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Summary

Functional neuronal correlations between pairs of neurons are thought to play an important role
in neuronal information processing and optimal neuronal computations during attention,
perception, decision-making and learning. These noise correlations are often assumed to be
stable in time. However, recent studies suggest that cognitive processes are rhythmic, this
rhythmicity accounting for variations in overt behavioral performance. Whether this
rhythmicity coincides with variations in shared noise variability is unknown. Here, we perform
simultaneous recordings from the macaque frontal eye fields, while animals are engaged in a
spatial memory task. We report that noise correlations in prefrontal cortex fluctuate
rhythmically in the high alpha (10-16Hz) and beta (20-30Hz) frequency ranges. Importantly,
these rhythmic modulations in shared neuronal variability account for dynamic changes in overt
behavioral performance. They also coincide with increased spike-LFP phase coupling in these
specific frequency ranges, the spatial profile of which vary between superficial and deep
cortical layers. Finally, we demonstrate, using an artificial neuronal model, that rhythmic
variations in noise correlation oscillations parsimoniously arise from long range (LFP) and local
spike-LFP phase coupling mechanisms. Thus a significant portion of noise correlation

fluctuations can be attributed to long-range global network rhythmicity.
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Introduction

Neuronal responses to the same stimulus fluctuate in time and across repetitions 2. This
response variability is thought to be shared among functionally close neurons and is often
referred to as noise correlations °. These noise correlations reflect the amount of co-variability,
in the trial-to-trial fluctuations in the response of pairs of neurons, to repeated presentations of
identical stimuli, or under identical behavioral conditions, in the absence of any sensory
stimulation. However, the exact origin of this shared neuronal variability remains unclear. It
has been proposed that it arises from shared connectivity *, global fluctuations in the excitability
of cortical circuits >, feedback signals 7, internal areal dynamics ¥'°, as well as bottom-up

peripheral sensory processing .

In fact, noise correlations have received a lot of attention and have been measured in a
variety of brains areas, under numerous behavioral and stimulus conditions. Several studies
suggest that noise correlations have a critical impact on cortical signal processing as well as

3,11,11-14

onto behavioral performance , with learning or changes in behavioral state and attention

2,15-23

The majority of these studies have measured how noise correlations are affected by
spatial attention orientation, assuming stability in time. However, recent studies suggest that
cognitive processes are based on rhythmic mechanisms that take place in the theta and alpha
frequency ranges. This rhythmicity accounts for variations in overt behavioral performance
2425 Whether this rhythmicity coincides with variations in shared noise variability is unknown.
26 describe variations in shared noise variability in the gamma band. Here, we demonstrate
variations in prefrontal noise correlations in the alpha and beta frequency ranges. To achieve
this, we recorded neuronal responses from macaque frontal eye fields (FEF), a cortical region

27-30

at the source of spatial attention control signals and in which noise correlations have been

15 and spatial memory 3'*2. Monkeys were

shown to vary as a function of spatial attention
engaged in a spatial memory task. Overall, we demonstrate for the first time, rhythmic
modulations of prefrontal noise correlations in two specific functional frequency ranges: the
high alpha (10-16Hz) and the beta (20-30Hz) frequency ranges. Crucially, we show that these
rhythmic modulations in noise correlations account both for overt behavioral performance and
for layer specific modulations in spike-field phase coupling. Based on an artificial model, we
demonstrate that rhythmic variations in noise correlation oscillations parsimoniously arise from

long range (LFP) and local spike-LFP phase coupling mechanisms.
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Results

Neuronal recordings were performed in the prefrontal cortex, specifically in the frontal
eye field (FEF, figure 1A), a structure known to play a key role in covert spatial attention 2833~
35, In each session, multi-unit activity (MUA) and local field potential (LFP) were recorded
bilaterally, while monkeys performed a memory guided saccade task (figure 1B). Specifically,
monkeys were required to hold the position of a spatial cue in memory for 700 to 1900ms and
to perform a saccade towards the memorized spatial location on the extinction of the fixation
point that served as a go signal. In the following, noise correlations between the different
prefrontal signals of the same hemisphere were computed during the time interval running from
300ms to 1500ms following cue offset, on neuronal activities averaged over 200ms sliding
windows (step of 10ms). As shown by previous studies, noise correlations decrease as a
function of cortical distance (Figure S1A, 1-way ANOVA, p<0.001, Wilcoxon rank sum test,
p<0.001 for 750 um, p<0.001 for 1000 um, ?**>37 and are significantly lower among neuronal
pairs with different spatial selectivity than neuronal pairs with the same spatial selectivity

(Figure S1B, 1-way ANOVA, p<0.001)%.

B_ Fixation

Memory delay

]

‘l'Sacc. go signal

.

700-1900 ms Cerrect sacc. feedback

:

Manual response
500-800 ms to color change

_____ L |

150-800 ms

#‘i

Figure 1: (A) Recordings sites. On each session, 24-contact recording probes were
placed in the left and right FEFs. (B) Memory-guided saccade task. Monkeys had
to fixate a red central cross. A visual cue was briefly flashed in one of four possible
locations on the screen. Monkeys were required to hold fixation until the fixation
cross disappeared and then produce a saccade to the spatial location indicated by
the cue fixation point offset. On success, the cue re-appeared and the monkeys had
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94 to fixate it. They were then rewarded for producing a manual response 150ms to

95 800ms following the color change of this new fixation stimulus.

96 Rhythmic fluctuations in noise correlations modulate behavioral response

97 Very few studies have addressed the question of how noise correlations vary as a

98  function of time. 2° show that in primary visual cortex V1, noise correlations between neurons
99 are modulated by gamma phase, synchronization in the 35-60Hz gamma-band producing
100  maximal stimulus selectivity as well as minimal noise correlations. Whether this generalizes to
101 other cortical regions and whether these variations in noise correlations are of behavioral

102  relevance is currently unknown.

103 Here, we quantify variations in noise correlations during the cue to saccade go signal
104  epoch, away from the initial sensory processing of the spatial cue. Specifically, in each session
105  (n=26), noise correlations were computed between each pair of task-responsive channels
106 (n=671, see Methods), during the spatial memory delay, running from 300ms to 1500ms
107  following cue offset. During this epoch monkeys were required to memorize the cue location
108  and get prepared to produce a spatially oriented saccade in response to an unexpected saccade
109  go signal (fixation cross offset). In these computations, we included only trials with cue to go
110  signal duration longer than 1500ms. Figure 2A shows clear noise correlation fluctuations in
111  time during a representative recording session. Across all session, noise correlations were
112 characterized, during the spatial memory delay, by rhythmic fluctuations taking place in two
113 distinct frequency ranges: a high alpha frequency range (10-16 Hz) and a beta frequency range
114  (20-30Hz), as quantified by a wavelet analysis (figure 2B). Overall, this indicates that noise

115  correlations are rhythmic, their oscillatory pattern being probably reset by cue presentation as

25,3943

116  has been shown for other types of neuronal oscillatory patterns;
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118 Figure 2: Rhythmic fluctuations in noise correlations modulate behavioral
119 response. (A) Single memory guided saccade session example of noise correlation
120 variations as a function of trial time. (B) 1/f weighted power frequency spectra of
121 noise correlation in time (mean +/- s.e.), calculated from 300ms to 1500ms
122 following cue offset. (C) Hit rate modulation by alpha and beta noise correlation at
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123 optimal phase as compared to anti-optimal phase, average +/- s.e., dashed white

124 lines represent the 95% confidence interval under the assumption of absence of

125 behavioral performance phase dependence.

126 An important question is whether these rhythmic variations in noise correlations

127  contribute to task-related information processing and account for variations in overt behavioral
128  performance. Indeed, low noise correlation neuronal population states are found to correlate
129  with high neuronal population informational content * as well as with high behavioral
130  performance states, i.e. correct trials as compared to incorrect trials **. Here, we show that overt
131  behavioral performance; defined as the proportion of correct trials as compared to misses trials,
132 vary as a function of alpha and beta noise correlation oscillations. Specifically, on a session by
133  session basis, we identify an optimal alpha (10-16Hz) phase for which the behavioral
134  performance is maximal (+9.5%) compared to the corresponding anti-phase for which the
135  behavioral performance is lowest (figure 2C). Similarly, an optimal beta (20-30Hz) phase is
136  found to modulate behavioral performance in the same range of amplitudes (+11%). Overall,
137  we thus demonstrate that the phases of alpha and beta oscillations in prefrontal noise

138  correlations are predictive of overt behavioral performance.

139 Oscillations in noise correlations coincide with enhanced spike-LFP phase coupling
140  (SFC) in specific frequency ranges

141 High alpha and beta oscillations in the local field potentials (LFP) are ubiquitous and
142  are considered to reflect long-range processes. Beta oscillations have been associated with

143  cognitive control and cognitive flexibility. On the other hand, alpha oscillations are associated

45,46 47-49

144  with attention, anticipation , perception , and working memory °. A parsimonious
145  hypothesis is thus that oscillations in noise correlations also arise from long-range process, via
146  specific SFC mechanisms. Confirming this hypothesis, figure S2 represents SFC (as assessed
147  from a PPC analysis, see Materials and Methods), computed during a 1200ms time interval over
148  the spatial memory delay, running from 300ms to 1500ms following cue offset. Spike-LFP
149  phase coupling peaks at the same frequency ranges identified in the noise correlation spectra,
150  namely the high alpha range (10-16Hz) and the beta range (20-30Hz). When considering SFC
151  independently of cortical layer organization, no difference in SFC is found between preferred
152  and non-preferred positions in either frequency ranges. Interestingly, these selective SFC
153  mechanisms are independent from overall LFP power content. Indeed, LFP power on the same

154  dataset shows a deviation from the 1/f expect drop in a broad frequency range running from 15-

155 30 Hz (figure S3A). This increase in LFP power is higher after cue presentation as compared
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156  to before (figure S3B). In contrast with SFC, this increase in LFP power is also more
157  pronounced when the monkey is being cued towards the preferred than towards the non-
158  preferred spatial location of the recorded signals (figure S3B). Overall, this thus suggests that
159  oscillations in noise correlations arise from specific phase coupling mechanisms between long-
160 range incoming LFP signals and local spiking mechanisms, independently from phase-

161  amplitude coupling mechanisms.
162 Spike-LFP phase coupling (SFC) differs between superficial and deep FEF layers

163 FEF neurons are characterized by a strong visual, saccadic, spatial memory and spatial

164  attention selectivity 27?31

. Previous studies have shown that pure visual neurons are
165  predominantly located in the supragranular layers of the FEF while visuo-motor neurons are
166  predominantly located in its infragranular layers 1%, 7 further show that supragranular FEF
167 neurons predominantly project to striate visual cortex while infragranular FEF neurons
168  predominantly project to the superior colliculus >, The question we address here is whether
169 the specific phase coupling mechanisms identified in the previous section are common to both
170  supra- and infragranular FEF layers. Buffalo et al. have shown that, in extra-striate area V4, the
171  ratio between the alpha and gamma spike field coherence discriminate between LFP signals in
172 deep (low alpha / gamma spike field coherence ratio) and superficial cortical layers (high alpha

! In our own data, as recordings were performed

173 / gamma spike field coherence ratio,
174  tangentially to FEF cortical surface, we have no direct assignation of the recorded MUAS to
175  either superficial or deep cortical layers. However, the LFP alpha / gamma spike field coherence
176  ratio provides a very reliable segregation of visual and visuo-motor MUAs at the same
177  recording sites (figure 3A). We thus consider that, as has been described for area V4, this

178  measure allows for a reliable delineation of superficial and deep layers in area FEF.
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180 Figure3: Spike-LFP phase coupling (SFC) and noise correlations differ between
181 superficial and deep layers. (A) Distribution of SFC in gamma- and - alpha-bands
182 for superficial and deep layers in area FEF. (B) Average SFC (mean +/- s.e. across
183 sessions, calculated during 300ms to 1500ms following cue offset within superficial
184 cortical layer signals. (C) Same as (B) but within deep cortical layer. (D) Average
185 SFC (+/- s.e.) in alpha (10-16Hz, top histogram) and beta (20-30Hz, bottom
186 histogram) for superficial (empty bars) and deep (filled bars) cortical layer signals
187 (t-test, ***: p<0.001).
188 Figure 3B-C represents the SFC applied to the same data as presented in figure S3, but

189  separated on the bases of the attribution of the MUA to either superficial or deep cortical FEF
190 layers. While SFC modulations are observed in the same frequencies of interest as in figure S3,
191  i.e. in the high alpha range (10-16Hz) and the beta range (20-30Hz), clear layer differences can
192  be observed (figure 3B-C). Specifically, within superficial layers (figure 3B), SFC is selectively
193  enhanced in the high alpha (10-16Hz) frequency range when spatial memory is oriented towards
194  the preferred spatial location of the recorded signals as compared to away (figure 3D, p<0.001).
195  This coincides with an enhanced high alpha power in the preferred compared to the non-
196  preferred condition in the superficial layers (figure S4). No difference in SFC is observed in the
197  beta frequency range, for preferred vs. non-preferred locations. In deep layers (figure 3C), SFC
198  is enhanced in both the higher alpha and beta frequency ranges, irrespectively of whether spatial
199 memory is oriented towards or away from the preferred spatial locations (figure 3D). This
200 coincides, in the deep layers, with high alpha power in both the preferred and non-preferred

201 conditions (figure S4). This result suggests distinct selective control mechanisms of correlated
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202  noise, spatially selective in superficial FEF layers and non-spatially selective in deep FEF

203  layers.
204 Modeling rhythmic variations in noise correlations
205 In this last section, using an artificial neuronal population reproducing observed spike

206  and LFP parameters, we provide a causal and parsimonious model linking spike-field coherence
207 and noise correlations mechanisms. The input data to the model are superficial and deep LFP
208  signals generated to match the experimental observation of high alpha / gamma SFC ratio in
209  superficial cortical layers and low alpha / gamma SFC ratio in deep cortical layers (figure S5)
210 as well as FEF LFP power content as a function of preferred and non-preferred spatial memory
211 (as per figures S3 and S4). Spike data are generated such that SFC is high in the high alpha and
212 beta frequency ranges. In the model, differences in the input LFP power between the superficial
213 and deep layers in the preferred and non-preferred spatial memory conditions combined with
214 selective SFC in the high alpha and beta frequencies are sufficient to reproduce the empirical
215  SFC differences (figure 4A and 4B to be compared to figure 3B and 3C). The resultant spiking
216  population is characterized by variable noise correlations in time (figure 4C) with a marked
217  rhythmic pattern in the high alpha and beta frequency ranges (figure 4D). Importantly, these
218  rhythmic properties of neuronal noise correlations were resilient to changes in LFP power
219  outside the SFC frequency ranges. Overall, this thus points towards a local origin for the
220 reported noise correlation oscillations, implemented via selective SFC spiking mechanisms that
221 differ in their spatial selectivity between superficial and deep layers. The output of this local
222 mechanism is however further modulated by long-range influences captured by the low

223 frequency alpha and beta LFP frequency content.
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225 Figure 4: Modelling of rhythmic variations in noise correlations. (A) Model

226 average SFC (mean +/- s.e.) within superficial cortical layer signals. (B) Same as

227 in (A) but within deep cortical layer signals. (C) Model example of noise correlation

228 variations as a function of trial time. (D) 1/f weighted power frequency spectrum

229 of noise correlation in time (mean +/- s.e.) presented in (C).

230 Overall, we thus propose a model that shows that the observed rhythmic variations in

231 noise correlations can be parsimoniously explained by selective SFC mechanisms in the higher
232 alpha and beta frequency ranges, the strength of which are modulated by LFP power in these

233 specific frequency bands irrespective of other frequencies.
234

235  Discussion

236  Oscillations in noise correlations at multiple time scales.

237 Here, we describe, in the prefrontal cortex, two distinct regimens of rhythmic
238  fluctuations in noise correlations, namely in the high alpha (10-16 Hz) frequency range as well
239  asinthe beta (20-30Hz) frequency range. These dominate over faster fluctuations in the gamma
240  band (data not shown), as described in the primary visual cortex by 2°, and which have been
241  shown to coincide with variations in stimulus selectivity and enhanced gamma-band
242 synchronization. Interestingly, identical rhythmic fluctuations in noise correlations can also be
243 identified in the parietal cortex (LIP, data not shown). FEF and LIP belong to the same

244  functional network 2362

and are densely interconnected %%, It is thus not surprising that both
245  cortical areas share the same noise correlation rhythmic properties, and supports a long-range
246  origin for these rhythmic patterns (see below). Whether this noise correlations rhythms are
247  ubiquitous and extend to, for example, the primary visual cortex, or whether they are specific
248  to the parieto-frontal cortex and in tight link with the role of this functional network in
249  attentional processes remains to be explored 286295, Importantly, these rhythmic fluctuations in

250 noise correlations are not specific to spatial memory processes, and can be observed in simple

251 fixation or target detection tasks .

252 Rhythmic noise correlations in neuronal population impact information capacity and

253  behavior.

254 The information capacity of a population code is thought to decrease as correlated noise
255  among neurons increases >!>!*67 thought recent studies suggest that this detrimental aspect
256  depends of noise correlation sources %%, Accordingly, fluctuations in noise correlations levels

257 are expected to coincide with fluctuations in neuronal information. In V1, gamma-band

10
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258  fluctuations in primary visual cortex noise correlations are associated with variations in
259  stimulus selectivity 2. Under the legitimate assumption of a direct relationship between
260  prefrontal neuronal population information content and subjects’ behavior, a strong prediction
261  of the dependency between overall neuronal population information capacity and noise
262  correlations is a link between noise correlations and overt behavior. Here, we show that overt
263  behavioral performances co-vary with both the alpha and beta noise correlation oscillations,
264  accounting for up to 10% of the behavioral response variability. This indicates a functional role
265  for these alpha and beta oscillations in noise correlations and supports the idea that noise
266  correlation is a flexible physiological parameter that modulates overall neuronal population
267 information capacity. Recent studies show that noise correlation contributes to optimally meet
268  ongoing behavioral demands, during learning and attention %°. In a twin study, we show that
269  noise correlations vary in strength both as a function of the ongoing task as well as a function

270  of the time in the task, thus adjusting dynamically to ongoing behavioral demands .

271 Cognitive rhythms and noise correlations.

272 Alpha oscillations are consistently associated with attention, anticipation *%,

4749 " and working memory *°. Beta oscillations are on the other hand consistently

273 perception
274  associated with cognitive control and cognitive flexibility 2. Gamma-oscillations reflect local
275  neuronal processes propagating in the feedforward direction ’° and spatial attention orientation

371 as well as increased SFC 7>7. In contrast,

276  coincides with increased gamma oscillations
277 alpha ° and beta % oscillations reflect long-range processes propagating in the feedback
278  direction, and spatial attention orientation coincides with decreased alpha and beta SFC. Our
279  recordings are performed in the FEF, a cortical region which has been demonstrated to be at the
280  source of spatial attention control signals 2’°. In this cortical region, rhythmic processes in
281  relation with spatial attention deployment have recently been described both in the theta 237
282  and in the lower alpha * frequencies, supporting the hypothesis that attention is an intrinsically
283  rhythmic cognitive process %. The oscillations in noise correlation described here take place in
284  frequency ranges that are independent from those described in spatial attention and memory
285  studies. This suggests that they are of a different neuronal origin and correlate with neuronal

286  mechanisms that are distinct from those at play during selective spatial cognitive processes.

11
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Sources of noise correlations
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288 Sources of noise correlations. Noise correlations are shaped by short-range inter-
289 neuronal connectivity that depend both on cortical distance and on functional
290 selectivity (left) and by alpha and beta rhythmic long-range influences that
291 differentially impact spike LFP phase coupling in the superficial and deep cortical
292 layer.

293  Mechanism accounting for rhythmic noise correlations.

294 The rhythmic fluctuations in noise correlations we describe here co-exist with rhythmic
295  fluctuations of SFC in the same frequency ranges. This supports a functional link between these
296  two processes. The origin of this shared noise variability is still a subject of debate; it can arise

297  from the afferent pathways **, from top-down signals 7>’

, or from coherent synchronization
298  mechanisms in functional sub-networks. Our model confirms that rhythmic variations in noise
299  correlations are parsimoniously accounted for by joint long-range influences reflected in the
300 LFP alpha and beta ranges and selective local SFC mechanisms in these very same frequencies.
301  This causal link being irrespective of changes in LFP power away from these frequency ranges.
302  Inother words, long-range high alpha and beta modulate the degree of synchronization between
303  local neuronal populations (figure 5, right). Confirming this observation, we show that at the
304 same time as the strength of noise correlation high alpha and beta oscillations vary as a function
305 of the ongoing task, so does SFC . Supporting these long-range influences on noise
306 correlations, we show that, in the absence of spatial memory signals, SFC modulation in the
307 alpha range strongly decreases in the more superficial cortical layers as compared to the deeper
308 layers. We propose that SFC coupling selectivity to specific frequency ranges is due to the
309  biophysical membrane properties of specific prefrontal cell types ”’. This will need to be further

310 investigated. In addition to these long-range modulations, local recurrent connectivity also
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311  affects noise correlations 2. This results in the classical observation that shared neuronal
312  variability decreases as a function of cortical distance as well as a function of functional
313  dissimilarity between neuronal pairs (figure 5, left). The extent to which these local recurrent

314  mechanisms differ between superficial and deeper layers remains to be explored.

315 Overall, this thus leads to the strong prediction that local flexibility in noise correlations
316  as a function of behavioral demand arises from changes in long-range incoming signals in
317  specific frequency bands, namely the high alpha and beta frequencies, and acts independently
318  from other previously described neuronal processes such as spatial attention and spatial memory
319 processes. The exact source of these signals, their relation to behavioral optimization and
320 flexibility and how they interact and are integrated with other sources of variations in noise

321  correlations remain to be explored.
322
323

324
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546  Supplementary material and methods

547  Material and methods

548 Ethical statement

549 All procedures were in compliance with the guidelines of European Community on
550 animal care (Directive 2010/63/UE of the European Parliament and the Council of 22
551  September 2010 on the protection of animals used for scientific purposes) and authorized by
552  the French Committee on the Ethics of Experiments in Animals (C2EA) CELYNE registered
553  at the national level as C2EA number 42 (protocole C2EA42-13-02-0401-01).

554 Surgical procedure:

555 As in** two male rhesus monkeys (Macaca mulatta) weighing between 6-8 kg
556  underwent a unique surgery during which they were implanted with two MRI compatible PEEK
557  recording chambers placed over the left and the right FEF hemispheres respectively (figure 1A),
558 as well as a head fixation post. Gas anesthesia was carried out using Vet-Flurane, 0.5 — 2%
559  (Isofluranum 100%) following an induction with Zolétil 100 (Tiletamine at 50mg/ml, 15mg/kg
560 and Zolazepam, at 50mg/ml, 15mg/kg). Post-surgery pain was controlled with a morphine pain-
561  killer (Buprecare, buprenorphine at 0.3mg/ml, 0.01mg/kg), 3 injections at 6 hours interval (first
562 injection at the beginning of the surgery) and a full antibiotic coverage was provided with
563  Baytril 5% (a long action large spectrum antibiotic, Enrofloxacin 0.5mg/ml) at 2.5mg/kg, one
564 injection during the surgery and thereafter one each day during 10 days. A 0.6mm isomorphic
565 anatomical MRI scan was acquired post surgically on a 1.5T Siemens Sonata MRI scanner,
566  while a high-contrast oil filled grid (mesh of holes at a resolution of Immx1mm) was placed in
567  each recording chamber, in the same orientation as the final recording grid. This allowed a
568 precise localization of the arcuate sulcus and surrounding gray matter underneath each of the
569 recording chambers. The FEF was defined as the anterior bank of the arcuate sulcus and we
570  specifically targeted those sites in which a significant visual and/or oculomotor activity was
571  observed during a memory guided saccade task at 10 to 15° of eccentricity from the fixation
572  point (figure 1A). In order to maximize task-related neuronal information at each of the 24-
573  contacts of the recording probes, we only recorded from sites with task-related activity observed

574  continuously over at least 3 mm of depth.

575
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576 Behavioral task:

577 During a given experimental session, the monkeys were placed in front of a computer
578  screen (1920x1200 pixels and a refresh rate of 60 Hz) with their head fixed. Their water intake
579  was controlled so that their initial daily intake was covered by their performance in the task, on
580 a trial by trial basis. This quantity was complemented as follows. On good performance
581  sessions, monkeys received fruit and water complements. On bad performance sessions, water
582  complements were provided at a distance from the end of the session. During a Memory-guided
583  saccade Task (figure 1B): A red fixation cross (0.7x0.7°) appeared in the center of the screen
584  and the monkeys were required to hold fixation for 500 msec, within a fixation window of
585  1.5x1.5°. A square green cue (0.28x0.28°) was then flashed for 100ms at one of four possible
586 locations ((10°, 10°), (-10°, 10°), (-10°,-10°) and (10°,-10°)). The monkeys had to continue
587  maintain fixation on the central fixation point for another 700—1900 ms until the fixation point
588  disappeared. The monkeys were then required to make a saccade towards the memorized
589 location of the cue within 500-800ms from fixation point disappearance, and a spatial tolerance
590  of 4°x4°. On success, a target, identical to the cue was presented at the cued location and the
591  monkeys were required to fixate it and detect a change in its color by a bar release within 150-
592 800 ms from color change. Success in all of these successive requirements conditioned reward

593  delivery.
594  Neural recordings:

595 On each session, bilateral simultaneous recordings in the two FEFs were carried out
596  using two 24- contact Plexon U-probes. The contacts had an interspacing distance of 250 pm.
597  Neural data was acquired with the Plexon Omniplex® neuronal data acquisition system. The
598  data was amplified 400 times and digitized at 40,000 Hz. The MUA neuronal data was high-
599 pass filtered at 300 Hz. The LFP neuronal data was filtered between 0.5 and 300 Hz. In the
600  present paper, all analyses are performed on the multi-unit activity recorded on each of the 48
601  recording contacts. A threshold defining the multi-unit activity was applied independently for
602  each recording contact and before the actual task-related recordings started. All further analyses
603  of the data were performed in Matlab™ and using FieldTrip ’® and the Wavelet Coherence
604  Matlab Toolbox ”°, both open source Matlab™ toolboxes.

605 Data Analysis
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606 Data preprocessing. Overall, MUA recordings were collected from 48 recording
607  channels on 26 independent recording sessions (13 for M1 and 13 for M2). We excluded from
608  subsequent analyses all channels with less than 5 spikes per seconds. For each session, we
609 identified the task-related channels based on a statistical change (one-way ANOVA, p<0.05) in
610 the MUA neuronal activity in the memory-guided saccade task, in response to either cue
611  presentation ([0 400] ms after cue onset) against a pre-cue baseline ([-100 0] ms relative to cue
612  onset), or to saccade execution go signal and to saccade execution (i.e. fixation point off, [0 400]
613 ms after go signal) against a pre-go signal baseline ([-100 0] ms relative to go signal),
614  irrespective of the spatial configuration of the trial. In total, 671 channels were retained for

615  further analyses out of 1248 channels.
616
617 Distance between recording sites. For each electrode, pairs of MUA recordings were

618 classified along four possible distance categories: D1, spacing of 250 pm; D2, spacing of 500
619  um; D3, spacing of 750 um and D4, spacing of Imm. These distances are an indirect proxy to
620 actual cortical distance, as the recordings were performed tangentially to cortical surface, i.e.

621  more or less parallel to sulcal surface.

622 MUA spatial selectivity. FEF neurons are characterized by a strong visual, saccadic,
623  spatial memory and spatial attention selectivity?’**>!, We used a one-way ANOVA (p<0.05)
624  to identify the spatially selective channels in response to cue presentation ([0 400] ms following
625  cue onset) and to the saccade execution go signal ([0 400] ms following go signal). Post-hoc t-
626  tests served to further order, for each channels, the neuron’s response in each visual quadrant
627  from preferred (pl), to least preferred (p4). By convention, positive modulations were
628  considered as preferred and negative modulations as least preferred. For example, in a given
629  session, the MUA signal recorded on channel 1 of a probe placed in the left FEF, could have as
630  best preferred position p1 the upper right quadrant, the next best preferred position p2 the lower
631  right quadrant, the next preferred position p3 the upper left quadrant and the least preferred
632  position p4 the lower left quadrant. The MUA signal recorded on channel 14 of this same probe,
633  could have as best preferred position pl the lower right quadrant, the next best preferred
634  position p2 the upper right quadrant, the next preferred position p3 the lower left quadrant and
635  the least preferred position p4 the upper left quadrant. Positions with no significant modulation
636  in any task epoch were labeled as p0 (no selectivity for this position). Once this was done, for
637  each electrode, pairs of MUA recordings were classified along two possible functional
638  categories: pairs with the same spatial selectivity (SSS pairs, sharing the same pl) and pairs

639  with different spatial selectivity (DSS pairs, such that the p1 of one MUA is a p0 for the other
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640 MUA). For the sake of clarity, we do not consider partial spatial selectivity pairs (such that the
641  pl of one MUA is a non-preferred, p2, p3 or p4 for the other MUA).

642 MUA layer attribution. As stated above, our recordings are not tangential to cortical
643  surface. As a proxy to attribute a given recording channel to upper or lower cortical layers we
644  proceeded as follows. For each electrode and each channel, we estimated, at the time of cue
645  onset in the memory-guided saccade task (100ms-500ms from cue onset), the SFC in the alpha
646  range (6 to 16 Hz) and the gamma range (40 to 60 Hz). Based on previous literature ¥, we used
647  theratio between the alpha and gamma spike field-coherence as a proxy to assign the considered
648  LFP signals to a deep cortical layer site (high alpha / gamma spike-field coherence ratio) or to
649  a superficial cortical layer site (low alpha / gamma SFC ratio). We also categorized MUA
650  signals into visual, visuo-motor and motor categories, as in 8!. Briefly, average firing rates were
651  computed in 3 epochs: [-100 0] ms before cue onset (baseline), [0 200] ms after cue onset
652  (visual), and [0 200] ms before saccade onset (movement). Neurons with activity statistically
653  significantly different from the baseline (Wilcoxon rank-sum test, P < 0.05) after cue onset
654  were categorized as visual. Neurons with activity statistically significantly different from the
655  baseline (Wilcoxon rank-sum test, P < 0.05) before saccade onset were categorized as
656  oculomotor. Neurons that were active in both epochs were categorized as visuo-movement
657  neurons. The LFP categorization along the alpha to gamma SFC ratio strongly coincided with
658 the classification of the MUA signals into purely visual sites (low alpha and gamma SFC ratio,
659 input FEF layers) and visuo-motor sites (high alpha and gamma SFC ratio, output FEF layers,
660  figure 3).

661 Oscillations in noise correlations. To measure oscillatory patterns in the noise
662  correlation time-series data, we computed for each session (N=12) noise correlations over time
663  (over successive 200ms intervals, sliding by 10ms, running from 300ms to 1500ms following
664  cue offset). Specifically, for each channel i, and each trial k, the average neuronal response ri(k)
665  for the 200 ms interval was calculated and z-score normalized into zi(k), where zi(k)=ri(k)-
666  pi/stdi and pi and stdi respectively correspond to the mean firing rate and standard deviation
667 around this mean during the interval of interest of the channel of interest i. This z-score
668  normalization allows to capture the changes in neuronal response variability independently of
669  changes in mean firing rates. Noise correlations between pairs of MUA signals during the
670 interval of interest were then defined as the Pearson correlation coefficient between the z-scored
671  individual trial neuronal responses of each MUA signal over all trials. Only positive significant

672  noise correlations are considered, unless stated otherwise. In any given recording session, noise
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673  correlations were calculated between MUA signals recorded from the same electrode, thus
674  specifically targeting intra-cortical correlations. Once noise correlation is calculated over time

675 a wavelet transform 78

was then applied on each session’s noise correlation time series. To
676  control that these tmporal noise correlation oscillations cannot be attributed to changes in
677  spiking activity, a wavelet analysis was also run onto MUA time series data (not shown).

678 Modulation of behavioral performance by alpha and beta noise correlation phase. To
679  quantify the effect of noise correlation oscillations onto behavioral performance, we used a
680  complex wavelet transform analysis (Fieldtrip, Oostenveld et al. 2011) to compute, for each
681  session, in the noise correlations, the phase of the frequencies of interest (alpha / beta) following
682  cue offset. For each session, we identified hit and miss trials falling at zero phase of the
683  frequency of interest (+/- m /140) with respect to target presentation. Hit rates (HR) were
684  computed for this zero phase bin. We then shifted this phase window by m /70 steps and
685  recalculated the HR, repeating this procedure to generate phase-detection HR functions, across
686 all phases, for each frequency of interest 32. For each session, the phase bin for which hit rate
687  was maximal was considered as the optimal phase. The effect of a given frequency (alpha or
688  beta) onto behavior corresponds to the difference between HR at this optimal phase and HR at
689 the anti-optimal phase (optimal phase + m). To test for statistical significance, observed hit/miss
690 phases were randomized across trials so as to shuffle the temporal relationship between phases
691 and behavioral performance. This procedure was repeated 1000 times. 95% CI was then
692  computed and compared to the observed behavioral data.

693 Spikes-LFP PPC. For each selected channel, spikes-LFP phase coupling spectra (SCF)
694  were calculated between the spiking activity obtained in one channel and the LFP activity from
695  the next adjacent channel in the time interval running from 300ms to 1500ms following cue
696  offset. We used a single Hanning taper and applied convolution transform to the Hanning-
697  tapered trials. We equalized the number of trials for all conditions so as to prevent any bias that
698  could be introduced by unequal numbers of trials. We used a 4 cycles length per frequency. The
699 memory guided saccade task is known to involve spatial processes during the cue to target
700 interval that bias spike field coherence. Thus, spikes-LFP phase coupling was measured
701 separately for trials in which the cued location matched the preferred spatial location of the
702 channel and trials in which the cued location did not match the preferred spatial location of the
703  channel. Statistics were computed across channels x sessions, using a non-parametric Friedman
704  test.

705 Model. The objective of this model is to test whether rhythmic variations in noise

706  correlations can parsimoniously be explained by joint long-range influences reflected in the
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707  LFP alpha and beta ranges and selective local spike-LFP phase coupling mechanisms in these
708 same frequencies. This was investigated through synthetic neuronal population activities the
709 main features of which were parsimoniously driven by FEF recorded data as follows.
710  Spikes/LFPs signals were generated to create a 200 channels X 100 trials X 1000 ms, structure.
711  LFP signals were constructed from a noise frequency component following a 1/f
712  power/frequency law, and a signal component ranging from 10Hz to 60Hz. To mimic our
713 empirical data (figure S3B), superficial LFPs to a preferred spatial memory location were
714  enriched in alpha power. Spiking activities were composed of a noise component (spikes being
715  extracted from a random binary process) and a component locked to LFP alpha (6-16Hz) and
716  beta (20-30Hz) frequency phases, thus resulting in high spikes-LFP phase coupling in these
717  specific frequencies. The strength of the SFC in each of these frequency ranges was
718  manipulated to reproduce the laminar differences observed experimentally between superficial
719  and deep cortical layer. Gamma (40-60Hz) SFC was also enhanced in the superficial FEF layers
720  to match our empirical data as well as previous reports from other cortical regions . It is to be
721  noted that, by definition, the strength of SFC at a specific frequency is exclusively modulated
722 by the LFP power in the same frequency range. In other words, LFP frequencies that are not
723 phase locked to the spiking activity do not contribute to the SFC measure. This can easily be
724  modeled (data not shown). Last, the functional selectivity of the synthetic channels (preferred/
725  non preferred) was mimicked by a 15% increase in firing rate in the preferred condition, while
726  the non-preferred condition remained unchanged, this for both superficial and deep channels.
727  Frequency and phase analyses were performed using Wavelet Transform Analyzes based on
728  the Wavelet Coherence Matlab Toolbox, SFC analyzes were performed using adapted Fieldtrip

729  toolbox functions (http://fieldtriptoolbox.org). The outcome of this phase-phase coupling

730 analysis is independent of instantaneous spiking rates.

731

732
733
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Figure S1: (A) Noise correlations as a function of cortical distance. Average noise correlations
(mean +/- s.e.) across sessions, from 300 ms to 500ms after eye fixation onset, as a function of
distance between pairs of channels: 250pum; 500um; 750um; 1000um. (B) Noise correlations
as a function of spatial selectivity. Average noise correlations (mean +/- s.e.) across sessions
from 300ms to 500ms after eye fixation onset, as a function of whether noise correlations are
calculated over signals sharing the same spatial selectivity (full bars) or not (empty bars). Stars
indicate statistical significance following a two-way ANOVA and ranksum post-hoc tests;
*p<0.05; **p<0.01; ***p<0.001.
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Figure S2: Average spikes-LFP phase coupling (mean +/- s.e.) across sessions, calculated
during 300ms to 1500ms following cue offset as a function of preferred (red line) and non-
preferred (green line) position.
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Figure S3: (A) Average of LFP power (mean +/- s.e.) across sessions, during pre-cue epoch
(blue), post-cue epoch for the preferred position (red) and non-preferred position (green). (B)
Difference of LFP power between post-cue preferred and non-preferred conditions for preferred
(red) and non-preferred condition (green).
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Figure S4: (A) Average of LFP power (mean +/- s.e.) across sessions, during post-cue epoch,
for preferred position (red) and non-preferred position (green), in the superficial (dashed lines)
and deep layers (continuous lines), relative to LFP power in pre-cue epoch. (B) Difference of
LFP power between post-cue preferred and non-preferred conditions for superficial (dashed
lines) and deep layers (continuous lines).
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Figure S5: Model distribution of spikes-LFP phase coupling in gamma- and - alpha-bands for
superficial and deep layers.
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