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Abstract 23 

Reliable timing of cortical spikes in response to visual events is crucial in representing visual inputs to 24 

the brain. Spikes in the primary visual cortex need to occur at the same time within a repeated visual 25 

stimulus. Two classical mechanisms are employed by the cortex to enhance reliable timing. First, cortical 26 

neurons respond reliably to a restricted set of stimuli through their preference for certain patterns of 27 

membrane potential due to their intrinsic properties. Second, intracortical networking of excitatory and 28 

inhibitory neurons induces lateral inhibition that, through the timing and strength of IPSCs and EPSCs, 29 

produces sparse and reliably timed cortical neuron spike trains to be transmitted downstream. Here we 30 

describe a third mechanism that, through preferential thalamocortical synaptic connectivity, enhances 31 

the trial-to-trial timing precision of cortical spikes in the presence of spike train variability within each 32 

trial that is introduced between LGN neurons in the retino-thalamic pathway. Applying experimentally 33 

recorded LGN spike trains from the anesthetized cat to a detailed model of a spiny stellate V1 neuron, 34 

we found that output spike timing precision improved with increasing numbers of convergent LGN 35 

inputs. The improvement was consistent with the predicted proportionality of  for  LGN source 36 

neurons. We also found connectivity configurations that maximize reliability and that generate V1 cell 37 

output spike trains quantitatively similar to the experimental recordings. Our findings suggest a general 38 

principle, namely intra-trial variability among converging inputs, that increases stimulus response 39 

precision and is widely applicable to synaptically connected spiking neurons.  40 

Significance Statement 41 

The early visual pathway of the cat is favorable for studying the effects of trial-to-trial variability of 42 

synaptic inputs and intra-trial variability of thalamocortical connectivity on information transmission 43 

into the visual cortex. We have used a detailed model to show that there are preferred combinations of 44 

the number of thalamic afferents and the number of synapses per afferent that maximize the output 45 
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reliability and spike-timing precision of cortical neurons. This provides additional insights into how 46 

synchrony in thalamic spike trains can reduce trial-to-trial variability to produce highly reliable reporting 47 

of sensory events to the cortex. The same principles may apply to other converging pathways where 48 

temporally jittered spike trains can reliably drive the downstream neuron and improve temporal 49 

precision.  50 

Introduction 51 

Timing precision in cortical spike trains is critical in representing visual images in the brain (von der 52 

Malsburg, 1995; Shadlen and Movshon, 1999; Butts et al., 2010). A pioneering in vitro experiment 53 

(Mainen and Sejnowski, 1995) showed that the timing of spikes can be highly precise and reliable when 54 

a fluctuating current waveform is repeatedly injected into cortical neurons. This established the 55 

conditions under which the intrinsic cell properties for spike initiation were capable of high temporal 56 

precision. Later in vivo recordings (Haider et al., 2010) demonstrated that network properties, including 57 

lateral inhibition and recurrent excitation from non-classical receptive fields, also enhance precise and 58 

reliable spike timing in visual cortex. 59 

Experiments in cats and monkeys using fluctuating visual stimulation have revealed reliable 60 

spiking patterns in neurons throughout the visual pathway (Tanaka, 1983; Reid and Alonso, 1995; Gur et 61 

al., 1997; Zador and Dobrunz, 1997; Buracas et al., 1998; Kara et al., 2000; Reinagel and Reid, 2000, 62 

2002; Butts et al., 2007; Kumbhani et al., 2007; Desbordes et al., 2008; Butts et al., 2010; Desbordes et 63 

al., 2010; Haider et al., 2010). The timing of these firing patterns, averaged over many trials, in the 64 

recorded cells, had a precision that varies from less than 1 ms standard deviation (Reid and Alonso, 65 

1995; Reinagel and Reid, 2002) to greater than 10 ms (Buracas et al., 1998) in the LGN and cortex. 66 

Here, we explore intra-trial variability, arising from thalamocortical connectivity at the synaptic 67 

level, as a third mechanism for maintaining precision and reliability of behavioral event timing in the 68 

primary visual cortex (V1). Thalamic spike trains from in vivo cat experiments (Kara et al., 2000) were 69 
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used to drive a multi-compartment/multi-synapse model of a layer-4 spiny stellate neuron in area V1 of 70 

the cortex. These short spike trains, from a drifting grating stimulus, had a 7-ms variability (one sigma) in 71 

first spike timing from trial to trial. Alone, this inter-trial variability in the LGN induced a much larger 72 

timing variability in the layer-4 cortical neuron model. We found that the configuration of 73 

thalamocortical connectivity in the model, which closely matched that in the cat, significantly enhanced 74 

the reliability and precision of V1 cortical cell event timing. These timing improvements, which 75 

depended upon the number of activated afferent LGN cells and the total number of synapses per LGN 76 

axon, resemble the effects of intrinsic neuron properties (Mainen and Sejnowski, 1995) and intra-77 

cortical connectivity (Haider et al., 2010).  78 

A further source of intra-trial timing variation is the receptive field spread of each LGN cell. We 79 

found connectivity and receptive field parameters that produced model V1 output statistically similar to 80 

the V1 recordings taken from the same animals and at the same time as the LGN recordings (Kara et al., 81 

2000). The configuration was found by choosing parameters that produced spike trains with 82 

characteristics that matched the recorded spike data across trials on multiple dimensions. The values of 83 

these parameters from the model (e.g., number of LGN afferents per V1 cell and average number of 84 

synapses per afferent) generally agree with the literature on layer-4 spiny stellate cells in cats (da Costa 85 

and Martin, 2009, 2011).  86 

The convergence of input from multiple LGN cells onto a V1 cell is another mechanism for 87 

conveying visual event timing. This relationship between the connectivity of the synchronous pre-88 

synaptic cells to the reliability and precision of the post-synaptic cell spike trains depended only on the 89 

presence of trial-to-trial variability in the input spike trains. It should apply generally to other such 90 

synaptically connected neurons and may be crucial both for efficient transfer of sensory information to 91 

cortex and for synchrony-based neural codes for communication and processing upstream in higher 92 

brain regions.  93 
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Materials and Methods 94 

Experimental Recordings 95 

The LGN inputs to our model were derived from a series of in vivo experiments in anesthetized adult 96 

cats, which simultaneously recorded from retinal ganglion cells, LGN relay cells, and simple V1 cells (Kara 97 

et al., 2000). The cells were not monosynaptically connected. The stimuli in these experiments were 4-98 

Hz drifting sinusoidal gratings with 50% contrast, which were aligned with the preferred orientation of 99 

the V1 simple cell’s receptive field. Figure 1A shows the visual stimulus with the output rastergram 100 

recorded from the LGN.  101 

The data set used in this study came from four experiments in which recordings were made 102 

from a total of three LGN cells. Two of these were simultaneously recorded in the same animal (along 103 

with one retinal cell and one V1 cell) while the other came from another experiment (retinal cell + LGN 104 

cell + V1 cell). Only two cells (retinal + V1) were recorded in each of the two remaining experiments. 105 

Although not purely Gaussian, the variability in the first spike time from over 800 trials of a 106 

single LGN neuron (Kara et al., 2000) has enough symmetry that standard deviation is a useable 107 

comparative measure, as seen in Figure 2. Other investigators have observed jitter in the event-related 108 

spike trains from sensory pathways (Gur et al., 1997; Xu-Friedman and Regehr, 2005b, a; Kumbhani et 109 

al., 2007; Desbordes et al., 2008; Jeanne and Wilson, 2015). Various studies and analyses have found the 110 

trial-to-trial variation in the first spike latency to vary widely depending on the stimulus used, running 111 

the gamut from Gaussian distributed to Alpha distributed (Xu-Friedman and Regehr, 2005b). The Kara 112 

LGN latency data of Figure 2 (standard deviation 7.3 ms), is in general agreement with that of similar 113 

stimulus protocols in the anesthetized cat LGN (Kumbhani et al., 2007; Desbordes et al., 2008; Herikstad 114 

et al., 2011).  115 

As suggested by Figure 2A, the time difference between the first spike and second spike (first ISI) 116 

is much less than the first spike variation. The distribution of first ISI, however, is decidedly non-117 
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Gaussian because it cannot be less than zero. A useful non-parametric measure in this case is the 118 

interquartile range used by Kumbhani and others (Kumbhani et al., 2007; Herikstad et al., 2011), which 119 

gives the middle 50% of values. The interval between first and second spike in these data has a mean of 120 

2.7 ms and an interquartile range 0.6 ms, whereas the first spike time for this LGN cell varies with an 121 

interquartile range of 9.7 ms. For comparison, Kumbhani reported 8.1 ms interquartile range for first 122 

spike time in LGN X cells (Kumbhani et al., 2007), using fixed Gabor patches with varying contrast as the 123 

visual stimulus.  124 

With one exception, all modeling and simulations shown in the figures are from the same LGN 125 

neuron recording in Figure 2 (designated LGNA, see Figure 8). In most cases this permits a more direct 126 

comparison of results. Other simulations (see Figure 4) have indicated our results do not change 127 

significantly when using the other LGN spike trains as inputs, either singly or as a large group. The V1 128 

simulations of Figure 8 compare parametric thalamocortical connectivity models for all combinations of 129 

the experimentally recorded three LGN neurons and four V1 neurons.  130 

Each of the four cat experiments recorded a single simple cell from layer 4 primary visual cortex 131 

(V1) (Kara et al., 2000). In order to tune and cross-validate our V1 spiny stellate cell model, we 132 

calculated the same metrics on the experimentally recorded V1 spike trains as on our model outputs 133 

(see below). The recorded data had a Schreiber reliability of 0.42, a Fano factor of 0.33, a mean spike 134 

rate of 2-4 spikes per trial, and a first spike precision of 18 ms-1 (see Figure 7).  135 

Biophysical V1 Model Overview 136 

All simulations were performed in the NEURON simulation environment (Hines and Carnevale, 1997). 137 

We used a digitally reconstructed spiny stellate cell of the cat V1, layer 4 (Mainen and Sejnowski, 1996), 138 

consisting of 744 compartments, subdivided into 6 dendritic branches. We also simulated a feedforward 139 

inhibitory neuron that received input from LGN relay cells and contacted the spiny stellate cell (Figure 140 

1B). The inhibitory basket cell was adapted from (Bush et al., 1999) and was downloaded from ModelDB 141 
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(Hines et al., 2004). The V1 model included five currents: a fast Na+ current, a delayed rectifier K+ 142 

current, a slow non-inactivating K+ current, a slow after-hyperpolarization Ca2+-activated K+ current, and 143 

a high-voltage activated Ca2+ current. Complete details of the model, including a parameter list for all 144 

currents, are given in a previous paper and its associated supplemental information (Wang et al., 145 

2010a). For a comparison to the parameters employed in another biophysically realistic V1 spiny stellate 146 

cell model, see (Banitt et al., 2007).  147 

All models ran for a total of 350 ms of simulation time per trial, with a time step of 0.1 ms and 148 

an initial 100 ms to allow the neuron to settle to baseline before delivering thalamocortical stimulation. 149 

To simulate background cortical activity, the V1 spiny stellate cell received afferents from 4500 intra-150 

cortical (e.g., from L4 and L6) excitatory glutamatergic synapses and 1100 intra-cortical inhibitory 151 

GABAergic synapses, based on experimental estimates (Ahmed et al., 1994; Anderson et al., 1994; 152 

Stratford et al., 1996). Unless otherwise noted, all excitatory synapses were uniformly and randomly 153 

distributed throughout the dendritic tree and soma, while the inhibitory inputs resided perisomatically 154 

on dendrites within 200 μm of the soma. Background inputs fed each synapse of the spiny stellate cell 155 

with near-Poisson spike trains (1 Hz excitatory, 5 Hz inhibitory) (Destexhe and Pare, 1999), which 156 

included a 2-ms refractory period between spikes and which updated randomly for each trial. In 157 

addition, the model received up to 300 excitatory synaptic contacts from the simulated LGN, treated as 158 

the main input to the model, and 200 feedforward inhibitory synapses from the basket cell. The total 159 

number of thalamocortical connections is based on anatomical measurements (Ahmed et al., 1994; Gil 160 

et al., 1999).  161 

In contrast to inhibitory synapses, where release occurred with the arrival of each spike in the 162 

presynaptic train, the excitatory synapses from both the LGN and intra-cortical connections exhibited 163 

short-term facilitation and depression (Dobrunz and Stevens, 1997) with stochastic release (Allen and 164 

Stevens, 1994). This dynamic stochastic synapse model was based on previous experiments and 165 
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theoretical formulation using minimal stimulation (Stevens and Wang, 1995; Maass and Zador, 1999). 166 

The resulting facilitation and depression generated individually for each synapse, driven by actual LGN 167 

recordings, is an important component in producing biophysically realistic V1 output spike trains.  168 

Dynamic Stochastic Synapse Model 169 

The probability of release is characterized by the equation 170 

  (1) 

where  and  represent facilitation and depression levels, respectively, and 171 

  and  (2) 

describes an exponentially decaying accumulation of calcium with each presynaptic spike at time  ( , 172 

, and  are constants), and 173 

  and  (3) 

where  is the dynamically updated set of spike times that yielded release ( , , and  are constants). 174 

For all simulations, we used ,  (yielding an initial probability of release of 0.3), the 175 

magnitude of facilitation was set to , and the magnitude of depression was set to . The 176 

time constants were set to  ms and  ms. These synapse model parameter values were 177 

selected so as to mimic experimental (in vitro) data characterizing synapses from rat hippocampal 178 

(Dobrunz and Stevens, 1999) and rat V1 cortical neurons (Abbott et al., 1997). 179 

Although there is some evidence that thalamocortical synapses have a high and largely invariant 180 

probability of release (Stratford et al., 1996; Gil et al., 1999), other studies indicate the possibility that 181 

these synapses have typical strengths and reliability for cortical synapses (Bruno and Sakmann, 2006). 182 

We chose to investigate the scenario in which intra-cortical and thalamocortical synapses are equally 183 

weak in terms of EPSC amplitude and release probability.  184 
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Connectivity Parameters 185 

This study investigated the effect of different patterns of thalamocortical input connectivity on cortical 186 

cell outputs, including the number of synapses, the number of LGN sources, synaptic distribution, and 187 

temporal offset between input sources. We refer in this paper to the total number of thalamocortical 188 

synapses as “synchrony magnitude” (SM) because they all provide spike trains in response to the same 189 

visual event. Each LGN source synapses onto locations within the dendritic tree of the cortical cell 190 

closest to its virtual axon, a randomly oriented straight line. Each axon makes multiple synaptic contacts, 191 

either a group size of five for multiple sources (da Costa and Martin, 2011), a number equal to SM for a 192 

single driving source, or another specified group size, as in Figures 9-10. All synapses of a given axon 193 

receive identical presynaptic spike timings within a given trial. To represent variation in temporal 194 

receptive fields (RF) of different LGN sources, the time windows for delivering the prerecorded LGN 195 

spike trains were shifted randomly for each source; “receptive field phase jitter” (RF jitter) represents 196 

the standard deviation in ms of these temporal shifts, which remained consistent for each source 197 

between trials.  198 

In our simulations, a given axon selected a random 250-ms sample from the set of available 199 

experimental LGN event response data, drawn from the recordings of a single LGN cell (Kara et al., 200 

2000). This made a simplifying assumption that all synchronously activated LGN cells were identical in 201 

regard to the distributions of their trial-to-trial response variability. Figure 4, however, indicates that 202 

driving the simulations with spike trains from different LGN sources does not significantly alter the 203 

results, so a mixture of LGNs would fall within the same range. 204 

Experimental Design and Statistical Analysis 205 

For nearly all tests of statistical significance, we used Welch’s unequal variances t-test, which tests 206 

whether two populations have equal means without assuming equal variances (Welch, 1947). The 207 

populations that we compared consisted of measurements of output spike trains under different 208 
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configurations at given levels of synchrony magnitude. In particular, we compared how significantly the 209 

mean reliability and precision of output spike trains changed when thalamocortical connectivity 210 

switched from single-sourced (no intra-trial variability) to multi-sourced input (with intra-trial variability) 211 

and when receptive field jitter was added. All comparisons controlled for total input strength by 212 

ensuring the same SM for each of the different measurement populations. 213 

Each sample point measured some statistic related to the output spike distribution across a set 214 

of trials. Unless otherwise specified, all simulations ran for 25 sets of 30 trials, each 350 ms long. The 215 

configuration of LGN axons within the dendritic tree, and thus the locations of thalamocortical synapses, 216 

changed from one set of trials to the next, representing different cortical cells with the same 217 

connectivity parameters. Spike times for all synapses, background and LGN, updated on every trial 218 

(except for the “repeating” case in Figure 5 and the “no noise” case in Figure 9). All metrics (Schreiber 219 

reliability, Fano factor, mean spike count/rate, and first spike time precision) were calculated for a 150-220 

ms window after LGN input started, yielding one value for each metric for each set of 30 trials. This 221 

window expanded with increasing RF jitter to account for increased spread in the timing of inputs, 222 

adding on four times the standard deviation of the RF offsets: 150, 170, 190, 210, 230, and 250-ms 223 

windows for 0, 5, 10, 15, 20, and 25-ms RF phase jitter, respectively. All error bars in figures represent 224 

standard deviation of the given metric among the 25 trial-sets.  225 

We measure trial-to-trial output reliability with the Schreiber metric (Schreiber et al., 2003), 226 

which yields a measure between 0 (no inter-trial consistency) and 1 (perfect overlap between all spike 227 

trains). Schreiber reliability computes similarity between all pairs of trains in a set of trials according to 228 

the following equation: 229 

  (4) 
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where  represents the number of trials (  trials for all data in this paper), and  represents the 230 

-th spike train smoothed by convolving with a Gaussian kernel. Because reliable events in the 231 

experimental data for V1 cells occur with a jitter of ~3 ms for V1 cells (Reinagel et al., 1999) and because 232 

the minimum inter-spike interval present in our V1 data is ~5 ms, we chose a kernel with a 3-ms 233 

standard deviation. Fano factor (FF) is the ratio between the variance and mean number of spikes in the 234 

specified window of each set of 30 trials ( ). Mean spike rate is the average number of spikes 235 

output in a set of trials. Finally, first spike time precision is the reciprocal of standard deviation in first 236 

spike times within a set of trials, ignoring spikes that occur outside the specified window.  237 

Multidimensional Validation Metric 238 

To compare how well models with different connectivity parameters matched their output to the actual 239 

spike trains recorded from real V1 neurons (Kara et al., 2000), we developed a novel metric. First, 240 

measurables are computed for the output of all sets of trials (Schreiber reliability, Fano factor, spike 241 

count, and first spike precision in this analysis), both for all models and for the V1 recordings. Thus, each 242 

model (and the experimental Kara data) is represented as a cluster of points in high-dimensional space 243 

(25 points per cluster and four dimensions in this analysis).  244 

Next, the mean and covariance of the experimental data cluster are calculated, and all data are 245 

transformed into the corresponding normalized eigenspace: 246 

  (5) 

where  is the -th point of the model data cluster  transformed into the eigenspace of the 247 

covariance matrix of the experimental data cluster,  is the same point in measurement space,  is a 248 

vector representing the mean (center) of the experimental data cluster,  is a matrix whose columns are 249 

the unit eigenvectors of the covariance matrix, and  is a vector whose elements are the square roots 250 

of the corresponding eigenvalues (  is elementwise multiplication). This transformation yields a 251 

normalized eigenspace centered on the experimental distribution. Within the space, the Euclidean 252 
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distance ( ) of each model point to the origin represents the number of standard deviations from the 253 

center of the experimental distribution, or alternately, on which best-fit hyper-ellipsoid the model point 254 

lies relative to the experimental distribution. The points are then sorted and given index values 255 

( ) normalized to between 0 and 1 ( ), yielding a cumulative distribution 256 

function  for the model (see Figure 7C). This is done for both experimental and model 257 

points.  258 

Finally, assuming that the experimental and model distributions share the same number of 259 

points N, the deviation of model output from experiment is calculated as the root-mean-square 260 

horizontal deviation between model and experimental distributions: 261 

  (6) 

where  is the RMS deviation of the model from experiment,  refers to the model cluster under 262 

investigation,  refers to the experimental (Kara V1) distribution, and  is the inverse CDF. 263 

(With different values of  for the two distributions, the -values would be interpolated until their 264 

numbers matched.) The  metric is similar to integrating the area between the two CDFs and the lines 265 

 and . The scalar metric  always yields 0 whenever the experiment is compared to itself 266 

and a number greater than 0 for any difference in mean or covariance between the model and 267 

experimental data clusters, a larger number indicating greater deviation and hence a worse fit for that 268 

model (see Figure 7D and Figure 8). 269 

Model Independence 270 

From a statistical perspective, the mean event response time of a neuron should become more precise 271 

across trials according to the square root of the number of synchronous, noisy input sources, just as 272 

standard error of the mean decreases with increasing sample size (Snedecor and Cochran, 1967), 273 
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assuming that the noise sources are uncorrelated. To test how well this theory matches our simulation 274 

results, we analyzed the ratio in first spike-time jitter between the output of models receiving multi-275 

source (MS) and single source (SS) input. We controlled for total number of input synapses by fixing 276 

synchrony magnitude at 60, changing the number of sources between MS models (  = 1, 2, 3, 4, 5, 6, 10, 277 

12, 15, 20, 30, 60 LGN sources, with group sizes of  synapses per source axon). First spike time jitter 278 

was calculated for each of 25 sets of 30 trials per model, and MS:SS jitter ratios were calculated for all 279 

625 comparisons between model trial-sets. We fit the results to a theoretical (T) and a best-fit (B) 280 

model, according to the equations: 281 

  and  (7) 

where  is the number of convergent sources (of equal influence on post-synaptic activity) and  is an 282 

intrinsic noise term of the model ( ). The value of  represents a horizontal asymptote that 283 

“compresses” the mathematically-expected trend and may cause the model to deviate significantly from 284 

it when . The goodness of fit data is presented in the legend for Figure 9. 285 

To demonstrate that the observed trends are model-independent, and therefore generally 286 

applicable, we cross-validated our simulations both by supplying artificially-generated LGN spike trains 287 

and by running simulations with simplified neural models (Izhikevich and integrate-and-fire; see below). 288 

The spike count for a given artificial train was sampled from a Poisson distribution (  spikes), and 289 

spike times were normally distributed (  ms) about a mean event time (  ms). We ran 290 

simulations for each V1 neuron model (Hodgkin-Huxley (NEURON), Izhikevich, and integrate-and-fire) 291 

alternately with real LGN input or with artificial input, and the two sets of output were compared (see 292 

Figure 9A, C, E).  293 
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Simplified Neuron Models   294 

Our two simplified neuron models used increasing levels of mathematical abstraction from the NEURON 295 

model (Wang et al., 2010a). The first was an Izhikevich neuron (Izhikevich, 2003) and the second an 296 

integrate-and-fire neuron (Wang et al., 2010b; Stanley et al., 2012). For these models, EPSPs were 297 

generated by convolving input spike trains with an alpha-function kernel with a 3-ms time constant. We 298 

chose EPSP magnitudes that yielded moderate output spike rates: the Izhikevich EPSP peaked at about 299 

0.166 mV, while the more sensitive integrate-and-fire EPSP peaked at about 0.022 mV. The four 300 

parameters chosen for the Izhikevich model produce a regular-spiking neuron: , , 301 

mV, . The integrate-and-fire neuron parameters were based on (Wang et al., 2010b; 302 

Stanley et al., 2012): a membrane time constant of 10 ms, a post-spike reset potential of -65 mV, a 303 

resting membrane potential of -70 mV, a resistance of 70.4 MΩ, and a refractory period of 3 ms. Both 304 

neurons had a spiking threshold of 30 mV, and simulations used the forward Euler method with a 0.1-ms 305 

time step. 306 

Results 307 

Combining Intra-trial and Inter-trial Variation Improves Reliability and Precision 308 

It is well known that spike trains in many sensory pathways to the cortex exhibit timing variability. In 309 

particular, for the early visual pathway of the cat, the LGN responds to an identically repeated visual 310 

stimulus with spike patterns that vary distinctly from cell to cell in each trial (intra-trial variability) and in 311 

each cell from trial to trial (inter-trial variability) (Alonso et al., 1996; Kara et al., 2000; Reinagel and 312 

Reid, 2002; Kumbhani et al., 2007; Desbordes et al., 2008; Desbordes et al., 2010; Herikstad et al., 2011). 313 

In this paper, we examine the effects of both intra-trial and inter-trial LGN spiking variability on the 314 

reliability and precision of layer 4 cortical V1 neuron responses. The reliability and precision of V1 315 

responses corresponds to the quality of information conveyed about the timing of visual events. 316 
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 We begin by comparing two cases of intra-trial variability, which has been less frequently 317 

studied than inter-trial. First is the extreme case of no intra-trial variability at all, i.e. all input synapses 318 

are driven by the same LGN spike train in each trial, which we call Single Source (SS). In the second case, 319 

multiple precursor LGN cells, each conveying a different input spike train on each trial, converge to the 320 

same V1 cell, which we call Multi-Source (MS). The simulations of Figure 3 illustrate the effects of these 321 

two intra-trial cases on both the vesicle release of individual synapses and the resulting membrane 322 

potential fluctuations of the modeled V1 cell. In both cases, inter-trial variability is present in the 323 

experimentally recorded LGN input spike trains (Kara et al., 2000) despite identical visual stimuli (i.e., 324 

one cycle of the moving grating per trial). 325 

Figure 3A-C shows the SS case where the thalamocortical spike trains vary from trial to trial, but 326 

not from synapse to synapse during a trial. It models ideally synchronized inputs, as in the connectivity 327 

of a single LGN precursor cell axon to all the LGN synapses on a V1 cell. By contrast, in the MS case of 328 

Figure 3D-F, each LGN cell produces a different spike train pattern during a trial. Note, however, that the 329 

axon from an LGN cell may still contact multiple synapses on the same V1 cortical cell, forming a synapse 330 

“group”. All synapses in a group receive identical spike trains except for very small delay differences 331 

(ignored in this study). In Figure 3D-F, and in most of this paper, the group size is 5. In both SS and MS, 332 

inter-trial variability is present in the experimentally recorded LGN input spike trains (Kara et al., 2000) 333 

despite identical visual stimuli (i.e., one cycle of the moving grating per trial – see Figure 2). 334 

For all of Figure 3 the synchrony magnitude (i.e., the total number of V1 synapses driven by 335 

synchronously activated LGN cells) is 50. As seen in Figure 3D, E, this drives the MS case with 10 distinct 336 

spike patterns from 10 LGN source cells. Synaptic releases (in red; spike times in black did not release) 337 

show less change between trials for the MS than for the SS case. (See Materials and Methods for how 338 

releases are determined stochastically by the synapse model.) 339 
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Figure 3C, F shows, for SS and MS inputs respectively, the V1 membrane potentials of 30 trials 340 

(average is a bold black line). Note the distinct difference between the traces, the membrane potentials 341 

for multi-source trials showing an opening on the plot where the outputs align, a feature absent in the 342 

single source case. This closer clustering of output spikes can be explained by the greater inter-trial 343 

similarity of the MS release histograms (3D, E) than for SS inputs (3A, B). The result is improved 344 

reliability and precision of the multi-source V1 outputs as reflected by significantly less jitter in the 345 

output spike raster plots (3C, F).  346 

We now quantify the improved time precision of V1 output spike trains with multi-source inputs 347 

(i.e. intra-trial variability) in Figure 4 for the range of synchrony magnitudes (SM) of 0 to 100 348 

thalamocortical synapses. Schreiber reliability (Schreiber et al., 2003) measures the degree of alignment 349 

between all pairs of spike trains in the V1 output raster, normalized from 0 (no alignment of spike times 350 

between trials) to 1 (perfect alignment between trials). First spike precision measures the reciprocal of 351 

the standard deviation (jitter) in first spike times from trial to trial. In these simulations, just as in Figure 352 

3, the individual LGN spike trains differ for each LGN source neuron within a trial and for each LGN 353 

neuron from trial to trial. 354 

Three traces are shown in Figure 4 for both MS and SS for both reliability and precision, each 355 

trace representing the outputs of the simulated V1 cell in response to input spike trains from each of the 356 

three different LGN cells in the recorded data (Kara et al., 2000) (see Materials and Methods). Despite 357 

differences between the spike train characteristics of each of the three LGN cells, the trends in output 358 

reliability and precision are similar. Synchrony magnitudes below 30 synapses produce very low output 359 

reliability and poor first spike precision simply because the lower number of input spikes leads to fewer 360 

output spikes. As the number of input synapses increases to 50 and above, the releases begin to align, 361 

and output spikes begin to occur on every trial, within a narrower time window, leading to improved 362 

reliability and precision. Furthermore, the multi-source cases produce significantly better reliability and 363 
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precision than the single-source cases for SMs of 50 and above. The circles in Figure 4A and 4B 364 

correspond to the reliabilities and first spike precisions, respectively, of the raster plots in Figures 3C, F 365 

at SM 50.  366 

The main finding is that intra-trial variability in the form of converging inputs from multiple LGN 367 

sources, each with different spike patterns (multi-source), improves V1 neuron reliability and first spike 368 

precision over a single source that drives all synapses with the same pattern. 369 

Intra- and inter-trial variability determines stimulus-timing precision in V1 spikes.  370 

In the preceding section, we looked at two cases of intra-trial variability (SS and MS) in the presence of 371 

inter-trial variability. Here, we further explore the impact of inter-trial variability on the reliability and 372 

precision of the transmission of visual event timing information. In Figure 5, for both SS and MS, we 373 

compare two extremes of inter-trial synchrony: “repeating,” where each synapse uses an identical spike 374 

train for each trial in a set, and “varying,” where each synapse uses a different recorded LGN spike train 375 

(Kara et al., 2000) for each trial. This yields four types of input synchrony, with model V1 outputs shown 376 

in Figure 5A-D for simulations driven by just one of the three LGN cells. Each panel shows multiple V1 377 

output rasters of 30 trials, one set for each synchrony magnitude (0 to 100 in 10-synapse increments). A 378 

different input was used for each raster shown. The last of these four configurations (5D) is the most 379 

physiologically plausible, using both inter-trial and intra-trial variability with multiple precursor LGN 380 

cells. Figures 5E, F compare the Schreiber reliability and the first spike precision for the four cases, again 381 

measuring for 25 sets of 30 trials each as in Figure 4, but showing results only for simulations driven by 382 

spike trains from one of the three LGN cells.  383 

It is clear from Figure 5 that the two unrealistic cases of no inter-trial variability (5A, 5B and blue 384 

lines in 5E, 5F) lead to more clustered output spike trains, higher reliability, and greater precision than 385 

with inter-trial variation at each synapse (5C,5D and red lines in 5E, 5F). Naively, one might assume that 386 

increasing the intra-trial input variability to a V1 cell would increase the variability in its output spike 387 
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trains, but this in fact holds only in the absence of inter-trial variability. In cases where LGN cells can 388 

reproduce their spike trains exactly on every trial in response to a repeated visual stimulus, SS 389 

connectivity is better for conveying reliable and precise timing information than MS because of lower 390 

intra-trial variability. However, in the more realistic cases where precise LGN input spike trains vary from 391 

trial to trial, MS connectivity is better than SS. In the presence of inter-trial variability, SS connectivity 392 

transmits information on the incidental timing of individual LGN spikes, which obscures the timing of the 393 

visual event that triggered the activity. However, MS connectivity overcomes this confounding effect by 394 

averaging out the variability of multiple LGN sources within a single trial. This enables the V1 neuron to 395 

transmit more precise information about the timing of visual event itself.  396 

In summary, the most biologically relevant of the four cases (Figure 5D) demonstrates that inter-397 

trial variation of the LGN source spike trains is a primary source of variability in the timing of V1 spiny 398 

stellate cell output spikes and that this inter-trial variation is partially ameliorated by intra-trial variation 399 

(multi-sourcing) of LGN inputs. This form of thalamocortical connectivity (5-10 synapses on a V1 cell per 400 

single LGN relay neuron) is consistent with observations from direct quantitative imaging in spiny 401 

stellate neurons (da Costa and Martin, 2011). The improvement in event-timing is important to higher-402 

order visual processing for assembling an image stream (von der Malsburg, 1995; Shadlen and Movshon, 403 

1999) and for predicting movements in the external world.  404 

Adding Effects of LGN Neuron Receptive Fields 405 

All of the above simulations have assumed that the receptive field centers for each of the multi-source 406 

LGN inputs was identical relative to the phase of the drifting sine wave grating along the axis of 407 

preferred orientation. We conducted further simulations with temporal shifts of the LGN input spike 408 

trains to represent the receptive field phase jitter of V1 simple cell synapses, not all of which are aligned 409 

with the orientation of the visual stimulus (Stanley et al., 2012). The amount of temporal shift added to 410 

each group of LGN synapses (i.e., to each LGN axon) was randomly selected from a normal distribution 411 
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with standard deviation (receptive field phase jitter) from 5 to 25 ms in 5-ms steps, and it remained 412 

constant for a given axon for all 30 trials in a given set (see Materials and Methods). Figures 6A, B 413 

illustrate the impact of RF phase jitter on reliability and first-spike precision, respectively. The addition 414 

of receptive field jitter primarily serves to make reliability plateau at higher SMs than in the multi-source 415 

case with all receptive fields aligned, while first-spike precision dramatically worsens for all SMs when 416 

jitter rises above 10 ms.  417 

Figure 6 confirms that in all cases, both for reliability and precision, the multi-source 418 

connectivity between LGN and V1, with its intra-trial variability, is statistically superior to single-source 419 

connectivity, with its perfect intra-trial synchrony, even in the presence of RF jitter. However, excessive 420 

intra-trial variability is not always beneficial. RF jitter adds another layer of intra-trial variability on top of 421 

the intrinsic spiking variability of synchronous LGN cells, which has been explored until now, without 422 

affecting inter-trial variability. This puts a limit on the amount of input variability that MS connectivity is 423 

able to average out. As the spread in the relative timing of LGN receptive field activations increases, a 424 

greater number of converging synapses (SM) is required to maintain reliable and precise response 425 

timing relative to visual events. We will continue to include receptive field jitter in subsequent figures as 426 

we explore the connectivity parameters needed to match experimentally recorded V1 cell output.  427 

Matching Simulated Output to Experimental Recordings 428 

In the simulations of Figure 6, we varied both the number of LGN neurons afferent to the V1 cell and the 429 

phase jitter among the receptive fields (RF) of these sources over a wide range. The question arises as to 430 

what combinations of these two connectivity parameters produce V1 output spike trains from our 431 

simulated thalamocortical connectivity system that best match those from the Kara experimental data. 432 

We sought to answer this by analyzing a number of models, each with a different combination of RF 433 

jitter and synchrony magnitude. Each model used multi-source connectivity (group size 5) and the same 434 

statistical protocol of 25 sets of 30 trials, each set using a unique random axonal configuration (see 435 
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Materials and Methods). Four measures were used to compare the models. The first two, Schreiber 436 

reliability and first-spike precision, come from the connectivity studies above. We added number of 437 

spikes per trial and Fano factor, as motivated by the experimental paper (Kara et al., 2000). Although not 438 

completely independent, these four measures are distinct characteristics of spike rasters.  439 

We compared the ranges of measurables for each V1 simulation model to those for the 440 

experimentally recorded V1 neuron (Kara et al., 2000). The spike trains of one of the recorded V1 cells, 441 

labeled LGNA, had the following properties: reliability 0.43 ± 0.05, first spike jitter 9.25 ± 1.84 ms, spike 442 

count 2.80 ± 0.27, Fano factor 0.32 ± 0.10. Figure 7A illustrates the spike raster for the experimental 443 

V1data (Kara et al., 2000) and for several of the models designated by their synchrony magnitude and 444 

their RF jitter. By eye, the model using SM 70 and 15 ms RF jitter seems to best match the experimental 445 

raster in terms of numbers of spikes and their distribution in time. (Note that the temporal offset of the 446 

rasters of each model is irrelevant to the metrics.) 447 

For each model, every set of 30 trials yielded one point in four-dimensional measurement space. 448 

With 750 trials, this gave a cluster of 25 points for every model and for the experimental V1 data 449 

(selected from the 805 trials labeled B1G by Kara). The most realistic models have the most overlap of 450 

their points with the distribution of experimental data. As an example, Figure 7B shows data points in 451 

the two-dimensional projection onto Fano Factor/Reliability subspace for the same models as in Figure 452 

7A (colored the same as in Figure 7C). On this projection, the blue dots of the SM 70, 15-ms jitter model 453 

tightly cluster within the one standard deviation (red) and 95% confidence (blue) ellipses of the 454 

experimental data, more so than the other models. The other 5 two-dimensional projections of 455 

measurement space are constructed in the same fashion (not shown here).  456 

To quantify similarity of model to experiment, we used a unique metric that considers 457 

deviations of model data from experiment in high-dimensional space (see Materials and Methods). We 458 

used the covariance matrix of the experimental distribution to transform measurement space into a 459 
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normalized eigenspace, where distance from the origin, -value, represents the number of standard 460 

deviations from the center of the experimental distribution. All points with the same -value form a 461 

hyperellipsoid around the experimental data proportional to its 1-  best-fit hyperellipsoid. Thus, each 462 

model (and the recorded V1 cell) has 25 -values, which can be sorted into a cumulative distribution 463 

function (CDF, Figure 7C). The first curve (black) is for the experimental V1 data (Kara et al., 2000). By 464 

taking the root mean square deviation ( ) of each model curve from the experimental curve (in Figure 465 

7C), the degree of dissimilarity between model outputs and V1 recordings can be ascertained as a scalar, 466 

where 0 is perfect similarity and larger numbers indicate poor correlation. In Figure 7D we plot the 467 

results for simulations of 63 models over a range of SM and RF jitter values where those models with 468 

output spike rasters most like the real V1 recordings have low  values in bright yellow. The single 469 

source case is included for comparison and proves inferior to many of the multi-source cases.  470 

The 63 models above all used LGN spike trains from a single LGN cell (LGNA) as inputs and 471 

compared the simulated trains with the trains from a single V1 cell that was simultaneously recorded in 472 

the same experiment (labeled B1G in the data provided by Kara). A similar pattern appears when 473 

comparing model output to other recorded V1 cells, even when driven by different LGN inputs (see 474 

Materials and Methods). In Figure 8, we repeated the 750 trial simulations for all 63 models using the 475 

twelve combinations of the three recorded LGN cells for input and the four recorded V1 cells as 476 

comparison based on the same metric comparison protocol as in Figure 7. Only nine of the twelve 477 

comparisons are of interest as experimental V1 cell C2B appears to have dissimilar spike trains from the 478 

other three (see Figure 8 legend). Note that the heatmap patterns appear to have more similarity across 479 

V1 cell comparisons for a given LGN driver than across LGN drivers for a given V1 cell comparison. This 480 

hints that afferent spiking patterns have a greater impact on output patterns of activity than does the 481 

identity of individual V1 cells. However, a quantitative analysis of this effect is beyond the scope of this 482 

paper. 483 
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Good matches between models and recordings appear to be consistent in the range of SM 60-90 484 

synapses and RF jitter 15-30 ms. In particular, the combination of SM 70 synapses and RF jitter 15 ms is 485 

close to the best case in all nine comparisons. Thus, this analysis suggests that the best fits are for 486 

models having an RF jitter around 15 ms and SM between 70 and 90 synapses, corresponding to 14 to 487 

18 LGN sources (i.e., multi-source connectivity). The match for the optimal model parameters for this set 488 

of four measurements is remarkably close to the experimental data, even without adjusting the many 489 

free parameters in the NEURON model of the V1 spiny stellate cell.  490 

Quantitative Analysis of Multi-Source Connectivity Improvement 491 

To demonstrate that the advantage of intra-trial variation (MS) over synchrony (SS) is model-492 

independent, and therefore generally applicable, we cross-validated with both artificially generated LGN 493 

spike trains and simplified neural models (Izhikevich and integrate-and-fire) using the same 494 

experimental LGN spike trains (Kara et al., 2000) for inputs as used with the NEURON model and the 495 

same simulation protocol of 750 trials in sets of 30 (see Materials and Methods, Model Independence). 496 

Figures 9E and 9C show that there is a significant reliability improvement for MS at all synchrony 497 

magnitudes above 20 for both an integrate-and-fire model neuron (Stanley et al., 2012) and a somewhat 498 

more realistic Izhikevich model (Izhikevich, 2003), respectively. These model V1 neurons have 499 

deterministic synapses, which produce a release (and EPSC) for every spike, and receive no random 500 

background stimulation, which avoids noisy fluctuations in their membrane potentials. To control for 501 

effects specific to the experimental LGN spike trains, artificial input spike trains with Gaussian 502 

distributions were also used. Even with artificial input spike trains, reliability still increased with 503 

synchrony magnitude in almost exactly the same fashion as with experimental inputs. These same 504 

general trends, both of the increase of reliability with total number of synapses and the greater V1 505 

output reliability with MS LGN input rather than SS, follow the patterns seen for the NEURON model, 506 

using both natural and artificial LGN spike train inputs (Figure 9A). 507 
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The explanation for this model-independent phenomenon comes from statistics. Assuming that 508 

the first spike estimates the timing of a visual stimulus and assuming that LGN cells independently 509 

estimate timing with a variance of  (about [7 ms]2 here), an idealized V1 cell that samples  LGN spike 510 

trains should have a standard error of the mean estimated time of , purely based on statistical 511 

considerations (Everitt and Skrondal, 2010; Jeanne and Wilson, 2015).  512 

To test how well this theory matches our results, we analyzed the ratio in first-spike time jitter 513 

between the V1 output of models receiving MS and SS input (Figure 9). (The term “first-spike time 514 

jitter”, which is the inverse of first-spike time precision used heretofore, was employed in the analysis of 515 

Figure 9 for convenience. Note that the ratios in these figures do not change for either terminology.) We 516 

controlled for total input strength by fixing SM at 60, changing the number of sources between MS 517 

models (  (a factor of 60) LGN sources, group sizes of  synapses per source axon). First-spike time 518 

jitter was calculated for 25 sets of 30 trials per model, and MS:SS jitter ratios were calculated for all 625 519 

comparisons between model trial-sets. 520 

As shown in Figures 9D and 9F, without the complexities of the biophysically based V1 neuron, 521 

the precision improvement curve for idealized neurons closely matches that of the theoretical  522 

curve (dashed red line). However, for the more biophysical NEURON model, the MS:SS first-spike jitter 523 

ratio (Figure 9B, solid black line) does not improve as much as the theory predicts. The curve plateaus 524 

higher than the theoretical  improvement ( , see Equation 7 in Materials and Methods), 525 

which we hypothesized is due to input noise sources in our model, such as background cortical spiking 526 

(the 5600 intra cortical synapses in the V1 model neuron shown in Figure 1) and stochastic synapses. 527 

With these two noise sources removed (dotted blue curve), in the same way as in the idealized neuron 528 

models, the precision ratio curve again approaches that of the theoretical, plateauing much closer to 0 529 

( ). 530 



 

 24 

In summary, the  improvement factor for multiple LGN sources is not at all due to 531 

complexities in our biophysical V1 model nor to the biophysically generated spike trains from drifting 532 

grating stimuli. It is, in fact, a general property of interconnected spiking neurons that use jittered 533 

synchronous spike trains to carry information.  534 

Synchrony and Connectivity 535 

We further studied the effects of varying connectivity over a wide variety of LGN cell numbers and 536 

synaptic group sizes. For this analysis, we withheld RF jitter to isolate the effects of the synapse and LGN 537 

source numbers.  538 

The heat map in Figure 10A shows the Schreiber reliability for V1 cells with different numbers of 539 

LGN afferent cells and of synapses per source (1 to 15 for each), averaged from 10 sets of 30 trials each. 540 

Hyperbolas of constant synchrony magnitude (the number of LGN cells times the number of synapses 541 

per cell) overlay the heat map with a gray box around simulations with a group size of 5 synapses per 542 

LGN, which has been used for most of this paper. Figure 10B shows the same reliabilities divided by the 543 

corresponding SMs, revealing a tradeoff between spike timing reliability and the efficiency of synaptic 544 

resource utilization. The strongest reliability payoff for adding synapses occurs between SM 30-50, with 545 

diminishing returns on reliability improvements for SMs after about 70-90 synapses. This 70-90 synapse 546 

range agrees with the best fit range of synchrony magnitudes estimated in Figure 8 for neurons 547 

recorded from cat visual cortex. It therefore appears that these neurons are striking a balance between 548 

energy constraints, which would tend to minimize the number of synapses in the visual pathway, with 549 

the need for precise visual timing information, which would seek to maximize them. Future 550 

investigations would benefit from exploring this information-energy tradeoff. 551 

 Thus it seems that for this investigation, based on the anesthetized cat and moving grating 552 

stimulation, realistic reliability involves LGN inputs having about 5-10 synapses per axon, in agreement 553 

with anatomical data (da Costa and Martin, 2009, 2011). In addition, at least 7 LGN cells should be 554 
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synchronously activated to optimize reliability of the outputs for a minimum number of synapses, 555 

balancing timing information with energy load. The apparent relationship between group size and the 556 

number of sources means that maintaining a fixed reliability value when increasing group size requires a 557 

simultaneous decrease in SM and vice versa. 558 

While this paper focused on the effect of converging inputs on event-response timing reliability 559 

for single neurons between trials, we expect that the same principles would probably apply for timing 560 

reliability among multiple cortical neurons in the same trial. With overlapping receptive fields, multiple 561 

cortical neurons could have access to the same timing information on each trial, and the jitter in 562 

response timing among them should theoretically fall as  with the number of LGN inputs, at least 563 

insofar as the intra-trial variation in LGN spike timing follows the inter-trial variation. Synchrony among 564 

cortical cells in the same trial may be important for generating a robust response to time-sensitive visual 565 

stimuli. However, these considerations are outside the scope of this paper. 566 

Discussion 567 

Based on experimental recordings from the anesthetized cat, we have uncovered the effects of LGN 568 

input synchrony and spike train variability, both within and between trials, on the reliability and timing 569 

precision of firing patterns in spiny stellate neurons from the V1 cortex. The number of LGN input 570 

sources (afferents), the number of synapses per afferent, and the total number of LGN synapses on the 571 

V1 neuron directly affected the reliability and timing precision of the V1 spike trains in our model (see 572 

Figure 10). There are also preferred combinations of these numbers that produce model V1 spike trains 573 

statistically similar to those from cat V1 experiments (see Figure 8). These optimal combinations are in 574 

broad agreement with the literature on LGN to V1 connectivity and receptive field structure (Hubel and 575 

Wiesel, 1962; Alonso et al., 2001; da Costa and Martin, 2009, 2011; Stanley et al., 2012). This adds a new 576 
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mechanism to the literature by which cortical neurons in the primary visual pathway of mammals are 577 

able to reliably report timing of visual stimuli (Mainen and Sejnowski, 1995; Haider et al., 2010). 578 

  579 

Synaptic input from multiple LGN axons leads to improved reliability and precision 580 

By modeling each dendritic synapse on the V1 neuron individually, it was possible to study the effects of 581 

LGN input variability with different thalamocortical connectivity configurations. This revealed that 582 

individual V1 neuron event timing, as measured by both reliability and first spike time precision in our 583 

model, is degraded by LGN inter-trial variability alone to a point below that needed in vivo (Kara et al., 584 

2000). However, increasing the intra-trial input variability via more LGN afferents, each with a different 585 

spike train pattern, improved the reliability and timing precision of the V1 output spike trains to the 586 

range found in vivo. In Figure 4, for example, at a total LGN synapse count (i.e. SM) of 60, both the V1 587 

output raster reliability and the first-spike jitter are significantly improved (from 0.4 to 0.6, and 7.7 to 588 

4.2 ms, respectively) with intra-trial variability introduced by 12 LGN cells, each having 5 synapses on its 589 

axon. Furthermore timing precision continues to improve with more independent LGN precursor cells 590 

(Figure 9).  591 

 In addition we confirmed that the improvement in mean event time jitter of the V1 neuron 592 

dropped with the square root of the number of synchronous LGN input sources following theory for 593 

idealized neurons such as the leaky integrate-and-fire (Figure 9). As the model neuron becomes more 594 

realistic, it deviates from this ideal trend due to noise sources within the model (Figure 9) but is still 595 

significant. Direct measurements of LGN axon synapses on spiny stellate cell dendrites confirm this 596 

configuration as realistic with a broad average around five synapses per axon per cell, mostly on 597 

separate dendritic branches (Peters and Payne, 1993; Alonso et al., 2001; da Costa and Martin, 2011). 598 

Similar results for the effects of pre-synaptic neuron convergence on spike timing have been 599 

reported for in vitro slices from rat auditory cortex (Xu-Friedman and Regehr, 2005a, b) and in the 600 
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olfactory system of Drosophila (Jeanne and Wilson, 2015). There are also several studies on the effects 601 

of trial-to-trial and intra-trial variability on temporal precision in the cat visual pathway (Alonso et al., 602 

1996; Kumbhani et al., 2007; Desbordes et al., 2008; Desbordes et al., 2010; Herikstad et al., 2011). 603 

Model output spike train rasters are consistent with experiments 604 

We introduced a scalar metric for quantitatively matching the recorded Kara V1 spike rasters to the 605 

model V1 spike rasters based on four statistical measures: Schreiber reliability, first spike precision, Fano 606 

Factor, and spike count per trial. Without changing any parameters of the V1 cell computational model, 607 

a close match was obtained for SM between 70 and 90 total synapses (with group size 5) and RF jitter of 608 

~15 ms (Figure 7). This range was little changed for simulations driven by spike trains from any of three 609 

recorded LGN cells and compared to the rasters of any of three recorded V1 simple cells (Figure 8). 610 

There is also a tradeoff between the information retention (i.e., event timing) in V1 and the energy 611 

requirements due to the number of synapses as suggested by Figure 10 which compares V1 output 612 

reliability over a range of values for the three synaptic connectivity parameters. Future work is indicated 613 

to compare the effects of other parameters in this model using additional measures of comparison 614 

between model and in vivo experiments, such as intra-spike timing. 615 

  616 

Robustness of the V1 model and generality of the results 617 

The detailed V1 spiny stellate cell model used in this study was shown to produce results directly 618 

relatable to in vivo mammal experiments. However, changes to our model or to experimental conditions 619 

can be expected to change our results. For example, it is now well established that awake behaving 620 

animals (Gur et al., 1997; Niell and Stryker, 2010), natural intensity lighting (Farrow et al., 2013), and 621 

natural scene stimulation (Herikstad et al., 2011; Baudot et al., 2013) change the behavior and 622 

physiological responses of neurons in the primary visual cortex. These changes can manifest as dramatic 623 
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differences in the fluctuations of spike trains (Gur et al., 1997; Gur and Snodderly, 2006), in synaptic 624 

mechanisms (Xu et al., 2012), and in intrinsic mechanisms of the spiny stellate cell itself.  625 

The parameter values for the excitatory synapses in the V1 cell model were selected to mimic 626 

the timing of release trains measured in vitro (see Materials and Methods). More recent experiments in 627 

the live cat (Boudreau and Ferster, 2005) provide evidence that in vivo depression might be much more 628 

saturated during a trial than in our model. However, we do not expect this to impact our results and 629 

conclusions significantly. In fact, for all cases in Figure 9 where synaptic depression was removed (the 630 

“no noise” NEURON model and both the Izhikevich and integrate-and-fire models), the results matched 631 

the theoretically expected  trend even more precisely than when our depression-heavy synaptic 632 

model was included. The improvement in reliability and precision from adding more input sources 633 

results directly from fundamental laws of statistics and is robust to qualitative changes to the model that 634 

do not impact the assumptions of source independence. 635 

There is also experimental evidence for approximately 30 separate pre-synaptic LGN neurons 636 

per V1 cortical neuron (Reid and Usrey, 2004). This would lead to a total number of V1 synapses of 30 to 637 

150 or even more, depending on the synapse group size. Although our study focused on the range of 20 638 

or fewer LGN synapses and 100 or fewer synapses, our basic conclusions as to the effects of inter-trial 639 

and intra-trial variability, as well as the ranges of the connectivity parameters, should remain valid at 30 640 

LGNs.  641 

Another limitation in this study is that we used recorded LGN spike trains from a limited set of 642 

experiments and we used the multiple trials of a single neuron for intra trial variability for some of our 643 

results. Figure 4 indicates that, at least for three different recorded LGN cells, that our major results for 644 

a difference with and without input variability remains significant. 645 

  646 
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Implications for spike timing and synchrony in the neural code 647 

There is evidence that microsaccades of the eyes during and between trials (Gur et al., 1997; Gur and 648 

Snodderly, 2006) could be a cause of LGN spike train variability (Figure 2). Thus, the variability should 649 

not be considered “noise” but may be, in fact, part of the neural code. Variability is affected by rapid 650 

spatiotemporal receptive field changes interacting with the moving visual stimulus. On a somewhat 651 

slower time scale, our model used random receptive field (RF) jitter to emulate this effect, reliably 652 

evoking a V1 first spike with a standard deviation of less than 10 ms, much narrower than the 150-ms 653 

input spike train. This suggests a neural code based on spike timing (Bialek et al., 1991) in which this first 654 

spike can reliably convey the information that a visual stimulus has appeared on the retina within its 655 

receptive field (Butts et al., 2010). Such a code would be sparse (Olshausen and Field, 2004) and 656 

consistent with the classical simple cell receptive field model (Hubel and Wiesel, 1962). This is also 657 

appealing since spike timing has been observed to have less variability than spike count in cat primary 658 

visual cortex responding to natural movie stimuli (Herikstad et al., 2011).  659 

Our results are also consistent with a synchrony code (Stanley, 2013) where coordinated activity 660 

within a population (Zandvakili and Kohn, 2015) determines the communication paths for conveying and 661 

processing information (Brette, 2012) in cortical networks. This concept is based on experimental and 662 

modeling evidence that synchronous thalamic inputs (on the order of 10 ms) are effective in driving 663 

single cortical targets even when synapses are weak (Alonso et al., 1996; Bruno and Sakmann, 2006). 664 

Thus, multi-source synchrony likely serves as a factor in transferring information throughout other parts 665 

of the visual pathway and cortex.  666 

  667 
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Legends 790 

Figure 1.  LGN input and structure of biophysical V1 model. A, LGN spike times recorded by (Kara et 791 

al., 2000), from anesthetized cat in response to 4-Hz drifting sinusoidal grating at 50% contrast. Spike 792 

trains sorted into 250-ms segments and delivered as LGN input to the V1 model. B, Modeled system 793 

boxed within dotted lines, including driving LGN excitatory input, feedforward inhibition from a simple 794 

basket cell, and background excitatory and inhibitory input representing cortical activity, simulated in 795 

NEURON (Hines and Carnevale, 1997). All inputs fed into a layer 4 spiny stellate cell model (Mainen and 796 

Sejnowski, 1996), whose outputs were studied in this paper.  797 

 798 

Figure 2.  Spike jitter in LGN Spike trains is nearly Gaussian. Event-aligned rasters of spike times from 799 

the LGN cell (LGNA) used to drive model inputs (see Materials and Methods), sorted by first spike time 800 

(A-C) and by third spike time (D-F). First spike times are non-normal (B, ) but nearly so (C). Third 801 

spike times are normal (E, F, ). Distributions of other spike times are non-normal ( , 802 

data not shown). Non-normality -values determined by Shapiro-Wilk W-test (Royston, 1992).  803 

 804 

Figure 3.  Differences in input and output between models with a single LGN driving source and those 805 

with multiple sources. A-C, Single LGN source feeding into simulated V1 cell produces highly variable 806 

inter-trial response. All the inter-trial variance of a single LGN source manifests at all synapses of the 807 

driving input (A, B). Large temporal spread in subthreshold waveform leads to a spread-out spiking 808 

response (C). D-F, Multiple converging LGN inputs drive more reliable outputs from the V1 cell. The 809 

inter-trial variances of multiple LGN sources average out among the thalamocortical synapses (D, E). This 810 

leads to a "window" of overlapping subthreshold activity between trials and more precise spiking timing 811 

between trials (F). Histograms in A, B, D, E use 3-ms time bins.  812 

 813 
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Figure 4.  Reliability and precision increase with synchrony magnitude for multiple LGN sources; 814 

results are shown for LGN spike train inputs from three different recorded LGN cells (middle tone: LGNA, 815 

light color: LGNB, dark color: LGNC). A, Schreiber reliability of the output spikes for the V1 cell model with 816 

different magnitudes of synchronous inputs. B, First spike precision of the same sets of outputs. Boxed 817 

data represent those simulations whose first thirty trials are shown in Figure 3C, F. MS produces 818 

significantly more reliable and precise output over SS for synchrony magnitudes of 50-100 synapses for 819 

all LGN sources ( , Welch t-test, ).  820 

 821 

Figure 5.  Comparing four cases of V1 output for repeating vs. varying LGN input and for single source 822 

vs. multi-source input. A-D, Rasters of 30 trials (one set out of 25) of V1 cell output for each synchrony 823 

magnitude (0-100 synapses, 5 synapses per LGN source for multiple sources). A, B, Unrealistic cases 824 

where each LGN input spiking pattern repeats for all trials within a set. Multi-source inputs (MS) 825 

produce less precise trial-to-trial responses than do single source inputs (SS). C, D, Realistic cases where 826 

the input spiking pattern varies between trials for each LGN axon. MS inputs produce more precise 827 

inter-trial responses than SS inputs. E, Using 25 sets of 30 trials for each data point as in Figure 4, 828 

Schreiber reliability increases with increasing synchrony magnitude of input for all four cases. Adding 829 

realistic inter-trial variability in input spike patterns switches preferred connectivity from SS to MS. With 830 

repeating input, SS input produces significantly more reliable output than MS for synchrony magnitudes 831 

of 20-100 synapses ( , Welch t-test, ). With trial-varying input, MS input produces 832 

significantly more reliable output than SS for synchrony magnitudes of 40-100 synapses ( , 833 

Welch t-test, ). F, Precision of first output spike time increases with synchrony magnitude. Those 834 

models with higher reliability tend to have higher first spike precision, and vice versa (see Figure 4B). 835 

Note that the lower two lines for both E and F are identical to those in Figure 4 and that F shows data on 836 

a scale an order of magnitude larger than in Figure 4B, making the red error bars too small to see. 837 
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 838 

Figure 6.  Effects of input spike train alignment on output reliability and precision. (Spike trains vary 839 

from trial to trial.) A, B, Introducing receptive field jitter among LGN input sources causes inter-trial 840 

reliability to plateau later and reduces precision of first spike times. Note that 0-ms RF jitter is equivalent 841 

to multi-source input (MS) from previously in the paper and that receptive field jitter does not apply to 842 

single source input (SS).  843 

 844 

Figure 7.  Multidimensional comparison of simulated V1 model outputs to experimental spike trains. 845 

We ran an assay of V1 models that varied in both synchrony magnitude and receptive field phase jitter, 846 

as in Figure 6. A, Output rasters of several example models. Each model ran 25 sets of 30 trials and 847 

calculated four measurables (Schreiber reliability, Fano factor, mean spike count/rate, and first spike 848 

precision) for each trial-set. B, Trial-sets as points in two dimensions of measurement space for each of 849 

the example models in A. Each cluster contains 25 points, color-coded by source model (same colors as 850 

in C). Ellipses represent best-fit ellipses to the cluster of points measured from the experimental Kara V1 851 

spike trains (not shown for clarity), analyzed in the same way as the model outputs (red ellipse = 1 852 

standard deviation, blue ellipse = 95 percentile). C, Cumulative plots of sorted -values (normalized 853 

eigen-distances in measurement space or number of standard deviations relative to experimental 854 

cluster; see Materials and Methods) of experimental and example model points. D, Heat map of the 855 

root-mean-square displacement ( ) between the model and experimental CDFs for all models in the 856 

assay. The models whose distribution of measurables most closely matched that of Kara’s V1 recordings 857 

received between 70 and 90 synaptic inputs (14-18 LGN sources) with a receptive field phase jitter 858 

among LGN sources of 15 ms.  859 

 860 
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Figure 8.  Correlations between V1 model thalamocortical connectivity and biophysical realism in V1 861 

output. Heatmaps showing similarity ( ) (see Materials and Methods, Multidimensional Validation 862 

Metric) of model V1 neuron output to experimental recordings for all combinations of LGN inputs and 863 

V1 outputs (Kara et al., 2000). Model neurons were driven exclusively by LGN spike trains from a single 864 

recorded LGN precursor cell (LGNA on row 1, LGNB on row 2, LGNC on row 3). Each column corresponds 865 

to the recorded V1 cell from the Kara data to which the model V1 cell’s output was compared (labels 866 

derived from the filename used for each anesthetized cat). Green boxes highlight those cases where 867 

both the driving LGN cell and the compared V1 cell were recorded in the same experiment. As in Figure 868 

7D, the rows of each heatmap correspond to the receptive field phase jitter applied between LGN 869 

sources (ms), and the columns denote synchrony magnitude (SM, total number of synapses). Except for 870 

single source (SS), all inputs used a group size of 5 synapses per source axon. Blue corresponds to poor 871 

agreement with experiment (high ) and yellow to good agreement (low ). Note how the clustering 872 

of good model parameters changes markedly when comparing model outputs to V1 cell C2B relative to 873 

the other V1 cells, suggesting that cortical cell C2B differed in some significant way.  874 

 875 

Figure 9.  Model independence of observed trends that inter-trial reliability improves with number of 876 

LGN sources. A, C, E, Schreiber reliability trends for NEURON, Izhikevich, and Integrate-and-Fire neuron 877 

models, comparing outputs that used experimentally recorded LGN input with those that used artificial 878 

input (see Materials and Methods, Model Independence). Multi-sourced LGN input (MS) produced more 879 

reliable output than single source (SS) for all three neuron models and for both artificial and real LGN 880 

input (significant improvement [ , Welch t-test, ] for SM ≥ 40 [NEURON - LGN], SM ≥ 50 881 

[NEURON - artificial], SM ≥ 20 [Izhikevich - both], and SM ≥ 30 [Integrate-and-Fire - both]). B, D, F, 882 

Comparison of theoretical to observed ratios in first spike time jitter between MS and SS as a function of 883 

number of LGN sources for each V1 neural model. SM held constant at 60 total thalamocortical synapses 884 
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for all data. As neuron dynamics become more mathematically abstracted from physiology (from 885 

NEURON to Izhikevich and from Izhikevich to Integrate-and-Fire), the observed trends in MS to SS jitter 886 

ratio better fit the theoretical  curve (  for NEURON with background noise, 887 

 for NEURON without background noise,  for Izhikevich,  for 888 

Integrate-and-Fire). Intrinsic model noise from best-fit  trend (horizontal asymptote) 889 

also decreased with increased distance from physiological realism:  for NEURON with 890 

background noise ( ),  for NEURON without background noise ( ), 891 

 for Izhikevich ( ),  for Integrate-and-Fire ( ). (Background 892 

noise in NEURON model arises from the 5600 intra cortical synapses in the V1 model neuron – see 893 

Figure 1 – and from the stochastic excitatory synapses.) 894 

 895 

Figure 10.  Heat maps showing inter-trial reliability of V1 neuron outputs for an assay of models with 896 

varying numbers of LGN sources and synapses per source. Hyperbolas of constant synchrony magnitude 897 

(number of sources times group size per source) are shown for clarity. Gray box encloses models with a 898 

group size of 5 synapses per source, used for most of the paper. Values represent the average measure 899 

from 10 sets of 30 trials. All models use zero receptive field jitter between sources. A, Schreiber 900 

reliability as a function of number of LGN sources and synaptic group size. Note how reliability improves 901 

with synchrony magnitude. B, Schreiber reliability divided by synchrony magnitude of the model. Adding 902 

thalamocortical synapses yields diminishing returns after about SM = 50.  903 






















