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Abstract  11 

Predictive coding is an influential model emphasizing interactions between feedforward and 12 

feedback signals. Here, we investigated its temporal dynamics. Two gray disks with different 13 

versions of the same stimulus, one enabling predictive feedback (a 3D-shape) and one 14 

impeding it (random-lines), were simultaneously presented on the left and right of fixation. 15 

Human subjects judged the luminance of the two disks while EEG was recorded. 16 

Independently of the spatial response (left/right), we found that the choice of 3D-shape or 17 

random-lines as the brighter disk (our measure of post-stimulus predictive coding efficiency 18 

on each trial) fluctuated along with the pre-stimulus phase of two spontaneous oscillations: a 19 

~5Hz oscillation in contralateral frontal electrodes and a ~16Hz oscillation in contralateral 20 

occipital electrodes. This pattern of results demonstrates that predictive coding is a rhythmic 21 

process, and suggests that it could take advantage of faster oscillations in low-level areas and 22 

slower oscillations in high-level areas. 23 

Keywords: Predictive coding, Oscillations, Shape perception, Luminance judgement. 24 
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 Introduction 25 

The outside world provides us only the light, but our visual system is capable of extracting 26 

the basic features in low-level areas and understanding them as meaningful concepts in high-27 

level areas. Predictive coding theory suggests that the brain employs an efficient coding 28 

strategy to achieve this by generating predictions in higher-level areas and comparing them 29 

with the incoming sensory signals in the lower-level areas (Friston, 2005; Rao and Ballard, 30 

1999). Previous neuroimaging evidence revealed the existence of such two-way 31 

communication (Alink et al., 2010; Egner et al., 2010; Harrison et al., 2007; Murray et al., 32 

2002; Summerfield et al., 2008). However, the underlying mechanisms in this dynamical 33 

process, especially in the temporal domain, remain unknown. 34 

It has been proposed that the feed-forward and feedback in predictive coding take advantage 35 

of oscillations for information processing (Bastos et al., 2015; Fontolan et al., 2014). On the 36 

one hand, recent neurophysiological evidence on laminar-specific oscillations and the 37 

functional roles of different layers suggested a faster oscillation for the feed-forward pathway 38 

and a slower oscillation for the feedback pathway (Bastos et al., 2012; Buffalo et al., 2011; 39 

Fontolan et al., 2014; Maier et al., 2010; van Kerkoerle et al., 2014). On the other hand, 40 

recent studies showed a link between behavioral performance and cortical oscillations in 41 

perception (Busch and VanRullen, 2010; Dugué et al., 2011) and reaction time (Drewes and 42 

VanRullen, 2011; Song et al., 2014). Since neural oscillations can reflect the cyclic 43 

fluctuations of excitability in a network, investigation of the relationship between trial-to-trial 44 

variability and the phase of ongoing oscillations could link specific oscillations to cognitive 45 

functions (e.g. attention).  46 

Here, we used this approach to investigate the specific influence of ongoing oscillations on 47 

predictive coding, by measuring its effect on perception for different pre-stimulus oscillatory 48 
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phases. In a typical predictive coding experiment, two conditions must be created: one with 49 

strong prediction signals, one without. Since the predictions are sent via feedback signals to 50 

lower areas, they will affect the lower-level activity and thus presumably also affect 51 

perception. Here, we chose one of the first paradigms in predictive coding to generate 52 

different amounts of predictive feedback (Murray et al., 2002): shape perception. 53 

Specifically, 3D-shape outlines and random-lines versions of the same stimuli, similar to the 54 

stimuli used in a previous influential study (Murray et al., 2002), were used in this 55 

experiment. It has been shown that 3D-shape outlines can be easily recognized and thus 56 

produce more predictive feedback than the random-lines versions (Murray et al., 2002). To 57 

measure the effect of different amounts of predictive feedback, we asked the subjects to judge 58 

the luminance (report the side of the brighter disk) of two gray disks simultaneously 59 

displayed on the left and right of fixation on a black background, one containing the 3D-60 

shape outlines and the other containing the random-lines version. The luminance of the disks 61 

was adjusted to achieve about 50% choice rate for 3D-shape/random-lines disk (this was 62 

achieved by slightly increasing the luminance of the random-lines disk, as demonstrated in 63 

one of our previous studies (Han and VanRullen, 2016, 2014)). We recorded EEG signals and 64 

analyzed the relationship between pre-stimulus oscillation phase and the post-stimulus 65 

judgment. If predictive feedback mechanisms during the post-stimulus stage involved one or 66 

more periodic processes, then the oscillatory state of the system just before stimulus onset (as 67 

reflected in pre-stimulus oscillatory phase) should have an influence on the outcome of 68 

predictive feedback, and thus on the perceptual judgment. We found that, independent from 69 

the spatial choice (left/right side), the phase of 5Hz contralateral frontal and 16Hz 70 

contralateral occipital pre-stimulus oscillations modulated the subject’s choice of a brighter 71 

3D-shape disk (more effective predictive feedback) or a brighter random-lines disk (less 72 

effective predictive feedback). Since higher hierarchical level areas are assumed to send 73 
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predictive feedback and lower hierarchical level areas to send prediction error, our results 74 

imply that in the post-stimulus stage the brain sends predictive feedback periodically at a 75 

preferred phase of a theta frequency oscillation in the frontal region, and sends prediction 76 

errors periodically at a preferred phase of a beta frequency oscillation in the occipital region. 77 
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Materials and Methods 78 

Subjects  79 

Fifteen volunteers participated in the experiment. One participant was excluded from the 80 

analysis due to the poor behavioral performance in catch trials (<60% trials were correctly 81 

reported, with a chance level of 50%, see below). Fourteen participants remained in the 82 

sample (8 female, mean age 28.01 ± 4.81 years, four left-handed, four with left eye 83 

dominance). All subjects had normal or corrected to normal vision. The study was approved 84 

by the local ethics committee “Sud-Ouest et Outre-Mer I” and followed the Code of Ethics of 85 

the World Medical Association (Declaration of Helsinki). All subjects provided signed 86 

informed consent before starting the experiments. 87 

 88 

Apparatus 89 

Stimuli were presented at 57 cm distance using a desktop computer (2.09 GHz Intel processor, 90 

Windows XP) with a cathode ray monitor (resolution: 800×600 pixels; refresh rate: 140 Hz, 91 

Gamma corrected luminance function). Stimuli were designed and presented via the 92 

Psychophysics Toolbox (Brainard, 1997) running in MATLAB (MathWorks). 93 

 94 

Stimuli and tasks 95 

Stimuli consisted of a central white fixation point (diameter: 0.2 degrees of visual angle) and 96 

two circular gray disks (diameter: 4 degrees each) presented randomly to the left and right of 97 

fixation (3 degrees eccentricity). One 3D-shape stimulus was in the center of one disk (3D-98 

shape disk) and one random-lines version of the same stimulus in the other (random-lines 99 

disk). The 3D-shape and random-lines stimulus pair was randomly chosen from twenty pairs 100 

of stimuli generated beforehand using a method similar to Murray et al. (2002): 3D-shapes 101 
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were generated by randomly selecting 4–6 vertices, connecting the vertices and adding small 102 

extensions to render perceived depth; random-lines stimuli were created by breaking the 3D-103 

shape at its intersections and randomly shifting the lines within the display (Murray et al., 104 

2002). The diameter of both 3D-shape and random-lines stimuli was 3 degrees. The stimulus 105 

outlines were black.  106 

Before stimulus onset, there was a blank screen with only the fixation point that lasted from 107 

1000 to 1500ms (random uniform distribution). Then the two disks and the fixation point 108 

appeared for 150ms. After that, a question mark appeared in the center of the screen. There 109 

were two kinds of randomly mixed experimental trials: the main experimental trials and the 110 

catch trials. In main experimental trials, the luminance of the disks was adjusted (i.e. the 111 

random-line disks were set 1.45% brighter than the 3D-shape disks) based on a previous 112 

study (Han and VanRullen, 2016, 2014) to obtain an average 50% selection rate of 3D-113 

shape/random-lines disks. In catch trials, one of the disks had its luminance value changed up 114 

or down by 20% compared to the luminance used in the main experimental trials, while the 115 

other disk kept the same luminance as in the main experimental trials. Subjects were 116 

presented with 4 or 8 blocks of 200 trials with 85% main experimental trials and 15% catch 117 

trials (the first 6 of the 14 subjects performed only 4 blocks of the present experiment, 118 

together with 4 blocks of another experiment that was eventually canceled and whose data 119 

were not analyzed). Subjects were instructed to fixate the fixation point all the time, judge the 120 

luminance of the disks and respond using the arrow keys (left arrow to indicate that left disk 121 

is brighter, right arrow for right disk brighter) on a standard 105 key keyboard when the 122 

question mark appeared. There was no feedback after the response. 123 

 124 

 125 
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EEG data acquisition and analysis 126 

EEG was recorded at 1024 Hz using a Biosemi system (64 active electrodes). Horizontal and 127 

vertical electro-oculograms (EOG) were recorded by three additional electrodes around the 128 

subjects’ eyes. For data pre-processing, the EEG and EOG data were downsampled offline to 129 

256 Hz, re-referenced to average reference and epoched around the stimulus onset in each 130 

trial for data analysis via the MATLAB (MathWorks) and EEGLAB toolbox (Delorme and 131 

Makeig, 2004). Individual electrode data were visually inspected, and channel data 132 

containing artifacts were interpolated by the mean of adjacent electrodes (three subjects had 133 

one electrode containing artifacts, one subject had two; the positions of the interpolated 134 

electrodes were different across subjects).  135 

As the post-stimulus spatial choice was lateralized on each trial to the left or right side, the 136 

pre-stimulus oscillatory correlates of the post-stimulus luminance judgment may not only 137 

reflect the oscillation’s influence on shape perception and predictive coding, but also its 138 

influence on spatial choice (i.e., pre-stimulus oscillations may bias the left/right spatial choice 139 

independently of the 3D-shape/random-lines content inside of the disk). To avoid any 140 

contribution from the spatial choice, we first divided the trials for each subject into two trial 141 

datasets based on the post-stimulus spatial choice, and performed the time-frequency analysis 142 

(described below) within each dataset. We reasoned that this analysis would lead to shape 143 

perception correlates not on a given fixed set of electrodes, but rather on different electrode 144 

groups depending on the side of choice (i.e., electrodes “contralateral” or “ipsilateral” to the 145 

spatial choice). Therefore, we arbitrarily chose to permute the electrode locations for the 146 

dataset corresponding to a right-side choice: we replaced the left-hemisphere electrodes by 147 

the symmetric ones from the right and vice versa (midline electrodes were unaffected). With 148 

this new electrode assignment, left-hemisphere electrodes would thus always correspond to 149 

those ipsilateral to the spatial choice, and right-hemisphere electrodes to contralateral ones. 150 
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For the time-frequency analysis, time-frequency transformations were first generated over all 151 

channels using EEGLAB with a function akin to a wavelet transform, starting with 3 cycles at 152 

2Hz and increasing to 5 cycles at 50 Hz in the multiple-cycle analysis, and with 1 cycle from 153 

2Hz to 50 Hz in the one-cycle analysis. This yields a complex representation of the amplitude, 154 

A, and the phase, φ, for trial j at time t and frequency f: 155 

tf���, �� � 	���, ��
�����,�� 

The phase of this representation can be extracted by normalizing the complex vector to the 156 

unit length: 157 

Φ���, �� � tf���, ���tf���, ��� 
Inter-trial phase coherence (ITPC) measures the phase consistency across trials. We 158 

calculated the ITPC using the method described previously (Lachaux et al., 1999): 159 

�����, �� � 1� ��Φ���, ��	

�
�

� 
where N is the number of trials in one group of trials. 160 

Here, we wanted to evaluate the relation between the pre-stimulus oscillatory phase and the 161 

influence of shape perception on luminance judgment (our measure of the efficiency of 162 

predictive coding). Would a particular pre-stimulus phase occur more frequently for trials 163 

with post-stimulus 3D-shape disk choice, and the opposite phase for trials with post-stimulus 164 

random-lines disk choice? In the pre-stimulus period, because intertrial intervals are 165 

randomized and unpredictable, the phase of the spontaneous EEG signal at a given pre-166 

stimulus time should follow a uniform distribution over all trials. However, if there is a 167 

systematic relation between EEG phase and behavioral outcome, higher-than-chance inter-168 
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trial phase coherence should be observed in each of the trial subgroups (If EEG phases of two 169 

subgroups corresponding to different behavioral outcomes tend to oppose each other, the 170 

phases of one subgroup will concentrate around one phase angle and the phases of the other 171 

subgroup will concentrate around the other phase angle. Thus, high ITPC values will be 172 

observed for both subgroups. Vice versa, if EEG phases of two subgroups do not oppose each 173 

other, the phases of the two subgroups will distribute uniformly across different phase angles. 174 

Thus, low ITPC values will be observed. Therefore, the ITPC values are reliable indicators of 175 

phase opposition.). In that case, the product or the sum of the two subgroup inter-trial phase 176 

coherence could summarize, in a single variable, the strength of the phase-behavior relation 177 

(Busch et al., 2009; VanRullen et al., 2011). Here we thus introduce a new measure of the 178 

phase-behavior relation: Phase Opposition Product (POP). This measure is calculated using 179 

the product of the inter-trial phase coherence of different trial subgroups: 180 

��� � ���� � ��� 

The measure of POP will be maximal when two subgroups show strong inter-trial phase 181 

coherence, in other words, strong phase opposition between two subgroups. To accurately 182 

assess the significance of the phase-behavior relation without any assumption about the 183 

probability distribution of the POP values, we performed a nonparametric permutation test: 184 

We first computed the POP values for each point in the time-frequency plane from -650 to 185 

150ms, from 2 to 50 Hz for each electrode, dataset, and subject and then averaged across all 186 

datasets and all subjects. Surrogate POP values were obtained by randomly assigning the 187 

trials to one or the other condition for each subject (keeping the number of trials in each 188 

condition constant) and recalculating the grand-average POP values. We computed the P 189 

value by simply counting the number of surrogate POP values that were more extreme than 190 

the observed value. Here, we used 80,000,000 surrogates and thus assigned the P value of 191 

1.25 × 10-8 to the points without any more extreme POP values in the surrogates. The P 192 
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values were corrected for multiple comparisons over time points, frequencies and electrodes 193 

using the FDR method (FDR α=0.05, corresponding to a P value threshold of 9.53×10-6). To 194 

show the overall POP in the time-frequency domain, we computed a z-score by combining 195 

the observed POPs across all datasets, subjects, and electrodes and comparing the value with 196 

the mean and SD of a null-hypothesis distribution with 10,000 surrogate POP values 197 

(generated using the procedure described before, and also combined across  all electrodes, 198 

subjects, and datasets). 199 
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Results 200 

Human observers judged the luminance of two disks that were presented for 150ms on the 201 

left and right of a central fixation point. The disks contained different versions of the same 202 

stimulus, one with a 3D-shape enabling predictive feedback, and the other with a random-203 

lines version of the same shape which impeded predictive feedback (Figure 1). Before the 204 

stimulus onset there was a random period of time (1000-1500ms) with only the fixation point 205 

on the screen. After the stimulus offset a question mark appeared at the center and the 206 

subjects were instructed to report the side with the brighter disk. In the main experimental 207 

trials, the luminance of the disks was adjusted, such that observers reported the 3D-shape disk 208 

as brighter in half of the trials. 15% of trials were catch trials: extreme luminance values were 209 

assigned to one disk to monitor the subject’s ability to judge the luminance difference. 210 

  211 
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 212 

Figure 1. Illustration of the experimental paradigm. In each run of trials, a blank screen with 213 

only a central fixation point was presented for 1000 to 1500ms randomly. Then, two circular 214 

gray disks, one with a 3D-shape stimulus in the center and the other with random-lines, were 215 

presented randomly on either side (left or right) of the fixation point for 150ms. Subsequently, 216 

a question mark appeared in the center of the screen. Subjects were instructed to fixate the 217 

fixation point all the time, and report the side of the brighter disk with the corresponding 218 

arrow key after the question mark appeared. In the main experimental trials, luminance 219 

values of the disks were adjusted to obtain a 50% selection probability of 3D-shape/random-220 

lines disk. In addition, there were 15% catch trials intermixed with the main experimental 221 

trials to monitor the subjects’ ability to judge the luminance difference throughout the 222 

experiment. In these catch trials, one disk was 20% brighter/darker than in the main 223 

experimental trials. 224 

 225 

  226 
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Behavioral Results. On average, subjects judged the 3D-shape disk as brighter in half of the 227 

trials (49.24% ± 1.57%, mean ± standard error of the mean, SEM) in the main experimental 228 

condition, as expected. The luminance judgment correct rate in the catch trials (subjects 229 

judged the disk with higher luminance value as brighter or judged the disk with lower 230 

luminance value as darker) was high (93.98% ± 1.83%, mean ± SEM), indicating that 231 

subjects were adequately engaged in the luminance judgment task. 232 

Electrophysiological Results. We focused on the relationship between pre-stimulus 233 

oscillatory phase and the trial-by-trial variations in the efficiency of post-stimulus predictive 234 

coding. EEG was recorded during the experiment. We expected the relation between 235 

oscillatory phase and behavior to be most visible in the pre-stimulus time window, where 236 

phase information reflects spontaneous fluctuations in neuronal excitability (Bishop, 1932; 237 

Busch et al., 2009; Buzsáki and Draguhn, 2004; Fries et al., 2007; Jensen et al., 2012). In 238 

contrast, post-stimulus phase information is driven to a large extent by stimulus-locked 239 

activity (e.g. evoked potentials) and is thus further removed from spontaneous activity. We 240 

used classical stimuli (Murray et al., 2002) for inducing different amounts of predictive 241 

feedback on the left and right of the screen: 3D-shape and random-lines versions of the same 242 

stimuli (Figure 1; the 3D-shape version enabling predictive feedback, the random-lines 243 

simultaneously impeding it). To measure the effective amount of post-stimulus predictive 244 

feedback on each trial, we probed the perceived luminance of the disks under the stimuli. We 245 

have previously demonstrated that the net effect of predictive feedback on these stimuli is a 246 

relative increase of perceived luminance for the disk containing the 3D-shape (Han and 247 

VanRullen, 2016, 2014). Here, this net effect was compensated on each trial by slightly 248 

lowering the luminance of that disk so that the average likelihood of perceiving either disk 249 

brighter was about 50% (see Methods); therefore, residual fluctuations of luminance 250 

perception on every trial can be thought to arise from trial-by-trial fluctuations in the 251 
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efficiency of post-stimulus predictive coding (the 3D-shape disk may still be perceived 252 

brighter on trials where predictive coding was more efficient than average, and darker on 253 

trials where it was less efficient than average). Of course, spatial bias and/or trial-by-trial 254 

fluctuations in the direction of spatial attention may well also contribute to the choice of 255 

which disk appears brighter on a given trial. Thus, for each subject we divided all trials into 256 

two datasets based on their spatial choice (left-side choice vs. right-side choice), and we only 257 

investigated the relation between pre-stimulus EEG phase and 3D-shape/random-lines choice 258 

within each dataset. As the correlates of choosing the prediction-consistent stimulus (3D-259 

shape) were expected to be strongest on electrodes contralateral to that stimulus, which would 260 

map onto opposite hemispheres for the two datasets, before plotting any scalp topographies 261 

we permuted the electrode positions (symmetrically across the midline axis) of all right-side 262 

choice trials. This procedure resulted in a mapping of ipsilateral effects to the spatial choice 263 

onto left electrodes, and contralateral effects onto right electrodes.  264 

We estimated the relation between EEG phase and predictive coding via the phase opposition 265 

product (POP, see Methods). This measure should be maximal when 3D-shape choice trials 266 

(prediction-consistent) and random-lines choice trials (prediction-inconsistent) tend to have 267 

opposite phase values. For each subject, dataset, electrode, time point and oscillatory 268 

frequency, we obtained surrogate POP values (80,000,000 surrogates) by randomly permuting 269 

the trial outcomes, keeping the number of trials constant. Both real and surrogate POP values 270 

were averaged across datasets and subjects. The significance was determined as the 271 

proportion of surrogate POP values that were more extreme than the observed value. P-values 272 

were corrected for multiple comparisons across time points, frequencies and electrodes 273 

(100×30×64) using the FDR method (FDR α=0.05, corresponding to a P value threshold of 274 

9.53 × 10-6). To show the overall POP in the time-frequency domain, a z-score was computed 275 

by comparing the real POP values (combined across all subjects, datasets, and electrodes) to 276 
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the mean and standard deviation of a null-hypothesis distribution with 10,000 surrogate POP 277 

values (generated using the same procedure described before, and also combined across all 278 

subjects, datasets, and electrodes). This analysis revealed a significant phase-behavior 279 

relation between the post-stimulus 3D-shape/random-lines choice and two pre-stimulus 280 

oscillations (Figure 2. A): one theta-frequency oscillation (~3.1 Hz to 7.6 Hz) in the time 281 

window from -545 ms to -268 ms, and one beta-frequency oscillation (~13.2 Hz to 25.7 Hz) 282 

in the time window from -107 ms to -25 ms. Green outlines mark the significant time-283 

frequency regions (at least one significant electrode) after FDR correction. 284 

Scalp topographies of the z-score show that the two oscillatory effects involve distinct 285 

electrode groups and presumably distinct brain regions (Figure 2. B and C): the theta-286 

frequency effect is maximal over frontal regions and the beta-frequency effect over occipital 287 

regions. In both cases, these effects are contralateral to the side that subjects chose as 288 

“brighter” (i.e., the right side of the topographies, due to our electrode permutation 289 

procedure). Electrodes with at least one significant time-frequency point (after FDR 290 

correction) inside the corresponding time-frequency window are highlighted in green.  291 

  292 
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 293 

Figure 2. Pre-stimulus EEG phase predicts luminance judgment of 3D-shape disk vs. random-294 

lines disk. (A) The relation between pre-stimulus phase and luminance judgment (our 295 

measure of predictive coding) is assessed using POP values (phase opposition product; see 296 

details in Methods). The time-frequency map is the z-score of observed POP values 297 

(combined across all subjects, datasets and electrodes), each value compared with a null-298 

hypothesis distribution of 10,000 surrogate POP values (also combined across all subjects, 299 

datasets and electrodes) characterized by its mean and SD. Time 0 indicates stimulus onset. 300 

P-values were derived from a comparison of POP values against 80,000,000 surrogates, and 301 

corrected for multiple comparisons across all time points, frequencies and electrodes using 302 

the FDR method (FDR α = 0.05, corresponding to a P value threshold of 9.53 × 10-6) . The 303 

green outlines mark the significant time-frequency regions (at least one significant electrode) 304 

after FDR correction. A significant relation is apparent between the effect of shape perception 305 

on luminance judgments and the EEG phase of ~5 Hz and ~16 Hz pre-stimulus oscillations. 306 

(B) Scalp topography of (z-scored) POP values around 16 Hz (frequency range 13.2 to 25.7 307 

Hz; time range -107 to -25 ms). Electrodes highlighted in green have at least one significant 308 
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time-frequency point (after FDR correction) inside the corresponding red box. Due to our 309 

electrode-permutation procedure, in this topography the electrodes ipsilateral to the spatial 310 

choice are displayed on the left and those contralateral to the spatial choice are displayed on 311 

the right. Thus, the topography shows a contralateral occipital effect for the 16 Hz oscillation. 312 

(C) Same as B, but for the ~ 5 Hz oscillations (frequency range 3.1 to 7.6 Hz; time range -545 313 

to -268 ms). The topography shows a contralateral frontal effect for the 5 Hz oscillation.  314 
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To quantify the influence of pre-stimulus oscillations on post-stimulus choice, we binned 315 

single trials according to the phase at the optimal time-frequency point (for the theta 316 

oscillation: -397 ms, 5.4Hz; for the beta oscillation: -68 ms, 16.5 Hz). Single trials were thus 317 

sorted in 13 phase bins based on the average phase of the significant electrodes for each 318 

oscillation (four frontal electrodes for the theta oscillation, three occipital electrodes for the 319 

beta oscillation). For each phase bin we then computed the post-stimulus choice probability 320 

of the 3D-shape disk. These choice probabilities were normalized by dividing them by the 321 

overall 3D-shape choice probability across all phase bins. For each experimental dataset (left- 322 

vs. right-side choice), phase bins were rotated such that the phase at which 3D-shape disk 323 

choice probability was largest was aligned to a phase angle of zero. As a result of this 324 

alignment, the 3D-shape choice probability is necessarily maximal at a phase angle of zero; 325 

therefore, the zero-phase bin was discarded from further analyses. For both frequencies, the 326 

3D-shape disk choice probability monotonically decreased to a minimum at the opposite 327 

phase angle, confirming that pre-stimulus phase affected post-stimulus judgment (Figure 3). 328 

A one-way ANOVA showed that both pre-stimulus theta phase and pre-stimulus beta phase 329 

significantly modulated the 3D-shape disk choice probability (for theta oscillation, F(11, 27) = 330 

3.95, p = 2.23 × 10-5; for beta oscillation F(11, 27)=6.17, p=3.86 × 10-9). The magnitude of each 331 

effect was determined as the difference between the maximum and minimum 3D-shape disk 332 

choice probabilities across all phase bins. The frontal theta oscillation accounted for a 333 

difference of ~14% of the 3D-shape disk choice probability between phase bins, and the 334 

occipital beta oscillation accounted for a difference of ~19%.  335 
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 336 

Figure 3. Normalized choice probability of 3D-shape disks as a function of pre-stimulus 337 

phase. (A) Relationship between frontal pre-stimulus theta phase and choice of 3D-shape disk 338 

as the brighter disk. Single trials were binned into 13 bins, centered on the maximal phase bin 339 

for each subject (central bin was then discarded). The curve indicates that the oscillatory 340 

phase of frontal electrodes (4 significant electrodes shown in inset topography) at 5.4 Hz and 341 

-397 ms modulates the luminance judgment by ~14%. Error bars represent SEM across subjects. 342 

(B) Same as A, but for the occipital beta pre-stimulus phase. The oscillatory phase of 343 

occipital electrodes (3 significant electrodes shown in inset topography) at 16.5 Hz and -68 344 

ms modulates the luminance judgment by ~19%.  345 
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Because the time-frequency analysis relies on signal convolution with wavelet filters whose 346 

duration is non-negligible, one might wonder whether the observed pre-stimulus phase 347 

differences could actually be driven by stimulus-evoked activity. For example, at 16 Hz the 348 

above time-frequency analysis used a 250 ms time window (4 cycles, 125 ms from the past 349 

and 125 ms into the future); thus, significant phase effects observed at -67ms pre-stimulus 350 

may be contaminated by post-stimulus activity. To rule out such contamination, we repeated 351 

the POP time-frequency analysis with one-cycle wavelets at all frequencies, and compared 352 

the timing of pre-stimulus phase effects with the time-frequency region of possible post-353 

stimulus contamination, determined using the wavelet window length at each frequency 354 

(Figure 4). Both theta- and beta-frequency phase effects were replicated in this analysis, and 355 

were found to lie outside of the possible post-stimulus contamination zone.  356 

certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprint (which was notthis version posted June 29, 2016. ; https://doi.org/10.1101/061309doi: bioRxiv preprint 

https://doi.org/10.1101/061309


 357 

Figure 4. Significance of POP values in a one-cycle wavelet analysis. (A) P-value map of the 358 

POP values combined across previously identified frontal electrodes (green points in inset 359 

topography) for the theta-frequency phase effect. The P-values were calculated by comparing 360 

the observed POP values with 80,000,000 surrogates. The semi-transparent red area on the 361 

time-frequency map indicates the zone of possible contamination by post-stimulus activity 362 

(based on the wavelet window length at each frequency, centered on the time of stimulus 363 

onset, 0 ms). The previously observed theta-frequency phase effect lies outside of the 364 

contamination zone. (B) Same as A, but for the beta-frequency phase effect. The beta-365 

frequency phase effect also lies outside the contamination zone. Altogether, these findings 366 

indicate that pre-stimulus phase differences are not caused by post-stimulus evoked activity. 367 
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We also ascertained that phase effects were not caused by any eye movement artifacts that 368 

may have survived our artifact rejection procedure. For example, the observed pre-stimulus 369 

phase differences could be thought to reflect different patterns of eye blink or saccades for 370 

different perceptual outcomes. Therefore, we applied our POP time-frequency analysis to the 371 

horizontal and vertical EOG signals. P-value maps (obtained by comparison of POP values 372 

against 80,000,000 surrogates) did not reveal any signs of systematic eye movements in 373 

either the theta- or the beta-frequency bands (Figure 5), ruling out an explanation of our pre-374 

stimulus phase effects in terms of ocular artifacts. 375 

  376 
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 377 

Figure 5. Significance of the POP values of VEOG and HEOG signals. (A) P-value map of 378 

the POP values for the VEOG. The P-values were calculated using a similar procedure as in 379 

the main analysis: comparing the observed POP values with 80,000,000 surrogate POP values. 380 

(B) Same as A, but for the HEOG. There was no significant pre-stimulus time-frequency 381 

window with significant POP values in either VEOG or HEOG, indicating that the observed 382 

phase effects were not due to ocular artifacts.  383 

 384 

  385 
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Discussion 386 

We investigated the temporal dynamics of predictive coding by exploring the relation 387 

between pre-stimulus oscillatory phase and the presumed trial-by-trial variations in post-388 

stimulus predictive feedback. We used 3D-shape outlines and random-lines versions of the 389 

same stimuli (as in one of the seminal predictive coding studies (Murray et al., 2002)) to 390 

induce different amounts of predictive feedback (Figure 1), and measured the corresponding 391 

effects on luminance judgment as trial-by-trial markers of the efficiency of predictive coding. 392 

(Feedforward processing of the 3D shape induced predictive feedback which increased the 393 

perceived brightness of the 3D-shape disk. The more efficient this predictive coding, the 394 

larger the effect of predictive feedback, and the brighter the 3D-shape disk Should be 395 

perceived.). Using a similar analysis method as in well-established studies of the relationship 396 

between pre-stimulus phase and post-stimulus behavior (Busch et al., 2009; VanRullen et al., 397 

2011), we found that two pre-stimulus ongoing oscillations from different regions and 398 

frequencies could strongly influence the post-stimulus luminance judgment, and thus the 399 

post-stimulus predictive coding efficiency: a contralateral frontal theta oscillation and a 400 

contralateral occipital beta oscillation (Figure 2). The phase of the theta oscillation before 401 

stimulus onset could explain 14% of the luminance judgment difference while the phase of 402 

the beta oscillation could explain 19% (Figure 3). Control analyses ruled out contamination 403 

of the phase-behavior relationship by post-stimulus activity (Figure 4) or ocular artifacts 404 

(Figure 5). These results not only imply that predictive coding is a periodic process, but also 405 

reveal two periodicities with different sources. Since the occipital and frontal signals likely 406 

reflect activity from hierarchically lower and higher areas, respectively, and since predictive 407 

coding theory suggests that the brain sends back predictions from higher areas and sends 408 

prediction errors from lower areas, our results allow us to speculate on a possible temporal 409 

dynamic for predictive coding: predictions sent periodically at a theta frequency, prediction 410 
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errors sent periodically at a beta frequency. Of course, more direct connectivity studies would 411 

be needed in the future to confirm these postulated roles for occipital and frontal signals. 412 

The experimental paradigm used in this study takes advantage of the relationship between 413 

shape perception and predictive coding: 3D-shape outlines are assumed to generate more 414 

predictive feedback than the random-lines version of the same stimulus. Murray et al (2002) 415 

used similar stimuli to provide one of the first evidence of predictive coding: compared to the 416 

random-lines, 3D-shape outlines increased activity in the lateral occipital complex (LOC), 417 

but decreased it in primary visual cortex (V1), suggesting an increase of predictive feedback 418 

accompanied by a decrease in prediction errors (Clark, 2013; Murray et al., 2002). Here, we 419 

used the same paired stimuli as in the original study, placed them on two gray disks and asked 420 

subjects to judge the luminance of the disks. This luminance judgment, associated with 421 

perceived contrast, is likely to have a positive and monotonic relationship with neural activity 422 

in early visual cortex (Albrecht and Hamilton, 1982; Boynton et al., 1999; Dean, 1981; 423 

Goodyear and Menon, 1998). Thus, the variability in luminance judgment associated with the 424 

3D-shape vs. random-lines stimuli could reflect trial-by-trial changes in the effect of 425 

predictive feedback on neural activity in early visual cortex.  426 

Previous fMRI studies showed that shape perception could not only reduce (Murray et al., 427 

2002), but also up-regulate neural activity in V1 (Kok and de Lange, 2014). Our own 428 

previous study found that 3D-shape disks were generally perceived brighter than random-429 

lines disks, and that this effect could be attributed to predictive coding rather than attentional 430 

biases (Han and VanRullen, 2016, 2014). In the present study, we compensated for this net 431 

effect by adjusting the disks’ luminance to obtain a 50% selection probability of 3D-432 

shape/random-lines disks, and we focused on the remaining variability in luminance 433 

judgement as a trial-by-trial marker of the efficiency of predictive coding. On the other hand, 434 

systematic spatial biases (e.g. a general tendency to respond to the left or right stimulus) 435 
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and/or trial-by-trial fluctuations in the direction of spatial attention can also be expected to 436 

affect the luminance judgement (Carrasco et al., 2004). As a matter of fact, spatial attention 437 

itself appears to involve a periodic process (Busch et al., 2009; Busch and VanRullen, 2010; 438 

Fiebelkorn et al., 2013; Landau and Fries, 2012) which could potentially influence the 439 

luminance judgement. We carefully avoided these potential confounding factors by dividing 440 

the trials into two datasets based on the post-stimulus spatial response (left/right) and 441 

performing the analysis within each dataset. If spatial attention biases, for example, were the 442 

only cause of the perceived luminance changes, the left-response dataset would pool all trials 443 

with a left-side attention bias (and similarly for the right-response dataset), and within each 444 

dataset pre-stimulus oscillatory phases would not bear any relation to post-stimulus 445 

luminance judgments. The existence of significant phase-behavior relationships in our 446 

analysis can therefore be safely attributed to predictive coding mechanisms rather than spatial 447 

attention or other biases. 448 

Neurophysiological recordings have shown that feedforward and feedback may take 449 

advantage of oscillations in different frequencies. Laminar recordings showed that high-450 

frequency oscillations are prominently generated in superficial layers and low-frequency 451 

oscillations in deep layers (Buffalo et al., 2011; Maier et al., 2010; Roopun et al., 2006). 452 

Since superficial and deep layers correspond respectively to the main sources of feedback and 453 

forward projections (Barbas and Rempel-Clower, 1997; Douglas and Martin, 2004; Wang, 454 

2010), it follows that feedforward communication takes advantage of high-frequency 455 

oscillations and feedback takes advantage of low-frequency oscillations. A recent study with 456 

simultaneous recordings and micro-stimulation in different layers in V1 and V4 confirmed 457 

this notion (van Kerkoerle et al., 2014). Several authors have independently proposed that 458 

low-frequency oscillations send predictions via feedback, while high-frequency oscillations 459 

send prediction errors via feedforward (Arnal and Giraud, 2012; Bastos et al., 2012; Bauer et 460 
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al., 2014; Fontolan et al., 2014; Todorovic et al., 2011; Yordanova et al., 2012). Our results 461 

provide support for this hypothesis at the EEG and behavioral level. 462 

Our results also provide supportive evidence for the hypothesized functions of frontal theta-463 

band and occipital beta-band oscillations. Our conclusions are in line with the notion that 5-464 

10 Hz oscillations could contribute to “top-down” control (Jensen et al., 2012; VanRullen, 465 

2013), which has already been suggested based on attentional phase effects on perception 466 

(Busch et al., 2009; Busch and VanRullen, 2010), reaction time (Drewes and VanRullen, 2011; 467 

Huang et al., 2015; Song et al., 2014) and perceptual variability in TMS-induced effects 468 

(Dugué et al., 2015, 2011). We found the origin of such theta periodicity in contralateral 469 

frontal electrodes, compatible with the involvement of frontal areas in the top-down 470 

controlling process (Summerfield and de Lange, 2014; Summerfield and Egner, 2009; 471 

Summerfield et al., 2006) and with the involvement of 5-10 Hz oscillations in this region 472 

(Phillips et al., 2014). On the other hand, local field potential (LFP) recordings showed that, 473 

in mammalian visual cortex, beta frequency oscillations are also prominent during the 474 

deployment of top-down control (Bekisz and Wróbel, 2003; Bosman et al., 2012; Buschman 475 

and Miller, 2007; Grothe et al., 2012; Lopes da Silva et al., 1970). Our findings of beta 476 

frequency phase effects on predictive feedback in the occipital area are concordant with such 477 

LFP results and suggest a valuable role for the beta frequency oscillations in predictive 478 

coding. 479 

In summary, we measured the relation between pre-stimulus oscillations and a predictive 480 

feedback-induced effect to investigate the neural oscillations involved in predictive coding. 481 

We found that the pre-stimulus phases of frontal theta-frequency oscillations and occipital 482 

beta-frequency oscillations jointly determine post-stimulus subjective judgments. These 483 

results shed light on the temporal dynamics of predictive coding, and suggest a periodic 484 
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predictive coding process with faster oscillations in lower areas and slower oscillations in 485 

higher areas. 486 
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