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Abstract

Integrate-aml-fire neuronshave beenusedwidely to modellarge-scaé networks with tem-
pord dynamics.Previouswork hasfocusedontempora delays in modulatng syndroniza-
tion behavior; not muchattertion hasbeengivento the postynagic potential (PSP decay
rate. In this pape, we shav thatvaryingthe PSPdeay ratehasthe sameeffect asadjusting
theaxonal conduction delay Thedeay ratecanbeadjustedindependantly atdifferentloca-
tionsin theneuon, allowing predsefine tuning of syndronizationbehaior. Also, becaise
theadjustmentscanbeloca andsmall,this processcanbe moreefficient thanadjustingthe
larger-scale axonal delays.
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1 Introduction

Experimentalevidencesuggestshat temporallycorrelatedactiity contritutesto
binding and sggmentng featuresin sensoryinput [4, 10]. Thus,temporalinfor-
mationmay be very importantfor neuralfunction. Integrate-and-fireneuronshave
beenstudied extensiely in this role becauseheir simplicity makesit possibleto
studysynchronizatia behaior in large-scalenetworks|2, 8, 11,13].
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Someof thiswork assumeshatspikesaretransmitedinstantaneousg [2], but oth-
erstake into accountaxonalconductia delays[11, 13]. It turnsoutthatthe delay
characteristiof differenttypesof connectionge.g.excitatory andinhibitory) de-
terminethe synchronizatiorbehaior in a highly interconnectedhetwork of neu-
rons. The main resultsare: (1) excitatory connectionswith no delay causesyn-
chrory [2, 9, 11], (2) excitatory connectionswith delay causedesynchrown [13],
(3) inhibitory connectionsvithout delay causedesynchrow [11, 13], and(4) in-
hibitory connectionsvith delaycausesynchrory [11, 12, 13, 17]. Previousmodels
of spiking neuronshave either adaptedor selectedthe axonaldelaysto regulate
synchronizatiorbehaior [7, 16]. Althoughdelaycanbe adaptedy changingthe
axonalmorphobgy (length, thickness and myelination; [6]), the fine degree of
delaytuning neededn the abore modelsmay not be easyto achieve in a macro
structureasanaxonin biologicalneurons.

An alternatve to delayadaptations to changethe decayrate of the postynaptic
potential. Decaymaybeeasierto alterin biological neuronssinceion channelsan
be addedor removed to tunethe leakageof currentsthroughthe cell membrane.
The numberanddistribution of ion channelscan changethroughvariousmecha-
nismsincluding actwvity-dependengeneexpressior and actiity-dependentnod-
ulation of assembledon channelqsee[1] for a comprehense review). Nowak
and Bullier [14] studiedvariousmechanism®f decay(or integration time), and
furtherinvestgationsof thesemechanismsnaywell revealhow decayratecanbe
controlled.Somemodelsalreadyutilize synapticdecay(5, 15, but theinfluenceof
differentlevelsof decayon synchronizatiorhasnot beenfully tested.

Can decayrate affect synchronizationbehaior just as delay does?This paper
shaws that different decayratescan indeedcausegreatly different synchroniza-
tion behavior evenfor the sametype of connectiongi.e. excitatay or inhibitory).
Theresultssuggesthat PSPdecayratesshouldbe studiedin moredetailin order
to understandhow synchronizations modulatedn biological neuralnetworks.

2 Modd

The neuronmodelusedin this paperis a generalizatiorof the popularintegrate-
and-fireneuron.Insteadof a singleintegration mechanisnper neuron,eachindi-
vidual postsyiaptic membranehasa separatantegration term with independent
PSPdecayrates(figure 1).

Eachconnectiorbetweemeuronss aleaky integratorthatcontinwously calculates
anexponentally decayedsumof incoming spikes:?

s(t) = z(t) +s(t — 1)e™?, (1)

2 This equation hasthe sameform asthe onederivedfrom convolution equaionsin [5].
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Fig. 1. The Neuron Model. Leaky integratorsat eachsyngseperform decaed summa-
tion of incoming spikes,andthe outgoing spikesare gengatedby compamg the sum of
weighted sumsto the dynamic spiking threshold. The dynamic threstold consistsof the
basethresholdy,,. andthed, that repregntstherefradory periad.

wheres(t) ands(t — 1) arethe currentandthe previous decayedsum(i.e. attime
stept andt — 1), z(t) is theinput spike (eitherO or 1), and \ is the decayrate.
The excitatory connectionsand inhibitory connectionshave separatadecayrates
Ae @nd );. Sucha leaky integrator modelsthe Post-Synaptidotential(PSP that
decaysexponenially over time in biological neurons.The formulation is a finite
differenceapproximatiorof theleaky integrate-and-firameuronwhen) is thesame
for all synapses.

Eachcorticalneuronin themodelis connectedo oneinputneuronandto all other
corticalneuronghroughexcitatoryor inhibitory lateralconnectionsTheweighted
sumof the afferentandlateralleaky synapsesire calculatedandpassedhrougha
squashindunction:0if sum< ¢, 1if sum> 3, and S“ﬂ“_lg‘; otherwise Theresulting
activation o (t) is comparedo thedynamicthreshold:

9(75) = gbase + 7_erel(i&); (2)

wherefy,s. is thebasethresholdf,.,(t) representsherefractoryperiod,andr is a
scalingconstantThetermé,.(¢) is alsoaleaky integratorasin equationl, but with
adifferentdecayrate .. If o(t) is greaterthané(t), anoutputspike is generated.

3 Experimentsand Results

Thirty fully connectedheuronsweresimuatedfor 500 iterations.Eachneuronre-
ceiveda constaninputof value1.0throughouthe simulation,andthe connection
weightswere uniform with a valueof 1/30. Afferentinput wasscaledby 0.8 and
lateralinputby 0.01prior to passinghroughthesquashingunctionto make theto-
tal afferentvs. lateralcontributionsto have a similarrange.The squashindunction
parametersvered = 0.0 ands = 3.0. Thethresholdparametersverefy,,s. = 0.1,
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Fig. 2. Effect of Connection Type and Decay Rate on Synchronization. Thirty neuras

with full lateral conrections were simulatedfor 500 iterations Four sepaate experiments
wereconductedto deteminehow decayin inhibitory andexcitatorylateral connestionsaf-
fectssyndironization Thez-axis representghe simuldion iteration, andy-axistheneuwon
index. Themembram voltageis plottedin grayscale from low to high (black to white). (a)

Excitatory conrectiors with slowv decy resultin desyrchronized actiity. (b) Excitatory
conrectiors with fastdeca resut in synchronizedactwity. (c) Inhibitory connetionswith

slow decg restut in synchrorizedactiity. (d) Inhibitory conrectionswith fastdecayresult
in desyrchrorizedactiity. Theresuls shav thatsyndironizationbehaior canvary gredly

evenfor the sameconrectiontype if thedecayratediffers.

7 = 0.65, and)\ = 0.05. Membranevoltageof eachneurornwasrandomlyinitial-
ized.

Four separatexperimens wereconductedo testtheeffect of altereddecayrateon
synchronizatiorbehaior: (1) excitatorylateralconnectionslonewith slow decay
(Ae = 0.1), (2) inhibitory lateralconnectionslonewith slow decay(\; = 0.1), (3)
excitatory lateralconnectionslonewith fastdecay(A\. = 1.0), and(4) inhibitory
lateralconnectionalonewith fastdecay(); = 1.0). Theresultsaresummarizedn
figure 2a—d, respectiely.

Two conditions, excitatory connectionsvith fastdecayandinhibitory connections
with slow decay resultedin synchroty. In contrast,excitatay connectionswith
slow decayand inhibitory connectionswith fastdecayresultedin desynchron
Theseresultsare similar to the resultswith conductiondelaysasreportedin [11,
13]. Sincedecayrate may be easierfor neuronsto adjustthanconductiondelay
neurongmay indeedemploy this procesgo fine-tunetheir synchronizatio beha-
ior.



4 Discussion

BesidesPSPdecay several otherfactorsaffect synchronizatiorbehaior in a net-
work of integrate-and-fireneuronsFor example,(1) noisy initialization of mem-
branevoltage,or on-goingaddition of noisehelpsdesynchronizatiobetweerdif-
ferentpopulationd3, 11, 18], (2) higherlevels of excitationcanovercomemoder
atelevels of noiseto synchronizectvity, and(3) longerabsoluteefractoryperiod
canhelp overcomenoiseandhelp synchronizeneuronsAll of thesefactorswere
systematially testedwith the samemodelpresentedn this paper but becausef
limited spacetheresultsarenot presentedhere(see[3] for thefull data).

An interestinguturedirectionis to seewhetheradjustng thedecayratecancounter
the effectsof conductiondelays.A combinedmodelwith both adjustable®?SPde-
cay rate and adjustableconductiam delay canbe developedandthe interactionof

thetwo processesanbestudiedlt is possibé thatadjustinghedecayratecanhelp
overcomevariousside-efectssuchasunintendediesynchronizatiomtroducedoy

conductiondelayby resynchronizinghe neurons.

Biological experimentscanbe doneto verify whetherthe dendriticmembrango-
tential can decayat different ratesat differentlocations,and also whetherthere
is sucha differencebetweendifferent typesof synapsege.g. glutaminegic vs.
GABA-ergic synapses)f thereis adifferencethatdatacanbecomparedo there-
sultspresentedh this paperandit canhelpusunderstandherole of thesedifferent
kindsof connectionsn modulatng synchrory.

5 Conclusion

In this paper we have shavn that synchronizatia behaior canbe modulatedby

adjustingthe PSPdecayratefor differenttypesof synapsesAdjusting the decay
rate at a local scalecanallow a finer degreeof synchronizatiorbehaior tuning
, andit may be a more efficient processhanadjustingaxonalconductiondelays
which may requirea macro-level change.The computatioal resultspresentedn

this papercallsfor furtherinvestgationsinto the role of PSPdecayratein modu-
lating neuralbehavior.
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