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ABSTRACT  27 

During speech listening, the brain parses a continuous acoustic stream of information into 28 

computational units (e.g. syllables or words) necessary for speech comprehension. Recent 29 

neuroscientific hypotheses propose that neural oscillations contribute to speech parsing, but 30 

whether they do so on the basis of acoustic cues (bottom-up acoustic parsing) or as a function 31 

of available linguistic representations (top-down linguistic parsing) is unknown. In this 32 

magnetoencephalography study, we contrasted acoustic and linguistic parsing using bistable 33 

speech sequences. While listening to the speech sequences, participants were asked to 34 

maintain one of the two possible speech percepts through volitional control. We predicted that 35 

the tracking of speech dynamics by neural oscillations would not only follow the acoustic 36 

properties but also shift in time according to the participant’s conscious speech percept. Our 37 

results show that the latency of high-frequency activity (specifically, beta and gamma bands) 38 

varied as a function of the perceptual report. In contrast, the phase of low-frequency 39 

oscillations was not strongly affected by top-down control. While changes in low-frequency 40 

neural oscillations were compatible with the encoding of pre-lexical segmentation cues, high-41 

frequency activity specifically informed on an individual’s conscious speech percept. 42 

 43 

New & Noteworthy: A critical problem the brain faces when analyzing speech is how to 44 

parse a continuous stream of information into relevant linguistic units. Using bistable speech 45 

streams that could be perceived as two distinct word sequences repeated over time, our results 46 

show that high frequency activity reflects the word sequence participants perceived. Our 47 

study suggests that high frequency activity reflects the conscious representation of speech 48 

after segmentation.  49 

Keywords: speech segmentation, neural entrainment, bistability, MEG, phase 50 
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1. INTRODUCTION  51 

 52 

Listening to speech requires that essential linguistic units (phonemes, syllables, words) 53 

are computed online while hearing a continuous stream of acoustic information (Poeppel et 54 

al., 2008). This segmentation problem has been discussed in recent theoretical and neuro-55 

computational models of speech processing, which describe brain oscillations as active 56 

parsers of the auditory speech signals (Ding & Simon 2014; Ghitza 2011; Giraud & Poeppel 57 

2012; Hyafil et al. 2015; Peelle & Davis 2012; Poeppel 2003; Poeppel et al. 2008). In 58 

particular, two main oscillatory regimes are deemed fundamental for the encoding of speech: 59 

first, low-frequency neural oscillations in the delta to theta range (2 - 8 Hz) have been shown 60 

to follow natural speech rhythms, enabling the tracking of the temporal structure of acoustic 61 

speech features such as syllables and words (Ahissar et al., 2001; Luo and Poeppel, 2007, 62 

2012; Peelle and Davis, 2012; Ding and Simon, 2013a; Gross et al., 2013; Millman et al., 63 

2013; Zion Golumbic et al., 2013; Doelling et al., 2014; Rimmele et al., 2015). Second, high-64 

frequency neural activities including the beta (20-30 Hz) and the gamma (> 40 Hz) bands, 65 

have been hypothesized to encode the fine-grained properties of the speech signal such as 66 

phonetic features (Poeppel, 2003; Poeppel et al., 2008; Ghitza, 2011; Giraud and Poeppel, 67 

2012).  68 

In this context, an important question is whether the entrainment of low-frequency 69 

neural oscillations (LFO) by speech is sufficient to define the segmentation boundaries of 70 

perceived syllables and words. LFO could first impact speech parsing by tracking the salient 71 

acoustic cues in speech (Doelling et al. 2014; Giraud & Poeppel 2012; Ghitza 2011; Hyafil et 72 

al. 2015) and thus, primarily reflect stimulus-driven neural entrainment, which is known to 73 

modulate the perception of sounds in a periodical fashion (Henry and Obleser, 2012; Ng et al., 74 
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2012). Under this hypothesis, the phase of LFO could be reset by the sharp temporal 75 

fluctuations in the speech envelope (Giraud and Poeppel, 2012; Doelling et al., 2014). LFO 76 

could primarily be modulated by the acoustics of the speech signal, so that a particular phase 77 

of the LFO would be associated with the acoustic edges demarcating the boundaries between 78 

speech units. We will refer to this mechanism as acoustic parsing, a bottom-up mechanism 79 

driven by the analysis of the acoustic signal.  80 

However, acoustic parsing is insufficient for the extraction of linguistic tokens, 81 

considering that in continuous speech, words and syllables are not always delimited by sharp 82 

acoustic edges (Maddieson, 1984; Stevens, 2002). In particular, if neural oscillations 83 

passively track the fluctuations of the speech envelope, phase reset would be predicted to 84 

occur at the onset of vowels, which are the features that carry the most important energy 85 

fluctuations (Stevens, 2002). This would be problematic for speech segmentation, considering 86 

that a majority of words and syllables start with consonants (Maddieson, 1984). Parsing 87 

mechanisms may thus require top-down processing informed by the representational 88 

availability of syllables or words in a given language (Mattys et al., 2005); we will refer to 89 

this hypothesized parsing mechanism as linguistic parsing. LFO are known to be under top-90 

down attentional control: both attention and stimulus expectation can modulate the phase of 91 

entrained neural oscillations bringing periods of high neural excitability in phase with 92 

stimulus presentation, thereby facilitating the detection of the attended sensory inputs 93 

(Lakatos et al., 2008; Schroeder and Lakatos, 2009a; Stefanics et al., 2010; Besle et al., 2011; 94 

Gomez-Ramirez et al., 2011; Cravo et al., 2013). In complex auditory environments, the 95 

control of neural oscillations by attention has been shown to be beneficial for speech 96 

processing as well (Zion Golumbic et al., 2013; Rimmele et al., 2015), suggesting that when 97 

speech perception is under attentional or volitional control, LFO may correlate with the 98 

outcome of word comprehension.  99 
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Additionally, recent evidence suggests that LFO play a role in the parsing of linguistic 100 

content (Ding, et al. 2016). Delta oscillations were shown to delineate the perceived linguistic 101 

structure (phrases and sentences) within continuous speech, suggesting that LFO may be 102 

actively relevant for the parsing of smaller linguistic units like words or syllables, which is the 103 

focus of this study. So far, the strength of LFO entrainment has been reported to 104 

systematically correlate with speech intelligibility (Ahissar et al., 2001; Ding and Simon, 105 

2013a; Gross et al., 2013; Peelle et al., 2013; Doelling et al., 2014; Rimmele et al., 2015) 106 

implying that LFO may be relevant for word segmentation. However, and importantly, speech 107 

intelligibility was also confounded with changes in the acoustic properties of the speech 108 

signal, leaving open the possibility that the observed modulations of LFO were driven by 109 

acoustic cues. In fact, in a different series of experiments controlling for acoustic properties, 110 

no direct link between speech intelligibility and neural entrainment of LFO was found (Peña 111 

and Melloni, 2012; Millman et al., 2015; Zoefel and VanRullen, 2015). All in all, these results 112 

suggest that LFO may govern attention and temporal expectation mechanisms that regulate 113 

the gain of the acoustic information, but may not reflect top-down syllable/word segmentation 114 

per se. 115 

Crucially, speech models posit that the entrainment of LFO by syllabic and phrasal speech 116 

rates are associated with a modulation of high-frequency activity (HFA) by LFO (Giraud and 117 

Poeppel, 2012; Ding and Simon, 2014; Hyafil et al., 2015a). LFO are known to orchestrate 118 

periods of inhibition and excitation for HFA, notably in the beta and gamma bands. This is 119 

achieved via cross-frequency coupling, meaning that an increase in HFA power occurs at 120 

particular phases of LFO (Akam & Kullmann 2014; Canolty et al. 2006; Canolty & Knight 121 

2010; Hyafil et al. 2015; Lakatos et al. 2005).  During speech listening, HFA has been 122 

predicted to be enhanced as syllables and words unfold over time but inhibited at their 123 

boundaries (Giraud and Poeppel, 2012; Ding and Simon, 2014; Hyafil et al., 2015a). Speech 124 
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models thus predict that the inhibition of HFA would also mark the onsets and offsets of the 125 

parsing windows used to segment the acoustic signals into speech units.  126 

In this experiment, we were interested in understanding whether neural oscillatory dynamics 127 

predicted linguistic parsing when the acoustic properties of speech were maintained 128 

identically over time yet yielded different conscious percepts, a phenomenon known as 129 

‘verbal transformations’ (Warren, 1968; Sato et al., 2006, 2007; Basirat et al., 2012; Billig et 130 

al., 2013) (Figure 1A). For instance, hearing the word fly steadily repeated over time 131 

“….flyflyflyflyflyflyflyflyfly…” will typically result in perceiving alternatively “life” or 132 

“fly”.  Four different speech sequences were used and could be perceived as two distinct 133 

French words: “lampe” ([lɑ̃p]) or “plan” ([plɑ̃]), and “képi” ([kepi]) or “piquer” ([pike]); or 134 

pseudo-words: “pse” ([psə]) or “sep” ([səp]), and “tapa” ([tapa]) or “pata” ([pata]). 135 

Participants were asked to maintain one or the other percept during the presentation of a given 136 

speech sequence (Figure 1A). As the acoustics of the speech signal were constant over time, 137 

the changes in word percept could only be attributed to linguistic parsing. We predicted that if 138 

LFO actively participated in linguistic parsing in a manner consistent with participants’ 139 

conscious perception, LFO should track the speech signal at distinct latencies for each 140 

competing percept when under volitional control (Figure 1B). Alternatively, if LFO tracked 141 

the acoustic cues irrespective of conscious speech perception, no changes should be seen 142 

when contrasting two perceptual reports given the same acoustic presentation. Additionally, 143 

in the context of the introduced speech models (Ding et al. 2014; Giraud & Poeppel 2012; 144 

Hyafil et al. 2015), we expected that HFA power should also follow speech dynamics, and 145 

that the tracking should similarly shift in time according to the boundaries of the perceived 146 

syllables and words (Figure 1B). Our results show small latency modulations of the LFO 147 

phase response but strong latency modulations of the power of HFA that are consistent with 148 

linguistic parsing. The functional dissociation between these two neural markers will be 149 
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discussed in detail. 150 

 151 

FIGURE 1 ABOUT HERE 152 

 153 

2. MATERIALS AND METHODS 154 

 155 

2.1. Participants 156 

 157 

20 participants (8 females, mean age: 23 years old) took part in the study. All were right-158 

handed native French speakers with normal hearing. All participants were naive as to the 159 

purpose of the study. Prior to taking part in the study, each participant provided a written 160 

informed consent in accordance with the Declaration of Helsinki (2008) and the Ethics 161 

Committee on Human Research at NeuroSpin (Gif-sur-Yvette, France). Two participants 162 

were rejected because of noisy MEG recordings (rejection after visual inspection of MEG raw 163 

data, prior to MEG analysis); one participant did not finish the task; two participants did not 164 

perform correctly the ‘volitional’ verbal transformation task, as they could not voluntarily 165 

hear the required percept (<10 % report) in at least one of the sequences. Hence, 15 166 

participants (5 females, mean age: 23 years old) were considered for the reported analysis. 167 

 168 

2.2. Experimental paradigm 169 

 170 

Stimuli  171 
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Four auditory sequences (adapted from (Sato et al., 2007; Basirat et al., 2012)) were presented 172 

binaurally to participants via Etymotic Earphones (Etymotic Research Inc., USA) at a 173 

comfortable hearing level. One sequence consisted of the repetition of the monosyllabic 174 

French word “lampe” ([lãp], French equivalent of “lamp”). The sequence was bistable and 175 

could also be perceived as the repetition of the word “plan” ([plã], French equivalent of 176 

“map”). The second sequence consisted of the repetition of the bisyllabic word “képi” ([kepi], 177 

French equivalent of “kepi”), which could also be perceived as the repetition of the word 178 

“piquer” ([pike], French equivalent of “to sting”).  Two other sequences consisted of the 179 

repetition of pseudo-words that were either monosyllabic “sep” ([səp]) (leading to the 180 

alternative percept “pse” ([psə])), or bisyllabic “pata” ([pata]) (that could also be heard as the 181 

repetition of the pseudo-word “tapa” ([tapa])). All syllables in the auditory sequences were 182 

recorded (16 bit resolution, 22.05-kHz sampling rate) in a soundproof room by a native 183 

French speaker (A.K.). The speaker pronounced each syllable naturally, and maintained an 184 

even intonation and vocal intensity while producing the sequences. Stimuli sequences were 185 

constructed using the Praat freeware (Boersma, 2002). For the bisyllabic sequences, one 186 

syllable of each token [pa], [ta], [ke], and [pi] was selected; the criterion consisted of selecting 187 

the syllable that matched as closely as possible the sequence rate of 3Hz (1 syllable per 333 188 

ms). All syllables had equalized sound-levels based on RMS. The selected syllables were 189 

assembled to form the word “képi” and the pseudo-word “pata”, each word was repeated 100 190 

times to form the sequences. For the monosyllabic word and the pseudo-word sequences, one 191 

clearly articulated token [psə], [səp], [plã] and [lãp] of 333-ms duration was selected from the 192 

recordings and repeated 150 times. In all recordings, the syllabic length was of 333 ms, 193 

leading to a repetition rate of 1.5 Hz in bisyllabic sequences and 3 Hz in monosyllabic 194 

sequences.  195 

 196 
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Procedure 197 

First, and prior to the main experiment, participants where familiarized with the stimuli using 198 

the spontaneous verbal transformation task (Basirat et al. 2012), in which participants hear a 199 

sequence of repeated acoustic utterances yielding bistable auditory percepts. Participants were 200 

asked to spontaneously report their perception while listening to these auditory sequences. 201 

After this familiarization phase, participants performed a variation of the verbal 202 

transformation paradigm in which they were asked to voluntarily maintain hearing one of the 203 

possible speech percepts for as long as possible while listening to the sequence. Participants 204 

were instructed to perceive the sequence as the repetition of a target word, without vocalizing 205 

the word or imposing a rhythm during the presentation of the sequences. Specifically, we 206 

asked participants to hear the external speaker repeating the word, and not to covertly produce 207 

the sequences. The four auditory sequences were presented twice and the instructed target 208 

word was counter-balanced for each presentation. Hence, in one presentation, participants 209 

were asked to maintain the target “képi” or “pata” or “sep” or “lampe” and in the second 210 

presentation of the same sequence, they were asked to maintain the alternative target percept 211 

“piquer”, “tapa”, “pse”, or “plan”, respectively. The two successive presentations of a 212 

sequence constituted one block, and blocks were presented in random order across 213 

individuals. During a given speech sequence, participants were asked to continuously depress 214 

the button corresponding to the currently perceived utterance, and to switch button as soon as, 215 

and every time their perception changed. One button was assigned for each of the two 216 

expected percepts in a sequence (“képi” and “piquer”; “pata” and “tapa”; “pse” and “sep”; 217 

“plan” and “lampe”) and a third button (labelled “other”) was used to report any other 218 

percepts participants might have experienced during the sequence.  219 

 220 
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2.3. MEG analysis 221 

 222 

Data acquisition 223 

Neuromagnetic brain recordings were collected in a magnetically shielded room using the 224 

whole-head Elekta Neuromag Vector View 306 MEG system (Neuromag Elekta LTD, 225 

Helsinki) equipped with 102 triple-sensor elements (two orthogonal planar gradiometers and 226 

one magnetometer per sensor location). Shielding against environmental noise was provided 227 

by MaxShield (Neuromag Elekta LTD, Helsinki). Participants were seated in an upright 228 

position. Each participant’s head position was measured before each block with four head 229 

position coils (HPI) placed over frontal and mastoïd areas. MEG recordings were sampled at 230 

1 kHz and online band-pass filtered between 0.03 Hz and 330 Hz. The electro-occulograms 231 

(EOG, horizontal and vertical eye movements) and electrocardiogram (ECG) were recorded 232 

simultaneously with the MEG.  233 

 234 

Data preprocessing 235 

The Signal Space Separation (SSS) method was applied to decrease the impact of external 236 

noise (Taulu et al., 2003). SSS correction, head movement compensation, and bad channel 237 

rejection was done using MaxFilter Software (Elekta Neuromag). Signal-space projections 238 

were computed by Principal Component Analysis (PCA) using Graph software (Elekta 239 

Neuromag) to correct for eye-blinks and cardiac artifacts (Uusitalo and Ilmoniemi, 1997). 240 

 241 

Data analysis 242 
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MEG analyses were performed using MNE-python (Gramfort et al., 2013, 2014). The 243 

analyses were performed on gradiometer data, known to be less sensitive to environmental 244 

noise (Hämäläinen et al., 1993; Vrba, 2002). The trials for evoked responses, phase 245 

quantification, and cross-correlation analyses were computed by segmenting continuous data 246 

into 2s epochs centered on the burst of the [p] plosive in the speech signal. The trials for 247 

spectral analyses were computed by segmenting data in 8.2 s epochs to insure a high spectral 248 

resolution of low-frequency dynamics. A rejection criterion for gradiometers with peak-to-249 

peak amplitude exceeding 4.000 e-10 T/m was applied to select the epoch data. Trials in which 250 

participants failed to maintain the target percept were excluded from further analysis – as 251 

assessed by participants’ explicit button presses while listening to speech; trials which were 252 

preceded or followed by a change in button press by 500 ms were also excluded. Hence, the 253 

analysis included trials in which the perceptual reports matched the target percepts: for 254 

instance, we will call “lampe” trials those trials in which participants were instructed to 255 

maintain the percept “lampe” and actually reported having heard “lampe”. In total, 256 

approximately 23% ± 9.6% S.D. of epochs were rejected.  257 

Data were analyzed in two regions of interest by selecting gradiometers covering the left and 258 

right temporal areas (the selected sensors are depicted in Fig. 2, black dots). A spatial filter 259 

was used for channel averaging in each region of interest. The spatial filter was estimated 260 

based on the signal-space projection of the covariance of the evoked responses (Tesche et al., 261 

1995) to each sequence; it consisted of signed weights on each sensor, based on their 262 

contribution to the evoked response and their polarity. This was done to enhance the 263 

contribution of sensors that were strongly modulated by the evoked component of the signal, 264 

and to alleviate sensor cancellation due to opposite signal polarities.  265 

 266 
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ERF analysis 267 

For ERF analysis, epochs were filtered between 1 Hz and 40 Hz. The comparisons of evoked 268 

responses between conditions were computed using a non-parametric permutation test in the 269 

time dimension. Correction for multiple comparisons was performed with cluster level 270 

statistics (cluster alpha = 0.05) using as base statistic a one-way F-test computed at each time 271 

sample (Maris and Oostenveld, 2007). For illustration, we show in Figure 2 the topography of 272 

the 3Hz component of the evoked response. To do so, 3Hz evoked amplitude was estimated 273 

using Morlet wavelet transform (4 cycles) on the evoked data, which was then averaged 274 

across sequences. 275 

 276 

Frequency analysis 277 

MEG signals were divided in epochs of 8.2 s in order to compute the Power Spectrum 278 

Density (PSD) using a Welch’s average periodogram method for each experimental condition 279 

(perceived speech), each hemisphere and on a per speech sequence and per individual basis. 280 

Repeated-measures ANOVA were performed at observed frequency peaks of the power 281 

spectra: the entrainment frequency (3 Hz), 1.5 Hz and its harmonics (4.5, 6 Hz), and alpha 282 

oscillations (8-12 Hz). This was done to assess the contribution of each frequency to the 283 

overall brain response. The other factors included were sequence type (4 levels: “kepi”, 284 

“pata”, “lampe”, “sep”), reported percept (2 levels: “percept 1” and “percept 2”, e.g. “lampe” 285 

and “plan”), and hemisphere (2 levels: right, left).  286 

 287 

Phase analysis 288 
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The phase of the 3 Hz and 1.5 Hz entrained oscillatory responses and the Phase- Locking 289 

Value (PLV, also called Phase Locking Factor or Inter Trial Coherence) were computed at the 290 

onset of the plosive burst. The PLV is a measure of phase consistency across trials (Tallon-291 

Baudry et al., 1996), and is defined as: 292 

PLV(t) = 1 ( , )  

 where n is the number of trials, and θ(t,k) is the instantaneous phase at time t and trial k. 293 

Single trial MEG data (2s epochs centered on the plosive) were convolved with a 3-cycles 294 

Morlet wavelet at 1.5 Hz frequency for the computation of the 1.5 Hz preferential phase and a 295 

4-cycles Morlet wavelet at 3 Hz frequency to compute the 3 Hz preferential phase. To assess 296 

statistical significance of phase shifts between the two percepts during the presentation of one 297 

speech sequence (e.g.”plan” and “lampe”), we computed the difference in the preferential 298 

phase of entrainment on a per individual basis. The 95% confidence intervals of the 299 

distribution of phase differences across participants was estimated with a bootstrapping 300 

method based on 10,000 resamples of the distribution with replacement (Fisher, 1995). Phase 301 

distributions were considered statistically different between the percepts if zero lay outside 302 

the measured confidence interval (p ≤ 0. 05, uncorrected for multiple comparisons), i.e. if zero 303 

was lower than the 2.5% percentile or higher than the 97.5% percentile of the bootstrap 304 

distribution. 305 

 306 

Cross- correlation measures of speech envelope with MEG signals 307 

To estimate the modulations of HFA amplitude that followed the speech envelope, 308 

normalized cross-correlations between the amplitude of neural oscillations and the dynamics 309 

of the speech envelope were computed. First, the speech envelope was estimated by using a 310 
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filter bank which models the passage of the signal through the cochlea (Glasberg and Moore, 311 

1990; Ghitza, 2011). The filter bank was designed as a set of parallel band-pass FIR filters, 312 

each tuned to a different frequency. The center frequencies of interest were chosen from 250 313 

and 3000 Hz. The center frequency f and the critical bandwidth of each filter were computed 314 

following Glasberg & Moore (1990). Second, a Hilbert transform was applied to each filtered 315 

signal and the absolute value of each Hilbert transform was averaged to obtain the final 316 

envelope. The amplitude of neural oscillations ranging from 6 Hz to 140 Hz (in 2 Hz steps) 317 

was computed on the 2s-length epochs on a per trial basis, by filtering the MEG signal for 318 

each frequency band (FIR filter, bandwidth of ±2 Hz for frequencies below 20 Hz, bandwidth 319 

of ±5 Hz for frequencies above or equal to 20 Hz), and by taking the absolute value of the 320 

Hilbert transform applied to each filtered signal.  321 

Normalized cross-correlations were computed between the amplitude of the MEG signal for 322 

each frequency-band and the cosine of the phase of the speech envelope at 3 Hz (FIR filter, 323 

bandwidth of [2.5, 3.5 Hz], in mono- and bisyllabic sequences) and 1.5 Hz (FIR filter, 324 

bandwidth of [1, 2 Hz], in bisyllabic sequences only). The resulting cross-correlograms thus 325 

indicate how the amplitude of high-frequency oscillations consistently tracks the dynamics of 326 

3 Hz and 1.5 Hz speech envelopes over trials. For each individual, we tested if the cross-327 

correlograms significantly differed between the percept conditions, using spectro-temporal 328 

cluster permutation statistics (Maris and Oostenveld, 2007). A one-way F-test was first 329 

computed at each time and frequency sample. Samples were selected if the p-value associated 330 

to the F-test was below 0.05 and were clustered based on spectro-temporal adjacency. The 331 

sum of the F-values within a cluster was used as the cluster-level statistics. The reference 332 

distribution for cluster level statistics was computed by performing 1000 permutations of the 333 

data between the two conditions. Clusters were considered significant if the probability of 334 

observing a cluster test statistic of that size in the reference distribution was below 0.05. The 335 
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significant clusters indicated, on a per individual basis, in which frequency bands the 336 

difference between maintained percepts was most pronounced.  337 

The resulting differences between brain responses to successfully maintained percepts could 338 

either originate from a difference in the strength of the speech-brain coupling as a function of 339 

the perceived speech, or from a difference in the latency of the cross-correlation (which could 340 

be interpreted as temporal shifts in neural-speech tracking). To test these two hypotheses, we 341 

measured both the maximal value and the latency of the cross-correlation for each frequency 342 

band of each significant cluster, comprising beta [12 Hz -30 Hz], gamma [40 Hz - 80 Hz] and 343 

high- gamma [90 Hz – 130 Hz] frequency ranges. The latency was estimated by computing 344 

the phase of the 3 Hz component of the cross-correlation at the onset of the plosive.  345 

 346 

3. RESULTS 347 

 348 

3.1. Volitional maintenance of conscious speech percepts 349 

 350 

During MEG recording, participants listened twice to the same ambiguous speech sequence 351 

and were asked to maintain one or the other possible speech percepts. Participants 352 

continuously reported their percept by keeping one of three possible response buttons pressed: 353 

one button was used for each of the two expected perceptual outcomes, and a third when they 354 

heard a different percept. Overall, participants reported that the task was easy to perform and 355 

that they could easily hear the speaker pronouncing either one of the two word sequences. 356 

Consistent with their introspection on the task, participants successfully maintained the 357 

required speech percept in all conditions: the percept to be maintained was heard significantly 358 
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more than the alternative percepts (F[2,28] = 17.6, p<0.001) (Fig. 1C). Although post-hoc 359 

analysis showed that the percept “pse” was significantly harder to maintain as compared to 360 

other percepts (64% maintenance, against 84% to 96% in the other conditions), it remained 361 

significantly dominant compared to the alternative percept “sep” (33 %) in this condition. 362 

These results confirmed that with this task, the perception of the repeated word in the 363 

sequence could be manipulated while keeping the acoustic signal constant. Volitional control 364 

also limited the biases observed during spontaneous bistable perception in which participants 365 

typically report hearing mainly one word repeated in the sequence and not the two bistable 366 

percepts in balance (see Sato et al. 2007; Basirat et al., 2012). 367 

 368 

     3.2. Low-frequency phase response is not indicative of perceived word segmentation 369 

boundary 370 

 371 

Changes in the phase of the 3 Hz oscillatory component as a function of perceived word 372 

during monosyllabic sequences  373 

The syllabic rate of all speech sequences was set to 3 Hz in order to keep within the natural 374 

range of syllabicity described across all languages (Greenberg et al., 2003; Poeppel, 2003). 375 

Bistable speech percepts were thus effectively repeated at 3 Hz in monosyllabic sequences 376 

(“lampe” and “sep”) but at 1.5 Hz in bisyllabic sequences (“képi” and “pata”). As predicted, 377 

auditory cortices showed a strong phase locking at the syllabic rate - i.e. 3 Hz - in all 378 

conditions and over temporal sensors bilaterally (Fig. 2A).  379 

We compared the neural responses between trials in which participants successfully 380 

maintained the target percepts: for instance, the trials of the percept condition “lampe” 381 
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correspond to the trials in which participants were instructed to maintain the target “lampe”, 382 

and reported having heard “lampe”; the “plan” trials correspond to the trials for which 383 

participants were instructed to maintain “plan”, and reported having heard “plan”. If the 384 

entrainment of LFO by speech rhythms implements acoustic parsing, no changes in LFO 385 

should be seen, as the acoustic signal was identical for both percept conditions. Alternatively, 386 

if linguistic parsing modulates LFO, substantial temporal shifts in the LFO should be 387 

observed. Here, the LFO would realign at different time points of the acoustic signal 388 

depending on participant speech report. Each duty cycle of the LFO would define landmarks 389 

that are relevant for linguistic parsing (e.g. word’s onset and offset), and the extent of the 390 

parsing window (or the duty cycle of the LFO) should contain sufficient acoustic information 391 

to result in the syllabic or word representation (Fig. 1B). The temporal shift in tracking could 392 

be measured as a phase shift of the entrained oscillation, meaning that a certain speech 393 

acoustic feature should occur at a different phase of the LFO depending on the perceived 394 

word. We first tested this hypothesis by computing the 3 Hz Phase-Locking Value (PLV) and 395 

preferential phases of brain responses elicited by the presentation of the monosyllabic 396 

sequences (“sep” and “lampe”).  PLVs and preferential phases were computed at the onset of 397 

the plosive burst ([p]) for all possible perceptual outcomes in order to directly assess whether 398 

a given acoustic landmark was associated with the same phase characteristics of LFO 399 

irrespective of perception. First, the PLVs did not significantly differ between the left and 400 

right hemispheres (F[1,14] < 1) or between the perceptual outcomes within each sequence 401 

(main effect of percept F[1,14] = 2.6, p = 0.13, interaction between percept and sequence type 402 

F[3,56] < 1), Table 1), suggesting that the strength of low-frequency neural entrainment was 403 

comparable irrespective of participants’ perceptual report. 3Hz PLVs were nevertheless of 404 

different strengths for each sequence (main effect of sequence F[3,56] = 9.5, p < 0.001, Table 405 

1). The monosyllabic sequences elicited a stronger PLV than bisyllabic sequences (Table 1, 406 
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post- hoc Tukey-Kramer test: “képi” vs. “pata’’, p = 0.3; “képi” vs. ”lampe”, p < 0.001;  407 

“képi” vs. “sep”, p < 0.001; “pata” vs. “lampe”, p < 0.001, “pata”vs. “sep” p = 0.005; 408 

“lampe”vs. “sep”, p = 0.04).  409 

 410 

TABLE 1 ABOUT HERE 411 

 412 

Second, in line with a possible top-down modulation of LFO, the preferential phase response 413 

varied as a function of the perceived utterance within the same sequence: perceiving the word 414 

“lampe” was associated with a phase-advance of -8° (95 % C.I. = [-15.5°, -0.3°]) as compared 415 

to “plan” (Fig. 2B). Similarly, a phase advance of -9° (95 % C.I. = [-17.7°, -1.5°]) in the 3 Hz 416 

oscillatory response distinguished the perceived syllable “sep” from “pse”. No other changes 417 

in the phase or in the evoked responses at 3Hz were observed between the different percepts 418 

of the bisyllabic sequences (Fig. 2B-C). Hence, in both monosyllabic sequences, the 419 

perceptual outcomes were associated with phase shifts of the 3 Hz response (Fig. 2B). While 420 

these phase shifts were consistent across monosyllabic conditions, the confidence intervals of 421 

the differences were nevertheless close to zero and included zero when using Bonferroni 422 

correction for multiple comparisons. To ensure that these results were not specific to the 423 

temporal reference or the acoustic landmark used in the computations of the phase responses, 424 

the same analysis was carried out when locked 50 ms and 100 ms before or after plosive onset 425 

and we replicated the main observations.  426 

These results suggest that, if neural tracking of speech is subject to top-down modulations, 427 

then the effect may be weak. Phase-shifts of 8 or 9° translate into temporal shifts of ~9 or 10 428 

ms, respectively, suggesting that the neural response to the plosive [p] when perceiving the 429 

word “plan” was delayed by 9 to 10 ms as compared to when participants perceived “lampe”. 430 

Notably, the latency shifts observed in the monosyllabic sequences conditions were smaller 431 
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than would have been expected on the basis of LFO as parsers, considering that the temporal 432 

distance between the percepts’ onset and offset features was of higher magnitude. In the 433 

“lampe” sequences, the plosive and the onset of the consonant [l] were separated by 80 ms, 434 

and the silent gap prior to the plosive was 90 ms. For the “sep” sequences, the plosive and the 435 

onset of the consonant [s] were 50 ms apart with a silent gap of 70 ms. Thus, the minimal 436 

temporal shift of the parsing window necessary to distinguish the two monosyllabic percepts 437 

should have been 50 to 80 ms corresponding to phase shifts in neural entrainment of at least 438 

55 to 85°. As the reported phase shifts were much smaller (8 to 9°), our results for 439 

monosyllabic sequences suggest that the duty cycles of the entrained LFO are insufficient to 440 

account for linguistic parsing. 441 

 442 

FIGURE 2 ABOUT HERE 443 

 444 

Phase characteristics of the 1.5 Hz oscillatory response as a function of the perceived word 445 

during bisyllabic sequences  446 

In addition to the 3 Hz auditory peak response, significant peak responses were found in the 447 

power spectral density (PSD) of the MEG brain responses (Fig. 3A). Specifically, what 448 

appeared as the sub-harmonic and harmonic components of the acoustic signals were 449 

observed in the PSD consistent with the repetition rates of the mono- and bisyllabic words, 450 

namely at 1.5, 3, 4.5, and 6 Hz. The canonical alpha rhythm (8-12 Hz) was also readily seen. 451 

The contribution of each observed frequency differed according to the sequence. In fact, we 452 

observed that the power of the 1.5 Hz oscillatory response was significantly enhanced when 453 

listening to bisyllabic speech utterances as compared to monosyllabic ones (Fig. 3A-B). An 454 

analysis of variance revealed a significant main effect of frequency peak response (F[4,56] = 455 

29.9, p < 0.001) and of the sequence F[3,42] =3.4, p = 0.027), as well as a significant 456 

interaction between frequency peak response and sequence (F[12,168] = 11.4, p < 0.001). 457 
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Tukey-Kramer post-hoc analysis showed a significant difference in the power of the 1.5 Hz 458 

response between bisyllabic and monosyllabic sequences (“képi” vs. “pata’’, p = 0.9; “képi” 459 

vs. ”lampe”, p < 0.001;  “képi” vs. “sep”, p < 0.001; “pata” vs. “lampe”, p < 0.001, “pata”vs. 460 

“sep” p = 0.002; “lampe”vs. “sep”, p = 1) suggesting that 1.5 Hz dynamics were more 461 

prominent for bi- than monosyllabic processing. The 1.5 Hz power was not indicative of the 462 

perceived word within a sequence (F[1,14]<1; Fig. 3B), and did not show significant 463 

differences across hemispheres (F[1,14]<1). The results were qualitatively similar after 464 

correction for 1/f noise distribution as in (Nozaradan et al., 2011; Kösem et al., 2014). 465 

 466 

FIGURE 3 ABOUT HERE 467 

 468 

There are two possible origins for the observation that bisyllabic words induce significant 1.5 469 

Hz auditory responses (Fig. 3 A-B). First, the 1.5 Hz response could be elicited by a sub-470 

harmonic component already present in the speech signals, considering that bisyllabic 471 

sequences consist of the repetition of acoustic patterns at 1.5 Hz. The 1.5 Hz observed in the 472 

PSD of MEG activity could thus reflect a passive bottom-up frequency tagging of the auditory 473 

response. Second, the 1.5 Hz response could also be under the influence of top-down 474 

mechanisms. The two hypotheses cannot be fully disentangled in our study given that 1.5 Hz 475 

peaks were observable in the PSDs of the envelope of the bisyllabic speech sequences (Fig. 476 

4). Nevertheless, previous reports have shown that delta oscillations are not purely stimulus-477 

driven and may also be involved in the encoding of abstract linguistic structures (Buiatti et al., 478 

2009; Ding et al., 2016).  479 

 480 

FIGURE 4 ABOUT HERE 481 

 482 
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Similar to the 3 Hz oscillatory component in the monosyllabic sequences, the perceptual 483 

changes in the “képi” and “pata” sequences were expected to be accompanied by modulations 484 

of the 1.5 Hz oscillatory phase. No significant changes of the 1.5 Hz PLV were observed 485 

when contrasting the two perceptual outcomes of the same bisyllabic sequences (main effect 486 

of percept F[1,14] <1, interaction between percept and sequence F[1,14] =2.6, p = 0.12, Table 487 

2). Non-significant phase shifts were observed between the two perceptual outcomes (Fig. 488 

3C). As previously mentioned, if the phase of 1.5 Hz LFO marked bisyllabic boundaries for 489 

acoustic or linguistic parsing, patterns of out-of-phase shifts would have been observed as 490 

syllables composing the word were 333 ms apart (Fig. 1B) but this is not what we observed. 491 

 492 

TABLE 2 ABOUT HERE 493 

 494 

Overall, our results do not provide strong evidence that the neural tracking of speech by LFO 495 

is subject to top-down modulations. First, perceptual changes in the monosyllabic word 496 

sequences could be associated with phase shifts in speech tracking at the syllabic rate (3Hz) , 497 

but  they were too small to account for a shift of the linguistic parsing window. Second, the 498 

sub-harmonic of the syllabic rate (1.5 Hz) was also observed in the auditory response when 499 

participants listened to sequences of bisyllabic words, but it is not entirely clear whether it 500 

only originates from bottom-up processing or whether top-down modulations intervene. 501 

Hence, these findings do not show direct evidence that LFO are indicative of segmentation 502 

boundaries that are directly relevant for conscious speech perception. Additional mechanisms 503 

likely come into play to account for the restructuring of information that would be consistent 504 

with the speech percept.  505 

 506 
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      3.3. Changes in the latency of HFA reflect conscious speech percepts on a per 507 

individual basis 508 

  509 

Under the linguistic parsing hypothesis and the speech models being tested (Ding et al. 2014; 510 

Giraud & Poeppel 2012; Hyafil et al. 2015), HFA is coupled to low-frequency dynamics, and 511 

its periodical inhibition by LFO may mark segmentation boundaries. In the context of such 512 

cross-frequency-coupling, we hypothesized that HFA may display latency shifts of the same 513 

magnitude as the phase shifts observed in LFO entrainment. In order to reliably quantify 514 

speech tracking of the HFA, we computed the cross-correlation between the phase of the 515 

speech envelope filtered at 3 Hz and the amplitude of the neural oscillations of frequencies 516 

spanning 6 Hz to 140 Hz. Speech-neural response cross-correlograms have previously been 517 

used (Gross et al., 2013; Fontolan et al., 2014) to estimate the frequency bands in the neural 518 

signals that preferentially track the dynamics of speech, as well as to compute the latency 519 

between speech and the amplitude of neural oscillations. Here, we specifically targeted the 520 

dynamics of the 3 Hz speech envelopes to capture the amplitude modulations that followed 521 

the syllabic rate. The resulting signal was an oscillation at 3 Hz whose phase corresponded to 522 

the latency between the speech sequence and the neural response. The latency of the cross-523 

correlation was expected to be consistent within percept but different across percepts.  524 

We contrasted the cross-correlograms between the two percepts of a given sequence for each 525 

participant and performed between-trials spectro-temporal cluster analysis of the contrast, 526 

Significant changes in the cross-correlograms were found depending on the individual’s 527 

perceptual outcome for mono- and bisyllabic sequences. All participants presented significant 528 

differences between the monosyllabic percept conditions in both hemispheres, and relatively 529 

few participants had significant changes for bisyllabic sequences.  For illustration, we report 530 
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the outcome of this analysis for two participants (Fig. 5) contrasting perceiving “lampe” with 531 

perceiving “plan”. For participant p04, changes in percept were associated with differences in 532 

speech-brain cross-correlation that were more prominent in the gamma and high gamma 533 

ranges (Fig. 5A) and for participant p05, differences in speech-brain cross-correlations were 534 

strongest for distinct gamma and high gamma bands, and for lower frequency responses (Fig. 535 

5A). Crucially, the significant changes in cross-correlation were related to strong latency 536 

differences as reflected by the phase shifts of the 3Hz cross-correlograms between perceiving 537 

“plan” and “lampe” (Fig. 5B-C). Hence, the latency (quantified as the phase of the modulated 538 

HFA) shifted according to the speech envelope, and these shifts were associated with changes 539 

in conscious percepts (Fig. 5C). Additionally, while strong phase oppositions in the latency of 540 

HFA systematically distinguished an individual’s conscious percept, the sign of this 541 

opposition varied across participants. For instance, the latency of the cross-correlation in the 542 

high-gamma range associated with the percept “plan” differed between participant p04 and 543 

participant p05 (Fig. 5C). 544 

 545 

FIGURE 5 ABOUT HERE 546 

 547 

For each individual, we observed changes in the speech-brain cross-correlations in several 548 

frequency bands, but the latencies of the speech-brain correlations for a given condition were 549 

variable across participants (Figure 5C). As a consequence, the grand average analysis of the 550 

difference in cross-correlograms between conditions did not capture the effects we observed 551 

at the participant level. After statistical analysis of the contrast between the two percepts of a 552 

given sequence at the individual level, we assessed the proportion of participants with 553 

significant changes in cross-correlation per frequency band. This allowed us to obtain a 554 

descriptive profile of which frequencies accounted most for the differences between percepts 555 

across all individuals and conditions  (Figure 6A). Significant differences were concentrated 556 
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across participants in the beta band (12-30 Hz, 12 out of 15 participants presented significant 557 

clusters within this range for both monosyllabic sequences), in the gamma band (40-80 Hz, 12 558 

participants presented significant clusters for the “lampe” sequences, and 13 in for the “sep” 559 

sequences) and the high gamma band (90-130 Hz, 14 participants with significant cluster in 560 

“lampe” sequences, and 11 in “sep” sequences) (Fig. 6A).  561 

 562 

FIGURE 6 ABOUT HERE 563 

 564 

The observed significant differences in cross-correlation could either originate from a change 565 

in the strength of speech-brain correlation, or from a change in latency between speech-brain 566 

correlated dynamics. To test these two alternative accounts, we restricted the analyses to an 567 

individual’s clusters in classical frequency ranges in the beta (12-30 Hz), gamma (40-80 Hz), 568 

and high-gamma (90–130 Hz) frequency bands (Lopes da Silva, 2013). The analyses showed 569 

significant latency differences between percepts that were consistent across participants (Fig. 570 

6B-C). In contrast, no significant changes in the maximum value of the cross-correlation were 571 

observed between percept conditions (Fig. 7). This suggests that the tracking of the speech 572 

envelope by HFA was operated at distinct latencies between percept conditions, while the 573 

amount of coupling between the speech envelope and HFA dynamics remained constant. 574 

 As discussed earlier, the distance between consonants is of 80 ms for “lampe”, 50 ms for 575 

“sep”. The silence duration prior to the plosive is of 90 ms for “lampe”, 70 ms for “sep”. 576 

Thus, the switch from the percept “lampe” to the percept “plan” could be performed via a 577 

shift in the linguistic parsing window of 80 ms minimum and up to 170 ms (184 degrees). The 578 

switch from the percept “sep” to the percept “pse” could occur through a temporal shift of the 579 

linguistic parsing window up to 120 ms (130 degrees). These estimated shifts fall within the 580 

confidence intervals of the HFA phase data, suggesting that the reported phase shifts are 581 
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consistent with shifts in linguistic parsing windows. In bisyllabic sequences, the significant 582 

clusters of the cross-correlograms contrasts were sparser (Fig. 6A) and inconsistent across 583 

participants.  584 

 585 

FIGURE 7 ABOUT HERE 586 

 587 

Overall, while perception only weakly modulated the phase of entrained oscillations, it 588 

strongly impacted the dynamics of beta, gamma and high gamma amplitude. Additional 589 

analyses were performed to assess the tracking of 1.5 Hz speech dynamics by HFA (this time 590 

by filtering the speech signal at 1.5 Hz) during bisyllabic parsing. Sparse significant changes 591 

were observed at the individual level (Fig. 6). Hence, high-frequency dynamics could predict 592 

the perceived word within one monosyllabic word sequence, but overall did not inform about 593 

the perceived word in bisyllabic word sequences. 594 

 595 

3.4. LFO and HFA effects are not driven by volitional control  596 

 597 

So far, we have reported effects under volitional control: participants were asked to hear and 598 

maintain a specific percept during the presentation of the ambiguous sequences. Several of the 599 

effects that we interpret as the result of linguistic parsing may have also been influenced by 600 

the volitional control imposed by the task.  To control for this, we analyzed the data from the 601 

familiarization task, in which participants listened to the same sequences and spontaneously 602 

reported what they heard, without trying to influence their percept in any way. The sequences 603 

and the reporting instructions were identical to the volitional task: participants depressed a 604 

button corresponding to their current percept (three possibilities: “percept 1”, “percept 2”, or 605 
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“other”). As in prior findings, participants did not report hearing the two percepts in equal 606 

proportions but rather mostly reported hearing the initial veridical word repeated in the 607 

sequence (Sato et al. 2007; Basirat et al. 2012). Nevertheless, and with many cautionary steps, 608 

we performed a comparable analysis as for the volitional data. Data of participants that had 609 

too strong a perceptual bias (i.e. one of the percepts were reported less than 20% of the time) 610 

were rejected. Hence, 12 participants were included in the “képi”/ “piquer” analyses, 8 611 

participants in the “pata”/ “tapa” analyses, and 8 participants in the “plan”/ “lampe” analyses. 612 

Only 3 participants could be included for the “pse”/”sep” analyses and we thus only report 613 

this condition for illustration purposes.  614 

As previously, we analyzed the 3 Hz and 1.5 Hz phase shifts between percept conditions. We 615 

also performed the cross-correlograms for the “plan”/“lampe” sequences in the spontaneous 616 

conditions, which we illustrate below. As can be seen, we obtain similar results as with the 617 

volitional task as reported in Fig. 2, 3, and 5. First, small 3 Hz phase shifts were observed for 618 

the contrast “plan” – “lampe” (Fig. 8A). The phase shift was of the same amplitude and 619 

direction than in the volitional task. This replication could then be interpreted in favor of a 620 

consistent (but weak) top-down modulation 3 Hz oscillatory activity. Second, no significant 621 

1.5 Hz phase shifts were observed for bisyllabic sequences (Fig. 8B). Third, significant 622 

changes in 3Hz-modulated HFA activity were observed between “plan” and “lampe” 623 

conditions for participants who were included in the analysis (p04 and p05, Fig. 8C). Though 624 

the results should be interpreted with caution due to the small number of participants, our 625 

results suggest that the main effects of LFO and HFA reported in the volitional task are 626 

comparable with those seen in the spontaneous task. Hence, this control suggests that the 627 

observed effects reflect genuine linguistic parsing processes, and cannot be easily confounded 628 

by participants’ cognitive strategy. 629 

 630 
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FIGURE 8 ABOUT HERE 631 

 632 

4. DISCUSSION  633 

 634 

Our results show an endogenous control of high-frequency activity (HFA) when listening to 635 

speech in the context of ambiguous acoustic information. Latency changes of HFA were 636 

indicative of the perceived segmented word in the speech streams.  We also identified small 637 

changes in the phase of entrained low-frequency oscillatory (LFO) responses. Our findings 638 

help to shed light on the postulated roles of neuronal oscillations in speech processing 639 

(Poeppel et al. 2008; Poeppel 2003; Ghitza 2011; Giraud & Poeppel 2012; Ding & Simon 640 

2014) and show potential dissociable roles of HFA and LFO in the parsing of acoustic 641 

information into discrete linguistic content.  642 

 643 

4.1. Top-down control of LFO and HFA during speech processing 644 

 645 

Both mono- and bisyllabic speech sequences elicited a significant LFO response akin to 646 

typical frequency-tagging or low-frequency neural entrainment (Rees et al., 1986; Hari, 1989; 647 

Thut et al., 2011). Under the assumption of a passive entrainment of brain responses, LFO 648 

would be expected to remain phase-locked or stationary with respect to the temporal structure 649 

of entraining stimuli. Our results suggest that LFO may, to some extent, be not solely driven 650 

by the acoustics of the speech signals but are also subject to endogenous control. Specifically, 651 

the 3 Hz phase response in monosyllabic speech sequences differed between the two percepts. 652 
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The phase shifts were weak but consistent in direction and strength across the volitional and 653 

spontaneous tasks. Consistent with this, recent findings have shown that the phase of LFO 654 

entrainment in auditory cortices can be modulated when timing is relevant to the task (Kösem 655 

et al., 2014; Ten Oever and Sack, 2015) and can be under top-down control (Lakatos et al., 656 

2008; Parkkonen et al., 2008; Stefanics et al., 2010; Gomez-Ramirez et al., 2011; Cravo et al., 657 

2013; Baldauf and Desimone, 2014; Park et al., 2015). Furthermore, our results and others 658 

(Ten Oever and Sack, 2015) suggest that the phase of LFO correlates with perceptual speech 659 

reports. The observed right hemispheric bias in our data could be linked to empirical 660 

observations that the right hemisphere is more sensitive to slow speech fluctuations than the 661 

left hemisphere (Poeppel, 2003; Boemio et al., 2005; Giraud et al., 2007), though the 662 

lateralization of the phase effects has not been explicitly tested and is beyond the scope of this 663 

study.  During bisyllabic sequences, an additional 1.5 Hz neural response was found. 664 

Although we cannot exclude the possibility that 1.5 Hz responses mainly reflect the acoustic 665 

tracking of the speech signals, the presence of this oscillatory response is in line with previous 666 

studies suggesting that delta power can be subject to top-down control during sound 667 

processing (Nozaradan et al., 2011) and speech analysis (Buiatti et al., 2009; Ding et al., 668 

2016; Park et al., 2015) and does not solely reflect the temporal structure of the acoustic 669 

signals.  670 

Whereas the evidence for top-down modulation for LFO was rather weak, the temporal 671 

alignment between the speech signals and the amplitude of HFA displayed systematic 672 

latencies or phase shifts as a function of the perceived word. This observation was predicted 673 

by speech models (Giraud & Poeppel 2012; Hyafil et al. 2015) as discussed in the 674 

introductory section (cf. also Figure 1B). These effects were systematic within individuals, 675 

concentrated in the beta, gamma and high-gamma frequency bands. Gamma oscillations are 676 

markers of neural excitability (Lakatos et al., 2005) and HFA has more generally been shown 677 
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to track the dynamics of speech (Gross et al. 2013; Hyafil et al. 2015; Kubanek et al. 2013; 678 

Mesgarani & Chang 2012; Millman et al. 2013; Nourski et al. 2009; Pasley et al. 2012; 679 

Zion Golumbic et al. 2013). More specifically, the gamma band has been hypothesized to 680 

encode speech information at the phonemic level (Poeppel, 2003; Poeppel et al., 2008). We 681 

thus expected gamma activity to be largely indicative of the perceived word during bistable 682 

speech perception. To the best of our knowledge, the implication of the beta band in speech 683 

tracking has not yet been empirically reported although beta activity has been theoretically 684 

posited for chunking dyads, i.e. speech units of 50 ms duration representing the transition 685 

between pairs of phones (Ghitza, 2011). In addition, beta and gamma neural responses are 686 

known dissociable markers of top-down and bottom-up communication (Arnal et al., 2011; 687 

Arnal and Giraud, 2012; Bastos et al., 2014, 2015; Fontolan et al., 2014). Gamma responses 688 

are typically reported as feedforward signals whereas beta activity has typically been 689 

associated with feedback signaling. In our experiment, the fluctuations of beta (resp. gamma) 690 

amplitude could potentially reflect the temporal alternation of feedback (resp. feedforward) 691 

information transfer as shown in a recent report (Fontolan et al., 2014). In their study, 692 

Fontolan and colleagues (2014) used natural speech stimuli and showed that the transition 693 

between bottom-up information transfer via gamma activity and top-down communication via 694 

beta channels occurred at 1-3 Hz during listening. Their observation was consistent with the 695 

idea that speech information propagates along the processing hierarchy and back by units of 696 

syllabic/word length. In this scenario, speech tracking by HFA may not only increase the 697 

sensitivity to incoming acoustic information, but also reflect the linguistic parsing at the 698 

syllabic scale.  699 

 700 

4.2. Brain oscillatory mechanisms of linguistic parsing  701 

 702 
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Speech models suggest that LFO chunk the encoding of speech (indexed by HFA) into 703 

discrete informational units. Here, we tested whether these segmented units would directly 704 

inform on the perceived word segmentation of speech signals, i.e. whether LFO and HFA 705 

reflect linguistic parsing mechanisms. Specifically, the neural speech code parsed by the LFO 706 

should contain all acoustic features information necessary for the perceived word. Thus in our 707 

experiment, the changes in percept during the bistable sequences should have been associated 708 

with temporal shifts of LFO and HFA of tens of milliseconds to capture the acoustic 709 

information of the distinct words. The tracking of speech by HFA showed latency shifts of ~ 710 

80-150 ms, which is compatible with changes of linguistic parsing. In contrast, the observed 711 

modulations of LFO were insufficient to fully support a direct role of LFO in linguistic 712 

parsing. In monosyllabic sequences, the magnitude of the 3 Hz phase shifts was small and 713 

inconsistent with the expected extent of the phase delay that would have been expected if the 714 

acoustic speech signals were parsed on the basis of the oscillatory LFO duty cycle (Fig. 1B). 715 

Neither the changes in power nor the phase shifts of the 1.5Hz neural responses could 716 

distinguish between conscious percepts in the bisyllabic conditions.  717 

If the present LFO modulations cannot be explained by shifts in the parsing windows for 718 

speech segmentation, they could alternatively reflect an attentional modulation of acoustic 719 

processing, i.e. an enhanced neural excitability to particular acoustic features as has 720 

previously been reported for various kinds of sound stimuli (Schroeder & Lakatos 2009a; 721 

Lakatos et al. 2008; Gomez-Ramirez et al. 2011; Besle et al. 2011; Stefanics et al. 2010; 722 

Cravo et al. 2013; Zion-Golumbic et al., 2013 ; Rimmele et al. 2015). One possibility is that 723 

the observed top-down effects reflect the processing of non-lexical speech information 724 

relevant for speech segmentation. In particular, the neural tracking of acoustic rhythms in the 725 

1-3 Hz range could be dedicated to the encoding of prosodic temporal fluctuations (Poeppel, 726 

2003), known to give reliable cues for speech parsing (Greenberg et al., 2003; Ding and 727 
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Simon, 2013a). Alternatively or in addition to prosodic cues, delta-theta oscillations could 728 

reflect the processing of coarticulation (i.e. the overlap in the frequency spectrum of adjacent 729 

phonemes) that also provides relevant cues for word segmentation. In our design, 730 

monosyllabic sequences were composed of the word “lampe” and pseudo-word “sep”: both 731 

streams contained coarticulatory cues that are compatible with one of the two interpretations 732 

i.e. a consonant vowel onset (“lampe” or “sep”) but not with the other interpretation in terms 733 

of a consonant cluster at the onset (“pse” or “plan”). The 3 Hz phase effects could then reflect 734 

the suppression of the irrelevant phonetic cues that would not be compatible with the 735 

perceived word. This would be consistent with recent findings showing that LFO encode 736 

phonemic information (Di Liberto et al., 2015), and that theta (3-5 Hz) oscillations are 737 

involved in phonemic restoration (Riecke et al., 2009, 2012; Sunami et al., 2013; Strauß et al., 738 

2014).   739 

The reported top-down effects on oscillatory activity were mostly observed in the 740 

monosyllabic word sequences. The involvement of LFO and HFA in the encoding of 741 

coarticulation could provide a first explanation for the absence of endogenous phase effects in 742 

the bisyllabic conditions, as syllabic items were pronounced independently and no 743 

coarticulation cues were favoring one or the other interpretation of these sequences. Our 744 

results could also highlight the importance of syllabic analyses (Greenberg et al., 2003; 745 

Poeppel, 2003), and support the hypotheses that the brain specifically computes syllabic-like 746 

speech primitives for perception (Poeppel et al., 2008). Additional mechanisms might be 747 

required for the building up of bigger temporal speech units, e.g. when two syllabic units have 748 

to be concatenated or segregated to form a word. Frontal delta activity (Ding et al., 2016; Park 749 

et al., 2015) and fronto-parietal alpha (Shahin and Pitt, 2012; Kayser et al., 2015) mechanisms 750 

may have an important role in multi-syllabic word and phrase chunking. Periodical 751 

enhancement of alpha power may in particular mark the inhibition of auditory cortex activity 752 
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at perceived word boundaries (Shahin and Pitt, 2012), and during speech silent gaps (Kayser 753 

et al., 2015).  754 

 755 

4.3. Origins of the difference between HFA and LFO effects 756 

 757 

While the tracking of speech features by HFA was strongly influenced by perception, LFO 758 

speech tracking only showed small modulations. It could be argued that the dissociation 759 

between HFA and LFO behavior is mainly due to the coarse spatial resolution of MEG 760 

analysis, and that our findings reflect the combined activity of distinct brain regions that serve 761 

dissociable mechanisms. Distinct networks may reflect acoustic processing and linguistic 762 

parsing: the neural tracking of fine-grained acoustic features would be restricted to primary 763 

auditory cortices (Kubanek et al., 2013) whereas that of phonemic or lexical information 764 

would take place in higher order regions (e.g. Superior Temporal Sulcus and Broca’s areas) 765 

specific to speech processing (Boemio et al., 2005; Kubanek et al., 2013; Zion Golumbic et 766 

al., 2013; Liem et al., 2014; Overath et al., 2015) or attentional selection (Besle et al., 2011; 767 

Zion Golumbic et al., 2013). In other words, MEG data reported here may at once capture 768 

stimulus-tracking mechanisms in auditory cortices and cortical oscillators for speech parsing 769 

in higher order auditory areas (Overath et al., 2015). Interestingly, a recent report suggests 770 

that the top-down influences of HFA and LFO in linguistic processing are observed in 771 

different areas (Ding et al., 2016). Top-down language-specific processing may mainly affect 772 

HFO in Superior Temporal Gyri, and LFO in a more distributed network throughout frontal 773 

and temporal lobes. Here, we selected activity from temporal sensors to focus our analysis on 774 

auditory cortices’ response to speech, we may thus have primarily captured activity from 775 

regions having stronger top-down HFA effects. 776 



33 
 

Alternatively, our results suggest that during speech listening, low-frequency neural tracking 777 

may be weakly modulated by top-down word segmentation processing (Howard and Poeppel, 778 

2010; Obleser et al., 2012; Peña and Melloni, 2012; Millman et al., 2015). The small phase 779 

differences observed in LFO contrast with the large phase reversals of low-frequency 780 

entrainment reported during attentional selection (Lakatos et al., 2008; Besle et al., 2011; 781 

Gomez-Ramirez et al., 2011) and cocktail party effects (Zion Golumbic et al., 2013). These 782 

differences may be accounted for by fundamental differences in stimuli and task. In previous 783 

experiments, two distinct rhythmic inputs were competing for attentional selection, and the 784 

phase of slow oscillations reflected the dynamics of the selected sensory input (Lakatos et al., 785 

2008; Besle et al., 2011; Gomez-Ramirez et al., 2011). The modulations of neural dynamics 786 

by attention were based on existing external temporal information and changes in oscillatory 787 

phase may thus result from the amplification of the evoked responses to stimuli of distinct 788 

temporal profiles. Hence, the slow dynamics may have primarily reflected the gain of relevant 789 

sensory information as opposed to fundamentally providing endogenous temporal parsing 790 

mechanisms. Here however, only one acoustic stream of information was provided to 791 

participants and the contribution of gain mechanisms may be much smaller since no 792 

competing sensory inputs were physically provided to participants.  793 

Second, and perhaps more controversial, the power fluctuations of HFA question the 794 

hypothesis of a fixed phase-amplitude coupling between slow and fast brain oscillations 795 

(Canolty et al., 2006; Schroeder and Lakatos, 2009a, 2009b; Canolty and Knight, 2010). A 796 

fixed phase-amplitude coupling would predict similar temporal shifts according to the 797 

conscious percept in both slow and fast oscillatory speech tracking. However, we found that 798 

speech tracking in beta-gamma amplitude predicted perception whereas speech tracking in 799 

delta-theta phase only weakly changed as a function of the perceived speech percept. This 800 

suggests that the position of maximal beta-gamma amplitude is variable with respect to the 801 
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low-frequency phase but systematic with respect to a participant’s percept. As such, the 802 

relative phase of coupling could constitute a valuable code to partition neural activity for 803 

sensory processing (Hyafil et al. 2015; Jensen et al. 2012; Jensen et al. 2014; Lisman & 804 

Jensen 2013; Nadasdy 2010; Panzeri et al. 2010). Consistent with this, the phase of firing 805 

according to low-frequency oscillations has been shown to be a reliable decoder of sensory 806 

content (Montemurro et al., 2008; Kayser et al., 2009, 2012; Panzeri et al., 2010; Ng et al., 807 

2013), and the relative phase of slow neural oscillations can predict perceptual features and 808 

attentional state (Bonnefond and Jensen, 2012; Agarwal et al., 2014; Kösem et al., 2014; van 809 

Ede et al., 2015). Low-frequency neural oscillations could thus provide temporal metrics for 810 

sensory processing, and the entrainment of neural oscillations to external rhythms could 811 

support the extraction of timing information without a priori knowledge of external timing 812 

(Scharnowski et al., 2013; Kösem et al., 2014). We conjecture that this mechanism applies for 813 

speech processing as well: the position of high-frequency neural oscillations in the cycle of 814 

the entrained neural oscillation may be a crucial cue for delineating temporal windows for 815 

syllabic segmentation. 816 
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FIGURE CAPTIONS 1071 

 1072 

Figure 1: Bistable speech segmentation, design (A), hypothesis (B), and behavioral 1073 

reports (C). (A) Participants were asked to maintain a given percept a long as possible while 1074 

listening to a bistable speech sequence. Four sequences of interest were presented: repetition 1075 

of the word “lampe” ([lãp]), repetition of “sep” ([səp]), repetition of “képi” ([kepi]), and 1076 

repetition of “pata” ([pata]). The sequences were bistable and could also be perceived as 1077 

repetitions of the word “plan” ([plã]), “pse” ([psə]), “piquer” ([pike]), and “tapa” ([tapa]) 1078 

respectively. Participants listened twice to each sequence, and were asked to maintain either 1079 

one or the other of the possible bistable speech percepts (e.g. “maintain “plan” or maintain 1080 

“lampe”). Subjects reported online their current percept by keeping a button pressed. Three 1081 

buttons were given: two buttons for the bistable percepts (e.g. “plan” and “lampe”), one 1082 

button “other” if they perceived another utterance. (B) If LFO reflect linguistic parsing 1083 

mechanisms, we predicted that changes in the latency of speech tracking by LFO would 1084 

define the boundaries of speech segmentation. In this example, for a given acoustic signal, the 1085 

latency (indexed by the phase) of the low-frequency neural response was predicted to vary 1086 

depending on whether participants perceive “plan” or “lampe”. As the phase of low-frequency 1087 

neural oscillations may modulate the excitability of high-frequency activity, changes in the 1088 

latency of HFA were expected so that lowest HFA would be aligned with the word 1089 

boundaries. (C) On average, for any given speech sequence, participants succeeded in 1090 

maintaining the instructed percept. Bars represent the proportion of responses when 1091 

participants were asked to maintain the perception of one word during one sequence 1092 

presentation (black) or the other word in another sequence presentation (gray).  Errors bars 1093 

denote s.e.m. 1094 
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 1095 

Figure 2: Characteristics of the 3 Hz neural response to speech. (A) Scalp topography of 1096 

the 3 Hz auditory evoked response. Black dots illustrate the position of the selected 1097 

gradiometers over the left (L) and right (R) hemispheres. (B) Phase differences of the 3 Hz 1098 

response contrasting perceived speech utterances. Polar plots report the 3 Hz phase difference 1099 

between the two perceptual outcomes (top panels in left hemispheric sensors; bottom panels 1100 

in the right hemispheric sensors). Each grey bar is an individual’s phase difference between 1101 

the two perceptual outcomes in a given condition. The black bar corresponds to the mean 1102 

average phase difference across all participants. Red arcs are 95 % confidence intervals. (C) 1103 

Grand average auditory evoked response fields. ERFs in top panels correspond to left sensors, 1104 

middle panels correspond to right sensors; bottom panels provide the speech waveforms for 1105 

each sequence. No significant changes in the ERF were observed between percepts. Shaded 1106 

areas denote s.e.m. 1107 

 1108 

Figure 3: Modulations of low-frequency neural entrainment and characteristics of 1109 

(sub)harmonic peak responses. (A) Power Spectral Density (PSD). The red and blue traces 1110 

correspond to the PSD of brain activity in response to the presentation of the speech 1111 

sequences “képi”, “pata”, “lampe”, and “sep” sequences. Color codes for the percept that was 1112 

maintained. Grey areas highlight the frequencies of interest in the spectra, e.g. 1.5 Hz, 3 Hz, 1113 

4.5 Hz, 6 Hz, and alpha (8-12 Hz). (B) Increased 1.5 Hz power for bisyllabic speech 1114 

sequences. 1.5 Hz power was significantly higher when participants listened to bisyllabic 1115 

sequences as compared to monosyllabic sequences. The power did not significantly vary 1116 

between the two bisyllabic sequences, or between the two monosyllabic sequences. Errors 1117 

bars denote s.e.m. (C) No significant 1.5 Hz phase differences of the LFO when contrasting 1118 
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perceived speech utterances. Each grey bar is an individual’s 1.5 Hz phase difference 1119 

observed when contrasting the two alternative percepts of a sequence. The black bar 1120 

corresponds to the average phase shift across all participants. Red arcs correspond to 95 % 1121 

confidence intervals.  1122 

 1123 

Figure 4: Frequency power spectra of the envelopes of the acoustic stimuli. The 1.5 Hz 1124 

sub-harmonic in the bisyllabic stimuli sequences could readily be seen in contrast to the 1125 

monosyllabic stimuli. The 1.5 Hz component was also stronger in “képi” sequence compared 1126 

to “pata” sequence. 1127 

 1128 

Figure 5: High-frequency activity predicted an individual’s conscious word percept. (A) 1129 

Cross-correlations between the speech envelope and brain activity during the “lampe” 1130 

sequences for two participants. Cross-correlations significantly changed over time according 1131 

to the perceived word. Left panels provide the outcome of the cross-correlograms for each 1132 

percept; the right panels provide the difference between the two percepts. Significant 1133 

differences are reflected by any patch not colored green. (B) Time series of individual speech-1134 

HFA cross-correlations within significant clusters. The peak of the cross-correlations 1135 

systematically occurred at distinct latencies as a function of the individual’s perceived word 1136 

in spite of the observed variability across participants with respect to the frequency-specificity 1137 

of the HFA, and the latency of the maximal correlation. (C) Phase distributions depicting the 1138 

peak latency of the speech-neural response cross-correlations. Bars denote the mean 1139 

preferential phase for each percept condition. Strong differences in phase (i.e. in cross-1140 

correlations latencies) where observed between the percept conditions despite inter-individual 1141 

variability of absolute phase (i.e. peak latency). 1142 
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 1143 

Figure 6: HFA latency patterns during monosyllabic word sequences. (A) Number of 1144 

participants with significant changes between percepts in 3 Hz speech component-neural 1145 

response cross-correlation (magenta lines) and 1.5 Hz speech component -neural response 1146 

cross-correlation (cyan lines) for each frequency band. Data is reported in both left (filled 1147 

line) and right (dashed line) temporal sensors for each sequence. We observed significant 1148 

changes in the cross-correlograms for a majority of participants in the monosyllabic word 1149 

sequences for frequency bands in the beta (12-30 Hz), gamma (40-80 Hz) and high gamma 1150 

(90-130 Hz) ranges. (B) and (C): Phase shifts in speech envelope tracking between each 1151 

percept condition in the beta (12-30 Hz), gamma (40-80 Hz) and high gamma (90-130 Hz) 1152 

range for “lampe” sequences (B) and “sep” sequences (C). Each grey line corresponds to the 1153 

phase difference between one perceptual outcome and the other for one subject. The dashed 1154 

lines refer to participants for whom significant clusters were not found within the target 1155 

frequency range. The black line corresponds to the average phase across subjects who showed 1156 

significant difference between the percept conditions; red arcs correspond to 95 % confidence 1157 

intervals. We show here that the reported differences in cross-correlation were related to 1158 

strong shifts in the phase of neural-speech tracking. 1159 

 1160 

Figure 7: Mean maximum value of cross-correlation across participants in beta, gamma 1161 

and high gamma bands. The maximum value of cross correlation did not significantly 1162 

change between “lampe” and “sep” sequences (F[1,14]<1), between hemispheres (F[1,14]<1) 1163 

and between target frequencies (F[2,28]<1). Crucially, the maximal value of cross-1164 

correlations did not differ between percept conditions (F[1,14]<1). 1165 

 1166 
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Figure 8: LFO and HFA effects when participants spontaneously report their perception 1167 

of the speech sequences. (A) Phase differences of the 3 Hz response contrasting the 1168 

perceived speech utterances. Polar plots report the 3 Hz phase difference between the two 1169 

perceptual outcomes (top panels in the left hemispheric sensors; bottom panels in the right 1170 

hemispheric sensors). Each grey bar is an individual’s phase difference between the two 1171 

perceptual outcomes in a given condition. The black bar corresponds to the mean average 1172 

phase difference across all participants. Red arcs are 95 % confidence intervals. As during the 1173 

volitional task, we observed significant phase shifts of -8 degrees for the contrast “plan”-1174 

“lampe”. The contrast “pse”-”sep” was not clearly interpretable in the spontaneous task due to 1175 

a high rejection rate of participants’ data (B) Phase differences of the 1.5 Hz response 1176 

contrasting perceived words in the bisyllabic sequences. As in the volitional task, the 1.5 Hz 1177 

pahse did not significantly differ between percept conditions. (C) Cross-correlations between 1178 

the speech envelope and brain activity during the “lampe” sequences for two participants in 1179 

the spontaneous task. Each plot shows the difference in cross-correlation between “plan” and 1180 

“lampe” percept conditions. Significant differences are any patch differing from green 1181 

 1182 
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 1189 
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TABLES 1191 

 1192 

percept PLVL percept PLVL  

lampe 0.62 plan  0.65 

sep 0.56 pse 0.60 

képi 0.48 piquer 0.48 

tapa 0.50 pata 0.54 

 PLVR  PLVR 

lampe 0.61 plan 0.62 

sep 0.60 pse 0.56 

képi 0.49 piquer 0.48 

tapa 0.48 pata 0.55 

 1193 

Table 1: Phase Locking Values (PLVs) at 3 Hz observed in the left and the right 1194 

temporal sensors as a function of perceived speech for each speech sequence. PLVs did 1195 

not significantly change between percept conditions (no main effect of percept F[1,14] = 1196 

2.6, p = 0.13, interaction between percept and sequence type F<1). 1197 

 1198 

 1199 

 1200 

 1201 

 1202 
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percept PLVL percept PLV L 

képi 0.30 piquer 0.25 

tapa 0.22 pata 0.19 

 PLVR  PLVR 

képi 0.27 piquer 0.22 

tapa 0.19 pata 0.19 

 1203 

Table 2: Phase Locking Values (PLVs) at 1.5 Hz observed in the left and the right 1204 

temporal sensors as a function of the perceived speech in bisyllabic speech sequences. No 1205 

significant changes of the 1.5 Hz PLV were observed when contrasting the two perceptual 1206 

outcomes of the same bisyllabic sequences (main effect of percept F[1,14] <1, interaction 1207 

between percept and sequence F[1,14] =2.6, p = 0.12). 1208 

 1209 
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