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Abstract

Integrate-and-fire neuronshave beenusedwidely to modellarge-scale networks with tem-
poral dynamics.Previouswork hasfocusedon temporal delays in modulating synchroniza-
tion behavior; not muchattention hasbeengivento thepostsynaptic potential (PSP) decay
rate. In thispaper, weshow thatvarying thePSPdecayratehasthesameeffectasadjusting
theaxonalconduction delay. Thedecayratecanbeadjustedindependentlyatdifferentloca-
tionsin theneuron,allowing precisefinetuningof synchronizationbehavior. Also,because
theadjustmentscanbelocal andsmall,thisprocesscanbemoreefficient thanadjustingthe
larger-scaleaxonal delays.
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1 Introduction

Experimentalevidencesuggeststhat temporallycorrelatedactivity contributesto
binding and segmenting featuresin sensoryinput [4, 10]. Thus, temporalinfor-
mationmaybevery important for neuralfunction.Integrate-and-fireneuronshave
beenstudied extensively in this role becausetheir simplicity makesit possibleto
studysynchronization behavior in large-scalenetworks[2, 8, 11,13].
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Someof thiswork assumesthatspikesaretransmittedinstantaneously [2], but oth-
erstake into accountaxonalconduction delays[11, 13]. It turnsout that thedelay
characteristicof differenttypesof connections(e.g.excitatoryandinhibitory) de-
terminethe synchronizationbehavior in a highly interconnectednetwork of neu-
rons.The main resultsare: (1) excitatory connectionswith no delay causesyn-
chrony [2, 9, 11], (2) excitatory connectionswith delaycausedesynchrony [13],
(3) inhibitory connectionswithout delaycausedesynchrony [11, 13], and(4) in-
hibitory connectionswith delaycausesynchrony [11, 12, 13, 17]. Previousmodels
of spiking neuronshave eitheradaptedor selectedthe axonaldelaysto regulate
synchronizationbehavior [7, 16]. Althoughdelaycanbeadaptedby changingthe
axonalmorphology (length, thickness, and myelination; [6]), the fine degreeof
delaytuning neededin the above modelsmay not be easyto achieve in a macro
structureasanaxonin biologicalneurons.

An alternative to delayadaptationis to changethe decayrateof the postsynaptic
potential.Decaymaybeeasierto alterin biological neuronssinceion channelscan
be addedor removed to tunethe leakageof currentsthroughthe cell membrane.
The numberanddistribution of ion channelscanchangethroughvariousmecha-
nismsincluding activity-dependentgeneexpression andactivity-dependentmod-
ulation of assembledion channels(see[1] for a comprehensive review). Nowak
andBullier [14] studiedvariousmechanismsof decay(or integration time), and
further investigationsof thesemechanismsmaywell revealhow decayratecanbe
controlled.Somemodelsalreadyutilize synapticdecay[5, 15], but theinfluenceof
differentlevelsof decayonsynchronizationhasnotbeenfully tested.

Can decayrate affect synchronizationbehavior just as delay does?This paper
shows that different decayratescan indeedcausegreatly different synchroniza-
tion behavior evenfor thesametypeof connections(i.e. excitatory or inhibitory).
TheresultssuggestthatPSPdecayratesshouldbestudiedin moredetail in order
to understandhow synchronizationis modulatedin biological neuralnetworks.

2 Model

The neuronmodelusedin this paperis a generalizationof the popularintegrate-
and-fireneuron.Insteadof a singleintegration mechanismper neuron,eachindi-
vidual postsynaptic membranehasa separateintegration term with independent
PSPdecayrates(figure1).

Eachconnectionbetweenneuronsis a leaky integratorthatcontinuouslycalculates
anexponentially decayedsumof incoming spikes: �

��� �"!$#&%'�(�"!*)+��� �-, � !".0/�132 (1)

� This equationhasthesameform astheonederivedfrom convolution equationsin [5].
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Fig. 1. The Neuron Model. Leaky integratorsat eachsynapseperform decayed summa-
tion of incoming spikes,andthe outgoing spikesaregeneratedby comparing the sumof
weighted sumsto the dynamic spiking threshold. The dynamic threshold consistsof the
basethreshold 4 � �6587 andthe 4:9 7(; that representstherefractory period.

where �<�(�"! and �<�(�=, � ! arethecurrentandtheprevious decayedsum(i.e. at time
step � and �>, �

), %'� �"! is the input spike (either0 or 1), and ? is the decayrate.
The excitatory connectionsand inhibitory connectionshave separatedecayrates
? 7 and ?A@ . Sucha leaky integratormodelsthe Post-SynapticPotential(PSP) that
decaysexponentially over time in biological neurons.The formulation is a finite
differenceapproximationof theleaky integrate-and-fireneuronwhen ? is thesame
for all synapses.

Eachcorticalneuronin themodelis connectedto oneinputneuronandto all other
corticalneuronsthroughexcitatoryor inhibitory lateralconnections.Theweighted
sumof theafferentandlateralleaky synapsesarecalculatedandpassedthrougha
squashingfunction:0 if sum BDC , 1 if sum EDF , and

58GIH /�JK /�J otherwise.Theresulting
activation L �(�"! is comparedto thedynamicthreshold:

M �(�"!$# M � �65N7 )DO M 9 7�; � �"!�2 (2)

where
M � �6587 is thebasethreshold,

M 9 7(; � �"! representstherefractoryperiod,and O is a
scalingconstant.Theterm

M 9 7(; �(�"! is alsoaleaky integratorasin equation1,but with
adifferentdecayrate ?A9 7�; . If L � �"! is greaterthan

M � �"! , anoutputspike is generated.

3 Experiments and Results

Thirty fully connectedneuronsweresimulatedfor 500iterations.Eachneuronre-
ceiveda constantinput of value1.0 throughoutthesimulation,andtheconnection
weightswereuniform with a valueof

�QPSRUT
. Afferentinput wasscaledby 0.8 and

lateralinputby 0.01prior to passingthroughthesquashingfunctionto maketheto-
tal afferentvs.lateralcontributionsto haveasimilar range.Thesquashingfunction
parameterswere C # TWVXT

and F # RWVYT
. Thethresholdparameterswere

M � �6587 # TWVZ�
,
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Fig. 2. Effect of Connection Type and Decay Rate on Synchronization. Thirty neurons
with full lateral connectionsweresimulatedfor 500 iterations. Four separateexperiments
wereconductedto determinehow decayin inhibitory andexcitatorylateral connectionsaf-
fectssynchronization. The _ -axis representsthesimulation iteration,and ` -axistheneuron
index. Themembranevoltageis plottedin grayscale,from low to high (black to white). ( a )
Excitatory connections with slow decay result in desynchronized activity. ( b ) Excitatory
connections with fastdecay result in synchronizedactivity. ( c ) Inhibitory connectionswith
slow decay result in synchronizedactivity. ( d ) Inhibitory connectionswith fastdecayresult
in desynchronizedactivity. Theresultsshow thatsynchronizationbehavior canvarygreatly
evenfor thesameconnectiontype if thedecayratediffers.

Oe# TWVXf3g
, and ?h9 7(; # TWVXT3g

. Membranevoltageof eachneuronwasrandomlyinitial-
ized.

Fourseparateexperimentswereconductedto testtheeffectof altereddecayrateon
synchronizationbehavior: (1) excitatorylateralconnectionsalonewith slow decay
( ? 7 # TWVZ�

), (2) inhibitory lateralconnectionsalonewith slow decay( ?i@ # TWVZ�
), (3)

excitatory lateralconnectionsalonewith fastdecay( ? 7 # �UVXT
), and(4) inhibitory

lateralconnectionsalonewith fastdecay( ?j@ # �UVXT
). Theresultsaresummarizedin

figure2[ –̂ , respectively.

Two conditions,excitatoryconnectionswith fastdecayandinhibitory connections
with slow decay, resultedin synchrony. In contrast,excitatory connectionswith
slow decayand inhibitory connectionswith fast decayresultedin desynchrony.
Theseresultsaresimilar to the resultswith conductiondelaysasreportedin [11,
13]. Sincedecayratemay be easierfor neuronsto adjustthanconductiondelay,
neuronsmayindeedemploy this processto fine-tunetheir synchronization behav-
ior.
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4 Discussion

BesidesPSPdecay, severalotherfactorsaffect synchronizationbehavior in a net-
work of integrate-and-fireneurons.For example,(1) noisy initialization of mem-
branevoltage,or on-goingaddition of noisehelpsdesynchronizationbetweendif-
ferentpopulations[3, 11,18], (2) higherlevels of excitationcanovercomemoder-
atelevelsof noiseto synchronizeactivity, and(3) longerabsoluterefractoryperiod
canhelpovercomenoiseandhelpsynchronizeneurons.All of thesefactorswere
systematically testedwith thesamemodelpresentedin this paper, but becauseof
limitedspacetheresultsarenotpresentedhere(see[3] for thefull data).

An interestingfuturedirectionis toseewhetheradjustingthedecayratecancounter
theeffectsof conductiondelays.A combinedmodelwith bothadjustablePSPde-
cay rateandadjustableconduction delaycanbe developedandthe interactionof
thetwo processescanbestudied.It is possiblethatadjustingthedecayratecanhelp
overcomevariousside-effectssuchasunintendeddesynchronizationintroducedby
conductiondelayby resynchronizingtheneurons.

Biological experimentscanbedoneto verify whetherthedendriticmembranepo-
tential can decayat different ratesat different locations,and also whetherthere
is sucha differencebetweendifferent typesof synapses(e.g. glutaminergic vs.
GABA-ergic synapses).If thereis adifference,thatdatacanbecomparedto there-
sultspresentedin thispaper, andit canhelpusunderstandtheroleof thesedifferent
kindsof connectionsin modulatingsynchrony.

5 Conclusion

In this paper, we have shown that synchronization behavior canbe modulatedby
adjustingthe PSPdecayratefor differenttypesof synapses.Adjusting the decay
rateat a local scalecanallow a finer degreeof synchronizationbehavior tuning
, andit may be a moreefficient processthanadjustingaxonalconductiondelays
which may requirea macro-level change.The computational resultspresentedin
this papercalls for further investigationsinto therole of PSPdecayratein modu-
latingneuralbehavior.
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