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Abstract 14 

 15 

Sensory neuroscience has focused a great deal of its attention on characterizing the mean firing 16 

rate that is evoked by a stimulus, and while it has long been recognized that the firing rates of 17 

individual neurons fluctuate around the mean, these fluctuations are often treated as a form of 18 

internally generated noise1. There is, however, evidence that these “ongoing” fluctuations of 19 

activity in sensory cortex during normal, waking function shape neuronal excitability and 20 

responses to external input2,3. We have recently found that spontaneous fluctuations are 21 

organized into waves traveling at speeds consistent with the speed of action potentials traversing 22 

unmyelinated horizontal cortical fibers (0.1-0.6 m/s)4 across the cortical surface5. These waves 23 

systematically modulate excitability across the retinotopic map, strongly affecting perceptual 24 

sensitivity as measured in a visual detection task. The underlying mechanism for these waves, 25 

however, is unknown. Further, it is unclear whether waves are consistent with the low rate, highly 26 

irregular, and weakly correlated “asynchronous-irregular” dynamics observed in computational 27 

models6 and cortical recordings in vivo7. Here, we study a large-scale computational model of a 28 

cortical sheet, with connections ranging up to biological scales. Using an efficient custom 29 

simulation framework, we study networks with topographically-organized connectivity and 30 

distance-dependent axonal conduction delays from several thousand up to one million neurons. 31 

We find that spontaneous traveling waves are a general property of these networks and are 32 

consistent with the asynchronous-irregular regime. These waves are well matched to 33 

spontaneous waves recorded in the neocortex of awake monkeys. Further, individual neurons 34 
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sparsely participate in waves, yielding a sparse-wave regime that offers a unique operating 35 

mode, where traveling waves coexist with locally asynchronous-irregular dynamics, without 36 

inducing deleterious neuronal correlations8.  37 

  38 

Introduction 39 

 40 

Visual cortical neurons exhibit variable fluctuations in their spontaneous activity and stimulus-41 

evoked responses. Rather than being due to noise intrinsic to the neural spiking mechanism9, 42 

which is highly reliable10, variability is thought to emerge from ongoing synaptic activity in the 43 

dense recurrent connectivity of cortical networks1,2. When observed from a single point in the 44 

cortex, spontaneous fluctuations resemble a broadband temporal noise process1,11. Multisite 45 

recordings have revealed that these temporal fluctuations can be part of waves traveling across 46 

a cortical area12–16. Spontaneous traveling waves had largely been observed in slow-wave 47 

fluctuations associated with anesthesia, sleep, or low arousal. While traveling waves had been 48 

theorized to have an impact on cortical computation, it was difficult to identify their role since 49 

active cortical states exhibit fluctuations that are more complex, dominated by higher-frequency 50 

and lower-amplitude activity17, making these waves harder to detect. Further, driving input is 51 

believed to quench variability in ongoing dynamics,18 calling into question the potential impact of 52 

traveling waves on evoked activity19. 53 

 54 

Recent work has shown that spontaneous traveling waves are present in the awake state, that 55 

they influence the magnitude of sensory-evoked activity, and that—depending on their 56 

retinotopic alignment with sensory input—they can improve perceptual sensitivity5. However, the 57 

mechanisms that generate them, and whether they are consistent with the asynchronous-58 

irregular spiking dynamics characteristic of awake cortex20, is unknown. Based on their speed of 59 

propagation, we hypothesize these waves result from action potentials propagating along 60 

unmyelinated horizontal fibers. To test this hypothesis, we studied a spiking network model 61 

across a range of biologically realistic neuronal densities, distance-dependent connection 62 

probabilities, excitatory/inhibitory balances, and synaptic conductance states. Importantly, this 63 

model incorporated axonal time delays from conduction along unmyelinated horizontal fibers, 64 

which shaped ongoing activity patterns into traveling waves consistent with those observed in 65 

vivo. Spontaneous traveling waves were apparent in this network model and occurred 66 

consistently across a wide parameter range that produced asynchronous-irregular dynamics. 67 

 68 
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One might wonder whether the occurrence of these traveling waves induces correlated 69 

variability, which has been found to impair perception8. Results from the spiking network model 70 

show this need not be the case. In both the computational model and multielectrode recordings 71 

in the marmoset visual system, we found neuronal participation in these waves was sparse, 72 

meaning that the probability of any individual neuron contributing to an individual traveling wave 73 

was low. We thus refer to the model as the sparse-wave model and this regime as the sparse-74 

wave regime. Therefore, spontaneous waves can emerge at mesoscopic scales in subthreshold 75 

synaptic fluctuations, carried by sparse spiking activity along horizontal fibers, without inducing 76 

changes in pairwise correlations in the activity of individual neurons. Traveling waves can thus 77 

co-exist with a locally asynchronous-irregular state, conferring their benefits while maintaining 78 

the computational advantages of this dynamical regime7,21.  79 

 80 

Results 81 

Spontaneous synaptic fluctuations are comparable to those during stimulus-evoked responses  82 

Previous work has shown that moment-by-moment fluctuations in synaptic input in the cortex 83 

can be on the same order of magnitude as during the sustained period of stimulus-evoked 84 

responses12,22–24. Fluctuating synaptic inputs can have a significant impact on neural 85 

excitability25, gain modulation26, and readout of sensory information13. To understand the impact 86 

of the spontaneous network state on evoked responses in the awake visual cortex, we recorded 87 

spontaneous and stimulus-evoked activity from chronically implanted multi-electrode Utah arrays 88 

(Blackrock Microsystems) in area MT of two common marmosets (Callithrix jacchus; data 89 

previously reported in Davis et al., 2020). Spontaneous multiunit activity recorded from a single 90 

electrode while a marmoset fixated a fixation point was characterized by a low, irregular firing 91 

rate. The appearance of a highly salient stimulus (10% Michelson contrast drifting Gabor) within 92 

the multiunit receptive field evoked a robust response (Figure 1a). When measured over many 93 

repeated presentations of the stimulus, the mean multiunit firing rate rose from 13 ± 1.6 sp/sec 94 

during fixation, to 97 ± 5.7 sp/sec in response to the stimulus (N = 40 trials over 3 recording 95 

sessions). These evoked spiking responses were variable from trial to trial (mean fano factor = 96 

1.01 ± 0.01 SEM, 40 to 240 ms after stimulus onset), consistent with previous observations18,27,28. 97 

 98 

This variability is partly the result of ongoing spontaneous fluctuations in synaptic activity in the 99 

local population at the time of the evoked spiking response12,13. These fluctuating synaptic inputs, 100 

in turn, contribute to the local field potential (LFP)29,30. When averaged across high-contrast trials, 101 
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the LFP had a robust negative deflection aligned to the stimulus-evoked spiking response, while 102 

the pre-stimulus period was flat (black line, Figure 1a). However, at the single-trial level, the 103 

stimulus-evoked LFP response was similar in magnitude to the spontaneous fluctuations 104 

occurring during fixation (right panel, Figure 1a). The relative power between the LFP just prior 105 

to the stimulus (-200 to 0 ms) and following stimulus onset (0 to +200 ms) across single trials 106 

had a small but significant difference from 0 dB, which represents parity between spontaneous 107 

and stimulus-evoked fluctuations (median 1.98 dB, p < 0.001 Wilcoxon signed-rank test). 108 

 109 

While strong, high-contrast visual stimulation evoked slightly stronger LFP fluctuations than 110 

intrinsic network fluctuations, the distinction disappears in the context of weak visual inputs 111 

(Figure 1b). When the marmoset was presented a faint stimulus that was detected approximately 112 

50% of the time (<2% Michelson contrast), the evoked spiking response was significantly weaker 113 

and more variable (mean = 68 ± 4.4 sp/sec, p < 0.001; fano factor = 1.55 ± 0.09, p < 0.01, 114 

Wilcoxon rank-sum test). This corresponded to a weaker average LFP response, and the trial-115 

by-trial relative power between spontaneous and evoked fluctuations was not significantly 116 

different from 0 dB (median = 0.18 dB, p= 0.55 Wilcoxon ranked-sum test). 117 

 118 

Given the relative magnitude of spontaneous fluctuations to responses evoked by weak sensory 119 

inputs, we hypothesized that much of the variability in neuronal spiking responses could be 120 

explained by the state of the local network. We recently reported that spontaneous LFP 121 

fluctuations in awake cortex are organized into waves that travel across an entire cortical area 122 

(Figure 1c). They modulate spontaneous spiking probability (Figure 1d), and they directly impact 123 

the magnitude of stimulus-evoked responses depending on their alignment with neuronal 124 

receptive fields (Figure 1e). We found that, rather than acting as a source of noise that impairs 125 

perception, spontaneous waves can—depending on their spatiotemporal alignment with a visual 126 

stimulus—improve the monkeys’ ability to detect the stimulus. We thus sought to understand 127 

what mechanisms might generate traveling waves in cortex and test whether they represent an 128 

operating regime either consistent with or distinct from the irregular, asynchronous activity 129 

patterns classically observed in silico6,31 and in vivo7,32. 130 

 131 

Spontaneous traveling waves can emerge in network models without altering individual neuron 132 

spiking statistics 133 

 134 

https://paperpile.com/c/VMPBTa/NC0u+Jz1ZT
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To address this question, we studied large-scale spiking network models composed of leaky 135 

integrate-and-fire neurons with balanced excitation and inhibition and conductance-based 136 

synapses. When neuronal interactions are modeled as conductances, taking into account the 137 

time-dependent driving forces and channel activations at the synapse, spiking network models 138 

can enter into states of self-sustained activity33,34. Asynchronous-irregular activity6 in these self-139 

sustained states, generated without external drive, results naturally from the recurrently 140 

generated fluctuations intrinsic to the dynamics of the system33,34. These dynamics are 141 

characterized by low, variable firing rates, weak pairwise correlations, and coefficients of 142 

variation (C.V.) near unity. These self-sustained states provide an opportunity to study spiking 143 

network dynamics that are structured by the recurrent activity of the network itself, rather than 144 

dominated by random external Poisson synaptic input21, and are well suited to model the 145 

spontaneous background activity observed in cortex during active perception. 146 

 147 

We first studied a two-dimensional conductance-based spiking network model with over 148 

1,000,000 neurons distributed over a 6x6 mm area consisting of 80 percent excitatory and 20 149 

percent inhibitory neurons, randomly connected with 3,000 synapses per cell, yielding a sparsely 150 

connected network. We eliminated the outer milimeter from analysis, yielding a 4x4 mm area 151 

with 450,000 neurons. These values were selected to approximate the density and connectivity 152 

of neurons in cortical layer 2/3 of area MT in the common marmoset35,36. This randomly-153 

connected network generated self-sustained activity with spontaneous spiking fluctuations 154 

consistent with the asynchronous-irregular regime6,37 and lacked any spatiotemporal structure 155 

(Fig. 2b). A simulated LFP was calculated from summed excitatory and inhibitory synaptic activity 156 

over 10 x 10 adjacent, non-overlapping pools of neurons (corresponding to 67.8 x 67.8 μM)38 157 

and was used to estimate the local excitability state at each point in the network for comparison 158 

to the electrophysiological recordings. The LFP was homogeneous across the network, as would 159 

be expected from pools of neurons receiving synaptic input from random positions in the network 160 

(Fig. 2c). 161 

 162 

To test whether topographic connections with transmission delays were sufficient to generate 163 

spontaneous traveling waves in the network, as a refinement to the model described in Figure 164 

2a, two key elements were introduced: 1) connection probability decayed as a Gaussian with 165 

distance between neurons (𝜎 = 400 µM)39,40 to mimic the topographic connectivity in cortex and 166 

2) action potentials activated synaptic currents after a time delay determined by the distance of 167 

the connection to simulate the conduction velocity of horizontal fibers in cortex (vc = 0.2 m/s,4 168 

https://paperpile.com/c/VMPBTa/r4F9+kG1c
https://paperpile.com/c/VMPBTa/Jz1ZT
https://paperpile.com/c/VMPBTa/r4F9+kG1c
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https://paperpile.com/c/VMPBTa/AkRl+vkEP
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Fig. 2d). This network also produced self-sustained, spontaneous fluctuations, but spiking 169 

activity was sparsely organized into bands that moved across the network as waves (rasters, 170 

Fig. 2e). LFP fluctuations were heterogeneous across the network and exhibited organized 171 

spatial structure with localized regions coordinated in amplitude (Fig. 2f). 172 

 173 

To test whether the presence of these organized topographic fluctuations altered the 174 

asynchronous-irregular dynamics of individual neurons in the network, we compared the firing 175 

rates and C.V. across a randomly selected population of excitatory neurons (N = 5000). There 176 

was no difference in the distribution of firing rates across the networks (p = 0.68, Kolmogorov-177 

Smirnov test; Fig. 2g) or in the distribution of C.V. (p = 0.79, Kolmogorov-Smirnov test; Fig. 2h). 178 

Therefore, individual neurons maintained their asynchronous and irregular firing states while the 179 

topographically-connected network produced spontaneous traveling waves. 180 

 181 

While one might expect the organized bands of spiking activity would result in increased 182 

correlations across neurons, we found no evidence that this was the case. The introduction of 183 

topographic connections did not affect pairwise correlations, as the degree of spike-spike 184 

coherence between the randomly- and topographically-connected networks was 185 

indistinguishable (N = 1000 random pairs; CI test, ɑ = 0.05; Fig. 2i). Spatiotemporal structure 186 

can exist in these networks without disrupting C.V. or pairwise coherence because spikes are 187 

sparsely organized into waves, with only a small fraction of neurons spiking in any given wave. 188 

We therefore refer to this as the “sparse-wave” network regime. If it were the case that neurons 189 

strongly participated in these fluctuations, then they would show a degree of coherence in the 190 

range of frequencies dominated by those fluctuations. To demonstrate this, we simulated a 191 

smaller network with fewer neurons and denser connections which generated spontaneous 192 

fluctuations that strongly regulated spiking activity. This “dense-wave” network did exhibit strong 193 

spike-spike coherence in the frequency band dominated by fluctuations in the LFP (Fig. S1, 194 

model parameters table S1). Therefore, unlike in the dense-wave network, traveling waves in 195 

the sparse-wave regime do not necessarily induce pairwise correlation across the network. 196 

 197 

As hypothesized, the addition of topographic connections and conduction delays was sufficient 198 

to produce clear spatiotemporal organization in the network activity (Fig. 3a). To classify these 199 

activity patterns as traveling waves and quantify their properties relative to cortical recordings 200 

from marmoset cortex, we applied the same analysis technique developed for the experimental 201 

recordings (Generalized Phase, GP5) to the simulated LFP in each 10 x 10 neuronal pool. We 202 

https://paperpile.com/c/VMPBTa/zMXD
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then adapted a technique previously developed for detecting traveling waves in noisy 203 

multielectrode recordings41,42. We estimated the gradient of phase at each moment in time and 204 

calculated putative wavelengths and propagation speeds (Fig. 3b and d). We then identified 205 

places and times in the network where the organization of activity into traveling waves was 206 

significant. Significance was determined by comparing the observed wavelengths to the 207 

wavelength distribution after a spatial shuffle of electrode positions, with the 99th percentile of 208 

the shuffle distribution taken as the threshold criterion (Fig. 3c-d). This approach provides a 209 

sensitive and robust means to detect traveling waves from moment to moment41,42. We found 210 

significant wave activity in the topographically-connected network approximately 50 percent of 211 

the time, whereas the presence of significantly structured wave organization was absent from 212 

networks with random connections and no delays (Fig. 3e) as the distribution of putative 213 

wavelengths was similar to the shuffled distribution (Fig. 3f).  214 

 215 

Spontaneous waves occur throughout the asynchronous-irregular regime  216 

 217 

In the example network, topographic connections were sufficient to induce large-scale waves of 218 

activity without disrupting the fine scale asynchronous-irregular dynamics of individual neurons. 219 

Does the presence of traveling waves generalize across all networks with asynchronous-220 

irregular activity, topographic connections, and axonal conduction delays34,37? We scanned 221 

across 2,500 combinations of different excitatory and inhibitory (E/I) conductances in the 222 

topographically-connected model and found 654 combinations that produced self-sustained 223 

spiking activity. We then identified networks with asynchronous-irregular spiking dynamics, 224 

defined as networks with mean excitatory firing rates between 1 and 25 sp/sec, mean C.V. 225 

between 0.7 and 1.4, and mean pairwise correlations between -0.1 and 0.137. Approximately 98 226 

percent (646 out of 654) of the self-sustained networks were classified as asynchronous-227 

irregular. We then measured the percentage of time each network’s activity was significantly 228 

organized into traveling waves. Waves were present across the entire range of asynchronous-229 

irregular networks (Fig. 4a). The strength of wave activity was negatively correlated with the 230 

magnitude of E/I conductance (Pearsons’s r = -0.35 ± 0.07, 95% CI; Fig. 4a) indicating weaker 231 

synapses led to stronger wave activity. The average wavelength was also negatively correlated 232 

with synaptic strength (Pearsons’s r = -0.41 ± 0.07; Fig. 4b), with weaker excitatory conductances 233 

particularly leading to longer wavelengths (Pearson’s r = -0.61 ± 0.05 for ge vs. r = -0.21 ± 0.07 234 

for gi). These results demonstrate that spontaneous traveling waves are a general property of 235 

topographic connectivity and are entirely consistent with locally asynchronous-irregular states. 236 

https://paperpile.com/c/VMPBTa/QFVE+DHuv
https://paperpile.com/c/VMPBTa/QFVE+DHuv
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 237 

How important is network scale in generating traveling waves? To answer this question, we 238 

simulated networks ranging from 0.5 mm to 4 mm, holding neuronal and connection density 239 

constant. For small networks (~0.5 mm), a very limited range of the E/I space produced self-240 

sustained and asynchronous network dynamics. As network size grew, the asynchronous-241 

irregular parameter space grew as well, extending to include smaller and smaller combinations 242 

of E/I synaptic strength20 (Fig. 4c). It was thus necessary to simulate spiking network models at 243 

sufficient spatial scales (> 1 mm) to generate asynchronous-irregular activity in networks with 244 

conductances resembling those estimated in vivo20. At small network scales, wavelength 245 

distributions during asynchronous-irregular dynamics were not distinct from the spatial shuffle, 246 

and the parameters that favored longer wavelengths did not produce asynchronous-irregular 247 

activity. Only at larger network scales did wave activity become strongly apparent (Fig. 4d).  248 

 249 

Network connectivity determines wave properties 250 

 251 

What effect did our chosen parameters for connection distance and conduction velocity have on 252 

wave properties? We hypothesized the spatial extent of connections and the conduction speed 253 

of spikes directly control the wavelength and propagation speed, respectively, of traveling waves 254 

in the model. To test these predictions we simulated networks with various values of standard 255 

deviation (σs) for the Gaussian connection probability distribution. Consistent with our 256 

hypotheses, the distribution of wavelengths increased with larger connection distances (Fig. 5a) 257 

and increasing the conduction velocity led to increased average wave speeds (Fig. 5b). Thus, 258 

the macroscopic features of spontaneous traveling waves were directly related to specific 259 

network structures in the model.  260 

 261 

Are these waves only possible with perfectly Gaussian connection profiles and uniform 262 

conduction velocity, or can they tolerate a broad range of values similar to those observed in 263 

vivo? To test this, we simulated the example model in Figure 2, with 10 percent of the 264 

connections randomly rewired with uniform probability across the network, generating long range 265 

connections43,44. The conduction velocity along each connection was drawn from the range of 266 

conduction speeds observed for unmyelinated horizontal fibers in cortex (0.1 to 0.6 m/s4,45,46). 267 

Spontaneous traveling waves persisted under these network conditions (Fig. 5c, d), indicating 268 

the presence of waves was not limited to a fixed or limited set of homogeneous network 269 

properties, but instead also occurred in networks with large heterogeneity, as in cortex. 270 

https://paperpile.com/c/VMPBTa/jkb6
https://paperpile.com/c/VMPBTa/jkb6
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 271 

Network simulations are consistent with traveling waves in vivo 272 

 273 

How well do the dynamics observed in our simulations match the dynamics observed in 274 

electrophysiological recordings of the cortex? To test this we compared the model results to the 275 

data recorded from marmoset MT while monkeys fixated a spot at the center of an otherwise 276 

grey computer screen. We measured the mean firing rates (Fig. 6a) and C.V. (Fig. 6b) across 277 

the population of single- and multi-unit activity over multiple recording sessions. The distributions 278 

of firing rates and C.V. were qualitatively similar between the recorded data and the sparse-wave 279 

model, suggesting the spontaneous dynamics in the cortical recordings are also consistent with 280 

the asynchronous-irregular regime. 281 

 282 

We next measured the distribution of estimated wavelengths in the data and compared this to 283 

the wavelength distribution in the model. LFP data in the cortex is not independent across 284 

electrodes (as it is in our simulation), but rather pools signals from a cortical volume of 285 

approximately 250 μM in radius around the electrode tip29,30 and has correlations that fall off with 286 

distance17. To emulate these properties of cortical LFP recordings, we applied a smoothing 287 

kernel that expanded the area of integration from each simulated LFP point and reduced the 288 

independence of the signal. After smoothing our simulated LFP and quantifying wave properties, 289 

the distribution of simulated wavelengths closely approximated the distribution observed in 290 

cortex (dotted gray and red lines, Fig. 6c). Similarly, the distribution of observed speeds in both 291 

the network simulation and the data covered the range of conduction velocities in the horizontal 292 

fibers, peaking at approximately 0.2 m/s (Fig. 6d). Thus, across four different measures (spike-293 

rate, spike-variability, wave-size, wave-velocity), the distributions characterizing activity in the 294 

network model were in close alignment with experimental recordings. 295 

 296 

Neurons sparsely participate in waves due to weak coupling to synaptic fluctuations 297 

 298 

What is the conductance state of spontaneous fluctuations in the sparse-wave network 299 

simulation? Membrane potential fluctuations were consistent with high conductance states, with 300 

a Gaussian distribution whose mean was close to the spiking threshold (black line, Fig. 7a). This 301 

contrasted with the skewed distribution of membrane potentials in the dense wave network, 302 

which was consistent with a low conductance state transitioning between quiescent-303 

hyperpolarized and bursting-depolarized membrane potentials (purple line, Fig. 7a). In the 304 

https://paperpile.com/c/VMPBTa/jhwz+3UAg
https://paperpile.com/c/VMPBTa/0IPA
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sparse-wave network model, stochastic fluctuations in the membrane potential produced sparse 305 

and irregular spiking activity. These fluctuations were driven by shifts in excitatory-inhibitory 306 

balance across the local population which, due to the topographic network connections, were 307 

shared by adjacent populations and carried by spikes across horizontal connections. These 308 

summed currents in our estimate of the LFP exhibited a counterphase relationship with the 309 

relative E/I balance: the inhibition-dominated E/I regime produced positive LFP potentials, and 310 

the excitation-dominated E/I regime produced negative LFP potentials (Fig. 7b, c). 311 

  312 

To demonstrate that simulated neurons are sparsely modulated by traveling waves, we 313 

measured the LFP phase at which each spike occurred (10 bins from -π to π; z-scored to 314 

normalize across variable firing rates in each network; Fig. 7d) for E/I conductances that yielded 315 

asynchronous-irregular dynamics. The degree of spike-phase modulation was significant across 316 

the entire parameter space, with spikes more likely during phases closer to ±π. The magnitude 317 

of this modulation was inversely correlated with the magnitude of E/I conductances (Pearson’s r 318 

= -0.44 ± 0.09, 95% CI; N = 646 simulations), with the largest modulations in the range of the 319 

smallest conductance values that supported asynchronous-irregular activity in our simulations 320 

(where traveling waves were most frequent and also had the longest wavelengths; Fig. 4a and 321 

4b, respectively). We chose a point among these small conductance values (1 nS ge, 10 nS gi), 322 

to compare the degree of coupling between the model and the cortical recordings. There was no 323 

difference between the spike-phase modulation observed in the sparse-wave network model and 324 

the recorded data (N = 22 matched resamplings; model circular-resultant = 0.15 ± 0.001 S.E.M.; 325 

data circular-resultant = 0.16 ± 0.005; p = 0.28, Wilcoxon signed-rank test), although the 326 

preferred phase-angle differed slightly between the data and model (data-preferred phase = 3.05 327 

rad, model-preferred phase = -1.96 rad). 328 

 329 

While there was a similar degree of spike-phase modulation between the cortical data and the 330 

sparse-wave model, the modulation was significantly stronger in the dense-wave model (N = 10 331 

resamples; circular-resultant = 0.43 ± 0.006, p < 0.00001, Wilcoxon rank-sum test; Fig. 7g). The 332 

phase distribution follows this pattern as well, with both the cortical data and sparse-wave model 333 

spiking more near ±π phases, whereas the dense-wave model spiking is minimal at these 334 

phases. Additionally, the randomly-connected network showed the weakest spike-phase 335 

relationship (N = 22 resamples; circular-resultant = 0.07 ± 0.001; p < 0.0001 Wilcoxon signed-336 

rank test; Fig. S2), as expected from a network where the neurons in the LFP pool draw from 337 

inputs distributed throughout the entire network. These results demonstrate that—in the 338 
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simulated large-scale spiking networks—waves exist primarily in subthreshold synaptic 339 

fluctuations that are carried through sparse, phase-modulated spiking activity traveling along 340 

topographically distributed horizontal fibers. The presence of a similar spike-phase relationship 341 

in vivo, particularly for model conductance states which corresponded to experimental estimates 342 

of neuronal conductance states20, demonstrates that the sparse-wave regime in the model is 343 

consistent with the properties of waves observed in the experimental recordings. 344 

 345 

Spontaneous traveling waves modulate responses to inputs  346 

 347 

Finally, we hypothesized the state of network fluctuations in the sparse-wave network model 348 

would modulate the magnitude of responses evoked by feed-foward inputs. To test this, we 349 

stimulated one 10x10 neuron pool in the sparse-wave network with a 50 Hz Poisson spike train 350 

on 100 afferent synapses to each neuron to mimic feed-forward stimulus input to the network. 351 

We stimulated for 10 ms, aligned either to the depolarized or hyperpolarized state of network 352 

fluctuations defined, respectively, by the most and least probable phases for spikes to occur 353 

according to the network’s spontaneous spike-phase distribution. When spiking inputs were 354 

aligned to the depolarized state, the evoked spiking responses were boosted (blue lines, Fig. 8a) 355 

relative to weaker responses when inputs were aligned to the hyperpolarized state (red lines, 356 

Fig. 8a). These effects were consistent with wave-modulated visual responses to motion stimuli 357 

observed in area MT in vivo (cf. Fig. 1e). In contrast, stimulation in the depolarized state was 358 

wholly suppressed in the smaller, dense-wave network and the hyperpolarized state yielded 359 

higher responses (red and blue lines, Fig. 8b).  360 

 361 

To quantify the effect of the traveling waves on evoked responses in each network, we then 362 

calculated the gain modulation, which is the ratio between the maximum stimulus-evoked 363 

response and the spontaneous spiking rate when no stimulus was applied (Fig. 8c). Across 364 

repeated input stimulations, input gain was much stronger for the depolarized state relative to 365 

the hyperpolarized state in the sparse-wave network (N = 20 stimulations; depolarized state = 366 

4.25 ± 0.11; hyperpolarized state = 1.74 ± 0.08). In contrast, in the dense-wave network the 367 

strong spontaneous fluctuations shunted the incoming spikes, resulting in larger gain for the 368 

hyperpolarized state relative to the depolarized state (depolarized state = 1.11 ± 0.01; 369 

hyperpolarized state = 1.74 ± 0.07). The highest gain in the dense-wave model was significantly 370 

weaker than the depolarized gain in the sparse-wave network (p < 1x10-7, Wilcoxon ranked-sum 371 

test). The increase in gain that occurs in the sparse-wave network mirrors our observations of 372 

https://paperpile.com/c/VMPBTa/jkb6
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wave-dependent sensitivity in awake monkeys performing a threshold detection task5. Thus the 373 

sparse-wave model offers a mechanistic account for observed phase-dependent modulations of 374 

weak sensory responses by traveling waves measured in vivo that a network characterized by 375 

dense-wave dynamics fails to replicate. 376 

 377 

Discussion 378 

 379 

The present work builds on and seeks to explain our recent finding that spontaneous fluctuations 380 

in cortical activity modulate the moment-to-moment processing of sensory information in a 381 

manner that affects perceptual sensitivity. These fluctuations are neither synchronous across 382 

the cortical surface nor independent noise processes. Rather, they are structured as traveling 383 

waves. The model presented here shows that distance-dependent conduction delays in 384 

topographic, conductance-based spiking network models are sufficient to account for our results 385 

in vivo. Waves occur spontaneously, without requiring a driving input, and they occur robustly, 386 

in the sense that they are generated across a wide parameter space and in the sense that they 387 

occur across the entire space of E/I conductances that gives rise to asynchronous-irregular 388 

activity dynamics. The properties of these waves depend systematically on the scales of 389 

distance-dependant connections and the speeds of action-potential propagation. The waves 390 

were well matched to those observed in cortical recordings from behaving marmosets5 for 391 

speeds consistent with the conduction velocity of unmyelinated horizontal fibers. Neurons 392 

sparsely participated in these waves at the scales of neuronal density and connectivity found in 393 

cortex. The sparseness of the waves allowed them to occur without disturbing the asynchronous-394 

irregular dynamics that are observed in cortical activity and have advantages for neural 395 

computation2,7,21,47,48. These sparse-wave networks remain sensitive to spiking inputs, producing 396 

evoked responses modulated in a phase-dependent manner, as observed in vivo. This is in 397 

contrast to smaller scale networks that exhibit dense-waves that drive correlated fluctuations 398 

across the population and render the network insensitive to spiking inputs. 399 

 400 

These results demonstrate the importance of considering distance-dependent time delays in 401 

neural systems. When considered at the scales of entire cortical areas, individual horizontal 402 

fibers can span distances ranging from hundreds of microns to several millimeters43,44, with 403 

axonal conduction delays on the order of tens of milliseconds4,45. While previous computational 404 

models held that the contribution of axonal delays was negligible in their effects on the temporal 405 

properties of spiking networks49, and they are rarely considered, others have found delays to be 406 

https://paperpile.com/c/VMPBTa/zMXD
https://paperpile.com/c/VMPBTa/zMXD
https://paperpile.com/c/VMPBTa/TuQc+TXCCe+WkGh+lixv+nKsp
https://paperpile.com/c/VMPBTa/hnXI+0eBe
https://paperpile.com/c/VMPBTa/q1XP+mPS5U
https://paperpile.com/c/VMPBTa/I4jG
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important in shaping neural dynamics50,51. Traveling waves have been described in topographic 407 

spiking network models that lack distance-dependent delays, but only in restricted parameter 408 

ranges52–54. With distance-dependent delays, however, we find that traveling waves occur across 409 

the whole asynchronous-irregular regime, in models that are sufficiently large in scale. Thus, not 410 

only are spontaneous traveling waves consistent with the asynchronous-irregular regime, they 411 

are a necessary consequence of topographic connectivity and time delays in cortex across 412 

conditions that yield asynchronous-irregular spiking. 413 

 414 

Critically, the waves we observe sparsely modulate the background spiking probability of 415 

neurons in the network, allowing them to maintain locally asynchronous-irregular dynamics. 416 

These sparse-wave dynamics only become apparent when networks are modeled at sufficient 417 

scales, in particular hundreds of thousands of neurons over an area a few millimeters across 418 

(Fig 4B). Our custom software implementation allowed for the simulation of networks with 419 

approximately 100,000 to 1,000,000 neurons, each with 3,000 synapses per cell, addressing in 420 

the largest networks over 60 GB of RAM. Importantly, while the cells in our network models have 421 

a large number of synapses per cell, the number of possible connection partners is high such 422 

that the network connectivity remains sparse. In these networks, the large number of synapses 423 

per cell allows the network to achieve self-sustained asynchronous-irregular activity when 424 

synaptic conductances are on the order observed in cortex34,55. 425 

 426 

Unlike the outsized conductances typically used in smaller network simulations, the large scale 427 

networks simulated here enabled us to incorporate E/I synaptic strengths that were similar to 428 

those observed experimentally, leading to total E/I conductances on the order of the leak 429 

conductance20,56. This is advantageous because the larger conductances needed in smaller 430 

networks yield unrealistic coupling of spiking activity to synaptic fluctuations and shunt driving 431 

inputs57, as illustrated in the dense-wave model. By scaling our model to realistic neuronal 432 

densities on a spatial scale over several millimeters of cortex (450,000 neurons over 16 mm2 in 433 

the case studied here), the sparse wave model sustains irregular activity, with strengths of 434 

individual synaptic inputs down to 0.5 nS and 4 nS for excitatory connections and inhibitory 435 

connections respectively. At these spatial scales and synaptic conductances, waves are present 436 

about 50% of the time, similar to what we find in neocortex, and the wavelengths closely 437 

approximate those we find in vivo. 438 

 439 

https://paperpile.com/c/VMPBTa/9zra+DvFz
https://paperpile.com/c/VMPBTa/vThh+8161+Tg8c
https://paperpile.com/c/VMPBTa/kG1c+JBl2
https://paperpile.com/c/VMPBTa/GoHb+jkb6
https://paperpile.com/c/VMPBTa/Ea47
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Traveling waves of neural activity in awake cortex have been observed under stimulus-440 

evoked41,58,59, behavior-evoked60–62, and spontaneous conditions5. The fundamental neural 441 

circuit mechanism for these waves, however, had remained unclear. Our modeling results 442 

suggest that the spontaneous LFP fluctuations we observe traveling as waves in the cortex 443 

during active vision result from sparse waves of spiking activity traveling unmyelinated horizontal 444 

fibers. The sparse-wave model, which produces activity patterns consistent with the spiking 445 

activity observed in vivo, posits that these waves arise from the time delays inherent in 446 

communicating spikes across topographic connections within a cortical area. Further, 447 

observations from the model suggest that as these sparse waves traverse the massive recurrent 448 

connectivity within cortical areas2,35,63,64, they produce subthreshold shifts in the local E-I balance 449 

that, collectively, modulate cortical excitability. Thus, the model offers an explanation for our 450 

empirical finding that perceptual sensitivity varies over space and time depending on the 451 

alignment of wave phase5. Importantly, these traveling waves need not introduce correlated 452 

variability believed to harm perceptual sensitivity; instead, the sparse-wave state weakly 453 

modulates the background spiking probability in locally asynchronous-irregular neuron pools. 454 

Rather than a source of noise, as would be predicted if waves modulated activity akin to the 455 

dense-wave regime, the presence of these sparse waves can boost weak inputs that would 456 

otherwise have been imperceptible. These results indicate these traveling waves may be a 457 

network mechanism that can improve perceptual processing when aligned to the source of feed-458 

forward signals, without disrupting the computational benefits of the irregular spiking dynamics 459 

of individual neurons. 460 

 461 

Figures 462 

 463 

Figure 1. Spontaneous network fluctuations are of similar magnitude to stimulus-evoked 464 

responses. (a) Spike raster for repeated presentations (N = 40) of a high contrast (10% 465 

Michelson contrast) drifting Gabor recorded from area MT of a fixating marmoset (stimulus-466 

onset, red line; mean response, blue line). A single trial LFP trace is plotted in gray, and the 467 

average LFP response is plotted in black. The relative power between baseline (-100 ms to 468 

stimulus-onset) and evoked fluctuations (stimulus-onset to 100 ms) significantly favored the 469 

evoked response (right panel; N = 110 trials; median = 2.78 dB, p < 1x10-6, Wilcoxon ranked-470 

sum test). (b) Same as in (a), but for a low contrast stimulus (< 2% Michelson contrast). The 471 

relative power between baseline and evoked LFP fluctuations was not statistically different from 472 

parity (median = 0.18 dB, p = 0.55 Wilcoxon ranked-sum test). (c) Spontaneous LFP fluctuations 473 

https://paperpile.com/c/VMPBTa/QFVE+XoAG+GKpS
https://paperpile.com/c/VMPBTa/7jGY+Ski5+BH9V
https://paperpile.com/c/VMPBTa/zMXD
https://paperpile.com/c/VMPBTa/6TTQ+TXCCe+9mSl+w64T
https://paperpile.com/c/VMPBTa/zMXD
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recorded simultaneously from a spatially distributed multielectrode array were structured as 474 

traveling waves. (d) Histogram of spontaneous spike probability as a function of the Generalized 475 

Phase of the LFP during fixation. (e) The average evoked response to low contrast stimuli was 476 

stronger when a more excitable phase (±π rad) of a spontaneous traveling wave aligned with 477 

the retinotopic location of the target (green line) as compared to when a less excitable phase (0 478 

rad) was aligned (purple line; shaded region S.E.M.; p < 0.01 Wilcoxon ranked-sum test). Data 479 

for panels c-e modified from Davis et al. 2020 with permission. 480 

 481 

Figure 2. Topographically-connected networks produce structured fluctuations without 482 

altering neuronal spiking dynamics. (a) Schematic diagram of a 2-D spiking network model 483 

with 80 percent excitatory (gray) and 20 percent inhibitory (blue) neurons wired with a random 484 

connection probability. (b) Spike rasters from 10000 excitatory neurons arranged by linear 485 

distance in the network. LFP fluctuations calculated from summed synaptic currents for a single 486 

10x10 neuron pool is plotted in red. The mean spike rate across the same pool is shown in black. 487 

(c) Spatial organization of LFP amplitude for each neuron pool in the network plotted at one time. 488 

(d) Network schematic as in (a), but the network was topographically-connected with 489 

probabilities drawn from a Gaussian (σ = 400 µM), and activity had a distance dependent 490 

transmission delay (0.2 m/s). (e) Spike rasters as in (b), but sparse fluctuations were apparent 491 

across the network. (f) Spatial LFP amplitude as in (c), but the LFP was heterogeneous across 492 

the network with topographic structure. (g) The distribution of single unit mean firing rates did 493 

not differ between the random (blue line) and topographic networks (purple line; N= 5000 494 

neurons; p = 0.68, Kolmogorov-Smirnov test). (h) The distribution of single unit C.V. did not differ 495 

between the random and topographic networks (p = 0.79, Kolmogorov-Smirnov test). (i) Pairwise 496 

spike coherence did not differ between the random and topographic networks (N = 1000 random 497 

pairs; CI test, ɑ = 0.05; dotted lines 95% CI). 498 

 499 

Figure 3. Spontaneous topographic network fluctuations travel as waves. (a) Time series 500 

of simulated LFP activity from the topographically-connected network in Figure 2. Regional 501 

peaks and troughs moved coherently across the network as traveling waves. (b) Distribution of 502 

speeds for putative waves observed in the network. (c) Significant (white) and non-significant 503 

(black) wave values were defined as estimated wavelengths that exceeded the 99th percentile 504 

of the spatially shuffled wavelength distribution (47.67% of network activity). (d) Cumulative 505 

distribution functions (CDFs) of the estimated LFP wavelengths (blue) and shuffle wavelengths 506 

(red, 99th percentile, red dashed line). (e) The randomly-connected network had few points that 507 
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classify as traveling waves (1.12% of network activity). (f). Wavelength CDFs for the randomly-508 

connected network and its shuffle. 509 

 510 

Figure 4. Spontaneous traveling waves emerge in network regimes consistent with 511 

asynchronous-irregular dynamics. (a) The percentage of wave-like activity across ranges of 512 

excitatory and inhibitory conductances. Each pixel is one simulation of a network as described 513 

in figure 2, but with the excitatory and inhibitory conductances corresponding to its x and y 514 

coordinate, respectively. Networks consistent with asynchronous-irregular spiking dynamics fall 515 

within the black border. White pixels are networks that did not self sustain or had extremely 516 

low/high mean firing rates (FR < 1 or FR > 25 sp/sec). (b) Same as a, but the mean of the 517 

wavelength distribution is plotted. (c) The region of the parameter space that exhibited 518 

asynchronous-irregular activity grew with the size of the network (width 0.5 mm to 4 mm). (d) 519 

The fraction of wave activity present across all self-sustained networks grew with the size of the 520 

simulated network (mean ± SEM). 521 

 522 

Figure 5. Wavelength and speed distributions change with connection distance and 523 

conduction velocity parameters. (a) CDFs for networks simulated across a range of Gaussian 524 

sigma values for the topographic connection probability. (b) Distributions of wave speeds across 525 

a range of networks simulated with different conduction velocities (0.1 to 0.6 m/s). (insert) The 526 

mean network speed plotted as a function of the simulated conduction velocity. (c) Waves (white 527 

pixels) were strongly present in a network with a mix of topographically (90%) and randomly 528 

(10%) connected projections and a range of conduction velocities (0.1 to 0.6 m/s). (d) CDFs for 529 

the simulation in (c) and its shuffle (blue and red respectively). 530 

 531 

Figure 6. Simulated network dynamics approximate dynamics observed in cortical 532 

recordings of area MT. (a) Distribution of mean firing rates across simulated neurons in figure 533 

2 (blue) and the distribution observed across single and multiunits recorded from area MT of 534 

awake, behaving marmosets (red). (b) The distributions of C.V. for simulated (blue) and recorded 535 

cortical data (red). (c) CDFs of wavelengths for the simulation in figure 5c (blue), its shuffle 536 

(yellow), and the observed distribution recorded in the cortex (red). Simulated wavelengths were 537 

similar to observed wavelengths in vivo after applying a smoothing kernel to approximate the 538 

estimated spatial integration of the LFP in electrophysiological recordings (250 µM, gray dashed 539 

line). (d) Wave speed distributions for the simulation in figure 5c (blue), and recorded cortical 540 

data (red) covered a range consistent with axonal conduction velocities (0.1 to 0.6 m/s). 541 
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 542 

Figure 7. Spontaneous waves reflect structured fluctuations in E/I balance that sparsely 543 

modulate spike probability. (a) Membrane voltage for a simulated neuron in either the sparse-544 

wave network (black line) or dense-wave network (purple-line) calculated from the summed 545 

excitatory and inhibitory synaptic currents received by that neuron. Spiking activity occured when 546 

the voltage crosses the threshold (Vth red line). The distribution of membrane potentials over the 547 

interval for the sparse and dense networks is plotted on the right. (b) The amplitude of the 548 

simulated LFP (blue line) and the relative level of excitatory and inhibitory currents (red line) over 549 

a 10x10 neuron pool were counterphase. (c) Scatter plot of LFP and E-I difference revealed a 550 

significant negative correlation (N = 50000 time points; Pearson’s r = -0.83; CI test, α = 0.01). 551 

(d) Spike-phase coupling was significant across networks in the asynchronous-irregular regime, 552 

and the degree of coupling was negatively correlated with the magnitude of synaptic 553 

conductances (N = 646 simulations; Pearson’s r = -0.45 ± 0.06, CI test, ɑ = 0.05). (e) Histogram 554 

showing the fraction of spikes that occurred during each phase of the simulated LFP in the 555 

topographically-connected network. Spike probability was significantly modulated by LFP phase 556 

(N = 22 resamples versus shuffle; circular-resultant = 0.15, p < 1x10-4, Wilcoxon signed-rank 557 

test). (f) Same as in (e), but for recorded cortical data. Spike probability was similarly significantly 558 

modulated (circular-resultant = 0.16; N = 22 recording sessions versus shuffle; p < 1x10-4, 559 

Wilcoxon signed-rank test). (g) The dense-wave network simulation had a significantly stronger 560 

spike-phase relationship (N = 10 resamples; circular-resultant = 0.43, p < 1x10-4, Wilcoxon 561 

ranked-sum test).  562 

 563 

Figure 8. The sparse-wave network regime boosts spike inputs while the dense-wave 564 

network shunts. (a) The average firing rate across a neuron pool in the sparse-wave network 565 

model received a 50 Hz Poisson spike train input for 10 ms aligned either to a period of 566 

depolarization (blue shaded region) or hyperpolarization (red shaded region) as defined by the 567 

spike-LFP phase relationship. The blue and red lines are the mean evoked firing rate after 568 

receiving the spiking input in either the depolarized or hyperpolarized phase respectively (faint 569 

blue and red lines represent 20 individual trials). The black line is the firing rate of the neuron 570 

pool when no input was given. (b) Same as (a), but the inputs were delivered to the dense-wave 571 

network. The evoked responses were much weaker as the network shunted the currents evoked 572 

by the incoming spikes. (c) The response gain between the distributions of spontaneous and 573 

evoked activity across 20 presentations of spiking input. In the sparse-wave network (left bars), 574 

inputs during the depolarized state had larger relative responses as compared to inputs during 575 
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the hyperpolarized state. Conversely, the dense-wave network (right bars) responses had higher 576 

gain during the hyperpolarized state, which was still significantly weaker than the depolarized 577 

state in the sparse-wave network (4.25 ± 0.11 v. 1.74 ± 0.07; p < 1x10-7, Wilcoxon ranked-sum 578 

test). 579 

 580 

Supplemental Figures 581 

 582 

Figure S1. Dense spiking waves induce pairwise correlation while sparse spiking waves 583 

do not. (a) Spike raster for a 10000 neuron network simulation with topographic connections 584 

and delays. Dense spike participation in traveling waves produces large fluctuations in spiking 585 

activity (black line, pooled LFP example red line). (b) The spike-spike coherence for 1000 586 

randomly selected pairs of neurons has a strong peak between 20-30 Hz (black line, dotted lines 587 

95% CI) corresponding to the peak of the PSD for the example LFP (red line). (c) Spike 588 

probability is strongly coupled to the phase of the LFP. 589 

 590 

Figure S2. Randomly-connected spiking network model has weak spike-LFP phase 591 

coupling. (a) Histogram showing the fraction of spikes that occurred during each phase of the 592 

LFP in the randomly connected network shown in Figure 2 (circular-resultant = 0.07). 593 

 594 

Table S1. Parameters for random, sparse-wave, and dense-wave network simulations 595 

 596 

Table S2. Parameters for networks of various sizes 597 

 598 

Methods 599 

 600 

In vivo cortical recordings 601 

 602 

One male (monkey W) and one female (monkey T) marmoset monkey (Callithrix jacchus) was 603 

surgically implanted with a headpost for head stabilization and eye tracking. The headpost 604 

contained a hollow chamber housing an Omnetics connector for a Utah array (Blackrock 605 

Microsystems), which was implanted in a 7x10 mm craniotomy over area MT (stereotaxic 606 

coordinates 2 mm anterior, 12 mm dorsal). An 8x8 (64 channel, monkey W) and 9x9 with 607 

alternating channels removed (40 channel, monkey T) Utah array was chronically implanted over 608 

area MT using a pneumatic inserter wand. The electrodes spacing was 400 μM with a pitch depth 609 
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of 1.5 mm. The craniotomy was closed with Duraseal (Integra Life Sciences, monkey W) or 610 

Duragen (Integra Life Sciences, monkey T), and covered with a titanium mesh embedded in 611 

dental acrylic. All surgical procedures were performed with the monkeys under general 612 

anesthesia in an aseptic environment in compliance with NIH guidelines. All experimental 613 

methods were approved by the Institutional Animal Care and Use Committee (IACUC) of the 614 

Salk Institute for Biological Studies and conformed with NIH guidelines.  615 

Marmosets were trained to enter a custom-built marmoset chair that was placed inside a faraday 616 

box with an LCD monitor (ASUS VG248QE) at a distance of 40 cm. The monitor was set to a 617 

refresh rate of 100 Hz and gamma corrected with a mean gray luminance of 75 candelas/m2. 618 

Electrode voltages were recorded from the Utah arrays using two Intan RHD2132 amplifiers 619 

connected to an Intan RHD2000 USB interface board. Data were sampled at 30 kHz from all 620 

channels. The marmosets were headfixed by a headpost for all recordings. Eye position was 621 

measured with an IScan CCD infrared camera sampling eye position at 500 Hz. Stimulus 622 

presentation and behavioral control was managed through MonkeyLogic in Matlab. Digital and 623 

analog signals were coordinated through National Instrument DAQ cards (NI PCI6621) and BNC 624 

breakout boxes (NI BNC2090A). Neural data was broken into two streams for offline processing 625 

of spikes (single-unit and multi-unit activity) and LFPs. Spike data was high-pass filtered at 500 626 

Hz and candidate spike waveforms were defined as exceeding 4 standard deviations of a sliding 627 

1 second window of ongoing voltage fluctuations. Artifacts were rejected if appearing 628 

synchronously (within 0.5 ms) on over a quarter of all recorded channels. Segments of data (1.5 629 

ms) around the time of candidate spikes were selected for spike sorting using principal 630 

component analysis through the open source spike sorting software MClust in Matlab (A. David 631 

Redish, University of Minnesota). Sorted units were classified as single- or multi-units and single 632 

units were validated by the presence of a clear refractory period in the autocorrelogram. LFP 633 

data was low-pass filtered at 300 Hz and down-sampled to 1000 Hz. 634 

Receptive Field Mapping 635 

Receptive fields were mapped through reverse correlation. The marmoset was trained to hold 636 

fixation on an image (marmoset face, 1 degree of visual angle (DVA) square) presented to the 637 

center of the LCD monitor. A drifting Gabor (2 degrees diameter, spatial frequency: 0.5 cycles 638 

per degree, temporal frequency 10 cycles per second) was presented at a random position on 639 

the monitor between 0-18 degrees in azimuth and -15 to 15 degrees in elevation, drifting in one 640 

of 8 possible directions for 200 ms, after which it disappeared. After a random delay drawn from 641 
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an exponential distribution (mean 40 ms), a new probe appeared and the pattern repeated until 642 

the marmoset broke fixation (defined as an excursion of 1.5 degrees from fixation) or viewed 16 643 

probes. The marmoset was given a juice reward proportional to the number of probes presented. 644 

The receptive field for each unit recorded on the array was estimated by calculating the spike-645 

triggered average (STA) stimulus that evoked the maximal response:  646 

 647 

The STA is the sum of probe location xi weighted by the spike count yi within the time bin 40 to 648 

200 ms after probe onset, normalized by the number of all recorded spikes N. From the location 649 

of estimated receptive fields on each spiking channel, and the known topography of area MT in 650 

the marmoset65, we estimated the relative position of each recording array in marmoset cortex 651 

(Fig. 1a). We excluded from the analysis the upper half of monkey W’s array as the recordings 652 

did not appear to be in area MT. 653 

Behavioral Task 654 

The marmosets were trained to saccade to a marmoset face to initiate each trial, after which the 655 

face turned into a fixation point (0.15 DVA). The marmosets held fixation on the fixation point 656 

(1.5 degree tolerance) for a minimum duration (400 ms monkey W, 300 ms monkey T) awaiting 657 

the appearance of a drifting Gabor (4 DVA diameter which reliably produced evoked responses 658 

on 1-2 electrodes; spatial frequency, 0.5 cycles per degree; temporal frequency, 10 cycles per 659 

second, drifting in one of up to 8 possible directions). Spontaneous data were analyzed from the 660 

period of fixation preceding the appearance of a target. Early fixation breaks (defined by the 661 

excursion of the eye position from the fixation window) were excluded from analysis. The target 662 

only appeared if fixation was held for an additional random duration drawn from an exponential 663 

distribution (mean 200 ms) to generate a flat hazard function. 664 

 665 

Computational Simulations 666 

The model consists of  leaky integrate-and-fire (LIF) neurons, with  excitatory units 667 

and  inhibitory. The membrane potential  of the th unit evolves in time according to 668 

the equation: 669 

 670 

https://paperpile.com/c/VMPBTa/2dFcu
https://www.codecogs.com/eqnedit.php?latex=N#0
https://www.codecogs.com/eqnedit.php?latex=N_e%20%3D%200.8N#0
https://www.codecogs.com/eqnedit.php?latex=N_i%20%3D%200.2N#0
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 671 

 672 

where  is the membrane capacitance,  is the leak conductance,  is the resting membrane 673 

potential,  are the time-dependent synaptic conductances, respectively, and  are the 674 

reversal potentials for excitatory and inhibitory synaptic transmission. When the membrane 675 

potential  exceeds threshold , the model obeys the following spike and reset conditions: 676 

 677 

 678 

 679 

 680 

where  is the reset potential,  are the excitatory and inhibitory synaptic weights, 681 

respectively, and  is the number of postsynaptic targets of neuron . Following the initial 682 

conductance increase caused by an incoming spike, the excitatory and inhibitory synaptic 683 

conductances follow exponential decay: 684 

 685 

 686 

 687 

where  are the excitatory and inhibitory synaptic time constants. 688 

 689 

Network connectivity and axonal conduction delays 690 

 691 

We studied either spiking network models with unstructured, random connectivity (random 692 

networks, Fig. 2a) or topographic, locally random connectivity (topographic networks, Fig. 2d, for 693 

parameters see Table S1). Neurons in the random network were connected to  post-synaptic 694 

targets chosen with uniform probability. Axonal delays ( ) in the random network were short and 695 

homogeneous (300 µs). In the topographic network, connections were chosen to  post-synaptic 696 

targets with probability decaying as a Gaussian with distance from the sending neuron, with 697 

spatial width  of 400 µm (except where the effect of this parameter is studied systematically in 698 

Fig. 6a). Axonal conduction delays in the topographic network increased linearly with distance 699 

between pre- and post-synaptic cells: 700 

 701 

 702 

 703 

https://www.codecogs.com/eqnedit.php?latex=C_m%5Cdot%7BV_i%7D%20%3D%20g_L%20(%20E_L%20-%20V_i%20)%20%2B%20g_e%20(%20E_e%20-%20V_i%20)%20%2B%20g_i%20(%20E_i%20-%20V_i%20)#0
https://www.codecogs.com/eqnedit.php?latex=C_m#0
https://www.codecogs.com/eqnedit.php?latex=g_L#0
https://www.codecogs.com/eqnedit.php?latex=E_L#0
https://www.codecogs.com/eqnedit.php?latex=g_%7B%5C%7Be%2Ci%5C%7D%7D#0
https://www.codecogs.com/eqnedit.php?latex=E_%7B%5C%7Be%2Ci%5C%7D%7D#0
https://www.codecogs.com/eqnedit.php?latex=V_i#0
https://www.codecogs.com/eqnedit.php?latex=V_t#0
https://latex-staging.easygenerator.com/eqneditor/editor.php?latex=V_i%20%26%5Crightarrow%20V_r#0
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where  is the delay from neuron  to neuron ,  is the delay caused by synaptic vesicle release, 704 

 is the Euclidean distance between  and , and  is the axonal conduction speed. All distances 705 

were calculated taking 2D periodic boundary conditions into account, effectively wrapping the 706 

network onto a toroidal topology55,66. 707 

 708 

Self-sustained activity 709 

 710 

Instead of initializing self-sustained activity through a “kick” of external Poisson input 711 

spikes33,34,37, which may induce trace activity correlations, we recorded the state variables of a 712 

self-sustained network, including membrane potential ( ) and conductance ( ), after a long 713 

period (10 seconds) of simulated self-sustained activity. Taking these distributions as a steady 714 

state, we then used the Gaussian approximation (mean and variance) to initialize the membrane 715 

potentials and conductances with randomly drawn values in the simulations thereafter. After 716 

starting the simulation with these initial conditions, networks with approximately balanced 717 

excitation and inhibition exhibit self-sustained, irregular spiking activity. Each simulation ran for 718 

1.2 seconds, from which we eliminated the first 200 ms from our analysis in case of residual 719 

initialization artifacts.  720 

 721 

Spike train statistics and the asynchronous-irregular regime 722 

To characterize basic spike train statistics, we randomly selected 5,000 neurons in the simulation 723 

and measured the mean firing rate, coefficient of variation (C.V., defined as the ratio of the 724 

standard variation of the interspike interval to the mean for each neuron that has a minimum of 725 

3 spikes over the simulation window), and the average pairwise correlation (average Pearson 726 

correlation between spike trains smoothed with a 100 ms window for 1,000 randomly selected 727 

pairs). To prevent longer simulations with high firing rate during our parallel runs, networks that 728 

produced mean firing rates over 50 sp/s had an early exit condition. Simulations were classified 729 

as asynchronous-irregular if the mean firing rate across all simulated units was greater than 1 730 

and less than 25 sp/s; the mean C.V. across all units was greater than 0.7 and less than 1.4, 731 

and the average pairwise cross-correlation was greater than -0.1 and less than 0.1. 732 

 733 

Pairwise Spike Coherence 734 

 735 
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Pairwise spike coherence was calculated using multitaper methods as described previously67. 736 

The 1000 ms of simulation time was broken into 500 ms epochs, stepping 125 ms to cover the 737 

full period. The DC component of each unit’s spike train was removed, and tapered with a single 738 

Slepian taper, giving an effective smoothing of 2.5 Hz for the 500ms data windows (NW = 1, K 739 

= 1). To control for differences in firing rate among units, randomly chosen spikes were 740 

eliminated in order to equate the total number of spikes in each paired spike train. This procedure 741 

was repeated 10 times and the results were averaged to produce the single paired coherence. 742 

Coherence was then computed across 1000 randomly selected pairs of units, and normalized 743 

by the pooled power spectrum. Confidence intervals were evaluated using a jack knife procedure 744 

leaving out individual pairs of units. 745 

 746 

NETSIM software 747 

Simulations were generated using a specialized program called NETSIM, which is approximately 748 

1,500 lines of C code (available at http://mullerlab.github.io). Equations in the model were 749 

integrated using the forward Euler method with a timestep of 0.1 ms. Simulation results were 750 

additionally point-checked with shorter timesteps throughout. Random numbers were generated 751 

using a C implementation of the ISAAC algorithm68 (Tom Bartol, personal communication). To 752 

verify the numerical integration in this program, we confirmed the network displayed the correct 753 

firing rate for unconnected LIF neurons with varying DC-current injections. We also verified 754 

simulations under a simple feed-forward network topology to confirm the accuracy of the 755 

simulations. Additionally, to ensure reproducibility of our computational simulations69, we 756 

compared results from NETSIM and Brian2 at specific points in the  parameter space for 757 

the balanced random network model, verifying that the mean firing rate, C.V., and cross-758 

correlation were in agreement between the two simulators. 759 

 760 

Network Parameter Scans 761 

 762 

In order to identify the excitatory and inhibitory synaptic conductance weights that produced self 763 

sustained and asynchronous-irregular activity, we simulated networks with 50 values of ge 764 

ranging from 0.1 to 5 nS and gi ranging from 1 to 50 nS for a total of 2,500 simulations (Table 765 

S2). In order to determine the effect of network scale on the range of these 2,500 simulations 766 

that produced self sustained and asynchronous-irregular activity, we repeated these simulations 767 

5 times with varying parameters of network size, neuron number, and connections per neuron 768 
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(Table S2). The number of neurons per network size was chosen to maintain a density of 28,125 769 

neurons per mm2. The number of connections was chosen to maintain the density of connections 770 

within the Gaussian used to assign connections across network sizes. For larger networks (> 2 771 

mm) the connection number did not grow with the size of the network, as 99 percent of the 772 

connections occur within 3 S.D. of the Gaussian (𝝈 = 400 μM). In order to run these simulations 773 

across all combinations of network size and conductance parameters, we utilized the Extreme 774 

Science Engineering Discovery Environment (XSEDE) Comet cluster at the San Diego 775 

SuperComputer (SDSC) center at UC San Diego. Data analysis for these simulations was also 776 

performed on the Comet cluster running MATLAB. Circular variables were analyzed using the 777 

Circular Statistics Toolbox. 778 

 779 

Calculation of LFP estimate 780 

We utilized a previously developed proxy for the LFP generated by a network of point LIF 781 

neurons, which was systematically developed from a spatially extended model38. The LFP 782 

estimate  is computed as a weighted sum of the excitatory and inhibitory synaptic currents  783 

and  across  excitatory cells in each 10 x 10 neuron pool: 784 

 785 

 786 

where  ms and . This LFP proxy is then computed for each 10 x 10 neuron pool 787 

across the two-dimensional network. This proxy was initially computed independently for each 788 

neuron pool, excluding effects from mixing of the LFP signal across space. We note that 789 

excluding these effects is a conservative step, as the addition of the mixing across space would 790 

only increase traveling waves in the LFP. Further, we note that our results do not depend critically 791 

on the choice of LFP proxy and our conclusions are unchanged when analyzing the mean 792 

membrane potentials or excitatory synaptic conductances.  793 

 794 

In order to compare the properties of waves in our model, where LFP signals are independent 795 

across space, from waves recorded from the cortex, where electrodes pool signals across a 796 

volume approximately 250 μM in radius29,70, we convolved the LFP with a 2D Gaussian kernel 797 

(with a spatial standard deviation of 4 LFP bins, corresponding to a radius of 272 μM) before 798 

further analysis. 799 

 800 

https://paperpile.com/c/VMPBTa/VeUO
https://paperpile.com/c/VMPBTa/jhwz+vdbE
https://www.codecogs.com/eqnedit.php?latex=%5Clambda(t)#0
https://www.codecogs.com/eqnedit.php?latex=I_e#0
https://www.codecogs.com/eqnedit.php?latex=I_i#0
https://www.codecogs.com/eqnedit.php?latex=m#0
https://www.codecogs.com/eqnedit.php?latex=%5Clambda(t)%20%3D%20%5Csum_j%5Em%20I_%7Be%2Cj%7D(t%20-%20%5Ctau)%20-%20%5Calpha%20%5Csum_j%5Em%20I_%7Bi%2Cj%7D(t)#0
https://www.codecogs.com/eqnedit.php?latex=%5Ctau%20%3D%206#0
https://www.codecogs.com/eqnedit.php?latex=%5Calpha%20%3D%201.65#0


25 

 

Analysis of spatiotemporal dynamics 801 

To analyze spatiotemporal dynamics in the population activity produced by the spiking network 802 

model, we used a technique we recently developed for wideband analysis of non-stationary data. 803 

Briefly, for each real-valued time series , where  and  are 804 

the number of columns and rows, respectively, we compute the generalized phase (GP)  at 805 

each point using the corrected analytic signal representation introduced in recent work5. We next 806 

calculated the gradient of GP  at each moment in time: 807 

 808 

 809 

 810 

For the spatial gradient, derivatives are taken across the two dimensions of space and are 811 

approximated by the appropriate forward and centered finite differences. As in previous work, 812 

phase derivatives were implemented as multiplications in the complex plane41,71, so that 813 

unwrapping phase across the two dimensions of the network was not necessary. Wavelength is 814 

the reciprocal of the phase gradient magnitude at each point in space and time. Wave speed 815 

was computed as the ratio of instantaneous frequency to phase gradient magnitude, as in 816 

previous work60. 817 

 818 

Calculation of response gain 819 

In order to quantify the sensitivity of the sparse and dense-wave network regimes to incoming 820 

stimulation, we first identified depolarized and hyperpolarized states from the LFP of a 10 x 10 821 

neuron pool defined by the spike-phase bins that generated the maximum or minimum spiking 822 

probability respectively for each network regime. We then applied feed-forward stimulation of 50 823 

Hz Poisson spiking input to 100 synapses for each neuron within the 10 x 10 neuron pool for 10 824 

ms, aligned to the depolarized or hyperpolarized phase in the network. This process was 825 

repeated across 20 trials, yielding a distribution of evoked responses. The same random seed 826 

was used to construct the networks across each trial, so that the simulations were identical up 827 

to the point of stimulation. We calculated the ratio of the evoked responses to the spontaneous 828 

response in the absence of any stimulation at the defined time point. 829 
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