG with longer interburst latencies.
acterized by cortex-wide excitation waves, reminiscent of thoseAn opposite effect results from changes in the activation du-
observed for shock stimulus. Each peak in the EEG is assagition of excitatory synapses (see rightmost column in Fig. 10).
ated with a single wave propagating across the cortex. For a value ofty,, = 3 ms (top), the EEG corresponds to
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a biphasic sequence of bursts. Progressive increases (tovaalolv intensity pulse stimulus elicits a sequence of model-wide
bottom) lead to a steady-state consisting of nearly sinusoid@icitation waves and a ringing EEG whereas high intensity

profile, for ¢4y, = 6 ms andty,, = 7 ms. stimuli lead to single waves and single peak EEGs. More subtle
experimental results are also accounted for by the model. For
IV. DISCUSSION instance, current source density analysis shows that different

o synaptic types are maximally active at different points in
A model of the piriform cortex has been constructed by meagg, e during shock response [26]. This effect can be seen in
of a hierarchically defined finite-state automaton neuron. Iﬁig. 6(a) where two secondary peaks can be distinguished,
aims at demonstrating the usefulness of an event-driven framjgs iyt corresponding to excitatory synapses from LOT to
work where some fundamental features of neuronal functigf amidal neurons and the second to the delayed activation
can be captured while avoiding the computational complexig? pyramidal to pyramidal synapses. Similar double-bumped

inhere7nt to analog models. The model with” Ifeurons and gpock responses were obtained with compartmental [11] and
3 10" synapses represents an increase of two to three ordefigyation models [22].

of magnitude in problem size with respect to previous simu-
lations [11], [12]. The performance obtained was 0.9 s CPU
time per simulated ms. To achieve a similar computational cddt

with analog techniques, the network size must be limited towaves of excitation have been proposed as the physical phe-
hundreds or thousands of neurons, depending on neuron mggghena underlying EEG oscillations and are thought to arise
complexity. Alternatively, high-cost parallel architectures musgfroughout the cortex [23]. Experimentalvivo studies of pir-
be employed. iform cortex and olfactory bulb activity have indeed confirmed
The standard approach to realistic simulation of large neuggkt EEG oscillations occur and are especially regular during
aggregates makes use of an analog paradigm based on core-§@8ur inhalation [27].
ductor theory of axons and dendrites [24] and Hodgkin-Huxley 14 jnvestigate the generation of cortical waves, a temporally
ion channel models [3]. Computational complexity can be rgpstryctured input stimulus was used. The axons of the LOT,
duced in various ways; minimizing the number of isopoteRgnich project to the piriform cortex from the olfactory bulb in
tial segments (compartments), limiting the number ion chanigk actual cortex, were configured to fire randomly throughout
types or even substituting those responsible for action pot§Rga simulation. This setup aimed at producing an input stimulus
tial generation by a threshold function (e.g., the integrate agghre closely related to the real pattern of activations than that
fire model [25]). Uncoupling of the equations belonging to difysjized in shock experiments. Its random nature guarantees that
ferent neurons is possible by exploiting the discrete nature of g, gerived cortical spatio-temporal patterns arise from the in-

spike. In this case, analog models describe neurons whereag@ic anatomical and dynamical properties of the model rather
event-driven engine manages the inter-neuron communicatign the pre-arranged structure of its input.

at the synaptic level [4]. This activity leads to cortex-wide waves in our model, in line

We have used an abstract event-driven description of fig, compartmental simulations [11]. Further, each EEG peak
neuron, eliminating the need for a continuous simulatiog, pe related to a particular cortical wave sweeping across the

engine in exchange for the resulting loss of realism. Within thigoqe| These waves are preferentially originated in the leftmost

framework, computational efficiency arises from the state-Upsgion in all panels (corresponding to the rostral end in the ac-
date scheme, where only those neurons receiving message§ icortex). This result is the consequence of the decrease of
a particular time point must be re-evaluated. The simplicity @ioT_pyramidal connections when moving from left to right in
the update operation also contributes to diminishing the neggl hanels (rostral to caudal in the actual cortex), an anatomical
for Processing resources. i feature already observed in early experimental studies [28].

To investigate the dynamlcs_ (.)f a Iarge-sgale cortical mOdeI'There is experimental and theoretical evidence supporting
the ceII.types and.t.he connectivity patterns in the network WEi%e hypothesis that global changes of network parameters
constrained k?y piriform cortex anatomy. The .three Syn‘”‘ptfﬁggeraswitch between functionally different aggregate states.
clas_ses conS|'dere(GA.BAA, ,GABAB and gxcﬂatory WETe 1n the olfactory cortex, such a mechanism has been reported
configured W'J.[h relatlv_e efhca(_:les_, and_time constants : 2], [29]. The generalized release of acetylcholine is thought
accordance with experimental findings. The following issu S alter synaptic dynamics and neuronal excitability [30],
have been addressed: 1) wave generation in a pyramidal | gering a mode transition from memory recall to memory
deprived of inhibition; 2) response of the model, inCIudingcquisition. More generally, abrupt EEG transitions are a

pyramidal and inhibitory inter-neurons, to pulse-like eXCitatiOWell known phenomenon, often associated with changes of
(shock stimuli); 3) the genesis of EEG oscillations as a resW <cious states (sleep, walk, anesthesia and so on).

?geu?epmagg:gle%IEoggplri?iTgf bs;lr\?:rlilét?onr?s‘% tt?]z rg;::;liiotri'n?f The varigtions in the temporal and frequency. profil_es of the
constants EEG resulting frqm parameter changes were mvestlgated. In
' particular, transitions between nearly periodic, bursting and
) irregular EEGs can be achieved by means of changes in the
A. Shock Stimulus synaptic activation duratiotfts,,) of the different synaptic
The predicted response to shock stimuli shows nonlinegpes. The emergence of spatially coherent patterns and the
properties in agreement with experimental results [10]. Nametyansition between modes of operation by means of network

Random Stimulus
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parameter variation is also in agreement with previous cortictperimental and theoretical evidence that mechanisms other
simulations utilizing integrate and fire models [31]. than those described here may also lead to oscillatory activity

Additional simulations were carried out with equal sizén cortical structures; the afferents from the olfactory bulb may
cell populations, with three 150150 grids corresponding carry temporally structured activity, causing synchronized cor-
to the pyramidal, fast and slow inhibitory cell types (resultscal dynamics [10] and there is evidence that respiratory rythms
not shown). This was done to compare our results with thoserrelate with oscillations under anesthesia (Fontaetial., un-
obtained by Wilsoret al. [11] who included 1500 neurons inpublished work), indicating that extracortical sources, instead of
each pool. With this configuration, a parameter set was alsaracortical circuits, may actually support oscillations.
found which produced single peak and damped ringing in re-The techniques presented here can also be applied to other
sponse to shock stimuli and continuous oscillations in resporeseas of the nervous system. The reduction of computational
to unpatterned long-lasting input. In the latter case, the maiomplexity in comparison with alternative strategies suggests
spectral component was centered at 40 Hz, which coincidbe adequacy of the proposed approach for large-scale models
with the results in [11]. This constitutes a shift of approximatelycorporating multiple cortical areas. Research is underway to
10 Hz toward higher frequencies with respect to the speceaploit Beowulf clusters in order to provide the necessary re-
described in the results section, obtained for more realisgources for such computationally costly simulations. Prelimi-
relative population sizes. The large parameter space presemary results indicate that problem size could be increased at least
by the model makes it likely that multiple configurationsne order of magnitude by means of a proportional increase in
exist whose EEG share a number of temporal and frequertbg number of processing nodes with a mere 10% simulation
characteristics. As already shown, the synaptic paramgter time overhead due to internode communication.
affects EEG profiles and suggests that parameter tuning would
induce further shifts in the main frequency components.

The simulations carried out have aimed at comparing the
model response with experimentally obtained recordings and1] C.Koch and I. Segev, EdsVlethods in Neural Modeling: From lons to
theoretical investigations with analog neuron descriptions. It ,, "J\f?At\.ng:Ieimgr?rgr?gclquel\’/l,.\ASAI;a'\SLtal?rgcsi:‘eiszsl\‘letworks: Algorithims,
has not been attempted, however, to link network dynamics to ~ applications and Programming TechniquesReading, MA: Addison-
the suspected functionality of the piriform cortex within the Wesley, 1992. o o
olfactory system. Several studies have tackled this problem?! - Hodgkin and A. F. Huxley, "A quantitative description of mem-

rane current and its application to conduction and excitation in nerve,
the Lynch—Granger model [32], [33] suggests that the system ;. physiol, vol. 117, pp. 500-544, 1952.
olfactory bulb-olfactory cortex performs hierarchical clustering [4] P. Hammarlund and O. Ekeberg, “Large neural network simulations on
of the cue environment; the Li-Hertz model [14] proposes that mt_"fl'gghigjg"‘éare platforms,). Computational Neurosgivol. 5, pp.
odour recognition is achieved by a resonance phenomenors] j. m. Bower and D. Beeman, Ed3he Book of Genesis Berlin, Ger-
between cortex and bulbar oscillations; the Wilson-Bower  many: TELOS/Springer-Verlag, 1998.

model [34] implements an associative memorv able to store[G] M. L. Hines and N. T. Carnevale, “The neuron simulation environment,”
y Neural Computationvol. 9, no. 6, 1997.

and retrieve odour information. [7] E. Pytte, G. Grinstein, and R. D. Traub, “Cellular automaton models
A feature shared by these models is the use of synaptic mod-  of the CA3 region of the hippocampus\etwork: Computation Neural

e . . . - Syst, vol. 2, no. 2, pp. 149-167, 1991.
ification algorithms or other types of network plasticity which 8] R. Mansharamani, “An overview of discrete event simulation method-

must be activity-dependent to allow the storage of new odours. ~ glogies and implementationSadhanavol. 22, no. 5, pp. 611-627,
The model described here does not incorporate plasticity. How- ~ 1997.

ever, the striking similarities between the physiological data and!®! L: B: Harberly and S. L. Feig, “Structure of the piriform cortex of the
opossum. |. Fine structure of cell bodies and neuropilComputational

the results obtained with the simple event-driven model supports  Neurol, vol. 216, pp. 69-88, 1983.
the possibility of utilizing the same framework for investigations[10] K. L. Ketchum and L. B. Haberly, “Synaptic events that generate fast os-

; ; ‘L cillations in piriform cortex,”J. Neurosci.vol. 13, no. 9, pp. 3980-3985,
of the functional role of synaptic plasticity. 1993,
[11] M. Wilson and J. M. Bower, “Cortical oscillations and temporal inter-
actions in a computer simulation of piriform cortex,” Neurophysiol.
V. CONCLUDING REMARKS vol. 67, no. 4, pp. 981-995, 1992.
) ] [12] E. Barkai, R. E. Bergman, G. Horwitz, and M. E. Hasselmo, “Modula-
In summary, the approach presented in this paper allows  tion of associative memory function in a biophysical simulation of rat

large-scale neural simulations on single processor desktop  Piriform cortex,”J. Neurophysiol.vol. 72, no. 2, pp. 659-677, 1994.

d th | . f th f, f phvsioloqi ‘ L. B. Harberly and J. M. Bower, “Olfactory cortex: Model circuit for
computers and the exploration of the effects of physiologica study of associative memory?lINS vol. 12, no. 7, pp. 258-264, 1989.

parameters on neural population dynamics. This is achieved ly4] z. Liand J. Hertz, “Odor recognition and segmentation by coupled ol-
devising a completely event-driven framework where the need ~ factory bulb and cortical networksNeurocomputingvol. 26-27, pp.

f tati I fl fi L lati . . 789-794, 1999.
or computationally Costly continuous simulation engines 1151 g T. Claverol, A. D. Brown, and J. E. Chad, “Discrete simulation of

eliminated altogether. large aggregates of neurongyeurocomputingvol. 47, pp. 277-297,
The piriform cortex model provides a tool for the testing _ 2002.

. . = [16] R.L.Bagrodia, K. M. Chandy, and J. Misra, “A message-based approach
of theories related to the nature of the computations carried® to discrgte_evem Simulatior?’,EEE Trans. Software EgngvoL SE_fg

out by cortical structures. The results obtained so far demon-  pp. 654-665, Dec. 1987. N .
strate that the main features of the response by the olfactofy?] W- Rall, “Electrophysiology of a dendritic modelBiophys. J.vol. 2,
i S pp. 145-167, 1962.
cortex to short anq Iong—la;tlng stimuli can be accoume.d for byig) M. Kiee and W. Rall, “Computed potentials of cortically arranged pop-
a simple event-driven cortical model. However, there is some  ulations of neurons,J. Neurophysiol.vol. 40, pp. 647—666, 1977.
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