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Activity dynamics and signal representation in a striatal

network model with distance-dependent connectivity

Abstract

The striatum is the main input nucleus of the basal ganglia. Characterizing striatal activity

dynamics is crucial to understanding mechanisms underlying action-selection, -initiation and -

execution. Here, we studied the effects of spatial network connectivity on the spatio-temporal

structure of striatal activity. We show that a striatal network with non-monotonically changing

distance-dependent connectivity (according to a Gamma distribution) can exhibit a wide reper-

toire of spatio-temporal dynamics, ranging from spatially homogeneous asynchronous-irregular

(AI) activity to a state with stable, spatially localized activity bumps, as in ‘winner-take-all’

(WTA) dynamics. Among these regimes, the unstable activity bumps (Transition Activity, TA)

regime closely resembles the experimentally observed spatio-temporal activity dynamics and neu-

ronal assemblies in the striatum. By contrast, striatal networks with monotonically decreasing

distance-dependent connectivity (in a Gaussian fashion) can only exhibit an AI state. Thus,

given the observation of spatially compact neuronal clusters in the striatum, our model suggests

that recurrent connectivity among striatal projection neurons should vary non-monotonically.

In brain disorders such as Parkinson’s disease, increased cortical inputs and high striatal firing

rates are associated with a reduction in stimulus sensitivity. Consistent with this, our model

suggests that strong cortical inputs drive the striatum to a WTA state, leading to low stimulus

sensitivity and high variability. By contrast, the AI and TA states show high stimulus sensitivity

and reliability. Thus, based on these results, we propose that in a healthy state the striatum

operates in a AI/TA state and that lack of dopamine pushes it into a WTA state.

Significance statement

Recent findings suggest that striatal activity is organized in spatially compact neuron clus-

ters. Here, we show that striatal projection neurons should have a non-monotonically chang-

ing distance-dependent connectivity to obtain spatially localized activity patterns in striatum.
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Among the different states a striatal network can show, asynchronous-irregular and transition

activity states closely resemble striatal activity in the healthy state. By contrast, strong cortical

inputs as observed in Parkinson’s disease (PD) drive the network into a winner-take-all state,

in which the striatum looses its stimulus sensitivity. Thus, our model makes specific predictions

about the spatial network connectivity in the striatum and provides new insights about how the

striatum might make a transition from a healthy state to a PD state.

Introduction 1

The basal ganglia (BG) are a collection of nuclei located at the base of the forebrain. BG are 2

crucial for critical functions such as voluntary movement control, decision making, procedural 3

learning and a variety of cognitive functions. The striatum as the main input stage of the 4

BG plays a major role in BG related brain function and dysfunction. Like many other sub- 5

cortical structures, the striatum is a network of inhibitory neurons driven by excitatory inputs 6

from multiple regions of the neocortex (Wall et al., 2013), thalamus (Smith et al., 2009a) and 7

hippocampus. The output of the striatum directly projects to the globus pallidus (GP), and 8

forms two major functional pathways in the BG, i.e. the ‘Go’ and ‘No-Go’ pathways. The 9

interaction of these pathways forms the basis of functions such as action-selection, -initiation 10

and -execution (Albin et al., 1989). 11

Experimental data suggest that striatal firing rates in ongoing activity are quite low (≤ 1Hz) (Mahon et al.,12

2004; Gage et al., 2010) and ≈ 30% of striatal projection neurons respond with a markedly in- 13

creased firing rate (≈ 10 – 20Hz) (Kimchi and Laubach, 2009; Gage et al., 2010; Adler et al., 14

2012). However, it remains unclear, how the sparse and low firing rate task-related activity 15

of the striatum is organized in space and time to shape the activity of the GP to initiate action- 16

selection. 17

Recent observations of temporal (Adler et al., 2013) and spatial (Barbera et al., 2016) clustering 18

of spiking activity in the striatum suggest that striatal activity may be organized in transient 19

co-activations of groups of neurons. Such co-activated neuron groups can be termed as neuronal 20

assemblies (NA). Such NAs can effectively increase the inhibitory influence of striatal neurons 21

on downstream networks. However, conditions under which NAs appear in the striatum are not 22
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well understood. 23

Within the framework of dynamical systems, the NA type activity state could be an outcome 24

of a ‘winner-less-competition’ (WLC) (Rabinovich et al., 2001) or a noise driven transition state 25

between the asynchronous-irregular (AI) activity state and the ‘winner-take-all’ (WTA) state. 26

While the mechanisms underlying the emergence of such transient NAs are not well understood, a 27

heterogeneity in both, the external input and the recurrent connectivity among striatal projection 28

neurons, are common features of the existing models of transient NAs (Humphries et al., 2009; 29

Ponzi and Wickens, 2010; Angulo-Garcia et al., 2015). 30

Here, we investigate the existence of NAs in a large-scale network model of the striatum in which 31

neurons are connected in a distance-dependent manner and we address two key questions: (1) 32

How does the structure of the network connectivity define the repertoire of the ongoing activity 33

dynamics? (2) Under which conditions can task-related inputs modify these ongoing activity 34

dynamics? 35

Specifically, we considered two qualitatively different spatial connectivity profiles in which the 36

connection probability between any two neurons varied as a function of the distance between 37

the neurons: decreased monotonically (according to a Gaussian distribution) or changed non- 38

monotonically (according to Gamma distribution) (Rinzel, 1998). Using network simulations 39

and mathematical analysis, we show that spatially structured activity in the network can only 40

emerge for a non-monotonically shaped connectivity kernel. In inhibitory networks with a mono- 41

tonically changing connectivity kernel, network activity remains asynchronous-irregular (AI). 42

Only networks with a non-monotonically changing connectivity kernel can exhibit different ac- 43

tivity regimes. Weak background inputs and/or high input variance induced unstructured AI 44

activity, whereas stronger background inputs and/or low input variance induced stable dynamics 45

(e.g. WTA). For moderately strong inputs, the network activity organized into unstable spatial 46

bumps (transition activity, TA), resembling the experimentally observed NAs (Adler et al., 2013; 47

Barbera et al., 2016). Finally, we describe how stimulus response characteristics are affected by 48

the ongoing activity state of the network. We show that only AI and TA states support a reliable 49

stimulus-response and that stimulus induced changes in pair-wise correlations are maximal in 50

the TA state, especially for weak stimuli. 51

These results help us to better understand information processing in the striatum and other 52
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primarily inhibitory sub-cortical networks as in the amygdala and in the cerebellum. Moreover, 53

our model provides new insights into neuronal mechanisms underlying brain diseases such as 54

Parkinson’s disease (PD). For instance, the strong resemblance between the properties of the 55

WTA state and the activity observed in PD (Costa et al., 2006) leads to the hypothesis that PD 56

may be a transition from AI or TA to a WTA state. 57

Materials and Methods 58

Neuron model 59

Neurons in the network were modeled as ‘leaky-integrate-and-fire’ (LIF) neurons. We intention- 60

ally chose this simple neuron model to ensure that the observed network dynamics would be the 61

result of the connectivity profiles studied and not due to the intrinsic dynamics of a more complex 62

neuron model. The subthreshold membrane potential dynamics of LIF neurons are given by: 63

Cm × dv

dt
= −gL × (v(t)− EL) + I(t) (1)

Synapses were modeled as conductance transients. The temporal profile of the transient con- 64

ductance change in response to a single pre-synaptic spike was modeled as an alpha function. 65

The recurrent connectivity within an inhibitory network such as the striatum is weak and 66

sparse (Tepper et al., 2004; Taverna et al., 2008; Planert et al., 2010). We adjusted the synap- 67

tic conductances to obtain weak synapses such that a unitary inhibitory postsynaptic potential 68

(IPSP) had an amplitude of 0.8mV at a holding potential of -44.0mV and an excitatory post- 69

synaptic potential (EPSP) had an amplitude of 1.6mV at a holding potential of -70.0mV. The 70

various neuron and synapse parameters are summarized in Table 1. Whenever possible, we used 71

parameters corresponding to the striatal network (Yim et al., 2011). 72

Network architecture 73

We considered a population of 10,000 inhibitory neurons. The neurons were placed on a 100×100 74

grid and folded as a torus to avoid boundary effects. The distance between neighboring nodes 75

in the grid network amounted to 10μm. Each neuron sent 1,000 inhibitory recurrent inputs to 76
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other neurons within the network (i.e. 10% total connection probability), mimicking the sparse 77

connectivity in most biological inhibitory networks. We implemented no self-connections within 78

the network and neurons were allowed to form multiple connections between them. 79

To implement a distance-dependent connectivity we chose two qualitatively different spatial 80

profiles (Rinzel, 1998). For the first type of connectivity, we assumed that the distance-dependent 81

connection probability decreased monotonically as a function of distance. To implement such 82

connectivity we used the Gaussian distribution to model the distance-dependent decrease in 83

connectivity (see Figure 1a, top). We will refer to this network type as a Gaussian network. 84

For the second type of connectivity, we assumed that the distance-dependent connection proba- 85

bility varied non-monotonically as a function of distance. Recent experimental data suggest that 86

the connectivity between pairs of medium spiny neurons (MSNs) in the striatum may indeed 87

change non-monotonically as a function of distance (Fujiyama et al., 2011; López-Huerta et al., 88

2013). To implement such connectivity we used a Gamma distribution to model the distance 89

dependent variation in connectivity (Figure 1a, bottom). We will refer to this network type as a 90

Gamma network. 91

The out-degree of individual neurons was fixed to 1000 neurons. In our network target neurons

were located on a uniformly spaced grid (100 × 100) and each neuron index can be calculated

by its coordinate of the grid map. Moreover, each target neurons could also be identified by an

angle and radius in polar coordinates:

x = r × sin(φ)

y = r × cos(φ)

idx = x× ncol + y

where x, y are the coordinates of the grid locations, idx is the index of the target neurons, 92

ncol = 100 is the size of the network in one of two dimensions. To identify 1000 targets we 93

drew φ from a uniform distribution U(−π, π) and r from either Gaussian or Gamma distribution. 94

This approach is much faster than deciding connectivity based on pairwise distances. But this 95

approach can only be used when neurons are arranged on a grid. 96

To appropriately compare these different network types we ensured that the connection weights 97
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and the degree distributions were identical in both network types. 98

Ongoing/Background excitatory drive 99

All neurons received background excitatory inputs mimicking the global ongoing activity in 100

striatum. The external drive was modeled by uncorrelated homogeneous Poisson type spike 101

trains with fixed firing rate. Each neuron received an independent realization of such spike train, 102

obtained from the same underlying Poisson process. The rate of the Poisson type spike trains 103

was varied systematically to study the different dynamical states of the inhibitory networks. 104

Stimulus 105

To measure the impact of the an external stimulus on network activity in each dynamic state 106

we stimulated the network with an external stimulus, on top of the background inputs described 107

above. The stimulus was provided to a subset of ≈ 45 neurons. To distribute the stimulated 108

neurons in a spatial manner, we defined a region of interest (ROI) of size 30 × 30 neurons. 109

In the ROI we defined a location as center for stimulated neurons chosen according to a two- 110

dimensional Gaussian profile (σ: 2 grid points). The external stimulus was modeled as an injection 111

of direct current to the selected neurons. The stimulus presentation lasted for one second and 112

its amplitude was systematically varied between 0− 150 pA. To collect sufficient data for further 113

statistical analysis, each stimulus was presented 20 times to its assigned subset of neurons. 114

To estimate how the response magnitude and trial-by-trial variability changes when one stimulus 115

is immediately followed by another, we extended the simulation of the network with two different 116

external stimuli. Each of these two external stimuli was provided to two non-overlapping subsets 117

of ≈ 45 neurons. In the ROI, as described above, we defined two locations that were 10 grid 118

points apart. Using these two locations as centers, stimulated neurons were chosen according 119

to a two-dimensional Gaussian profile (σ: 2 grid points). The two stimuli were presented in 120

alternating fashion and each stimulus presentation lasted for one second, separated by a pause of 121

two seconds. Thus, the two stimuli differed only in terms of their target neurons, other properties 122

(strength, duration) were identical. 123
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Characterization of the network dynamics 124

The network activity states were characterized on the basis of the spiking activity using standard 125

descriptors: firing rates and the coefficient of variation of inter-spike intervals (CVISI), the latter 126

was used to measure the degree of irregularity of the spiking of individual neurons Kumar et al. 127

(2008b). 128

Count and duration of activity bumps : We constructed a series of binary matrices representing 129

the two-dimensional map (100×100 neurons) of the network activity over disjunct time windows 130

of 100ms each from the spike train recordings of all neurons. To enhance the spatial contrast, 131

these matrices were convolved with the two-dimensional ‘Mexican hat’ shaped kernel (‘Ricker 132

wavelet‘). The size of the ‘Mexican hat’ was taken from the estimation of the bump size (Figures 133

4b and 5). The integral of the ‘Mexican hat’ kernel was set to zero to ensure that the filtered 134

activity was comparable for different inputs. Additionally, the integrals of the positive and the 135

negative part of the convolution kernel were set to 1 and -1, respectively. After convolving the 136

spatial activity of the network (measured in 100ms window) with the ‘Mexican hat’ kernel, we 137

thresholded the resulting ‘image’ to identify patches of high activity. The center of each patch 138

was taken as the position of individual bumps. The positions of individual bumps were then 139

used to compute the number of bumps and to determine the affiliation of neurons to individual 140

bumps. Finally, trackers of time-merged bumps were used to analyze the life-span of the bumps, 141

determined by finding similar positions of bump centroids over subsequent time frames. 142

Characterization of the stimulus response 143

To estimate the influence of the external stimuli on striatal ongoing activity we analyzed the 144

activity of stimulated neurons in the ROI (of size 30 × 30 grid). To characterize the impact of 145

the external stimulus on the network activity dynamics, we measured the average firing rate and 146

the trial-by-trial variability of the network response and the spectrum of pair-wise correlations of 147

the network spiking activity. To estimate whether the evoked response of the stimulated neurons 148

was discernible from the background we measured Δresponse = evoked firing rate
background firing rate for each 149

stimulus. The trial-by-trial variability was quantified using the Fano Factor (FF), defined as the 150

ratio of the variance and the mean of the response of the stimulated neurons. 151
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The correlation spectrum was estimated for the activity of individual neurons. Neuronal spiking 152

activity was binned using a rectangular bin of 100ms. We measured the correlation spectrum 153

for the trial-by-trial average of both ongoing and stimulus-evoked activity. 154

Simulation Tools 155

All simulations of the networks of spiking neurons were performed using the NEST simula- 156

tion software (http://www.nest-initiative.org) (Gewaltig and Diesmann, 2007). The dynami- 157

cal equations were integrated at a fixed temporal resolution of 0.1ms. Simulation data were 158

analyzed with Python using the scientific libraries SciPy (http://www.scipy.org) and NumPy 159

(http://www.numpy.org), and visualized using the plotting library Matplotlib (http://matplotlib.org).160

Results 161

Neuronal activity in the striatum is maintained by thalamic and cortical excitatory inputs. 162

In a randomly connected inhibitory network model of the striatum, the recurrent inhibition 163

and the level of external excitatory inputs define the dynamical states and stimulus response 164

properties of the network (Brunel and Hakim, 1999; Ponzi and Wickens, 2010; Yim et al., 2011; 165

Angulo-Garcia et al., 2015). Here, we extend this earlier work by investigating the effects of 166

spatial connectivity on the dynamical states and the stimulus-response properties the striatal 167

network activity. To this end, we used both analytical calculations using neural field equations 168

and numerical simulations of biologically realistic, large-scale inhibitory networks models with 169

10,000 spiking neurons. 170

In our network models the profile of the spatial connection probability between any two neu- 171

rons could vary either monotonically or non-monotonically as a function of the distance be- 172

tween the neurons. For this, we used two different kernels for the spatial connectivity: In 173

Gamma networks the non-monotonic distance-dependent change in connection probability was 174

modeled as a Gamma distribution (off-center inhibition (Rinzel, 1998) Figure 1a, top), whereas 175

in Gaussian networks the connection probability decreased monotonically in a Gaussian man- 176

ner as a function of distance between neurons (on-center inhibition (Rinzel, 1998), Figure 1a, 177

bottom). 178
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Firing rates and spike train irregularity 179

First, we determined the firing rate and the degree of irregularity of the spiking activities in the 180

networks connected according to the Gaussian (Figs. 1a,b; top) and Gamma (Figs. 1a,b, bottom) 181

shaped connectivity profiles. As expected, the average firing rates in both network types increased 182

as a function of the background excitatory input (νext) (Figure 1b). However, comparing the 183

network activity at similar average output rate (λ) the activity pattern of network differed in 184

connectivity profiles (Figure 1b). Gamma networks were clearly more sensitive to a change in 185

the background input rate (νext) than Gaussian networks (Figure 2a, black trace). Thus, the 186

same range of average firing rates as in Gaussian networks was achieved in Gamma networks 187

already for a much lower range of external inputs (νext) (Figure 2a, black trace).This suggests 188

that a Gamma shaped spatial connectivity kernel increased the sensitivity of the network activity 189

to changes in the background input. 190

Moreover, these two network types differed considerably in the distribution of firing rates over 191

neurons (Figure 2a, top row) and the spike timing irregularity (CVISI) distributions (Figure 2a, 192

bottom row). We compared the output firing rate distributions for a range of external inputs 193

that resulted in the same range of output firing rates. The recurrent inhibition in the network 194

ensured that even for very strong background input only few neurons could spike at a high rate 195

and a major fraction of neurons spiked at relatively low rates resulting in a positively skewed 196

distribution of firing rates. For Gaussian networks the average firing rate (λ), the standard 197

deviation (σλ) and skewness (κλ) of the neuronal firing rate distribution monotonically increased 198

as background input was increased (Figure 2a, top right). By contrast, in Gamma networks, 199

both λ and σλ increased non-monotonically, but the skewness of the firing rate distribution 200

changed in a non-monotonic fashion as a function of background input rate (Figure 2a, top 201

right). This suggests that a non-monotonically changing connectivity profile results in a larger 202

diversity of firing rates in the network and that the diversity of firing rates is maximized for a 203

moderate amount of background input. 204

Interestingly, in Gaussian networks the neurons’ CVISI monotonically increased with an in- 205

crease in their firing rate. An average CVISI > 1 indicates that most high firing rate neurons 206

spiked in bursts (Figure 2b, top). Because we used leaky-integrate-and-fire neurons, the bursting 207
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in the network activity was caused by the recurrent inhibition and not because of intrinsic neuron 208

properties. In the Gaussian networks the connection probability peaked only over a small range 209

in the vicinity of a given neuron, thereby reducing the effective recurrent inhibition and allowing 210

the neuron to maintain its high firing rate for some time. However, fluctuations in the external 211

input (modeled as Poisson spike trains) could rapidly switch the high-rate activity from any one 212

neuron to another, thereby creating a spike pattern consisting of short-lived bursts and pauses. 213

By contrast, in the Gamma networks only neurons with moderate output firing rates showed a 214

CVISI > 1 (Figure 2b, top). Neurons with very high firing rates (λ ≥ 100Hz) spiked in a regular 215

manner (CVISI ≤ 0.5). Such small CVISI implies that the network was operating in the so called 216

‘mean-driven-regime’ (Brunel, 2000), in which the background input is strong enough to keep 217

the free-membrane potential of the neurons above spiking threshold. Within the physiological 218

range of output firing rates (λ ≤ 50Hz), neurons in both network types elicited spike bursts, but 219

the CVISI in Gaussian networks was nearly twice as high as that in Gamma networks. 220

Spatial structure of the network activity 221

Next, we included the spatial information about neurons into our analysis and characterized the 222

spatial activity patterns in both network types. Visual inspection of the spike rasters (Figure 1b) 223

suggested that in Gaussian networks the structure of the network activity remained spatially 224

homogeneous, even for very high background input rates (νext). By contrast, when increasing 225

the background input rate in Gamma networks the activity got confined into local clusters, 226

resulting in spatially periodic activity bumps. The spatial structure became more apparent when 227

we rendered the neuronal activity as a two-dimensional surface(Figure 3, Figure 4a). Depending 228

on the strength of the background input, three qualitatively different network activity states were 229

observed. In the asynchronous-irregular (AI) state neurons spiked at a low rate and the activity 230

was more or less homogeneously distributed across the network (Figure 3, top row). For very 231

strong background inputs, the network activity organized into a spatially periodic and temporally 232

stable bump structure (Figure 3, bottom row). This state resembles the k-winner-take-all (WTA) 233

state (Hutt and Atay, 2005). In between, for moderate inputs, the bump structure was aperiodic 234

and unstable (Figure 3, middle row). We refer to this state as Transition Activity (TA). 235
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To better characterize the emergence of activity bumps and these three dynamic states in 236

Gamma networks, we measured the numbers, sizes, and lifespans of activity bumps. To reliably 237

identify bumps we designed a bump detection algorithm (see Methods). First, we measured the 238

average firing rate as a function of distance from the center of a bump. For weak inputs, the 239

average network activity decayed and reached a baseline level with increasing distance from the 240

center of the bump. However, for stronger inputs not only the firing rate in the bump increased, 241

but also the spatially periodic nature of the activity became more apparent (Figure 4a). 242

The number of bumps increased in a sigmoidal fashion with the background input rate (Fig- 243

ure 4c). For strong inputs (νext ≥ 1.7Kspikes/sec), the bumps were stable: neurons that 244

started to spike at the beginning of the simulation remained active for the entire simulation 245

(Figs. 4d and 4e; red trace). For weak inputs (νext ≤ 1.2Kspikes/sec), the few bumps that 246

appeared lasted only for a short duration (Figs. 4d and 4e; blue trace). For the medium range of 247

input rates (1.2 ≤ νext ≤ 1.7Kspikes/s), the bumps showed a wide range of lifespans (Figs. 4d 248

and 4e; light blue trace). 249

This analysis of the network activity showed that Gamma networks exhibited random unstruc- 250

tured activity for weak background inputs and stable periodic bump activity for strong back- 251

ground inputs. The stable bump activity was similar to the periodic bump activity observed in 252

networks of excitatory and inhibitory neurons inter-connected according to a spatial Gaussian 253

connectivity profile (Mehring et al., 2003; Roxin et al., 2005; Kumar et al., 2008a). This raises 254

the question, why inhibitory networks with a Gamma-type connectivity profile exhibit spatial 255

bump activity patterns and why networks with Gaussian distributed connectivity profile do not? 256

Necessary conditions for the emergence of bump states 257

To understand why a Gamma-type connectivity profile exhibits spatial bump activity and a 258

Gaussian connectivity profile does not, we investigated the dynamical states of spatially inter- 259

connected inhibitory neurons using the neural field equations (Ermentrout, 1992; Hutt and Atay, 260

2005). For simplicity we started by formulating the neural field equation for a one-dimensional 261

network with circular boundary conditions. The results hold also for a 2-D network with torus- 262

folded boundary conditions because we are considering a homogeneous and isotropic scenario. 263
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The mean membrane potential v(x, t) in the continuum limit is given by: 264

∂v(x, t)

∂t
= −v(x, t)−

∫ ∞

−∞
f(v(y, t))W (x− y)dy + I(x, t) (2)

where W (x) denotes the spatial connectivity profile and f(v) the neuron transfer function, map- 265

ping the mean membrane potential to the output firing rate (λ). Without loss of generality we 266

used normalized connectivity profiles W (x), and the scaling parameter was chosen such that 267

the absolute connection strength was absorbed into f(v). The background input to the neu- 268

rons is denoted by I(x, t). For the network, the stationary and spatially homogeneous solution 269

v(x, t) = v0 = constant is a solution to Equation (2) for a constant background input I(x, t) = I0. 270

Here, v0 is given by the implicit equation: 271

∂v0
∂t

= −v0 − f(v0) + I0 = 0. (3)

To investigate the stability of this homogeneous solution, we considered small perturbations 272

v(x, t) = v0 + εν(x, t) around v0 and linearized the transfer function in Equation (2). After 273

subtracting Equation (3) this yields 274

∂ν(x, t)

∂t
≈ −ν(x, t)−

∫ ∞

−∞
f ′(v0)ν(x, t)W (x− y)dy. (4)

Here and in the remainder f ′(v0) is used as shorthand notation for ∂f(v)
∂v |v=v0 . In the Fourier 275

domain, this expression simplifies to: 276

∂ν̃(k, t)

∂t
≈ −ν̃(k, t)− f ′(v0)ν̃(k, t)W̃ (k) (5)

with ν̃ denoting the Fourier transform of ν with respect to space. We can now obtain the 277

eigenvalues 278

ζ = −1− f ′(v0)W̃ (k). (6)

When the eigenvalues are positive, small perturbations do not die out, indicating unstable dy- 279

namics. Assuming that the slope of the transfer function (f ′(v0)) is always nonnegative, negative 280
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values in W̃ (k) are a necessary condition for positive eigenvalues ζ and, hence, for spatially pe- 281

riodic activity bumps. In purely inhibitory networks, this condition can be fulfilled by off-center 282

inhibition kernels, like the Gamma-kernel under investigation, or, e.g., a mixture of two Gaussian 283

distributions arranged symmetrically around zero. While for biologically plausible connection 284

kernels, off-center inhibition, i.e., a non-monotonic kernel, fulfills this condition, it should be 285

noted that this is not a necessary condition. For instance, the Fourier transform of a box-shaped 286

kernel around zero takes negative values at non-zero frequencies and could, therefore, in principle, 287

generate bump states. 288

For the Gamma-distribution shaped connectivity kernel: 289

W (x) =
xn−1e

−|x|
Θ

2Γ(n)Θn
(7)

with shape parameter n and scale parameter Θ this condition of positive eigenvalue ζ > 0 can 290

be fulfilled for n > 1, when the Fourier transform W̃ (k) takes negative values (Figure 6 right 291

panel). By contrast, the Gaussian kernel Fourier-transforms into another Gaussian, which never 292

takes negative values (Figure 6; right panel) and, therefore, purely inhibitory networks with a 293

Gaussian type connectivity profile do not show any spatially periodic bump activity. When the 294

eigenvalues ζ are negative, the network activity remains spatially homogeneous, similar to the 295

AI state observed in both the Gaussian networks and the Gamma networks (Figure 1c). 296

Equation (6) also revealed that the slope of the transfer function at stationary rate (f ′(v0)) is an 297

important factor controlling the eigenvalues. For positive eigenvalues it needs to be sufficiently 298

large. That is, the following condition needs to be fulfilled: 299

f ′(v0) > (min
k

W̃ (k))−1 (8)

Here, f ′(v0) is controlled by a number of factors. For instance, an increase in the synaptic 300

weights (e.g. cortico-striatal, MSN to MSN and FSI to MSN) increases f ′(v0) and can make the 301

network cross the bifurcation. Similarly, increasing the background input rate will also increase 302

the slope f ′(v0), because the transfer function of leaky-integrate-and-fire neurons in the simulated 303

network is convex for low firing rates (Burkitt, 2006). That is, both, an increase in the strength 304
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of recurrent synapses and an increase in the background input rate can cause the transition from 305

spatially homogeneous firing to periodically organized bump solutions. 306

This analysis shows that the activity of an inhibitory network driven by constant input I(x) has 307

two stable solutions: for weak inputs, the stationary state is spatially homogeneous (AI state, 308

Figure 3; top row), whereas for strong inputs, the stationary state is spatially periodic (WTA 309

state, Figure 3; bottom row). When the network is driven with noisy inputs or the neurons 310

have unequal numbers of synapses (due to random connectivity), the transition between the two 311

stable solutions is smoothened (TA state, Figure 3; middle row). This result of the analytical 312

calculations is consistent with the numerical network simulations (Figs. 1, 4) where noise was 313

introduced into the network by the connectivity and the Poisson type spike trains as external 314

background input. 315

In addition to stating the condition for spatially periodic bump solutions to arise, Equation (6) 316

also enables us to estimate the distance between bumps. The wave number of the emerging 317

spatially periodic solution is approximately given by the wavenumber kc minimizing the Fourier 318

transform of the Gamma kernel (7). This critical wavenumber kc is given by: 319

kc = argmin
k

W̃ (k) =
tan π

n+1

Θ
. (9)

This means that the spacing between bumps will increase as the shape (n) and scale parameter 320

(Θ) of the Gamma function are increased (Figure 4b, dashed traces). We confirmed this in 321

numerical simulations by systematically varying the two parameters of the connectivity kernel 322

(Figure 5). We found that, indeed, the analytical approximation closely matched the estimates 323

of the inter-bump distance measured in network simulations (Figure 4b). 324

Impact of the ongoing activity state on the stimulus response 325

The three different networks states we identified were obtained by changing the global input to 326

the network and, therefore, these states can be thought as possible ongoing states of the network 327

activity, i.e. when the animal is not engaged in a specific task. To understand how a task related 328

activity may be represented in the striatum when it operates in one of these three ongoing 329

activity states, we selectively stimulated two different subsets of neurons located in spatially 330
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non-overlapping regions in the network alternately (Stimulus A and B; Figure 7a, see Methods) 331

and measured the stimulus response. 332

In the AI state, the network instantaneously responded to the stimulus and switched to a different 333

spatial pattern as the input was changed (Figure 7a, top row). In this state, there were no bumps 334

in the ongoing activity, therefore the stimulus created new bumps. In the TA as the ongoing 335

state (Figure 7a, middle row), external stimuli modified the already existing bump pattern. The 336

resulting patters were different for the two stimuli. By contrast, in the WTA state, the ongoing 337

activity already showed strong stable bumps and the external stimuli proved insufficient to alter 338

the ongoing bump pattern (Figure 7a, bottom row), unless it overlapped with an existing bump 339

(e.g. the stimulus B in Figure 7a, bottom row). 340

To quantify the striatal response in different ongoing activity states, we measured the change 341

in the average firing rate of the stimulated neurons (Δ response, Figure 7b) and the trial-by- 342

trial variability (measured over 20 trials) for the two stimuli (Figure 7c). In AI and TA states, 343

the external input elicited a strong response, well discernible from the background activity. As 344

expected, the response magnitude increased with an increase in the stimulus strength (Figure 7b). 345

The variance of the evoked response (Δ response measured across trials for the whole duration of 346

the stimulus) in the TA state was higher than in the AI state, but for stronger stimuli both average 347

response and trial-by-trial variability were similar (Figure 7b). The time-resolved trial-by-trial 348

variability of the evoked response (measured as Fano Factor – FF) of the network response was 349

maximal at stimulus onset (Figure 7c). However, the trial-by-trial variability of the response in 350

the steady state (in the presence of the stimulus) was smaller than that observed in the ongoing 351

state. By contrast, in the WTA state, not only the Δ response was smallest among the three 352

states, it was also more variable across trials (depending on the location of the stimulus). For 353

strong input it was possible to elicit a strong reliable response even in the WTA state, but that 354

response depended strongly on the location of the stimulus, e.g. among the two stimuli we tested 355

only stimulus B resulted in a high Δ response (Figure 7b bottom row). Besides, in the WTA 356

state trial-by-trial variability also depended on the stimulus location. For the stimulus A, FF in 357

the WTA state was highest among the three states (Figure 7c). While average FF of stimulus B 358

was much lower (≈ 7) than that of the stimulus A (≈ 25) in the WTA state, it was still higher 359

than that measured in AI and TA states. These observations suggest that evoked responses are 360
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far more variable across trials in the WTA state than in both AI and TA states. 361

Taken together, the stimulus response properties of the three ongoing network activity states in 362

Gamma networks showed that only AI and TA states provide a suitable substrate to reliably 363

encode different external stimuli. By contrast, in the WTA state, the response depends not 364

only on the stimulus amplitude but also on the spatial location of the input. When the input 365

coincides with an existing bump, the response is reliable and discernible from the background, 366

but otherwise the response is weak and unreliable (e.g. stimulus B). 367

Modulation of pairwise correlations is maximal in the TA state 368

Both AI and TA states are similar in terms of stimulus sensitivity and response reliability (Fig- 369

ure 7). Further analysis of the evoked activity, however, revealed a crucial difference between 370

these two network states that renders the TA state as a more suitable ongoing activity state for 371

stimulus encoding. In the AI state, a weak external stimulus only affects the rate of stimulated 372

neurons and, thereby, induces only a small effect on neighboring neurons. Therefore, the corre- 373

lation spectrum during the evoked activity is slightly positively skewed (Figure 8, left, light blue 374

trace). That is, while weak stimuli can evoke activity responses in the AI state, the spectrum of 375

correlations remains largely unaffected (Figure 8). 376

By contrast, in the TA state, even a weak external stimulus can create new activity bumps and, 377

thereby, introduce both positive and negative correlations. (Figure 8, middle, light blue trace). 378

The resulting distribution of correlations in the evoked activity is much wider than observed 379

in both AI and WTA states. That is, in the TA state even weak stimuli are able to induce 380

large changes in the structure of pairwise correlations (Figure 8 middle, light blue trace). These 381

correlations may be effective in ‘carving out’ the selected action not only in the striatum, but also 382

downstream in GPe and GPi, both of which have high baseline activity and require co-ordinated 383

striatal inhibition to be suppressed. Moreover, the change in the pairwise correlation distribution 384

can also be useful in distinguishing stimulus evoked bumps from spontaneously generated bumps, 385

which otherwise cannot be distinguished based on firing rates alone. 386

For strong external stimuli, the correlation spectra are similar in both AI and TA states. In the 387

WTA state, however, a weak stimulus did not induce any visible modulation in the correlation 388
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spectrum Figure 8, right, blue and light blue traces) and only very strong inputs could trigger a 389

small change in the correlation structure (Figure 8, right, red and orange traces). These results 390

suggest that even though both AI and TA states allow for reliable and discernible stimulus 391

responses, the TA state may be more suitable to process weaker stimuli than the AI state, because 392

in the TA state the correlation spectrum can already be modulated by very weak stimuli. 393

Discussion 394

Here, we investigated the activity dynamics and stimulus response properties of the striatum 395

as a purely inhibitory network with different spatial connectivity profiles. We showed that a 396

non-monotonically changing spatial connectivity profile can lead to the emergence of spatially 397

structured activity in purely inhibitory networks. By contrast, when the connectivity changes 398

monotonically as a function of distance between neurons, the network activity is uniformly dis- 399

tributed over the network, irrespective of the background input. Specifically, we have shown 400

that with a non-monotonically shaped connectivity profile, the striatal network can exhibit three 401

qualitatively different activity states: ‘asynchronous-irregular’ (AI), ‘transition activity’ (TA), 402

and ‘winner-take-all’ (WTA) dynamics. Importantly, among these three different dynamical net- 403

work states, both AI and TA states have the necessary properties for reliably encoding external 404

stimuli. Between the AI and TA states the average stimulus response is similar, however, the TA 405

state has several interesting properties that make it a dynamically richer and more responsive 406

state: (1) The overall firing rate distribution in the TA state is more skewed than in the other 407

two states (Figure 2a). (2) The lifespan of NAs in the TA state is more widely distributed that 408

in the other two states (Figure 4d). (3) In the TA state, even weak stimuli are able to alter the 409

spectrum of pairwise correlations (Figure 8). 410

Transient neuronal assemblies (NAs) in striatum-like purely inhibitory networks with spatial 411

connectivity structure (Humphries et al., 2009) or without any spatial connectivity structure 412

(Ponzi and Wickens, 2010) have been defined as groups of neurons showing a conspicuous corre- 413

lation in their temporal firing rate profiles. Such NAs and their member neurons were identified 414

by an off-line analysis of the spiking activities of neurons in sparsely connected, random recur- 415

rent inhibitory network models with weak synapses. In such networks, NAs were found to be 416
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randomly distributed over the entire network and appeared to involve mutually unconnected 417

neurons (Angulo-Garcia et al., 2015). However, such assemblies may not influence the down- 418

stream network, unless they are specifically wired to share their downstream targets. Moreover, 419

experimental data showed that transient NAs exist as spatially compact clusters (Barbera et al., 420

2016). Here, we extend the previous work and show that the existence of spatially compact 421

NAs in a striatum like network requires that the connection probability between striatal neurons 422

changes in a non-monotonically fashion as a function of their distance. 423

Previously, a few studies have investigated the dynamics of the striatal network with distance de- 424

pendent connectivity (Wickens et al., 1995; Humphries et al., 2010), albeit without focusing on 425

the role of the connectivity structure and the external input. Wickens et al. (1995) showed that 426

when the connectivity of striatal neurons is confined to a small neighborhood, the network can ex- 427

hibit multiple spatially localized, persistent bumps (akin to the WTA state). Such multiple-bump 428

state activity required that the connections were symmetric. Any heterogeneity and asymmetry 429

in connections led to travelling waves or an AI type activity. However, that network was very 430

small and the connection probability was fixed over a finite distance. Humphries et al. (2010) de- 431

veloped a more realistic model of the striatum using distance dependent connectivity estimated 432

from the three-dimensional morphology of MSNs. Structurally that network is similar to the 433

Gamma network we investigated here. However, Humphries et al. (2010) neither investigated 434

the dynamics of the network as a function of the input nor did they explore the relationship 435

between network structure and dynamics. Our work complements and extends these previous 436

studies and, importantly, it explains how external input and the structure of spatial connectivity 437

profiles (Gaussian and Gamma) interact to shape the dynamics of spatially compact activity 438

clusters in the striatum. 439

Relevance for striatal network activity dynamics 440

In the ongoing network activity state, striatal neurons are relatively silent and task related ac- 441

tivity can increase up to 20Hz (Gage et al., 2010). Recently, advances in recording methods 442

have enabled recording from 10-100 neurons simultaneously, using calcium imaging in behaving 443

animals. Analyses of such high density sampling of striatal neurons showed that striatal activ- 444
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ity is organized as spatially compact clusters of co-activated neurons (or neuronal assemblies 445

– NAs) (Barbera et al., 2016, Personal communication Rui Costa). Similar observations were 446

made earlier in in vitro (Carrillo-Reid et al., 2011) and in task-related activity in behaving mon- 447

keys (Adler et al., 2013). In an unhealthy low-dopamine state (as in Parkinson’s disease), D2 type 448

dopamine receptor expressing striatal projection neurons increase their firing rates (Mallet et al., 449

2006) and, in general, striatal neuronal activity looses its diversity and ability to switch neuronal 450

activity in a task dependent fashion (Costa et al., 2006; Costa, 2011). 451

It is conceivable that the spatially compact clusters (or NAs) are a simple consequence of spatially 452

localized cortico-thalamic inputs to the striatum. However, this is a trivial solution and indicates 453

that the striatum acts as a simple transmits cortico-thalamic activity to downstream targets. 454

Instead here we argue that intrinsic dynamics of striatum like inhibitory networks are able to 455

generate NAs even when cortico-thalamic inputs are not spatially compact. 456

The three network states that we identified in our study capture different aspects of the ongoing 457

and evoked activity of the striatum in normal and in low-dopamine states. Both the AI and TA 458

states in our network models match some properties of the ongoing activity measured in vivo. 459

In data from experiments in which animals wait for a cue to initiate a task (e.g. (Adler et al., 460

2012; Gage et al., 2010) the ongoing activity in the striatum appears be similar to the AI state. 461

When the animal engages in the task, after the cue presentation, the AI activity is transformed 462

into a TA-like state (Adler et al., 2012; Gage et al., 2010). On the other hand, in data from 463

freely moving animals, although not performing any goal directed behavior, striatal activity shows 464

spatially compact clusters of co-activated neurons, similar to the TA state (Barbera et al., 2016). 465

Whether the striatal activity recorded in freely moving animals can be treated as an ongoing 466

activity, a goal-directed activity or a combination of both is an open question. We hypothesize 467

that because animals were not engaged in a specific goal-directed behavior, the data reported in 468

Barbera et al. (2016) represent an ongoing activity state in the sense that any task-related cue 469

or reward was absent. It will also be interesting to explore whether these spatial activity clusters 470

also emerge in a goal/cue directed task, thereby possibly hinting at differences in the contextual 471

input received by the striatum during ongoing and goal-directed states. 472

Thus, in our opinion, depending on the context (e.g. freely moving or cued goal direct behavior) 473

the ongoing activity of the striatum can be in an AI or TA state. As stated earlier, both states 474
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allow for a reliable and discernible response in the striatum. A subtle, but important, difference 475

between the AI and TA states is that in TA type ongoing activity even weak stimuli can induce 476

a large change in stimulus-induced correlations. Assuming that neuronal correlations form the 477

basis of modification of synaptic strengths, we speculate that when an animal operates in a TA 478

state, even weak stimuli can drive learning. 479

In the WTA state, neurons have higher firing rates and the spatial bumps are stable (Figure 4; 480

Figure 3). In this state, the ongoing activity shows only a very small diversity and only very 481

strong inputs, arriving in specific locations, can induce any discernible and reliable response. 482

With these properties, the WTA state resembles the striatum dynamics in Parkinson’s dis- 483

ease (Costa et al., 2006; Costa, 2011). Moreover, the WTA state is observed when neurons are 484

spiking at a high rate (Figure 4), which could be achieved either by increasing the ongoing ex- 485

ternal excitation or by increasing the excitability of the neurons. This is also consistent with the 486

fact that in Parkinson’s disease the cortical drive to the striatum is increased due to the poten- 487

tiation of cortico-striatal synapses (Smith et al., 2009b; Fieblinger et al., 2014) and the lateral 488

inhibition among MSNs is decreased or even disrupted (Taverna et al., 2008). 489

Here, we estimated the stimulus-response for one particular size of the external stimulation (i.e. 490

the number of stimulated neurons and their spatial distribution) and varied only the magnitude 491

of the stimulation current. The size of the external stimulus may also influence the stimulus- 492

response magnitude and reliability. We expect that increasing the number of neurons in a fixed 493

region will increase the response reliability and magnitude. However, increasing the stimulated 494

region with a fixed number of neurons, may have a non-monotonic effect on the response mag- 495

nitude and reliability. As long as the stimulated region is smaller than the size of an individual 496

bump, the response magnitude and reliability will increase. Increasing the size of the stimulated 497

region beyond the single bump will recruit surrounding neurons, which should be inhibited by 498

the bump itself and, hence, the stimulus response may decrease. In another scenario, distributing 499

the stimulated neurons in ‘small islands’ may have non-linear effects on the response dynamics. 500

A detailed analysis of the relationship between stimulus size and response dynamics is a complex 501

topic and should be addressed in a separate study. 502

Despite the similarities and interesting insights we noted regarding the striatal activity in the 503

healthy and in Parkinson’s disease states, we note that our model is highly simplified and ig- 504
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nores several key features of the striatal network. Specifically, it would be necessary to study how 505

other components of the striatal network (e.g. interneurons, separation of the striatal network 506

into D1 and D2 type medium spiny neuron populations (Taverna et al., 2008; Bahuguna et al., 507

2015), neuromodulators) affect the stability and stimulus responses in the AI and TA states. In 508

addition, we have only used simple leaky-integrate-and-fire model neurons in our networks. Volt- 509

age dependent ion channels may introduce non-linear effects and change the network dynamics 510

qualitatively (e.g. see (Wickens et al., 1995; Rinzel, 1998)). Hence, in future work, it will be im- 511

portant to understand how the three dynamical states identified in our study are possibly altered 512

when neurons are endowed with voltage-dependent ionic currents or by larger heterogeneity in 513

neuron/synapse properties. 514

Model validation 515

Recent experimental data show that the ongoing activity of the striatum can be either in an AI 516

state or a TA state, depending on the experimental conditions (Gage et al., 2010; Adler et al., 517

2012; Barbera et al., 2016). Furthermore, these data also suggest that the striatum exhibits 518

a TA-like state as animals get engaged in a task. In addition to direct measurement of NAs 519

using modern imaging tools (Barbera et al., 2016), our model suggests that even the relationship 520

between the firing rate and spike time irregularity (Figure 2) can provide further indirect evidence 521

for the existence of NAs in the striatum. 522

The key to the emergence of spatially compact transient NAs in the TA state is the non- 523

monotonically shaped connection probability. Indirect estimates of the anatomical (from neuron 524

morphologies) and functional connectivity both indicate that MSNs do not inhibit their nearest 525

neighbors and that the connection probability peaks at a distance of ≈ 80μm and then decays to 526

zero beyond ≈ 200μm (Fujiyama et al., 2011; López-Huerta et al., 2013). Similar estimates re- 527

garding the distance dependent connectivity between MSNs have been drawn from computational 528

analysis of the three-dimensional morphologies of MSN axons and dendrites (Humphries et al., 529

2010). However, more experimental work is required to measure the spatial profile of not just the 530

functional, but also the structural connectivity within the striatum, in particular to measure the 531

spatial connection profile and spatially compact neural clusters that would support our network 532
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model. In addition, our model predicts that neurons participating in the NAs should have a low 533

connection probability and share their inputs. In addition, our model predicts that the CV of 534

the ISI intervals of MSNs should increase as their firing rate increases (Fig. 2b). Finally, we 535

predict that the pairwise correlation spectrum should be more susceptible to weak inputs in the 536

TA state than in the AI state (Fig. 6). High-density sampling of striatal neurons, when available, 537

would be sufficient to check these predictions. 538

Relationship with models of cortical networks 539

Recurrent networks with both excitatory and inhibitory (E-I) neurons, interconnected according 540

to a monotonically decaying (e.g. Gaussian) connectivity profile for excitation and inhibition, 541

can be tuned to exhibit spatially clustered or stationary bump type activity (Ben-Yishai et al., 542

1995; Roxin et al., 2005). A key feature of E-I networks that show spatial clusters is that the 543

excitatory connectivity decays more rapidly with distance than the inhibitory connectivity. In 544

such networks, the summation of excitatory and inhibitory connectivity kernels or excitatory and 545

inhibitory synaptic strengths yield the well-known Mexican hat profile as the ‘effective‘ connec- 546

tivity kernel with its characteristic, non-monotonic shape. With such a connectivity profile, local 547

recurrent excitation activates neighboring neurons which, in turn, inhibit the surrounding region 548

because of the stronger distal inhibition. That is, in such EI networks, a co-activated local group 549

of neurons is brought together by their mutual, predominantly excitatory, connections and by 550

their common field of surround inhibition. Examples of such behavior have been reported in the 551

experimental literature, e.g. in the monkey prefrontal cortex (Vaadia et al., 1995). By contrast, 552

we found that for purely inhibitory networks, using both network simulations and neural field 553

equations, a non-monotonic spatial connectivity kernel (such as the Gamma distribution) gener- 554

ates spatially clustered bump type activity for high background input. As shown by our mean 555

field analysis, purely inhibitory networks with a Gaussian spatial connectivity profile cannot 556

possibly support any spatially periodic bump activity. Intuitively, that is because co-activation 557

of neighboring neurons requires that these neurons do not inhibit each other while creating an 558

inhibitory surround. Thus, in purely inhibitory networks a co-activated local group of neurons is 559

defined by the lack of mutual connectivity and the presence of a common range of surround inhi- 560
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bition. Mathematically, as we have shown, the key condition to have spatial clusters of activity is 561

that the effective connectivity kernel has a non-monotonic shape as a function of distance in the 562

network (Fig. 6 and see Section: Necessary conditions for the emergence of bump states). Both 563

the ‘Mexican hat’ shaped effective connectivity kernel of E-I networks, and the Gamma distribu- 564

tion shaped connectivity kernel of purely inhibitory networks fulfil that condition. We note that 565

the stable bump state (WTA) observed in our network models closely resembles the grid patterns 566

observed in the medial entorhinal cortex of rodents and that computational models of grid cells 567

also use a non-monotonic kernel to form connections between inhibitory neurons (Couey et al., 568

2013; Roudi and Moser, 2014). 569

In summary, here, we showed how the shape of the distance-dependent recurrent connectiv- 570

ity profile and the strength of ongoing external background excitation together determine the 571

state of the ongoing network activity as well as the stimulus response properties in a purely 572

inhibitory network, such as the striatum. Thus, these results, when properly adapted to the 573

specific inhibitory network of interest could provide important new insights into the functional 574

characterization of the activity dynamics in inhibitory brain networks such as the striatum, the 575

globus pallidus and the central amygdala. 576
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Tables and Figures 694

Name Value Description
Cm 200.0 pF Membrane capacitance
gL 12.5 nS Leak conductance
EL - 80.0 mV Leak reversal potential
Vth - 45.0 mV Spike threshold

Vreset - 80.0 mV Resting membrane potential
tref 2.0 ms Refractory period
Eexc 0.0 mV Excitatory reversal potential
Einh - 64.0 mV Inhibitory reversal potential
τexc 5.0 ms Time constant of excitatory conductance
τinh 10.0 ms Time constant of inhibitory conductance

Table 1: Parameter values for the neuron and synapse model.

Gauss

50 0 50

Distance (%)

Gamma
0

2

Gauss

λ = 1.1Hz λ = 2.5Hz λ = 11.0Hz

0 5

0

2

Gamma

λ = 1.1Hz

0 5

Time [s]

λ = 2.2Hz

0 5

λ = 11.4Hz

a b

N
eu
ro
n
ID

(x
1
0
0
)

Figure 1: Spiking activity of the network with Gamma- (top) and Gaussian-
distributed (bottom) connectivity.
(a) Connection probability between neurons as a function of the distance between neurons nor-
malized to the full size of the network. (b) Examples of the spiking activity of 200 out of 10,000
neurons for different average firing rates (λ) of the network. With increasing background activ-
ity, the spiking activity of the Gaussian networks remained irregular and the bursting behavior
increased. By contrast, the Gamma networks showed transient or persistent bursting behavior
and local synchronization of spiking activities.
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Figure 2: Analysis of the spike patterns in networks with different connectivity pro-
files.
(a) Distribution of average firing rates (λ; top) and coefficient of variation (CVISI ; bottom) as a
function of background input strength (νext) for Gaussian (left) and Gamma (right) networks. In
Gaussian networks, increasing νext resulted in a steadily widening distribution of λ and CVISI ,
which for a large fraction of neurons tended to the value 3. By contrast, in Gamma networks the
distribution of λ and CVISI was rapidly widely distributed from a relatively low νext (1.5 kHz)
upwards. Gamma networks were clearly more excitable than Gaussian networks. Green trace
indicates the skewness of the firing rate in both networks. Black and blue traces refer to the
average firing rate (λ) and standard deviation (σλ) of the firing rate distribution, respectively. (b)
Relationship between the irregularity of the spiking pattern (CVISI) and the average firing rate
(λ). The color of the traces represents the background input rate (νext). In Gaussian networks
(top), neurons with higher λ tended to exhibit a higher CVISI , whereas in Gamma networks
(bottom) they tended to exhibit a lower CVISI .
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Figure 3: Characterization of the bump activity states for the Gamma network.
Time series snapshots of the two-dimensional pattern (100 × 100 neurons) of bump activity,
contrast-enhanced by Mexican hat filtering. Each frame was measured by summing the neu-
ronal activity over 100ms. Three snap shots (columns) of activity were taken 1 second apart.
Three representative Gamma Network states for three different amounts of external inputs are
shown in each row. Asynchronous irregular (AI): External input= 1 kHz. No bump activ-
ity is observed and the network activity remains noisy. Transition activity (TA): External
input= 1.5 kHz. The network is in an unstable state, with several bumps appearing transiently,
in the company of noisy activity. Winner-takes-all (WTA): External input=3 kHz. The
network forms mostly persistent bumps throughout the entire network.
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Figure 4: Quantification of bump activities in Gamma networks.
(a) Spatial autocorrelation of the network spiking activity, showing the mean firing rate (λ)
of each bump as a function of the distance from the cluster centroid normalized to the full
size of the network. Different colors represent the strength of the background excitation. (b)
Distance between bumps in various Gamma distributions and its comparison between numerical
simulations and mean field equations. The background color is measured bump distance from
the network simulation data. Solid traces show results from analytical estimation of bump
distance, dashed traces represent the estimation of bump distance from network simulations.
The parameter for the Gamma distributed connection is used for the spiking network model
(red circle). Spatial representations of activity bumps are also observed in Figure 5 (c-e) These
subfigures display the bump count and their relative lifespan during the entire simulation as a
function of the background external excitation (νext) which modulates the nature of the bump
activity. (c) With increasing νext, the number of bumps increases in a sigmoidal fashion. For
higher νext, the number of bumps saturates, due to the limited capacity of the finite spatial map.
The error bars for the bump counts indicate the standard deviation of bump counts over the
simulation time. (d) The lifespan of bumps reflects the dynamic state of the bumps: a shorter
lifespan reflects TA dynamics, whereas a larger lifespan indicates stable bump activity reflecting
WTA dynamics. By increasing νext, the distribution of lifespans shifts from short to long termed.
The ordinate indicates lifespan, normalized to the duration of the entire simulation (10sec), of
individual bumps. Because the average bump counts are different in each dynamical states (TA,
WTA), we normalized the colorbar of bump count to the average bump count in individual states.
(e) The lifespan distribution is split into three groups (dashed lines in subfigure d). The long
(red trace) appearance of bumps reflects the WTA state of bump activity whereas the short (blue
trace) appearance of bumps reflects the TA state of bump activity. Between these two states,
the network is in a highly unstable state, characterized by a wider distribution of lifespans (light
blue trace).
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Figure 5: Spatial map of bump activity patterns for different Gamma distributions.
A snapshot, contrast-enhanced by Mexican hat filtering, of the two-dimensional pattern (100 ×
100 neurons) of bump activity for different parameters (shape, scale) of Gamma connection
profile defines the size of bumps and the distance between bumps. The rate of the external
Poisson excitation (νext) was set to 5 kHz to obtain WTA states in networks with different
Gamma distributions.
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Figure 6: Analytical description of connectivity profiles.
The graphs show the spatial connectivity profile (left) and its Fourier transform (right) as a
function of the distance between neurons and wave numbers, respectively, for both Gamma (red)
and Gaussian (blue) connectivity kernels. Note that the spatial connectivity profile remains
positive for both connectivity kernels. However, their Fourier transforms behave differently; the
Gaussian kernel remains positive, whereas the Gamma kernel takes negative values for larger
(absolute) wave numbers.
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Figure 7: Impact of the network dynamics on the stimulus response.
(a) Spatial distribution of the spiking activity displayed in time series for different dynamic
states (rows). Each frame shows a spatial map of 30× 30 neurons from the ROI (black squares)
in a time window of 100ms, with 500ms intervals between successive frames. The gradient
background is the probability area for stimulated neurons, its color refers to a stimulus phase.
(b) The change of response activity of the stimulated neurons to their corresponding stimuli A
(red) or B (orange) in different ongoing bump states (AI, TA and WTA). Each row represents
the strength of the stimuli (50 - 150 pA). A lower Δ response indicates a weaker impact of the
external stimuli on the network activity and lower variance of activity reflects a higher reliability
of the response. For each subpanel, the white lines are the median value of the data. The
colored boxes extend from the 25% to 75% of the data, i.e. the box contains ≈ 50% of the data.
Whiskers extend from minimum to maximum values of the data. (c) The temporal variability
(Fano Factor – FF) of the response of the stimulated neurons as a function of time. A lower
Fano Factor indicates a higher reliability of the stimulus response. A higher FF is observed at
each stimulus onset, both in the AI and TA states. By contrast, in the WTA state the network
is not able to reliably respond to external stimuli. Both stimulus phases are displayed at the
bottom of each subpanel.
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Figure 8: Impact of the network dynamics on the modulation of the spectrum of
pair-wise correlations.
Different subfigures show the pair-wise correlation spectrum of the network activity in three
dynamic network states (AI, TA, WTA). Different colored traces represent different stimulus
strengths on the selected neurons. Compared to the correlation spectrum in ongoing activity
(blue), a higher excitation is required to modulate correlations in the AI state than in the TA
state. With a stronger external excitation, the correlations are more widely distributed in the
network activity in both AI and TA states.
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