Simulating evoked gamma oscillation of human EEG in a
network of spiking neuronsreveals an early mechanism of
memory matching
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Abstract. Stimulus-locked gamma oscillations in early visual cotexe experimentally been linked to fast matching with
perceptual memory. It has been argued that these osailkatiould be explained by recurrent feedback between differe
levels of visual processing. We simulated two layers of $ngpiking neurons in a minimal network. Synaptic strengths
feedforward as well as feedback connections were systeafigitvaried. The network was stimulated with patterns thate
either completely or partially represented by convergeninections between the layers, or that were not represéntae
connectivity pattern of the network. Transient, stimulosked spike trains with a frequency 40 Hz were observed for
stimuli that were represented in the connectivity pattdrthe network, but not for stimuli that were not representedhie
connectivity pattern.
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INTRODUCTION

The world around us is constantly changing. To keep tracke$e changes we are required to rapidly differentiate
familiar from unfamiliar stimuli. The former can be used twadyze the behavioral demands of the current situation
whereas the latter will need to be learned if they turn out@dbhaviorally important. At best, a mechanism that
differentiates familiar from unfamiliar stimuli shouldrahdy provide the brain with a coarse idea of the identity of
the familiar stimuli. Here we propose a mechanism that cdiffdrentiate familiar from unfamiliar stimuli based on a
rate code accross a whole group of neurons. At the same tidiegthe identity of the familiar stimuli is performed

in the spike patterns of single neurons.

Recently, stimulus locked, evoked gamma band oscillat{en40 Hz) have been shown to be modulated by the
familiarity of visual stimuli [1]. If the participants of ik study watched line drawings of real world objects, a siron
evoked gamma band response (eGBR) was measured from elemphalographic electrodes over posterior cortex
regions. The eGBR was significantly diminished for randadizersions of the same line drawings. Evoked GBRs
vary with physical parameters of a stimulus, such as sizesanentricity [2]. It has been argued that these properties
suggest the origin of eGBRs to be at an early stage of viswalgssing. Thus, it seems reasonable that the memory
effects reported by Herrmann et al. [1] occur early in thei@igprocessing hierarchy. However, cells in early visual
areas usually code for elementary stimulus features sudhni@station or spatial frequency rather than familiar or
unfamiliar objects. Different authors argued that reaotriactivation from higher visual areas might disambiguate
upstream information in lower visual areas [3, 4]. Such bzt mechanisms have been proposed as a basis for the
enhanced eGBR to familiar stimuli [5].

In the current report, we explore how recurrent feedbackhinédter early visual processing. We use a minimal
two layer network of simple spiking neurons [6] and systacadly vary the strength of feedback and feedforward
connections. This model is stimulated with spike traing thaemble those measured in the lateral geniculate nucleus
of the thalamus [7]. We compared spike responses to stincolfigurations that match with the pattern of convergent
connections in the network (like stimuli a and b in Figure Ithveonfigurations that do not match with this pattern
(e.g. stimulus c in Figure 1).
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FIGURE 1. Minimalistic network of feature detectors that might bep@assible for memory matching. In the middle of the figure
low level feature detectors are indicated. The red, bluegxadn boxes indicate the location of the receptive field (&Rhese
feature detectors that are depicted in the lower part of thadi The top of the figure displays detectors for three diffecomplex
patterns. The black lines that connect the complex pattdrtige top of the figure with the feature detectors at the ceafgesent
hypothetical synapses. Note how these synapses rendettistiand b known to the network. No synapses converge to higmu
Thus stimulus c is not represented in the memory of the nétv@ells that are activiated by the square at the bottom ofighuee
are colored yellow.

METHODS

Neuron model. It has been argued that coding schemes that are entirelgl baserate code are not fast enough to
account for the rapid recognition times observed in thealisystem [8]. In order to retain the characteristics of l&ing
neurons, we modeled spiking neurons using a qualitativeyipéogically plausible neuron model [6]. This model is
characterized by two coupled differential equations

%\/20.04v2+5v+140—u+l, % —=a(bv—u) (1)
with the auxiliary after-spike resetting,3 30i mV, thenv < c andu < u+d. The variables represents the membrane
potential of the neuron andrepresents a membrane recovery variable, which accourntisd@ctivation of K ionic
currents and inactivation of Naionic currents. Using the four parameterd, c andd excitatory neurons have been
tuned to mimic the dynamics of regular spiking cortical resrand inhibitory neurons have been tuned to mimic the
dynamics of fast spiking neurchs].

Synaptic connections. Twenty spiking neurons were connected to form two levelsrotessing. Connections
between the two levels formed the convergent-divergenheotion scheme depicted in Fig. 2. Each three cells in
level | formed convergent excitatory connections to on¢iodevel Il. At the same time cells in level Il projected
backward to those cells in level | that excited them. Exoitaicells were grouped into small ensembles of 4 cells
which inhibited each other.

Synaptic currents were modeled using

((v+80)/60)
1+ ((v+80)/60)

Isyn = gampa (V— 0) + OnmDA (v—0) +0gcaBa,(V+ 70) + gcasag (V+90), 2

where @./dt = —g./1, with T =5,150,6 or 150 ms for the simulated AMPA, NMDA, GABAand GABAg receptors
respectively [9]. Synaptic currents were computed forgggnapse individually and the sum of all incoming currents
was inserted in equation (1).

If a spike was emitted at the presynaptic neuron, the cooretipg conductancg was incremented by a valwe
after a conduction dela. If the presynaptic neuron was inhibitogasa, anddeasa, Were incremented, if it was

1 We ran the model with different neuron parameters, but dicbheerve qualitative differences in the results.
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FIGURE 2. Topology of the network under study. Arrow heads indicateitexory, black dots inhibitory connections. Cells
marked with E represent excitatory, regular spiking nesyaells marked with | represent inhibitory, fast spikingirens. Red
connections mark feedforward, blue connections feedbacgagation. The inlay shows parameters of the employedpsigna
connections.
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FIGURE 3. Spike density of thalamic spike trains. The small graphpresents the time around stimulus onset. Stimulus onset
isat 0 ms.

excitatory,gampa andgnmpa Were incremented. The valuesandA were assigned individually for each synapse.
represents the strength of that synapse. The assignmentsafod A are summarized in the table at the top right of
Figure 2. Synapses from level | to level Il will be called féaavard connections, synapses form level Il to level | will
be called feedback connections. The strengtf feedforward and feedback connections was systematicatied in
the simulation. The delaf was set in accordance with data summarized by Bullier [3].

Thalamicinput. Thalamic input was modeled in accordance with reports gporese characteristics of the lateral
geniculate nucleus of the thalamus [7]. The time after dtisianset was split into subsequent intervalls of length.5ms
For each intervall we ascertained (i) the probability thap&e would be emitted in this interval and (ii) the timing
of that spike. To determine wether a spike was emitted, Hrestent response of the thalamus was modeled-ag, 1
wheredy/dt = 0.1(—y-+0.5). This transient response was used as the probability faremdiGN cell, to emit a spike
within a 5ms interval starting at the specified time. If a spikas emitted, the exact timing of the spike within the 5ms
interval was set ttpike = tstart+ 0.5N, whereN was taken from a binomial distribution with parametgi8,0.1), and
tstart represents the beginning of the 5 ms interval. The resulipie density function of this procedure is plotted
in Figure 3. The spike rate decays from initially approxietga200 Hz to a constant rate of 100 Hz. All simulations
were run with 10 different seeds for the random number géoet@compensate for specific effects of the LGN spike
trains. LGN cells were not modeled in detail. Feedback fromical cells to LGN cells was neglected.

Three different types of stimuli were applied. Familiamatii, that matched with the convergent-divergent topology
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FIGURE 4. Data postprocessing. In the center of the figure the timesesusf the membrane potential of three different neurons
are displayed. At the top of the figure the sum of the lowpdsséitl single neuron responses is displayed. This corrdsponghly

to local EEG signals. The bottom of the figure shows PSTHsoascall the displayed neurons. Responses to a matchinglgsimu
are displayed on the right side (red), responses to a norhingtstimulus are displayed on the left side (blue).

of the network were modeled as spike trains applied to &gllg, wherek = 1,2,3 andl constant (see Figure 2), e.g
{E111,E121,E131}. Note how these cells converge to one EQII inthe second level. To simulate unfamiliar stimuli,
not matching with the network topology, again three CBlz|, k= 1,2,3 were stimulated. However, this time the
index! differed for all three stimulated cells, e{dE1 1.1, E1 22, E1 33} Note that these three cells all project to different
cells in the second level in Figure 2. To mimic degraded easbf familiar patterns, that partially matched with the
network topology, we applied a third stimulation paradighgain three excitatory cells in the first level received
LGN spike trains. However, this time the spike trains werpliggl to cellsEy k|, k= 1,2,3, wherel € {l1,1>}, e.g.
{E111,E121,E132}. For shorter notation stimuli will only be denoted by theltupf values, the parametetakes.
Thus(1,1,1) would be a matching,1,2,3) a non-matching anfll, 2, 2) a partially matching stimulus.

Data postprocessing. To compare the network responses to different stimuli, wapaed peri-stimulus time
histograms (PSTH) accross all neurons in level I. To comfhéee histograms the number of spikes was counted in
bins of 5 ms length. Figure 4 illustrates this process. Ireotd track the changes of the PSTHs with variing feedback
or feedforward strength, the PSTHs were color coded and edhinto a plane spanned by the time of the bin and
the feedback/feedforward strength.

RESULTS

The responses of the excitatory cEll ;1 to stimuli (1,1,1) and(1,2,3) are displayed in Figure 5. Note that the
responses are virtually the same until feedback activime®into play after approximately 90 ms. Figure 4 shows
responses from three different cells to a matching (redeamain matching stimulus (blue). Note that the responses of
the cells are hightly time-locked to the onset of the stimuaithough this is not necessarily the case for the firsespik

Variation of feedback connections.  To explore the effect of feedback, we fixed the feedforwartheetion strength
to a valuew = 0.55 and varied the strength of feedback connections betwesmd(3. The left row of Figure 6
displays the effects of feedback variation on the respoatteqms to the different stimulus classes. If feedbackgtie
exceeded a value of about 1, transient regular spike traithsanspike frequency o040 Hz emerged approximately
50 ms after stimulus onset. These spike trains showed neaiitter for different LGN spike trains and were highly
phase locked to the onset of the stimulus. For stronger geddbnger spike trains emerged, with the same frequency.
Stimuli that did not match with the network topology couldt tiagger any oscillatory activity. Partially matching
stimuli triggered shorter spike trains with the same spiketdiency.
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FIGURE 5. Time course of the membrane potential of excitatory Egll 1 in response to the matching stimul(s 1,1) (red
line) and the non-matching stimulys, 2,3) (blue line). The small black arrow indicates the onset ofdti@ulus. Not that LGN
input is the same in both cases.
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FIGURE 6. PSTHs for variation of feedback (left column) and feedfawvatrength (right column). On the abcissa the time is
indicated, on the ordinate the variing synapse stremgtiihe number of spikes that were emitted in the whole firstllexthin

a time window of 5 ms is coded by the color. The first row displegsults for stimulation with matching stimuli, the secood
displays results for stimulation with non-matching stiimand the third row displays results for partially matchingmsili. Runs
with 10 different initializations of the random number geater have been used to estimate the PSTHs. Note that faasicig
feedback strength matching, partially matching and notchiag stimuli differ early after the stimulus (light blue Xes). For
variation of feedforward excitation, excessive spikingtttlid not differentiate between stimuli, was found for alhditions.

Variation of feedforward connections. To explore the effects of feedforward activity, the stréngf feedback
connections was fixed to a valuewf= 1.5, while the strength of feedforward connections was vaetgheerw = 0
andw = 3. A shown in the right display of Figure 6, stronger feedfarthconnections were associated with excessive
spike activity. However, the spike patterns did not diffdrgte between the three stimulus categories.

DISCUSSION

In the current study, we present a minimal model for the eenerg of stimulus locked gamma oscillatiorgdQ Hz).
Stimulus locked gamma oscillations were observed in resptmstimuli that matched with the network topology, but
not for stimuli that were not represented by the network togy

Smulating EEG data. Recently effects of familiarity on early, stimulus lockedmyma oscillations have been
reported for electroencephalogram (EEG) recordings {Has been argued that recurrent feedback might be relevant
to account for the observation, that eGBRs are strongersiporese to known stimuli [5]. Here we employ a spiking
neuron model to suggest, that this might indeed be the casausé&/ a physiologically realistic neuron model, that
displays spiking and bursting behaviour [6] and biolodicalausible conduction delays as have been reported for
interareal connections within the visual pathway [3]. Heerthere is some difference between the data reported here
and the data recorded using EEG. The EEG represents the aoautidty of huge numbers of neurons [10], whereas
the model presented here incorporates no more than 20 lcetisder to model EEG phenomena usually neural field



equations are employed, that do not explicitely contaiglsineurons anymore [11, 12, 13, 14]. We decided to model
single spiking neurons in order to analyze both, spike tinaind spike rate. A question for future research will be how
these effects can be translated to neural field equations.

Two levels of coding. Having access to both, spike timing and spike rate of our oktywe could demonstrate
that both, single spikes as well as spike rate carry infaonahat might be relevant for the organism. It has been
argued that only codes that rely on single spikes of eachomeran account for the incredibly fast recognition times
that can be observed experimentally [8]. Others have arthaddaptive behaviour requires the dynamics of neural
mass as recorded using EEG and modeled by field equationIL5The minimal network presented here actually
combines these aproaches. Information about the actoallsis is contained in the spike patterns of single neurons,
whereas the summed activity of all cells in level | contaimf®imation about the success of the recognition and thus
about the necessity for learning.

Outlook. How can the convergent-divergent connectivity patternlegea in this study be learned? A learning
rule based on spike-timing dependend plasticity [16] wantst probably not work properly. The learning effects due
to the processing in one direction (e.g. feedforward) arditilearning effects due to processing in the other directio
(e.g. feedback) would counteract each other leading toaraileg at all. One possible solution might be to use separate
subsystems for feedforward and feedback processing.drcése synapses within the feedforward subsystem would
only learn feedforward processing, whereas synapses fe¢lback subsystem would only learn feedback processing.
At every level of visual processing such a system would irgeginformation from the two subsystems. Processing
streams for separate feedforward and feedback processuggheen associated with the layer structure of the cortex
[4]. However, another solution to this problem might be tstriet the time intervals during which learning can occur or
to restrict the number of synapses that can learn. As a gessibdidate to switch the whole network between different
types of memory processing, low frequency oscillationsimtheta range (5-7 Hz) have been discussed [see 17, for
review]. A plausible mechanism for selection of only a sulidéhe neurons for learning, backpropagating calcium
spikes have been proposed [18]. In this model only thoss calh modulate their synapses, that are not inhibited
in a short time window after generating an action potenBglincluding inhibition, this learning rule incorporates
information about the state of the whole network. Althougjtially proposed for feedforward processing this idea has
recently been extended to hierarchical network topolotiasinclude feedback and symbolic representations[19].

Conclusion. Together our results indicate that memory effects on estitpulus-locked gamma responses can be
explained by feedback effects within the visual pathway.
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