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Abstract. In modelnetworksof E-cellsandl-cells (excitatoryandinhibitory neu-
rons), synchronoughythmic spiking often comesaboutfrom the interplay be-
tweenthetwo cell groups:the E-cellssynchronizehe I-cells andvice versa.Un-
deridealconditions— homogeneityn relevantnetwork parametersandall-to-all
connectiity for instance— this mechanisncanyield perfectsynchronization.
Whathappensunderlessideal conditions?We find that approximatejmperfect
synchronizatioris possibleevenwith very sparserandomconnectiity. Thecru-
cial quantityis theexpectechumberof inputspercell. Aslongasit islargeenough
(morepreciselyaslong asthevarianceof the total numberof synapticinputsper
cell is small enough) tight synchronizations possible.The desynchronizingf-
fect of randomconnectiity canbe reducedoy strengtheninghe E—I synapses.
Moresurprisinglyit cannotbereducedy strengtheninghel —E synapsesHow-
ever, the decaytime constantof inhibition playsanimportantrole: Fasterdecay
yieldstightersynchrog. In particulay in modelsin which theinhibitory synapses
areassumedbo beinstantaneousheeffectsof sparse;andomconnectiity cannot
beseen.



1 Introduction

In networks of E-cells (excitatory neurons)and I-cells (inhibitory neurons)syn-
chronousrhythmicspikingoftenresultsrom theinterplaybetweerthetwo cell groups,
with the E-cellssynchronizinghel-cellsandvice versa.ThismechanismcalledPING
(PyramidalinterneuronaNetwork Gamma) Whittingtonetal., 2000)or y-II (Tiesinga
etal., 2001),hasbeenobsened in modelingstudies,andtherearereasondo believe
thatsomeexperimentallyobsenedgammarhythmsarein factbasednthismechanism
(Traubetal., 1999;Whittingtonetal., 2000;Tiesingaet al., 2001).

The conditionsunderwhich PING occursare not completelyunderstoodthough
we discussthem heuristicallyin Section6. We focus hereon the effects of random
connectvity on PING. This effectis illustratedby Fig. 1. Detailsaboutthis figure will
begivenlater For now, it suficesto saythatFig. 1A shavstheemegenceof PINGIin
amodelE/l network with all-to-all connectvity, andwithoutary kind of heterogeneity
in network parameters.The figure indicatesspike times. Both cell groups(E and|)
synchronizdightly. If the connectity is madesparseandrandom,Fig. 1A turnsinto
Fig. 1B. Thetwo cell groupsnow fire spike volleys of brief but positive durations(The
spikevolleysof thel-cellsaresobrief thatthey appeato have zerodurationin theplot.)
Themaingoalof this paperis to analyzethedurationsandshape®f thesevolleys,and
their dependencen network parameters.

Synchronizationn the presenceof randomconnectvity hasbeenstudiedprevi-
ouslyfor excitatorynetworks(Barkaietal., 1990),for inhibitory networks (Bruneland
Hakim,1999;WangandBuzsaki, 1996),andfor E/I networks(Brunel,2000;Bushand
Sejnavski, 1996; GolombandHansel,2000; Hanseland Mato, 2001; van Vreeswijk
and Sompolinsly, 1996; van Vreeswijk and Sompolinsly, 1998; Wanget al., 1995).
This literatureis aimedat understandingitherthe stability of the asynchronoustate,
or transitionsfrom asynchrow to rhythmsandvice versa.We do not considertheses-
sueshere,but focusinsteadon a detailedunderstandingf the nearsynchronoustate.



We briefly outlinethe paper In Section2, we review the thetamodel(Ermentrout
andKopell, 1986; GutkinandErmentrout,1998; Hoppensteadindlzhikevich, 1997),
anidealizationof a large classof conductancéasedheuronaimodels.Our aguments
andsimulationsin this paperarebasedon this model. We alsointroduceour modelof
synapsef Section2, anddescribehe connectity of our modelnetworks. In Section
3, we presennumericalexperimentsddemonstratinghatthe desynchronizingffect of
sparsenesandrandomness theconnectity primarily originatesrom thevariancan
thenumberof inputspercell, notfrom therandomnesperse Thesynchronizatiorf a
populationof cellsby aninhibitory input pulseis analyzedn Sectiord, first assuming
thatall cellsrecevethesamanputpulse(Sectiord.1),andthen,motivatedby theresult
of Section3, assuminghat differentcells receve input pulsesof differentstrengths
(Sectiond.2). Similarly, the synchronizatiorof a populationof cells by an excitatory
input pulseis analyzedn Section5, first assuminghatall cellsreceve the sameinput
pulse(Section5.1), thenassuminghatdifferentcells receve input pulsesof different
strengthgSection5.2). Theresultsof Sections4 and5 arecombinedin Section6 to
analyzePING in E/I networks. In Section7, we summarizeour resultsand put them
into the context of otherrecentwork onthe samesubiject.

2 Review of theta neurons

2.1 Equation of a singletheta neuron

In theHodgkin-Huxley model,a periodicallyspikingspace-clampedeuronis rep-
resentedy a point moving on a limit cycle in a four-dimensionaphasespace.Anal-
ogously in the thetamodel (Ermentroutand Kopell, 1986; Gutkin and Ermentrout,
1998; Hoppensteadand Izhikevich, 1997), a neuronis representedyy a point P =
(cos8,sinB) maving on the unit circle S'. In the absenceof synapticcoupling, the



differentialequationgoverningthe motionis
e 1
dt 1
Herel shouldbethoughtof asaninput “current”, measuredn radiansper unit time.
Thetime constant > 0is neededo make Eg. (1) dimensionallycorrect;it is analogous
to amembrandime constant.
Whenl < 0, Eq. (1) hasthetwo fixed points

(1—cosB)+1(1+cosh) . (1)

6% — +2arccos——— .

0 \/ﬁ
6, is stable,and6} is unstable.For | < 0, the vectorfield on the circle is shavn in
theleft panelof Fig. 2A. If 6 is perturbedslightly from 6, it returnsto 8, . However,
if 8 is raisedbeyond 8, alarge excursionoccurswith the point P moving aroundthe
entirecirclewhile 8 increaseso 6, + 21 Thestablefixedpoint8; is theanalogof the
stableequilibrium of a neuron.The unstabldixed point eg is the analogof a spiking
threshold.

As | approache8, thefixed pointsapproacteachother A saddle-nodéifurcation
occurswhenl = 0. Thetwo fixedpointscometogetherat6 = 0; seethe centerpanelof
Fig. 2A. Whenl > 0,d6/dt > O for all t, sothereis nofixedpoint; seetheright panel
of Fig. 2A.

Thetransitionfrom | < 0to | > 0 is theanalogof the transitionfrom excitability
to spikingin a neuron.Neuronalmodelsare calledof typel if this transitioninvolves
a saddle-nodéifurcationon a limit cycle, of typell if it involvesa subcriticalHopf
bifurcation(Ermentrout,1996; Gutkin and Ermentrout, 1998; Rinzeland Ermentrout,
1998). This classificationgoesbackto Hodgkin (1948). Thusthe thetamodelis a
typel neuronaimodel. It hasbeenshawn to be canonical in the sensehatothertype
I modelscanbe reducedo it by coordinatetransformationgErmentroutand Kopell,
1986;Hoppensteadindlzhikevich, 1997).
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If 0 < | <« 1/t, themotionis muchslowernearf = 0, i.e., nearthe “ghost” of the
fixedpointannihilatedn the saddle-nodéifurcation,thanelswhere Thisis illustrated
in Fig. 2B, which shaws sinB asa functionof t for Tt = 1, | = 0.02. As the point
P = (cosB,sinB) movesslowly past(1,0), sin@ changeslowly. As P movesrapidly
aroundthecircle,sin@ rapidlyrisesto 1, thenfallsto —1, thenreturnsto valuesslightly
belowv 0. The graphof sinb resemblesto someextent, the voltagetraceof a spiking
neuront When® crosseg2l — 1)1, | integer, with d8/dt > 0, we saythatthe neuron
spikes

If I >0and—mt< 01 <6, < T, thetimeit takesfor 0 to risefrom 61 to 6, equals

% de G tan(6/2)1%
/91 (1—cosB)/T+1(1+cosh) \ﬂ [arctanT] - (2)

Settingd; = —mmandB, = 1tin thisformula,we find thatthe periodequals

P:T[\/}: (3)

We denotethe time it takesfor 0 to rise from 11/2 to 31/2 by W, andcall it the spike
width. Applying formula(2) with (81,02) = (1/2, 1) and(81,62) = (-1, —11/2) and
addingtheresultswe find

1Someauthorsthink of — cos8, notsin®, asthe“voltage-like” quantityin thetheta
model.Which of thetwo we call “voltage-like” is of noconsequencir thispaperand
neitheris “voltage-lik” in ary precisesense.However, we preferto think of sin as
the“voltage-like” quantityfor thefollowing aestheticeason.Considera thetaneuron
driven slightly above threshold. Near the “ghost” of the equilibrium point (6 = 0),
sin@ is slowly increasingwhile — cosB hasa local minimum. Onthe otherhand,for a
Hodgkin-Huxle/-type neuronof typel drivenslightly above threshold the membrane
potentialV is slowly increasingnearthe“ghost” of theequilibriumpoint. In thissense,
V is moresimilar to sin@ thanto — cosP.



1 T
W= [n— 2arctanﬁ} T (4)

For physiologicalrealism,we wishto ensuréN /P <« 1. By Egs.(3) and(4),

\W 2 1
— =1— - arctan— .

P T VIl
ThereforeW /P < 1 meanghe sameastl < 1. Sincearctar{1/¢) = 1/2 — € + O(?)
ase — 0,Eq.(4) impliesW =~ 2t whentl <« 1. Thusin theparameteregimeof interest
to us, T is approximatelyhalf the spike width. Motivatedby this discussionandby the
factthatspike widthsin realneuronsareon the orderof millisecondswe set

=1

for theremainderof this paper think of time asmeasuredn millisecondsandalways
considelinputcurrentd < 1.

2.2 Synapses between theta neurons

We modelsynapsesy addingtime dependeninput currentsto Eq. (1). Whenthe
pre-synapticieuronspikes,the post-synaptieeuronrecevesaninputcurrent(positive
or neggative,dependingpn whetherthe synapses excitatoryor inhibitory) whichjumps
to its maximumvalueinstantaneous|yhendecaysexponentially This is the modelof
Sec.2.1.50f I1zhikevich (2000);seealsoErmentrou{1996)for adiscussiorof synapses
betweerthetaneurons.

Thusanetwork of N coupledthetaneuronss describedy a systemof differential
equationof theform

do; N

e =1-cosf; + (lj‘l‘i;aigiij) (14cos8j), 1<j<N.



Ij denotesthe externalinput to the j-th neuron,which can be positve or negatve.

The constani; equals+1 or —1, dependingon whetherneuroni is excitatory (E) or

inhibitory (1). Theconstang;j > 0 measurethestrengtiof thesynapsérom neuroni to

neuronj, andsj = sj(t) is the synapticgating variable associatedvith this synapse.
The value of sj alwayslies betweenO and1. It jumpsto 1 whenneuroni spikes.

Betweenspikesof neuroni, it decaysxponentially following the differentialequation

dsj _ _Si
dt T

Thedecaytime constantg;; arepositie.

Thejumpsof s occurringwhenneuroni spikescausedifficultiesin the numerical
simulationof the network, and are, of course,not physiologicallyrealistic. In our
simulations,we thereforereplacethe jumps by rapid but smoothrises, letting s be
governedby a differentialequationof the form

4Sj _ _Si | g n(teoss) 1= Si
dt Tjj R

with Tr = 0.1 andn = 5. ThetermeN(1+c0%) (

0 ~ (21 — 1)m, | integer, anddrivess; towards1 rapidly when®6; ~ (2| — 1)1t The
parameterr is reminiscenbf asynapticrisetime. Fig. 3 shavs s for 1jj = 2 and 10,
with theinput of the pre-synapticieuronchosersothatits periodequals25.

1-sj)/tris verycloseto zerounless

2.3 Sparse, random E/I networks

Throughoutthis papey the decaytime constantg;; areassumedo dependon the
typeof i only (excitatoryor inhibitory). Sotherearetwo distinctvaluesof tjj, denoted
Te andt;. We alsoassumehatall excitatoryneurongeceve thesameconstanexternal
inputdrive lg, andall inhibitory neurongeceve the sameconstanexternaldrivel .

In later sections,we will considernetworks of coupledthetaneuronsincluding
Ng = 4N/5 excitatoryandN, = N/5 inhibitory neurons.Theseproportionsaremoti-
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vatedby the factthatin large portionsof the cortex, thereare aboutfour timesmore
excitatorythaninhibitory neurongBraitenbeg andSchiz, 1998).

The strengthsy;; of the synapsesrechoserat random.For a givennetwork, they
arechoseronceandfor all, i.e., they do notdependntime. To describethe choiceof
theg;j, thefollowing notationis useful.Let £ C {1,...,N} denotethe setof all indices
of excitatory neuronsandsimilarly 7 the setof all indicesof inhibitory neurons.For
I € £andj € I, wedefine

OEl
= Wii , 5
gl] pEINE ] ( )
with
1 with probabilit ,
Wij:{ Wi prg ability pg 6)
0 otherwise,
wheregg| > 0andpg € (0,1] areconstants.
For j € I, wedefine
WE| = Z Wij - (7)
€L
Notethatwe;| is abinomially distributedrandomvariable.We alsodefine
, Oel ,
Ogj = z gij = |NE (8)

i€E

Fromthe formulasfor the meanand standardieviation of binomially distributedran-
domvariableswe seethatgej hasmeangg, andstandardieviation

1—pg
PeiNE

Ogl = Okl 9)
By the CentralLimit Theoremgg;j is approximatelynormally distributedif pg Ng is
large. Assumingpg| < 1, asis physiologicallyrealistic(Braitenbeg andSchiz,1998),
Eq.(9) shavsthat

OE| 1
— = ; 10
Oer VPeiNe (10)
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Theleft-handsideof (10)is the coeficientof variation (the standardieviation divided
by themean)of ggj, j € 1. Theexpressionpg; Ng appearingon theright-handsideis
the expectedhumberof excitatoryinputsperl-cell.

Formulasanalogougo (5)—(10)apply to the I-E, E—E, andl—1 synapses.In
particular

1-peEe
O = , 11
IE=0E oEN, (11)
andtherefore 1
OlE
— 12
ge VvPEeN (12)

for pie < 1. Theleft-handsideof (12) is thecoeficientof variationof g, j, j € E. The
expressionp N, appearingpntheright-handsideis theexpectechumberof inhibitory
inputsper E-cell.

Several authorshave pointedout that pgyNg and p;gN, aremuchmoreimportant
thanpg;, Ng, pig, andN; in isolation(GolombandHansel 2000;Tiesingaetal., 2002;
Wangetal., 1995).

3 Loss of tight synchrony is attributable to variance in
the number of inputs per cell

Before consideringnetworks with sparse randomconnectity, we considerone
with all-to-all connectvity (pg; = pie = 1.0). Fig. 1A shovs anexampleof a simula-
tion with

le=0.1 1, =0, ge =9 =025 gee =01 =0, 1 =2, 1 =10. (13)

Fig. 1A shaws spike times, with the horizontalaxis indicatingtime, andthe vertical
axiscell index. Eachof thetwo cell groups(E andl) synchronizewery rapidly, with
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the synchronougpopulationspikes of the I-cells slightly lagging behindthoseof the
E-cells. The synchronizatioomechanisnseenin Fig. 1A is PING, briefly describedn
thelntroduction,anddiscussedn moredetailin Section6.1.

We commenbriefly onourparametechoices A neurordrivenwith |g = 0.1 spikes
periodicallywith aninterspile interval equalto 1i/+/1 ~ 9.93. Sincewe think of time as
measuredh millisecondsthis correspond#o afrequeng of (1000/9.93)Hz s 100Hz.
Thusthe E-cellsaredriven so hardthat they would spike abovze gammafrequeny if
they werenot subjectto ary inhibition. Thel-cellsaredrivenatthresholdj.e.,they do
not spike without additionalexcitatory input, but any excitatoryinput, regardiesshow
weak, will make themspike. The valuesof gg; andgg canbe varied considerably
without ary qualitatve changein Fig. 1A. However, for smallvaluesof gg| (roughly
< 0.1), two or morepopulationspikesof the E-cellsoccurbeforethe I-cells respond.
For large valuesof gg| (roughly > 0.7), two or more populationspikesof the I-cells
occurin responséo a populationspike of the E-cells. For smallvaluesof g ;g (roughly
< 0.1), theE-cellsarenotsynchronizedFor largevaluesof g g, therhythmis slow, but
notqualitatvely differentfrom thatin Fig. 1A. For simplicity, we assumderethatthere
areno E—E or I—1 synapses,e., geg = g1 = 0. In our experience E—E synapses
(with a brief synapticdecaytime suchastg = 2) do not affect PING rhythmsmuch.
However, |—| synapsesrecrucialin someparameteregimes;this will be discussed
in Section6.1. Our choicesof Tg = 2 and T, = 10 are motivatedby the decaytime
constant®f excitatory synapsesmvolving AMPA receptorgapproximately?2 ms)and
inhibitory synapsefvolving GABA receptorgapproximatelyl0 ms);recallthatwe
think of time asmeasuredh milliseconds.

Whenpg, andp,g arereducedrom 1.0to 0.5, Fig. 1A turnsinto Fig. 1B. Thetwo
cell groupsnow fire spike volleys of positive durations.As statedin the Introduction,
themaingoalof this paperis to understandhe durationsandshape®f thesevolleys.

In thenetwork underlyingFig. 1B, eachE-cellrecevesinputfrom arandormumber
of I-cells. Theexpectedvalueof thisnumberis 50. Similarly, eachl-cell recevesinput
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from arandomnumberof E-cells,with expectatior200. We now repeathe simulation
of Fig. 1B with a network in which the connecwity is still sparseand random,but
thevariancein the numberof inputspercell hasbeeneliminated.Thatis, eachE-cell
recevesinput from a randomsetof exactly 50 I-cells, andeachl-cell recevesinput
from a randomsetof exactly 200 E-cells. The network is like that of Fig. 1B in all
otherregards.Theresultis shovn in Fig. 4A — tight synchroy is restored.

Whenthe numberof inputspercell is fixed, tight synchronizations possibleeven
for muchsparsenetworks. Fig. 4B showns a simulationin which eachE-cell receves
input from onel-cell, andeachl-cell recevesinput from four E-cells. Although syn-
chronizationis achieved a little lessrapidly thanin Fig. 4A, it becomegight within a
few oscillationperiods. A four timeslarger network, againwith oneinhibitory input
into eachE-cell andfour excitatoryinputsinto eachl-cell, shons similar behaior; see
Fig. 4C.

If the numberof excitatory inputs per I-cell is reducedagain, from four to one,
thereappeardo be no synchronizatiorary more; seeFig. 4D. Thusthereappeargo
be a minimum numberof inputs per cell neededor synchronizationa “percolation
threshold”.However, thisnumberis very smallin our simulations.In previouswork on
differentmodels similarthreshold$have beenfound (GolombandHansel 2000;Wang
and Buzsaki, 1996; Wanget al., 1995). In all threeof thesereferencesasynchrog
wasfoundto becomeaunstablevhenthe numberof inputspercell exceededathreshold
valueindependenof network size.

A cell in a humanbrain typically receves input from thousandsof other cells
(Braitenbeg andSchiz, 1998). Our numericalexperimentssuggesthatwith somary
synapsesheimpactof sparserandomconnectvity on synchronizations attributable
to the variancein the numberof inputsper cell, not to the percolationthreshold. We
will assumehisto bethecasefrom now on.
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4 Synchronization of a population of theta neurons by a
single strong inhibitory pulse

4.1 Synchronization by an inhibitory pulse of uniform strength

We considerapopulationof N identical,uncouplecheuronsvith commonconstant
externaldrive above threshold receving a commoninhibitory synapticinput pulseat
time 0. Following Section2, we modelthis populationby the equations

do; i
S = (10089 + (1 -gs(t) (L+cosd)), 1<j<N, (14)
with 1 > 0,g> 0,and
0 ift<o

with 1) > 0. If theinhibitory pulseis strong,it bringsthepopulationcloseto synchroyy.
An exampleis shavnin Fig. 5A, which displaysresultsof a simulationwith

—t/T| H
s(t):{ 5] ift>0

N =100 |=0.05 g=0.25 1 = 10. (15)

The synchronizatiorbroughtaboutby the inhibitory pulseat time 0 is immediateand
nearlyperfect.
To understanthesynchronizatioshavnin Fig. 5A, considetheinitial valueprob-

lem
% = l—cose+(l —ge_t/r'> (1+cosB), t>0, (16)

with —11< 89 < . We define

Jt)=1—ge ¥/,
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Egs.(16) and(17) canthenbere-writtenin theform
dé

g = 1—Cos9+J(1+cosh) (18)
dJ I

@ -
6(0) = 6 (20)
J0) = I-g (21)

The phaseportrait for the two-dimensionaldynamicalsystem(18), (19) is shovn in
Fig.5Cfor | = 0.05andt; = 10. Thedashedine in Fig. 5Cis thenullclinedd/dt = 0.
The nullcline dJ/dt = 0 is the horizontalline J = |, the upperedgeof the window
shavnin Fig. 5C. Thefigure shouldbe extendedperiodicallyin 8 with period2m. The
flow is upward,in thedirectionof increasing].

The most striking featureof Fig. 5C is the existenceof strongly attractingand
stronglyrepellingtrajectories.Trajectoriesof this kind exist in mary systemf ordi-
narydifferentialequationsandarecalled“rivers” (Dienet 1985a;Diener 1985b).The
figurerevealsa“stableriver”, i.e.,atrajectory(6s, Js) thatis attractingin forwardtime,
indicatedasabold line in Fig. 5C, with (8s,Js) — (—Tt, —) ast — —oo, d6s/dt > O,
and

Jo(t) =1 —ge /T (22)

for all t. We denoteby T thetime whenBs(T) = 1, anddefine
J*=J3(T) € (0,1). (23)

Eqgs.(22) and(23) imply
T=1Ing—1In(l = J%). (24)

Notethatthe phaseportraitdependontheparameters andt;, but notong. Therefore
thevalueof J* depend®n| andt;, but notong.
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Thesynchronizatiorseenn Fig. 5A canbeunderstoodrom Fig. 5Cin thefollow-
ing way. For g sufficiently large (thatis, J(0) sufficiently negative), andfor 8¢ suffi-
ciently far from 1, (8(t),J(t)) is rapidly attractedto (6s(t),Js(t)). At thetime when
0 = m, we thereforehave J =~ J*, ort & T. Thusthefirst spike aftertime zerooccurs
approximatelyattime T. For 6g sufficiently closeto 1, 8(t) quickly passeshroughrr,
andis thenrapidly attractedto (0s(t) + 21t Js(t)). When#(t) reaches3m, J ~ J* and
thereforet ~ T. Thusaspike occurssoonaftertime zero,followedby a spike approx-
imately attime T. Only for valuesof 8 in a narrav transitionregime is (6(t),J(t))
attractecheitherto (6s(t), Js(t)), norto (8s(t) + 21t Js(t)).

Eq. (24) givesthe time of the first approximatelysynchronougpopulationspike.
Sincewe have no explicit formulafor J*, Eq. (24) is not an explicit formulafor T.
However, sinceJ* doesnotdependn g, EqQ. (24) doesgive the precisedependencef
T ong. Thisdependencwill beof primaryinterestto usin theremaindernf Section
4. For laterreferenceywe notehow (24) is modifiedwhenthe synchronizingnhibitory
pulsearrivesnotattime 0, but at sometime To:

T=To+1Ing—1In(I =J%). (25)

4.2 Approximate synchronization by an inhibitory pulseof non-uniform
strength

Motivatedby Section3, we areinterestedn theeffectsof variablesynapticstrengths.
We therefordet theconstang in Eq.(14) depencon j:

do; '
d—t] = (1-cosBj) + (I —gjs(t)) (1 +cosBj), 1<j<N.

Thatis, differentneuronsreceve inhibitory pulsesof differentstrengths.We assume
thattheg; areindependentormallydistributedrandonmvariablesyith meang > Oand
standardleviationag > 0. If gis largeenoughandag is smallenoughthe population
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is still synchronizedpproximately Thisis illustratedin Fig. 5B, which shavs results
of asimulationsimilarto thatof Fig. 5A, with

N =100 | =005 g=025 o0g=0.025 1 = 10. (26)

(Compareheseparametersvith thosein Egs.(15).) Insteadof the nearlysynchronous
populationspikesof Fig. 5A, we now seespike volleys of brief but positive durations.
To analyzethe durationsof thesespike volleys, let us considerthe initial value
problem(16), (17) with arandomg > 0. Let pg = pgy(Yy), Y > 0, be the probability
densityof g, andletg > 0 andog > 0 beits meanandstandardieviation. Let

X =Ing. (27)
CombiningEgs.(24) and(27),
T=uX-1In(l-J%. (28)

The only randomquantityon the right-handsideof Eq. (28) is X. We will discussts
distribution first. Let px = px(§), — < § < o, be the probability densityof X. For
—oo <a< b< oo,

[ ex(®de = PiXe(ab) = Plnge (ab) = P(ge (&)

[ oumay = [ oy .
Therefore
Px (&) = € pg(€") (29)
for all £. For smallay, the standardleviation of X is

_ 9

ox =~ In’'(g)og = R (30)
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FromEgs.(28) and(29), we seethatthe probabilitydensityfunctionof T is

pr(t) = %e(t—y-n In(1-J%)) /7 Py (e(t-H. In(l_,]*))/n) ) (31)
For later referencewe notehow formula (31) changesf the approximatelysynchro-

nizinginhibitory pulsearrivesnotattime 0, but at sometime To:

1 R .
- = (t—T0+T| |I’](|—J ))/T| (t—T0+T| In(I—J ))/T|
pr() = AC )- (32)
UsingEqgs.(28) and(30), we seethatthe standarddeviationof T is
OT =T Ox =T % (33)

for smallag. We think of ot asa measureof the durationof the spike volleys. Thus
the durationof the spike volleys is proportionalto the productof 1, the decaytime
constanbof inhibition, andthe coeficient of variationog/g of g.

To verify theseaesultscomputationallywe returnto theexampleof Fig. 5B. Strictly
speaking the precedingdiscussiordoesnot apply to this example,sinceg, which is
assumedb benormallydistributed,is notguaranteetb bepositive. However, formulas
(29), (31), and (33) are well-definedif pg is a normaldensity Sinceg = 0.25 and
0g = 0.025,theprobabilityof g < 0 is extremelysmall. We thereforeexpect(29), (31),
and(33) to hold with goodaccurag.

We defineT (1) to bethetime of the spike of the j-th neuronwithin thefirst nearly
synchronouspike volley. We set

) ~N\2
SN, TO) ) SN, (T(J)—T)
== N and o1 = N_1 . (34)

=

Hereandfor theremaindeof this paper hatsindicateresultsobtainedrom numerical
simulations.In theexampleof Fig. 5B, we find

o7 =~ 1.02
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We seethat 67 is indeedcloseto 1,04/7, which equals1.0 in this example. If we
doublert, in this experiment Gy risesfrom 1.02to 2.04,in agreemenivith Eq. (33).

To verify Eq. (31) numerically we mustknow the valueof 1, In(l — J*). Taking
expectation®n bothsidesof Eq. (28), we find

T In(1 =J)=1EX)—E(T) =1 E(Ing) — E(T) .
For sufficiently smallag, thisimplies
TIn(l =J3)~1Ing—E(T),
suggestinghe approximation
4In(l —J) ~1Ing-T. (35)

Fig. 5D shaws the densitypr, asdefinedin Eq. (31), usingthe approximation(35),
with 1) = 10, andassuminghatpg is a normaldensitywith g = 0.25andag = 0.025.
The histogramin Fig. 5D indicatesthe actualspike time density determinedrom the
numericalsimulation. Theagreemenbetweerthetheoreticabredictionandtheactual
spike time distributionis excellent.

For laterreferencewe notehow Eq. (35) changesvhentheinhibitory pulsearrives
notattime 0, but atsometime To. FromEQ. (25), we thenobtain

A

1INl =) ~1Ing+To-T. (36)
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5 Synchronization of a population of theta neurons by a
single strong excitatory pulse

5.1 The synchronous population spike triggered by an excitatory
pulse of uniform strength

We next considera populationof N identical, uncoupledneuronswith common
constanexternaldrive belov or at threshold receving a commonexcitatory synaptic
input pulseattime 0. We modelthis situationby the equations

%:(1—cosej)+(l+gs(t))(1+c0991), 1<j<N, (37)

with 1 <0,g> 0,and

—UTEif t
s(t):{ € ift>0

0 ift<o
with Tg > 0. If theexcitatorypulseis strongijit triggersanearlysynchronougopulation

spike soonaftertime 0.
To analyzethis in moredetail,we considettheinitial valueproblem

% - 1—cose+(l+9€7t/TE>(1+0039)7 t>0, (38)
1

8(0) = —2arccos—. 39

© Vil >

Recallfrom Section2 thatfor | < 0, theright-handsideof Eq. (39) representthestable
fixed point of the equationd®/dt = 1 — cosB+ I (1+ cosB). Thuswe areconsidering
the responsef a neumon at restto an excitatory synapticpulse We denoteby T the
first time atwhichtheneuronspikes,with T = oo if thereis no spike atall.

We have nogenerabnalyticexpressiorfor T asafunctionof I, Tg, andg. However,
it is easyto seethatfor fixed| andtg, T is a strictly decreasindunction of g, with
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limg—o T =0andlimg_,g. T = o for someg. > 0; seeFig. 6B. For Tg = «, T canbe
computedusingformula(2), with | replacedoy | + g andt = 1. Theformulabecomes
particularlysimplefor | = O; in thatcase,

Tt
T=5—" (40)

alr

Theapproximatiorrg = « is accurateslongase '/ ~ 1, sincethentheexponential
decayin Eq. (38) canbengylectedover oneperiod.SinceT — 0 asg — o, thismeans
thatthe assumptiortg = o is accuratdor sufficiently largeg. Theassumptiod = 0
is accuratewhen|l|/g is sufiiciently small. So this assumptiontoo, is accuratefor
sufficiently largeg.

Fig. 6B shavs T asa functionof g, for variousvaluesof | andtg, demonstrating
thatEq. (40) approximated reasonablyvell over alargerangeof parametewalues.

5.2 The approximately synchronous population spike triggered by
an excitatory pulse of non-uniform strength

If the synapticstrengthin Eqg. (37) dependn |, i.e., if differentneuronseceve
excitatory pulsesof differentstrengthstheequationsre:

de; i
gt = (1—cos) + (I+gjs(t)) (1+cosdj), 1<j<N.

Fig. 6A shows that the resultingpopulationspike is not perfectly synchronous.(But
noticethatFig. 6A shavs a brief time window only; the synchronizations not perfect,
but fairly tight.) In the simulationunderlyingthis figure,

N =100 | =0, g=0.25, o4=0.025 T¢ =2. (41)

To analyzethe durationof the spike volley triggeredby anexcitatory pulseof non-
uniformstrengthwe considettheinitial valueproblem(38), (39)with arandomg > g.
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If o is small,thestandardieviationof T is

oT
For1g = w0 andl =0, 5
T T _3p
dg 4 (43)

by Eq. (40). Fig. 6C shawvs 0T /dg asa function of g, for variousvaluesof | andtg.
Thefigureconfirmsthattheright-handsideof Eq. (43) approximatesT /dg reasonably
well for largevaluesof g. CombiningEqgs.(42) and(43) yields

m 1l 0gg
OTR - —F©=—= - 44
21750 (44)
For illustration, we returnto the exampleof Fig. 6A (I =0, 1g =2, g = 0.25,
0y = 0.025). We defineT() to be thetime of the spike of the j-th neuron,anddefine

T and&t asin (34). Numerically we find
ot ~ 0.270.

To evaluatethe right-handside of Eq. (42), we approximatedT /0g numerically We
find 0T /g =~ —10.30 for the parameteraluesof Fig. 6A. The approximatiorof Eq.
(42), basedsolely on the assumptiorthat oy is so smallthatthe relationbetweenor
anday is approximatelylinear, provesfairly accuratehere;it yields

oT ~ 0.256.

The assumptiortg = o, which underlieskq. (44), degradeshe accurag, but by less
thanafactorof two:
ot ~ 0.157.
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6 The PING synchronization mechanism

6.1 PING in fully connected E-I networks

We returnto theexampleof Fig. 1A. Eachof thecell groups(E andl) synchronizes
rapidly, with the populationspikesof the inhibitory neuronsslightly laggingthoseof
the excitatory ones. We state,in a non-rigorousway, basedon numericalexperience
andheuristicsconditionsthataresufficient to inducefiring patternsasin Fig. 1A:

(1) TheE-cellsreceve externalinputsignificantlyabovetheir spikingthresh-
old.

(2) The E—1 synapsesire so strong,and have so shorta rise time thata
suge in spiking of the E-cells quickly triggersa suge in spiking of the
I-cells.

(3) Thel-cells spike only in responséo the E-cells.

(4) Thel—E synapsesreso strongthata populationspike of the I-cells
approximatelysynchronizeshe E-cells.

If conditions(1)—(4) are satisfied,synchronoushythmic spiking developsasfollows
(Whittington et al., 2000; Tiesingaet al., 2001). Initial actvity in the E-cellstriggers
actwity in thel-cells. Thisinhibitsactvity in the E-cells,therebyremoving thedriveto
thel-cells. A periodof low actwity in both E- andl-cells results.Whentheinhibition
wearsoff andthe E-cells spike again,they are closerto synchroly than previously
becausef the mechanisndescribedn Sectiond.1. The spiking of the E-cellscauses
spikingof thel-cells, closerto synchrory thanpreviously becaus@f the mechanisnof
Section5.1. Thecycle now repeats.

Condition(1) is evidently neededo drive actiity. We discussconditions(2)—(4)
in somemoredetail,andpresennumericalresultsillustratingwhathappensvhenthey
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areviolated.

Whencondition (2) is violated, i.e., whenthe E—I| synapsesreweak, a pattern
suchasthe oneshaown in Fig. 7A oftendevelops: The E-cellsandthel-cells still syn-
chronize,but the E-cellsspike severaltimesbetweenpopulationspikesof the I-cells.
Theparameterm Fig. 7A areasin Fig. 1A, exceptthatgg) hasbeenreducedrom 0.25
to 0.05.

Condition(3) is violatedif the drive to the I-cells becomegoo strong,but canbe
restoredoy introducingl—I-synapsesWe illustratethis with the following numerical
experiment.In Fig. 1A, 1} = 0. If weraisel, to 0.05,thefigurechangesiramaticallyas
showvn in Fig. 7B. Herel, is strongenoughto drive asynchronouactuity in thel-cells
thatsuppressethe E-cellsaltogetherCondition(3), andwith it therhythm,is restored
by settingg;; = 0.25; seeFig. 7C.

We notethatin theexampleof Fig. 7C, thel-cellswould spike synchronouslygven
without the E-cells. Thusthe role of the I-I synapsess to synchronizethe I-cells,
replacingnearly constantinhibition by phasicinhibition, which allows the E-cellsto
fire. Onemight thereforeconsiderthe rhythmin Fig. 7C an“ING” or “y-I" rhythm
(seeSection7). The parameteregimeinvestigatechereis similar to thatof Fig. 7d of
Tiesingaet al. (2001). Thereashere,asynchronougctiity of the I-cells suppresses
actvity in the E-cellsaltogetherwhile synchronousctivity of thel-cells permitsfiring
of the E-cells. In our Fig. 7C, the E-cells do play an importantrole in settingthe
frequeng of the rhythm. In the absenceof the E-cells, the rhythm would be much
slower. Thusthefiring of thel-cellsin Fig. 7C doescomein responseo thefiring of
theE-cells,asin PING.

Fig. 7D shavswhatmayhapperwhencondition(4) is violated,i.e.,whenthel - E
synapseareweak.Theparameters Fig. 7D areasin Fig. 1A, exceptthatg g hasbeen
reducedrom 0.25 to 0.05. The inhibitory synapse$o longersuffice to synchronize
theE-cells.As aresult,thel-cells,whichweresynchronizedy the E-cellsin Fig. 1A,
arenolongersynchronizectither
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A mathematicagxaminationof conditions(1)—(4)will bethesubjectof futurepub-
lications.

6.2 PING in sparsely, randomly connected E-I networks

Whenpg andp,g arereducedrom 1.0to0 0.5, Fig. 1A turnsinto Fig. 1B. In analyz-
ing thepopulationspikesof the E-cellsin Fig. 1B, we make thesimplifying assumption
thatthe populationspikesof thel-cells areperfectlysynchronousSincethel-cells are
in factfairly tightly synchronizedh Fig. 1B, thisis agoodapproximatioratleastfor the
parameterssedn Fig. 1B. Whenthel-cells spike, all E-cellsreceve inhibitory pulses.
However, differentneurongeceve inputsof differentstrengthdecausef therandom
connectvity. Theresultingapproximatelysynchronouspike volley of the E-cellscan
beanalyzedusingSectior4.2.

We focuson one particularspike volley of the E-cells,saythe first onefollowing
t =100in Fig. 1B. We defineTE(j) to bethetime of the spike of the j-th E-cell during

thisvolley. We define
. A \2
5 JZ; (TE(J)_TE)

and Og = Ne 1
-

FromEgs.(11) and(33), we find the prediction

R [1-piE
OE~T1 ; 45
== PiEN (45)

For thefirst spikevolley of theE-cellsfollowingt = 100in Fig. 1B, wefind numerically

Og = 1.18.

Thepredictionof Eq. (45) is remarkablyaccurate:

[1-piE
T ~1.22.
! PiEN
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We expectthe shapeof the spike volley to be approximatelydescribedby Eq. (32).
To evaluateEg. (32), we mustevaluateTo — T/ In(l — J*). (Recallthat T is thetime
at which the synchronizingnhibitory pulsearrives— herethe time of the inhibitory
populationspike immediatelyprecedinghe excitatory populationspike underconsid-
eration.)Following Eq. (36), we usethe approximation

To—T In(l —J*) %%E—'ﬂ Ing|E .

Thepredictedandactualspike time distributionsareshovn in Fig. 8. Theagreemenis
good.

We now considerthe first spike volley of the I-cells following t = 100in Fig. 1B.
We define‘l’l(j) to bethetime of the spike of the j-th I-cell duringthis volley, and

F 5 and & 1| 2! (T' _T')
' ' N—1

FromEqgs.(9) and(44), we find the prediction

& NI[ 1 1_pE|
T4 VOE | PEINE

For thefirst spike volley of thel-cellsfollowingt = 100in Fig. 1B, we find numerically

(46)

0; =0.151.

The predictionof Eq. (46) is somavhatinaccurateaswasto be expectedbecauset
Is basedon threerathersubstantialdealizations:tg = o, perfectsynchrory of the E-
cells,andtheassumptiorthatthe I-cells returnto restbetweerthe spike volleys of the
E-cells;seeEq. (39). However, thediscrepang is still notgreaterthanafactorof two:

m 1 1—pg
4 /9er \| PeiNe
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We notethatit would be possibleto relax the assumptiorof perfectsynchrory in
the E-cells,sincewe have fairly preciseinformationaboutthe durationsandeventhe
shape®f thespike volleys of the E-cells.We don't pursuehis here sinceourgoalhere
Is qualitatve insight,not precisequantitatve information.

7 Discussion

We have analyzedhe effectsof sparserandomconnectvity onthe PING synchro-
nizationmechanismin particular we have derivedapproximatdormulasfor the dura-
tionsof thespike volleys, Egs.(45) and(46). To make theseformulasastransparenas
possible)et ususetheapproximationd — pjg &~ 1 and1 — pg| ~ 1, andwrite

Mgl = peiNe
for the expectednumberof excitatoryinputsperinhibitory cell, and
Mie = pieN

for theexpectechumberof inhibitory inputsperexcitatorycell. Eqs.(45) and(46) then
become

n 1
O /= T \/M—|E (47)
and
G L (48)
' 4./9e1 /Mg

An interestingfeatureof theseformulasis theirlack of symmetry Thetime constant;
appearsn (47),but thetime constantg doesnotappeain (48). Similarly, gg; appears
in (48),but g, doesnotappeain (47).
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If athetaneuronwere driven with a constantdrive equalto gg|, it would spike
periodicallywith a periodwhichwe call Pg;. FromEq. (3),

L1
e
Usingthisin Eq. (48),wefind
&) ~ 1R (49)
4 /Mg
Let P denotethe periodof the PING rhythm. In the simulationsof this paper
Per <1 <P, Mg >MEg>1. (50)

TheinequalityMg > 1 is certainlyrealistic (Braitenbeg and Schiz, 1998). Thein-
equalityt) < P holdsfor agammarhythmif theinhibitory synapsesire mediatedby
GABA,, sincethe typical period of gammaoscillationsis about25 ms, andthe de-
cay time constantof GABAA synapsess about10 ms. It appearghat PING without
Pel < 1) isnotpossiblewith realisticvaluesof 1; morewill besaidonthispointbelow.
Combining(47),(49),and(50),we find

0| <Ok P.

Thusour theorypredictsthatfor PING in realisticparameteregimes,sparseandran-
domconnectvity will notpreventeitherE- or I-cells from synchronizindairly tightly,
but thel-cellswill synchronizenuchmoretightly thanthe E-cells. Our computational
resultsarein agreementvith theseconclusionsseeFig. 1B.

It is possibleto obtainPING withoutthe conditionPg) < 1) if T, is madeunrealis-
tically smallandg,g is madeunrealisticallylarge. In fact,in mary modelingstudies,
synapsesave beenassumedo actinstantaneously.e., with zeroriseanddecaytimes
(Brunel,2000;BrunelandHakim, 1999;1zhikevich, 1999;Mirollo andStrogatz,1990;
Tiesingaand Sejnavski, 2001);this amountgo takinga limit in which simultaneously
T) — 0andgg — . (In Brunel (2000)andBrunelandHakim (1999),thereis adelay
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betweerthe spiking of the pre-synaptimeuronandits effect on the post-synapticeu-
ron; however, thisdelayis notrelevantfor thepresentiscussion.Jn someregardsthe
behaior of instantaneousynapsess indeednot very differentfrom that of synapses
with morerealistictime courses.However, Egs.(47) and(48) predictthatthe effects
of randomconnecwity will bereduceddramaticallyby makingthe synapsestanta-
neous.To verify this numerically we repeathe simulationof Fig. 1B, with 1, reduced
by a factorof 50, andg,e raisedby afactorof 50. This closelymimicsinstantaneous
synapseshut is computationallysimpler Theresultis shavn in Fig. 9. As predicted,
synchronizationis muchtighter thanin Fig. 1B, even thoughthe randomnes# the
connectvity is thesamein Fig. 9 asin Fig. 1B. Therhythmis alsoacceleratedthis is
aresultof thereductionin ;.

Our theoryfor the spike volleys of the E-cellsis preciseenoughto allow accurate
predictionsnot just of the durationsof the volleys, but even of their shapesasshavn
in Fig. 8. A refinementof the theory could be obtainedby taking into accountthe
positive durationsof the spike volleys of the I-cells, perhapsusing ideassimilar to
thoseof Section3.2 of Tiesingaand Sejnavski (2001). (Recallthatin Section4, the
durationof the spike volleys of the I-cells wasassumedo be negligible.) However,
ournumericakesultsindicatethat,in our parameteregime, neglectingthe durationsof
the spike volleys of thel-cells givesan excellentapproximation.Tiesingaet al. (2002)
discussarelatedproblem,usingnumericalsimulationprimarily, andwith anemphasis
on informationtheoreticideas. They alsopresentexperimentalresults. For instance,
Fig. 8b of their paperillustrateshow thejitter in the spike timesof a rat hippocampal
neurondecreasewhenthequantity“npre” (our”pieN;”) increasesn roughqualitative
agreementvith Eq. (45). (Roughqualitatve agreemenis the bestthatcanbe expected
here,in view of theidealizednatureof ourtheory)

Our theoryfor the spike volleys of the I-cells is lessaccurate¢hanthatfor the ex-
citatoryones.However, sincethe synchronizatiorof the I-cells s typically quitetight,
andbroughtaboutby a crudemechanisn{a burstof excitationtriggersan almostim-
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mediate,and thereforealmostsynchronousesponseof the I-cells), a precisetheory
for the spike volleys of the I-cells is of lessinteresthere. To createsuchatheory we

would needto studyhow the durationof an excitatory input spike volley is relatedto

the durationof an outputspike volley triggeredby it. (Recallthatin Section5, the
durationof the spike volleys of the E-cellswasassumedo be nggligible.) This issue
is centrallyimportantin the study of synfire chains(Diesmannet al., 1999). Fig. 3c
of Diesmannret al. (1999)shows that the strengthof the input spike volley is crucial.
Strong,looselysynchronousnput spike volleys cantriggertightly synchronousutput
spike volleys. Usinga differentway of measuringsynchroly, therelationbetweenn-

put synchronizatiorandoutputsynchronizatiorwasalsostudiedby Burkitt andClark
(2001).

Combiningideasfrom theprecedingwo paragraphsa moreaccurateveralltheory
of PING may be createdas follows. First, the approximatespike time distribution
within the spike volleys of the E-cells, computedbasedon Section4, is taken into
accountin approximatinghe spike time distribution within the spike volleys of the |-
cells. Thisyieldsa refinementof Section5, which in turn canbe taken into account
in approximatingthe spike time distribution within the spike volleys of the E-cells,
leadingto arefinemenbf Sectiord. Iteratingthis processpnemayobtainincreasingly
accurateapproximationgo the spike time distributionswithin spike volleys. However,
suchanimprovedtheoryof PING is beyondthe scopeof the currentpaper

While working on this project,we carriedout far moresimulationshanhave been
presentedhere. Our conclusionshold over a wide rangeof parametersFor instance,
E—E synapsewvith geg = 0.25 have little effecton Fig. 1B. Weakl—| synapsebave
little effect, exceptfor the point madeat the endof Section6.1 — suchsynapsesan
make gammarhythmspossiblein casesvhenthe externaldrive to the I-cells is fairly
strong. Strengthenind—1 synapsesftenleadsto a transitionto a differentsynchro-
nizationmechanismgalledING by Whittingtonetal. (2000)andy-I by Tiesingaetal.
(2001). In ING, the I-cells aredriven externally, not by the E-cells,andsynchronize
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not only the E-cells,but alsothemseles. For ING, thewidthsandshape®f the spike
volleys of both E- andl-cells canbe approximatedisingtheideasof Section4.1. Fig.
10 shavs a simulationwith

0e=01=025 ge1=0ee =0, 1y =10, Ilge=1, =01, pe=p1 =05

As ourtheorywould predict,thevolleysof theE- andl-cellsarenow of equaldurations.
In future work, we will investigateING in sparserandomnetworks in more detalil,
includingin particularthe effectsof E—I-synapses.

Throughouthis paperwe have usedthethetamodel. As remarledin Section2.1,
the thetamodelis canonicalfor type | neuronalmodels,in the sensethat othertype
I modelscanbe reducedo it by coordinatetransformationgErmentroutand Kopell,
1986;Hoppensteadindlzhikevich, 1997).We thereforeexpectthe pictureto be qual-
itatively similar for all type | models,eventhoughthe detailsof our calculationsand
in particularthe detailsof the centrallyimportantFig. 5C, do dependon our choice
of model. Whetherand how our resultsgeneralizeto type Il modelsremainsto be
explored.

It would alsobe interestingto explore the effectsof spike adaptatioron our anal-
ysis. Synchronizationn sparselyrandomlyconnectedetworks with spike adapation
hasbeenstudiedpreviously by van VreeswijkandHansel(2001). Van Vreeswijkand
Hanseldiscusssynchronizatiorof bursts(notindividual spikes)via adaptatior(notin-
hibition). They obsere that strongl—E synapseslesynchronizéoursts,in contrast
with our regime, in which strongl—E synapsesynchronizespikes. The modeland
analysisare so differentfrom oursthat a detailedcomparisorwould be a major en-
deavor, but the papercertainlysuggeststudyingeffectsof adaptatiorin our modelin
thefuture.

We have analyzedsynchronizatiorby commoninput for the purposeof betterun-
derstandind®ING andING. We remark,however, thatsynchronizatiodly commonin-
putis alsoof neurobiologicalnterestoy itself (Usrey andReid,1999).We have shavn
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that even very sparseinput cansynchronize and have analyzedthe desynchronizing
effect of heterogeneityn input strength.
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Figurel: PINGin E-I networkswith A: all-to-all connectity andB: sparseconnec-
tivity.
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Figure2: Thetamodel.A: Thevectorfield onthecirclefor | < 0,1 = 0,andl > 0. B:
sinB asafunctionof time.
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Figure 3: Synapticgatingvariables asa function of time, with decaytime constants
T=2andt = 10.
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Figure4: Simulationof E-I networks with sparseyrandomconnecwity, but without
variancein the numbersof inputspercell. A: Parametersasin Fig. 1B, but with vari-
ancein numberf inputspercell eliminated.B: Only four excitatoryinputsperl-cell,
andoneinhibitory input perE-cell. C: SameasB in alargernetwork. D: SameasB,
but with only oneexcitatoryinputperl-cell.
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Figure5: Synchronizatiorby a singleinhibitory pulse.A: Inhibitory pulseof uniform
strength.B: Inhibitory pulseof non-uniformstrength.C: Phaseportraitfor Eqs.(18),
(19) with I = 0.05, T, = 10, with the stableriver indicatedboldly. D: Distribution of
spikeswithin thefirst volley following t = 0, in a simulationidenticalto thatin B, but

with 1000neuronspredicted(solid) andactual(bars).
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Figure6: A: Approximatelysynchronougpopulationspike triggeredby a singlenon-
uniform excitatory pulse. B: Time T betweenarrival of excitatory pulseand spike

triggeredby it, asa function of the strengthg of the pulse,for (1,1e)=(0, ») (solid),
(0,5) (dashes)(0, 2) (dash-dots)(—0.01,2) (circles).C: dT /dg asafunctionof g, for

the parametewaluesof B.
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Figure 7: lllustration of conditions(2)—(4) from Section6.1. A: PING is lost when
E—1 synapsebecomeoo weak. B: PING is lost asa resultof too muchdrive to the
I-cells. C: Rhythmis restoredby addingl—I| synapsesD: PING is lost whenl—E
synapsebecomeoo weak.
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Figure8: Distribution of spikeswithin thefirst spike volley followingt = 100in Fig.
1B: predicted(solid) andactual(bars).
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Figure9: PINGin anE-I network with sparserandomconnectvity, with nearlyinstan-
taneousynapses.
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Figurel0: ING in anE-I network with sparserandomconnectvity.
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