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Abstract 27 

Perception is a process of inference, integrating sensory inputs with prior expectations. However, 28 

little is known regarding the temporal dynamics of this integration. It has been proposed that 29 

expectation plays a role early in the perceptual process, biasing sensory processing. Alternatively, 30 

others suggest that expectations are integrated only at later, post-perceptual decision-making 31 

stages. The current study aimed to dissociate between these hypotheses. We exposed human 32 

participants (male and female) to auditory cues predicting the likely direction of upcoming moving 33 

dot patterns, while recording neural activity using magnetoencephalography (MEG). Participants’ 34 

reports of the moving dot directions were biased towards the direction predicted by the cues. To 35 

investigate when expectations affected sensory representations, we used inverted encoding models 36 

to decode the direction represented in early sensory signals. Strikingly, the cues modulated the 37 

direction represented in the MEG signal as early as 150 ms after visual stimulus onset. While this 38 

may not reflect a modulation of the initial feedforward sweep, it does reveal a modulation of early 39 

sensory representations. Exploratory analyses showed that the neural modulation was related to 40 

perceptual expectation effects: participants with a stronger perceptual bias towards the predicted 41 

direction also revealed a stronger reflection of the predicted direction in the MEG signal. For 42 

participants with this perceptual bias, a correlation between decoded and perceived direction 43 

already emerged prior to visual stimulus onset, suggesting that the pre-stimulus state of the visual 44 

cortex influences sensory processing. Together, these results suggest that expectations play an 45 

integral role in the neural computations underlying perception. 46 

  47 
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Significance statement 48 

Perception can be thought of as an inferential process in which our brains integrate sensory inputs 49 

with prior expectations to make sense of the world. This study investigated whether this integration 50 

occurs early or late in the process of perception. We exposed human participants to auditory cues 51 

which predicted the likely direction of visual moving dots, while recording neural activity with 52 

millisecond resolution using magnetoencephalography (MEG). Participants’ perceptual reports of 53 

the direction of the moving dots were biased towards the predicted direction. Additionally, the 54 

predicted direction modulated the neural representation of the moving dots just 150 ms after they 55 

appeared. This suggests that prior expectations affected sensory processing at early stages, playing 56 

an integral role in the perceptual process. 57 

  58 
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Introduction  59 

Since Helmholtz (1867) described perception as a process of ‘unconscious inference’, it has become 60 

widespread to conceptualise perception as an integration of bottom-up sensory information with 61 

top-down prior expectations (Summerfield and De Lange, 2014; Kersten and Yuille, 2003; Friston, 62 

2005). However, the neural mechanisms and time-course of this integration remain controversial.  63 

On the one hand, influential theories of predictive processing, such as predictive coding (Rao and 64 

Ballard, 1999; Friston, 2005), posit that top-down predictions are integrated with bottom-up sensory 65 

information from the moment inputs arrive in the cortex, such that sensory representations are 66 

modulated by expectations at early sensory stages (Rao and Ballard, 1999; Friston, 2005; Lee and 67 

Mumford, 2003; Wyart et al., 2012; Keller and Mrsic-Flogel, 2018). In support of this hypothesis, 68 

many studies have shown that prior expectations can modulate processing at the earliest stages of 69 

the cortical hierarchy (Kok et al., 2012, Alink et al., 2010, Den Ouden et al., 2009), as well as early in 70 

time (starting around 100-150 ms post-stimulus; Todorovic et al., 2011, Alilović et al., 2019, 71 

Wacongne et al., 2011, Hsu et al., 2015, Jabar et al., 2017, Aru et al., 2016, or even as early as 75 ms; 72 

Keil et al., 2017), even prior to stimulus presentation (Kok et al., 2017; Sherman et al., 2016).  73 

Alternatively, it has been suggested that prior expectations leave early sensory processing 74 

untouched, and instead only modulate later decision-making processes (Rungratsameetaweemana 75 

et al., 2018; Rao et al.,2012; Bang and Rahnev, 2017), for instance in parieto-frontal brain circuits 76 

(Gold and Shadlen, 2007; Heekeren et al., 2004). Under this account, effects of expectations in early 77 

sensory regions as revealed by previous functional magnetic resonance imaging (fMRI) studies are 78 

proposed to reflect late, post-decision feedback signals, simply ‘informing’ sensory regions of the 79 

decision that has been made. Even early effects of expectations revealed by electrophysiological 80 

studies (Todorovic et al., 2011; Chaumon et al., 2008; Gamond et al., 2011) may be epiphenomena 81 

rather than directly impacting perception, analogous to the proposals that working memory 82 

representations in sensory regions reflect epiphenomena (Xu, 2018; but see Zhang et al., 2019). 83 
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Previous studies have been unable to distinguish between these two hypotheses, since they have 84 

not linked neural effects of expectation to behavioural changes in perception. Additionally, most 85 

previous electrophysiological studies measured the overall amplitude of the neural response to 86 

(un)expected stimuli, rather than probing stimulus-specific representations in the neural signal 87 

(Rungratsameetaweemana et al., 2018; Aru et al., 2016). This is critical, since previous studies have 88 

shown that informational content can be fully dissociated from the overall amplitude of neural 89 

signals (Kok et al., 2012, Harrison and Tong, 2009). Therefore, these studies may have missed 90 

stimulus-specific effects of expectations on sensory processing. A notable exception is Alilović et al., 91 

2019, who found that spatial expectations affected stimulus location representations starting 92 

around 200 ms post-stimulus. 93 

Here, we overcame these limitations by using magnetoencephalography (MEG) to directly relate 94 

effects of expectation on neural representations to effects on the contents of perception. 95 

Participants were exposed to auditory cues which, unbeknownst to them, predicted the likely 96 

motion direction of a subsequent random dot kinetogram (RDK). Perception was probed by asking 97 

participants to report which direction the dots were moving in. A forward model decoder (Brouwer 98 

and Heeger, 2009, Kok et al., 2017), trained on task-irrelevant RDKs presented in independent runs, 99 

was used to reveal the motion direction represented in the MEG signal immediately after stimulus 100 

presentation. This allowed us to determine at which time-points the sensory representation was 101 

modulated by the prediction cue. 102 

To preview, we found that prior expectations modulated the content of sensory representations as 103 

early as 150 ms post-stimulus. These neural effects were mirrored by a bias in perception, in line 104 

with proposals that expectations can bias perception by modulating early sensory processing.  105 

  106 
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Materials and methods 107 

 108 

Participants 109 

30 healthy human volunteers participated in the MEG experiment. The study was approved by the 110 

UCL Research Ethics Committee, and all participants gave informed consent and received monetary 111 

compensation. Two participants were excluded because of excessive head movement, one for 112 

excessive eye blink artefacts during stimulus presentation, one because more than 50% of trials had 113 

to rejected due to artefacts, and two due to below-threshold task performance (r < 0.9 between 114 

mean perceived and presented direction). The remaining 24 participants (11 female; age 25 ± 8; 115 

mean ± SD) had normal or corrected-to-normal vision. This sample size was chosen on the basis of 116 

similar previous studies which had observed significant effects (Kok et al. 2013; Kok et al., 2017; 117 

Mostert et al., 2015). 118 

 119 

Stimuli 120 

All stimuli were generated using MATLAB (MathWorks, Natick, MA, USA, RRID:SCR_001622) and the 121 

Psychophysics Toolbox (Brainard, 1997, RRID:SCR_002881). The visual stimuli were RDKs, which 122 

consisted of white dots (0.1° visual angle dot size, 2.5 dots per square degree) on a grey background. 123 

Each RDK display contained a given proportion of dots moving in a coherent direction, with the 124 

remaining dots moving in random directions. Each dot appeared at a random location, moved at a 125 

speed of 6°/s, and lasted for 200 ms before disappearing. The dots were displayed in an annulus 126 

(inner diameter, 3°; outer diameter, 15°), surrounding a white fixation bullseye (diameter: 0.7°) for 127 

1s. The auditory stimuli consisted of pure tones (450 or 1000 Hz) and lasted 200 ms. 128 

During the behavioural session, visual stimuli were presented on an LCD monitor (1024 x 768 129 

resolution, 60 Hz refresh rate) and tones were presented on external speakers. During the MEG 130 

session, visual stimuli were projected on a screen placed 58 cm from the participants’ eyes (1024 x 131 
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768 resolution, 60 Hz refresh rate), and auditory stimuli were presented via earphones inserted into 132 

the ear canal (E-A-RTONE 3A 10 Ω, Etymotic Research). 133 

 134 

Experimental procedure 135 

The experiment consisted of two types of task runs. In the main task, each trial consisted of an 136 

auditory cue (200 ms) followed after 550 ms by a visual RDK stimulus for 1000 ms (Figure 1A). After a 137 

500 ms interval, participants reported the direction of the coherently moving dots by orienting a line 138 

segment in a 360° circle (2500 ms). The initial direction of the line was randomised between -45° and 139 

135°. After the response interval, during the intertrial interval (ITI; 1500 ms), the fixation bullseye 140 

was replaced by a single dot, signalling the end of the trial while still requiring participants to fixate. 141 

The RDKs had one of five possible directions of coherent motion: 9°, 27°, 45°, 63° or 81°. Participants 142 

were informed the coherent direction would range between 0° and 90° but not that there was a 143 

discrete set of possible directions. The two auditory cues predicted either 27° or 63°, respectively, 144 

with 60% probability (Figure 1B). Participants were not informed of this cue-direction relationship. 145 

The four non-predicted directions were each equally likely to occur (10% probability). The 146 

relationship between which tone predicted which direction was counterbalanced across 147 

participants. Thus, for example, for half the participants, a 1000 Hz auditory cue would indicate that 148 

27° would be presented with 60% probability, and that 9°, 45°, 63° and 81° would each be presented 149 

with 10% probability, while a 450 Hz auditory cue would predict 63° with 60% probability, and 9°, 150 

27°, 45° and 81° each with 10% probability. For the other half of the group, the cue-direction 151 

contingencies were opposite, meaning a 450 Hz cue predicted 27° and a 1000 Hz cue predicted 63°. 152 

Note that, as a result of this, 27° and 63° motion directions were presented more often over the 153 

course of the experiment than 9°, 45° and 81°. Participants were not informed of the cue-direction 154 

relationships, nor of the fact that 27° and 63° occurred more often than other directions overall. A 155 

debrief questionnaire at the end of the experiment asked participants whether they had consciously 156 
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noted either of these aspects of the experiment (see below for details). Each run contained 60 trials 157 

(~6 min). 158 

During localiser runs, RDKs were presented with 100% coherence, creating training data for the MEG 159 

decoder (Figure 1C). 11 motion directions were presented in a pseudorandom order, for 1000 ms 160 

each. These directions were –45°, -27°, -9°, 9°, 27°, 45°, 63°, 81°, 99°, 117°, and 135°. One localiser 161 

block consisted of 88 trials (~3 min). The fixation bullseye at the centre of the annulus dimmed at 162 

random time-points, and subjects were instructed to press a button when this occurred. The ITI was 163 

jittered between 900 and 1100 ms. During these runs, the moving dots were fully task-irrelevant, in 164 

order to extract motion direction signals independent of task demands (Kok et al., 2017). The task 165 

was also intended to encourage central fixation, in order to minimise eye-movement related 166 

confounds (Mostert et al., 2018). 167 

All participants took part in a behavioural session 1-4 days prior to the MEG session, in order to 168 

familiarise them with the task and expose them to the cue-direction contingencies. Participants 169 

received written instructions and performed two short blocks (of 20 and 40 trials, respectively) with 170 

trial-by-trial feedback to facilitate learning. They then performed 7 main task blocks of 60 trials each 171 

(~45 min) during which they no longer received trial-by-trial feedback, but were informed of their 172 

mean error after each block for motivation, as in the MEG session. The RDKs began with 40% 173 

coherence in the instructions and practice blocks, to facilitate learning of the task, and gradually 174 

reduced from 40% to 20% coherence during the main behavioural session. Finally, participants 175 

participated in one localiser block to familiarise them with the fixation dimming task. In the MEG 176 

session, participants performed 5-7 runs (~9 min each). Each run consisted of 60 trials of the main 177 

task, followed by a 15 s pause, then one block of the localiser task. In the main task, the RDKs had 178 

20% coherence. After the experiment, participants filled out a debriefing questionnaire, to verify the 179 

implicit nature of the expectations. They were asked: ‘Did any directions of motion occur more often 180 

than the rest? If so, please indicate which direction(s) you thought occurred more often than the 181 

others.’ Subsequently, participants were asked, ‘Did you notice any relationship between the tones 182 
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you heard and the directions of motion you saw? If so, please describe the relationship you observed 183 

in the text box below.’ For both questions, they were also provided with a unit circle in which they 184 

could illustrate their answer by drawing arrows to represent specific motion directions.  185 

Most participants (22 out of the 24) reported noticing that some directions occurred more often 186 

than others. An inspection of their drawings indicates that of these, seven correctly reported that 187 

27° and 63° occurred most often. More importantly, a minority (7 out of 24) participants reported 188 

noticing a relationship between the tones and directions. Of these, four participants reported the 189 

correct relationship, two reported the opposite relationship, and one did not report any specific 190 

relationship. We replicated our main MEG analyses with the four participants who reported the 191 

correct relationship excluded (see ‘Results’). 192 

 193 

MEG recording and preprocessing 194 

Whole-head magnetic signals were recorded continuously (600 Hz sampling rate) using a CTF MEG 195 

system with 272 functioning axial gradiometers inside a magnetically shielded room. Participants 196 

were seated upright, and indicated their responses on an MEG-compatible button box. To minimise 197 

eye blink-related artefacts, participants were instructed to blink only when the RDK was not on the 198 

screen. Eye-movement was recorded using an Eyelink 1000 eye tracker (1000 Hz sampling rate). 199 

Presentation latencies for stimuli (visual ~17 ms; auditory ~15 ms) were measured using a 200 

photodiode and microphone; these were used to align the MEG and eye-tracking data to the onset 201 

of stimulus presentation. After the first MEG run, participants were informed of their head motion 202 

and encouraged to stay as still as possible during the recordings. Since participants displayed 203 

substantially more head motion during the first run, this run was discarded for all participants. 204 

The data were preprocessed using FieldTrip (Oostenveld et al., 2011). To detect irregular artefacts, 205 

the variance, collapsed over channels and time, was calculated for each trial. Trials with large 206 

variances were visually inspected and removed if they contained large and irregular artefacts. Trials 207 

with eye blinks during RDK presentation were also removed. This resulted in the removal of 71 +/- 208 
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47 (mean +/- SD, ~14% +/- 9%) trials from the localiser runs, and 26 +/- 20 (~7% +/- 5%) trials from 209 

the main task runs. Independent component analysis (ICA), using the logistic infomax ICA algorithm 210 

as implemented in the EEGLAB toolbox (https://sccn.ucsd.edu/eeglab/), was used to remove regular 211 

artefacts, by correlating the independent components (ICs) with the eye-tracking data to identify eye 212 

blinks, and then manually inspecting before removing ICs related to eye blinks. Twenty-two out of 24 213 

participants had one IC removed from each MEG run, one participant had two ICs removed from one 214 

run and one IC from the remaining runs, and one participant had three ICs removed from one run, 215 

two ICs from another run, and one IC from the remaining runs. Data were low-pass filtered with a 216 

two-pass Butterworth filter with a filter order of 6 and a cut off of 40 Hz. The data were baseline-217 

corrected on the interval of -250 ms to 0 ms relative to auditory cue onset for the main task, and -218 

200 ms to 0 ms relative to visual onset for the localiser task.  219 

 220 

Decoding analysis 221 

To probe the effect of expectations on stimulus representations in visual cortex, we used a forward 222 

modelling approach (Brouwer and Heeger, 2009) to decode motion directions from the MEG signal 223 

(Kok et al., 2017; Myers et al., 2015). This approach has been highly successful at decoding 224 

continuous stimulus features from neural data (Brouwer and Heeger, 2009; 2011; Garcia et al., 2013; 225 

Myers et al., 2015; Kok et al., 2013; 2017). Furthermore, it yields decoded features on a continuous 226 

dimension rather than a discrete classification, making it potentially more sensitive to subtle biases 227 

than a categorical classifier.  228 

The decoding approach consisted of two stages. First, the model was trained on the MEG data from 229 

the moving dots localiser to create an encoding model: a transformation from stimulus (motion 230 

direction) space to MEG sensor space. Then, this encoding model was inverted to create a decoding 231 

model, which was used to transform unseen MEG data (from the main task runs) from sensor space 232 

to motion direction space. Thus, the decoding model was estimated on the basis of the moving dot 233 

localiser data, and then applied to the data from the main experiment to generalise from sensory 234 
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signals evoked by task-irrelevant moving dots to the noisy moving dot signals evoked in the main 235 

task (Kok et al., 2017). To test the performance of the model, we also applied it to the localiser data 236 

themselves using a cross-validation approach: in each iteration, one run of the localiser was used as 237 

the test set, and the remaining data were used as the training set. 238 

The forward encoding model consisted of 21 hypothetical channels, each with an idealised direction 239 

tuning curve: a half-wave rectified sinusoid raised to the sixth power. The 21 channels were spaced 240 

evenly within the 180° space ranging from -45° to 135°, to cover all directions presented in the 241 

localiser runs. For each participant, the MEG data from the localiser were used to calculate an 242 

encoding model. First, a matrix  (21 channels x  trials) was generated, containing the 243 

hypothesised channel amplitudes for each trial. Specifically, each row of matrix  was 244 

calculated by expressing the presented direction as a hypothetical amplitude for each channel, 245 

resulting in the row vector ,  of length  for each channel i. The sensor data were 246 

represented in a matrix  (272 sensors x  trials). The key aspect of the encoding model 247 

was a weight matrix, specifying the transformation from stimulus space (represented in matrix 248 

) to sensor space (matrix ). The rows of the weight matrix were calculated by least 249 

squares estimation for each channel: 250 =  , ( , , )  

This was used to create a linear encoding model:  251 = +  

Here,  is a weight matrix (272 sensors x 21 channels) specifying the transformation from stimulus 252 

representational space (channel activities) to neural representational space (sensor amplitudes).  253 

represents the residuals. 254 

In the second stage of the analysis, the decoding model was created by inverting the encoding 255 

model. This was achieved using a recently developed method taking the noise covariance between 256 

(neighbouring) sensors into account, which increases decoding accuracy compared to a decoding 257 

model that does not adjust for noise covariance (Kok et al., 2017; Mostert et al., 2015). First,  258 
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and  were demeaned, so that their average over trials was 0 for all sensors and channels, 259 

respectively (Kok et al., 2017). Then, noise covariance, , between the sensors was estimated for 260 

each channel  using the following equation: 261 

=  1 − 1  

=  − ,   
To optimise noise suppression, regularisation by shrinkage, using analytically determined optimal 262 

shrinkage parameters, was used to calculate regularised covariance matrices for each channel, ∗ 263 

(details are in Blankertz et al., 2011). These regularised covariance matrices were used to create 264 

spatial filters. The optimal spatial filter for the channel was estimated as follows (Mostert et al. 265 

2015; Kok et al., 2017): 266 

=  ∗ ∗  

Each filter was normalised so that the magnitude of its output matched the magnitude of the 267 

channel activity it would be used to recover. The filters were combined into a decoding weight 268 

matrix  (272 sensors x 21 channels). This decoding weight matrix could then be used to estimate 269 

the channel responses for independent MEG data: 270 =  

Where  (272 sensors x  trials) represents the independent test data.  271 

These channel responses were estimated at each time-point of the test data in steps of 5 ms, with 272 

the data being averaged within a window of 28.3 ms at each step. The length of 28.3 ms was based 273 

on an a priori window of 30 ms, subtracting one sample such that the window contained an odd 274 

number of samples and could be centred symmetrically. To verify the ability to decode motion 275 

direction from the MEG signal, we first applied the decoding approach to the localiser data 276 

themselves in a ‘leave-one-run-out’ cross-validation method. In each iteration, all localiser runs but 277 

one were used to estimate the decoding model, which was then applied to estimate the channel 278 

responses in the remaining run.  The estimated channel responses were used to compute a weighted 279 
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average of the 21 basis functions, and the direction at which the resulting curve reached its 280 

maximum value constituted the decoded motion direction.  281 

Decoding performance was quantified, per time step, by calculating the within-participant Pearson 282 

correlation between the 11 presented directions, and the mean decoded direction per presented 283 

direction. This yielded a correlation coefficient for each participant at every time-step. The Pearson 284 

correlation was used because we expected to find a linear relationship between variables on an 285 

interval scale. However, due to the relatively small sample sizes underlying these correlation 286 

coefficients (N=11 directions), it would not have been appropriate to test the significance of these 287 

within-participant correlations. Rather, we used these correlations as an index of the linear 288 

relationship between the variables, and tested the significance of the correlations at the group level. 289 

Specifically, we applied Fisher’s r-to-Z transform (Fisher, 1915) to the correlation values, and tested 290 

whether they were significantly different from zero at the between-participant level using cluster-291 

based permutation tests. In order to confirm that these results were reliable, we replicated the 292 

analysis using Spearman’s rho, a non-parametric measure of rank correlation, which yielded similar 293 

results with a very similar effect size (both analyses revealed a significant cluster from 90 to 110 ms; 294 

Spearman’s rho: p = 0.0193, d = 0.70; Pearson’s r: p = 0.018, d = 0.71). 295 

This was repeated with each iteration leaving a different localiser run out, and final decoding 296 

performance was quantified by averaging results across all these iterations. Using cluster-based 297 

permutation, we determined the earliest cluster of time-points at which decoding performance was 298 

significantly above chance at the group level (90 – 110 ms post-stimulus; see Figure 3). Within this 299 

cluster, the peak in decoding performance at the group level was 100 ms. We determined each 300 

participant’s individual decoding peak within 10 ms of this group peak (i.e., 90 – 110 ms post-301 

stimulus, matching the significant group cluster). For each participant, the final decoding model was 302 

trained on this individual peak time-point (plus the two neighbouring time-points on either side, for 303 

robustness) in the localiser data, to optimise detection of early sensory signals. This decoding model 304 

was applied to the data from the main task in steps of 5 ms, with the data being averaged within a 305 



 

14 
 

window of 28.3 ms at each step. As before, the decoded motion direction was calculated as the peak 306 

of the curve generated by taking a weighted average of the basis functions, with the estimated 307 

channel responses constituting the weights. This procedure yielded a 2D matrix (time x ) 308 

specifying the estimated motion direction for each trial in the main experiment, in a time-resolved 309 

manner. 310 

 311 

Statistical analysis 312 

To quantify overall behavioural performance, the mean of all reported directions per presented 313 

direction was calculated for each participant (Figure 2A), and used to calculate the Pearson’s 314 

correlation coefficient between reported and presented direction, per participant. To ensure the 315 

robustness of our results, we also repeated this analysis using Spearman’s rho, which yielded a very 316 

similar correlation (Pearson’s correlation = 0.98 +/- 0.022; Spearman’s rho = 0.98 +/- 0.041; mean +/- 317 

SD). Participants with a coefficient < 0.9 (N=2) were excluded from further analysis. 318 

To examine the effects of the predictive cues on reported direction, we performed a two-way 319 

repeated-measures ANOVA with factors ‘Presented Direction’ and ‘Predicted Direction’. There were 320 

five presented directions (9°, 27°, 45°, 63° and 81°), and two predicted directions (27° and 63°), 321 

yielding independent variables with five and two levels, respectively. This was in order to establish 322 

the extent to which the direction which the participants reported seeing (‘Reported Direction’; the 323 

dependent variable) was affected by what they were actually presented with (Presented Direction), 324 

and what the cue predicted (Predicted Direction). Significant main effects and interactions were 325 

followed up with t-tests. 326 

Our main research question was whether prior expectations modulated the neural representation of 327 

the moving dot stimuli, and if so, at which time-points. To address this question, we first averaged 328 

decoding results over trials, per presented and predicted direction, and then performed a linear 329 

subtraction of the decoded direction in conditions where 27° was cued (half of all trials), from the 330 

decoded direction in conditions where 63° was cued (the remaining half of trials). The logic behind 331 
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this method was that, as the only difference between the conditions was the predicted direction, the 332 

subtraction would subtract out any signals in common between the cued conditions, and isolate any 333 

difference related to the cues. We used cluster-based permutation tests (Maris and Oostenveld, 334 

2007) to establish at which time-points this subtraction was significantly different from zero. 335 

Specifically, univariate t statistics were calculated for time-points from -250 ms to 500 ms relative to 336 

moving dots onset, in 5 ms steps, and neighbouring elements that passed a threshold value 337 

corresponding to a p value of 0.05 (one tailed) were collected into clusters. Cluster-level test 338 

statistics consisted of the sum of t values within each cluster, which were compared to a null 339 

distribution created by drawing 10,000 random permutations of the observed data. A cluster was 340 

considered significant when its p value was below 0.05 (i.e., a cluster of its size occurred in fewer 341 

than 5% of the null distribution clusters). 342 

To investigate whether the motion direction signals we decoded were directly related to subjective 343 

perception, we quantified the perceptual ‘bias’ elicited by the cue. For each participant, the ‘bias’ 344 

was the mean reported direction when 27° was predicted, subtracted from the mean reported 345 

direction when 63° was predicted. This was interpreted as the perceptual ‘bias’ induced by the 346 

predictive cues because the only difference between these two conditions was the direction 347 

predicted by the cues. We performed a post-hoc split of the participants into two subgroups, on the 348 

basis of whether they had a mean positive perceptual bias towards the expectation cues (N=17), or 349 

not (N=7). To establish whether neural motion direction signals were related to behavioural changes 350 

in perception, analyses were performed on these groups. First, to investigate whether there was a 351 

neural-perceptual relationship across participants, we performed a between-participants cluster-352 

based permutation test to see whether neural expectation effects differed significantly between the 353 

two groups which were split on the basis of behaviour.  354 

Secondly, to investigate whether there was a neural-perceptual relationship within participants, we 355 

calculated the trial-by-trial partial Pearson correlation between the decoded direction from the MEG 356 

data and the perceived direction in each trial, controlling for the presented direction. On average, 357 
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this correlation was calculated over N=263 trials (+/- 23 trials, SD) per participant. A separate 358 

correlation coefficient was obtained for every decoding time-step within the period from -250 ms to 359 

500 ms, per participant, resulting in N=24 correlation coefficients for each time-step. Statistical tests 360 

of correlation coefficients were preceded by applying Fisher’s r-to-Z transform (Fisher, 1915). The 361 

resulting time-courses of Z values were subjected to cluster-based permutation tests (using the 362 

same parameters as described above) at the group level. These correlations were calculated 363 

separately for participants with a positive perceptual bias induced by the expectation cues (N=17) 364 

and those without such a bias (N=7), since the former had demonstrably used the expectation cue to 365 

inform perception, whereas the latter did not.  366 
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Results 367 

 368 

Behavioural results 369 

To ensure that participants were paying attention to and perceiving the directions of the RDKs, only 370 

participants with good performance (correlation between mean reported and presented directions > 371 

0.9, see Materials and Methods for details) were included in the analysis (final sample: r = 0.98 +/- 372 

0.02, mean +/- SD). In the localiser task, participants correctly detected dimming of the fixation dot 373 

with high accuracy (95.4% +/- 8.9%, mean +/- SD). 374 

Participants’ perceptual reports of the moving dots’ direction was significantly biased towards the 375 

directions predicted by the auditory cues (F1,92 = 8.5, p = 0.0078, ηp
2 = 0.27; Figure 2). That is, on 376 

average, motion direction was perceived as being slightly more vertical when the cue predicted 63° 377 

(47.3° +/- 0.9°, mean +/- SEM) than when the cue predicted 27° (46.3° +/- 1.0°). This indicates that, 378 

for identical visual stimuli, perception was partially determined by the predictive auditory cues. The 379 

cue-induced bias depended on the direction of the presented moving dots (F4,92 = 3.6, p = 0.0084, ηp
2 380 

= 0.14), being weakest for close to horizontal (9°) and vertical (81°) directions, and stronger for 381 

directions closer to oblique (27° to 63°; see Figure 2). 382 

 383 

Expectations modulate sensory representations as early as 150 ms post-stimulus 384 

The first time-point at which motion direction could be decoded from the MEG signal evoked by 385 

task-irrelevant moving dot stimuli, in the localiser runs, was from 90 ms to 110 ms post-stimulus, 386 

peaking at 100 ms (p = 0.018, d = 0.71) (Figure 3). In order to probe modulations of early sensory 387 

signals by the predictive cues, motion direction decoding models were trained on participants’ 388 

individual peaks in this interval in the localiser runs, and used to decode the motion direction from 389 

the MEG data in the main task (see Materials and Methods for details). After obtaining a decoded 390 

direction for all trials, the decoded direction in trials where 27° was predicted was subtracted from 391 

the decoded direction in trials where 63° was predicted. Therefore, any decoded motion direction 392 
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signal resulting from this subtraction can only be explained by the difference in predicted directions. 393 

This analysis revealed that across the whole group, the predictive auditory cues evoked a significant 394 

motion direction signal from 135 ms to 180 ms post-stimulus, peaking at 150 ms (peak difference = 395 

20.4°, p = 0.027, d = 0.72; Figure 4A).  396 

 397 

Neural expectation signal related to perceptual bias 398 

In order to relate this neural effect of the predictive cues to perception, we performed an 399 

exploratory analysis in which we split the participants into two subgroups on the basis of the 400 

direction of their perceptual bias, and calculated effects separately for participants who showed a 401 

positive perceptual bias (bias = 2.0° +/- 1.1°; performance r = 0.98 +/- 0.02; mean +/- SD; N = 17) and 402 

participants without a positive bias (mean bias = -1.2° +/- 0.7°; performance r = 0.97 +/- 0.03; N = 7). 403 

The difference in absolute perceptual bias between these groups was not significant (t22 = 1.74; p = 404 

0.095); nor was the difference in performance (t22 = 0.82; p = 0.41). In participants with an 405 

expectation-induced bias in perception, the predictive cues evoked a significant motion direction 406 

signal from 135 ms to 175 ms post-stimulus (peak = 26.3°, p = 0.044, d = 0.89), as well as from 270 407 

ms to 340 ms (peak = 22.0°, p = 0.0054, d = 0.98) (Figure 4B). In the participants whose perception 408 

was not biased towards the predicted directions, there were no significant clusters in the MEG 409 

decoding signal (Figure 4C). In fact, participants with a perceptual bias towards the predicted 410 

directions displayed a significantly stronger expectation signal from 245 ms to 355 ms than 411 

participants without such a perceptual bias (p = 0.0005, d = 1.93). Thus, individual variability in the 412 

neural signal evoked by the prediction cues was related to individual variability in the perceptual 413 

bias induced by these cues. 414 

 415 

Correlation between perceptual and neural representations emerges before stimulus onset 416 

To further elucidate the relationship between neural sensory representations and perception, we 417 

correlated the decoded direction from the MEG data with the perceived direction on individual 418 
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trials, controlling for the presented direction (i.e., through partial correlation, see Materials and 419 

Methods). This analysis aimed to investigate whether fluctuations in neural representations were 420 

related to fluctuations in subjective perception. For the participants whose perception was biased 421 

towards the predictive cues (N = 17), decoded motion directions correlated significantly with 422 

perceived directions from -220 ms to 140 ms pre-stimulus (p = 0.0056, d = 1.07) and 165 ms to 205 423 

ms post-stimulus (p = 0.023, d = 1.00) (Figure 5A). Thus, for these participants, the decoded neural 424 

signal was related to fluctuations in perception across trials. For the participants that did not display 425 

a perceptual bias towards the predictive cues (N = 7), there were no significant clusters (Figure 5B). 426 

The correlation between decoded and perceived motion directions was significantly stronger for 427 

participants with a perceptual bias towards the predictive cues than for those without such a bias, 428 

from -10 to 35 ms (p = 0.041, d = 1.33), and from 160 to 315 ms (p = 0.0009, d = 1.94) post-stimulus. 429 

In other words, the relationship between neural and perceptual fluctuations was stronger in 430 

participants for whom the predictive cues induced an attractive perceptual bias. In fact, these trial-431 

by-trial correlations between decoded and perceived motion directions were not significant at the 432 

overall group level (i.e. without performing the participant split), suggesting that these effects were 433 

driven by the participants with a positive perceptual bias towards the directions predicted by the 434 

cues. 435 

 436 

Implicit nature of the expectations 437 

Participants were not informed of the meaning of the auditory cues, and all participants filled out a 438 

debriefing questionnaire to assess whether they were aware of the predictive relationships. Seven 439 

out of 24 participants indicated that they had noticed some relationship between the auditory tones 440 

and the direction of dots. Of these, only four correctly reported the true relationship, two reported 441 

the opposite relationship, and one was not able to report a specific relationship. The early neural 442 

effects of the predictive cues were still present when the four participants who reported being 443 

aware of the correct cue contingencies were excluded from the analysis (significant cluster from 444 
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125m s to 190 ms post-stimulus, p = 0.005, d = 0.92), indicating that the expectation effects did not 445 

depend on the subjects being aware of the predictive relationships. 446 

 447 

Eye-movement control analysis 448 

Eye-movements are known to be able to confound MEG decoding analyses (Mostert et al., 2018). In 449 

order to minimise the effects of eye movements, we estimated our decoding model based on 450 

independent localiser runs during which participants were performing a central-fixation task for 451 

which the directions of the moving dots were task-irrelevant (Mostert et al., 2018, Kok et al., 2017).  452 

Still, to investigate whether systematic eye movements during the localiser task could have affected 453 

our decoding results, we trained and tested the decoder on the vertical and horizontal gaze 454 

coordinates, as recorded by the eye tracker, rather than sensor amplitudes. Importantly, moving dot 455 

direction could not be decoded from the eye tracker signals in the first 150 ms post-stimulus (r < 0.1 456 

for all time-points, no significant clusters at p < 0.05, also no single significant time-point between 0 457 

and 150 ms, p < 0.05 uncorrected). This is the critical time window for our analyses, since the 458 

decoder was trained on MEG data from the localiser runs around 90 to 110 ms post-stimulus. As an 459 

additional stringent control, we performed the main analysis of interest on the eye-tracking data, 460 

that is, training the decoding models on the eye tracker signals in the localiser data on individual 461 

peaks between 90 and 110 ms, and applying them to the eye tracker data from the main task in 462 

order to reveal any effects of the predictive cues. As expected, since participants did not make 463 

systematic eye movements during this time window in the localiser, this analysis yielded no 464 

significant cue effects (no clusters at p < 0.05, also no single significant time-point between -250 and 465 

500 ms, p < 0.05 uncorrected). 466 

It is noteworthy that moving dot direction could be decoded from gaze position in the localiser at 467 

later time-points, namely from 170 ms to 360 ms post-stimulus (peak mean Pearson’s r = 0.460, p < 468 

0.001, d = 1.04). This indicates that participants moved their eyes systematically depending on the 469 

direction of the moving dots during this later time window in the localiser runs. Note however, as 470 
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discussed above, that there were no significant points in the earlier time window in which we 471 

trained the decoder for the MEG data (90 ms to 110 ms), meaning that these later eye movements 472 

did not affect our analyses. 473 

As a final control analysis, we trained the decoding models on the eye tracker data from the localiser 474 

runs on individual peaks between 170 and 200 ms post-stimulus (when localiser eye tracker 475 

decoding first became significant at the group level), and applied them to the eye tracker data from 476 

the main task. This analysis yielded no significant effects of the predictive cues on eye tracker signals 477 

(no clusters at p < 0.05, also no single significant time-point between -250 and 500 ms, p < 0.05 478 

uncorrected). 479 

In sum, while the moving dot stimuli were shown to affect gaze position at a later time window 480 

during the localiser runs, we found no evidence that systematic eye movements could explain the 481 

effects of interest here. 482 

  483 
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Discussion 484 

There has recently been much debate as to whether expectations can alter early sensory processing 485 

(De Lange et al., 2018; Summerfield and De Lange, 2014), or instead only modulate later decision-486 

making processes (Rao et al., 2012; Rungratsameetaweemana et al., 2018). Here, we find that 487 

implicit prior expectations can modulate sensory representations at an early stage, in line with 488 

suggestions that expectations play a fundamental role in sensory processing (Summerfield and De 489 

Lange, 2014; Friston, 2005). The latency of the effect (~150 ms) suggests that this modulation may 490 

not affect the initial feedforward sweep of sensory processing, but rather occur once some recurrent 491 

processing has taken place in the visual system. However, importantly, the modulation is low-level 492 

and sensory in nature, challenging proposals that expectations only modulate decision-making 493 

stages (Rao et al., 2012; Rungratsameetaweemana et al., 2018). 494 

Perceptual reports of the direction of the moving dots were biased towards the direction predicted 495 

by the auditory cues. This is in line with previous studies (Kok et al., 2013; Chalk et al., 2010), as well 496 

as with theoretical work which casts perception as Bayesian inference, wherein the final percept is 497 

an integration of the prior expectations and perceptual input (Kersten et al., 2004; Knill and 498 

Richards, 1996). It is notable that expectations affected perception even though participants were 499 

not consciously aware of them (Kok et al. 2013; Chalk et al., 2010). 500 

The effect of the predictive cues depended on the presented direction: expectations affected 501 

perception more strongly when the presented direction was oblique than when it was vertical or 502 

horizontal (Figure 2). This may be because vertical and horizontal directions occur more frequently in 503 

natural environments, giving rise to ‘hyperpriors’: lifelong-learned expectations that these directions 504 

are likely to occur (Berkes et al., 2011; Girshick et al., 2011). Therefore at directions closer to the 505 

cardinal directions, the experimentally-induced priors may have interacted with hyperpriors, 506 

whereas at directions nearer 45° only the cue-related priors had an effect (Hu and Rahnev, 2019). 507 

The primary motivation of this study was to establish whether expectations modulated the 508 

information content of early sensory signals. Predictive cues modulated the motion direction 509 
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represented in the MEG signal as early as ~150 ms post-stimulus, as revealed by a decoder trained 510 

on early (~100 ms) MEG signals evoked by task-irrelevant moving dots in separate runs.  511 

The relatively early time-point at which modulation occurs, and the sensory nature of the signal, are 512 

striking. The expectation signals were revealed by a decoder trained on task-irrelevant stimuli, 513 

isolating sensory processes common between the localiser and main task (Kok et al., 2014; Kok et al., 514 

2017). This, together with the fact that the decoders were trained on early post-stimulus time-515 

points, suggests that these expectation signals reflect sensory processing, rather than being related 516 

to later decisional, attentional or motor processes (Mostert et al., 2015).  517 

It should be noted that the latency at which expectation signals occurred (starting at 135 ms, 518 

peaking at 150 ms) is later than the first feedforward sweep of sensory information, which occurs 519 

within 50-80 ms (Alilović et al., 2019; Clark et al., 1994). The initial feedforward sweep of sensory 520 

information may therefore be model-free, with expectations being integrated into the 521 

representation soon after (Alilović et al 2019; Marzecová et al., 2018). Interestingly, many studies 522 

have found pre-stimulus effects of expectations (Alilović et al., 2019; Kok et al., 2017; Samaha et al., 523 

2018) and attention (Myers et al., 2015); which do not seem to translate into subsequent 524 

modulations of the first feedforward sweep. The reason for this is not yet clear, but it has been 525 

suggested to be due to the fact that feedforward and feedback signals involve different neuronal 526 

populations (Alilović et al., 2019; Bastos et al., 2012; Kok et al., 2016). 527 

Alternatively, the lack of an earlier modulation by expectations may have resulted from the type of 528 

stimulus used. Using motion rather than static stimuli means the accumulation of evidence takes 529 

inherently longer – indeed, within the localiser task, direction could not be decoded until 90 ms after 530 

stimulus onset, whereas studies using static stimuli have shown significant decoding in the localiser 531 

just 40-60 ms post-stimulus (Kok et al., 2017; Mostert et al., 2015; Cichy et al., 2014). Furthermore, 532 

the decoding procedure used here aimed to distinguish several directions of motion within a ~70° 533 

range (9° to 81°), rather than, for instance, decoding orthogonal orientations (Kok et al., 2017), 534 
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which may have led to decreased signal-to-noise ratio, precluding successful decoding at earlier 535 

latencies. 536 

In revealing expectation modulations of the information content of sensory signals at ~150ms post-537 

stimulus, our results accord with previous studies which report modulations of the amplitude of 538 

sensory signals by expectation at ~100-150 ms (Samaha et al., 2018; Stojanoski and Niemeier, 2015; 539 

Bar et al., 2006; Todorovic et al. 2011; Todorovic and De Lange, 2012; Wacongne et al., 2011; Meyer 540 

and Olson, 2011; Aru et al., 2016) or even earlier (Keil et al., 2017). However, they conflict with 541 

experiments reporting no effects of expectation on early sensory processing 542 

(Rungratsameetaweemana et al., 2018; Rao et al., 2012). An important difference between studies 543 

may be the extent to which subjects form a perceptual expectation.  For instance, in a recent study 544 

in macaques (Rao et al., 2012), the expectation cue predicted both which stimulus would appear, as 545 

well as the correct response. Since accurate task performance was strongly incentivised, the cue may 546 

have induced a response bias, rather than a perceptual bias. In the present study, to avoid strategic 547 

guessing or response bias, participants were not informed of the predictive relationship between the 548 

cues and the motion direction. In a recent study in humans using EEG that failed to find effects of 549 

expectation on sensory processing (Rungratsameetaweemana et al., 2018), the authors likely also 550 

predominantly manipulated task expectations, rather than perceptual expectations. That is, 551 

expectations pertained not so much to the statistics of the upcoming sensory inputs per se, but 552 

more so to which features of the inputs were likely to constitute a target. Therefore, this study more 553 

strongly manipulated task set expectations than perceptual expectations. 554 

A noteworthy aspect of our central finding is that the neural motion direction signal induced by the 555 

predictive cues peaked at around 20°, rising to 26° when considering only participants with a positive 556 

perceptual bias. This difference is an order of magnitude greater than the mean perceptual bias, 557 

being instead closer to the angle difference between the directions predicted by the two cues (63° vs 558 

27°). This suggests that this early neural effect may reflect a reactivation of the predicted direction, 559 

rather than the integration of the predicted and presented directions. This is in line with the fact 560 
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that this neural expectation effect peaks at ~150 ms and then reduces, perhaps reflecting the 561 

integration of an expectation template (Kok et al., 2014; Kok et al., 2017) with incoming sensory 562 

evidence. 563 

Intriguingly, a post-hoc split of the participants based on their perceptual bias indicated that, for the 564 

participants who showed a perceptual bias towards the predictive cues (N=17), the neural 565 

expectation effect reappeared at ~300 ms (Figure 4B). One possibility is that this reflects periodic 566 

activation of top-down expectations during recurrent feedforward and feedback message passing. 567 

Theoretical work which characterises perception as predictive processing postulates cycles of 568 

processing alternating between feedforward and feedback information, with the current hypothesis 569 

being tested and then iteratively revised until the hypothesis matches the incoming sensory 570 

information (Friston, 2005; Knill and Pouget, 2004; Bastos et al., 2012). Such recurrent message-571 

passing has recently been shown to occur at a frequency of ~11Hz during perception (Dijkstra et al., 572 

2019). 573 

Decoding analyses can reveal whether certain information is present in the neural signal, but not 574 

whether this information is part of the perceptual process, or is merely epiphenomenal. One way to 575 

address this inferential gap is to verify whether the decoded signal is related to behavioural variation 576 

(de-Wit et al., 2016). We found such a relationship both across and within participants. Across 577 

participants, neural expectation signals were stronger in participants with an expectation-induced 578 

perceptual bias. For participants with such a perceptual bias, decoded and perceived directions were 579 

correlated across trials even before stimulus onset. This finding is in line with previous work 580 

suggesting the pre-stimulus state of the sensory cortex biases perception (Gandolfo and Downing, 581 

2019; Kok et al., 2017; Sherman et al., 2016; Hesselmann et al, 2008; Pajani et al., 2015; Han and 582 

VanRullen, 2017). In short, the neural signal explained behavioural variation over and above that 583 

explained by the physical stimulus (Kok et al., 2013; St. John-Saaltink et al., 2016). Given that both 584 

these neural-behavioural relationships were demonstrated in exploratory analyses in which 585 
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participants were split post-hoc, future studies will need to replicate these findings to ensure their 586 

robustness.  587 

In summary, our results demonstrate that expectations modulate the information content of 588 

sensory signals early on in the perceptual process. These findings concord with predictive processing 589 

theories of perception that posit that expectations are a fundamental constituent of early sensory 590 

processing (Friston 2005; Lee and Mumford, 2003; Summerfield and De Lange, 2014; Keller and 591 

Mrsic-Flogel, 2018). 592 

  593 
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Figure legends 770 

 771 

Figure 1. Schematic diagram of the experimental procedure. (A) The main task. Participants were 772 

presented with an auditory cue, followed by a random dot kinematogram (RDK) stimulus. 773 

Participants indicated their response on a continuous scale by rotating a line segment. ITI = Intertrial 774 

Interval. (B) Possible coherent directions in the RDK. One tone predicted 27°, and the other tone 775 

predicted 63°, each with 60% validity. (C) In localiser runs, participants were presented with task-776 

irrelevant moving dots stimuli with 100% coherence, while performing a dot dimming task at 777 

fixation. 778 

 779 

Figure 2. Behavioural results. Reported direction as a function of presented direction. Mean 780 

reported direction plotted against presented direction, separately for the two predictive cues. Inset 781 

shows the difference in mean reported direction between the two cue conditions. Given that the 782 

only difference between these two conditions was the cued direction, this value can be interpreted 783 

as the ‘bias’ induced by the predictive cue for each of the five presented directions separately. Error 784 

bars indicate standard error of the mean (SEM).  785 

 786 

Figure 3. Within-localiser MEG decoding performance. Correlation between presented and decoded 787 

direction (cross-validated for each participant, then averaged across participants), plotted for each 788 

time-point. The shaded region indicates SEM; horizontal lines represent significant clusters (p < 789 

0.05). 790 

 791 

Figure 4. Expectation effects on decoded direction signals. (A) Top panel shows mean decoded 792 

direction separately for the trials in which 27° was predicted, and the trials in which 63° was 793 

predicted, in blue and red respectively. Bottom panel shows the cue effects on decoding, obtained 794 

as the linear subtraction of the decoded direction between these two cue conditions (i.e., 63° 795 
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predicted – 27° predicted). (B) Cue effects on decoding restricted to participants who showed a 796 

perceptual bias towards the predicted directions. (C) Cue effects on decoding restricted to 797 

participants who did not show a perceptual bias towards the predicted directions. Shaded regions 798 

represent SEM; horizontal lines represent significant clusters (p < 0.05).  799 

 800 

Figure 5. Single trial correlation between reported and decoded direction. For each participant, the 801 

partial Pearson correlation across trials between decoded and reported direction, controlling for 802 

presented direction, was calculated at each time-step. The graph represents the mean of these 803 

within-participant correlation values (A) for participants with a perceptual bias towards the cues, (B) 804 

for participants without a perceptual bias towards the cues. Shaded regions represent SEM. Cluster-805 

based permutation tests established whether these correlation values were significant at the group 806 

level. Horizontal lines represent significant clusters resulting from these tests (p < 0.05). 807 

 808 












