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Abstract:

Predictive coding is a key mechanism to understand the computational processes underlying brain
functioning: in a hierarchical network, higher layers predict the activity of lower layers, and the
unexplained residuals (i.e. prediction errors) are sent through. Because of its iterative nature, we
wondered whether predictive coding could be related to brain oscillatory dynamics. First, we show that
a simple 2-layers predictive coding model of visual cortex, with physiological communication delays
between layers, naturally gives rise to alpha-band rhythms, similar to experimental observations. Then,
we demonstrate that a multi-layer version of the same model can explain the occurrence of oscillatory
travelling waves across layers, both feedforward (during visual stimulation) and backward (during rest).
Remarkably, the predictions of our model are matched by the analysis of two independent EEG datasets,
in which we observed oscillatory travelling waves in both directions.

Keywords: predictive coding, alpha rhythms, travelling waves, impulse-response function, neural delays,
time constants

Introduction

Predictive coding is a popular computational paradigm to model sensory information processing in the
brain, and it has been proposed to explain several cognitive and physiological observations (Rao and
Ballard, 1999). Could it also explain the emergence of alpha-band oscillations and some of their
distinguished features (e.g. travelling waves)? Alpha rhythms (8-12Hz) are the most predominant
oscillations in the human brain, even though their functional role remains controversial. On the one
hand alpha is generally stronger in the absence of visual inputs, or when visual inputs are actively
ignored — hence a proposed inhibitory role for alpha rhythms (Bonnefond and Jensen, 2012; Jensen
and Mazaheri, 2010; Kizuk and Mathewson, 2017; Klimesch et al.,, 1998; Sadaghiani and
Kleinschmidt, 2016). On the other hand, alpha has been suggested to contribute to the temporal framing
of sensory inputs (Valera et al., 1981; VanRullen, 2016), and it can sometimes be positively correlated
with visual inputs. For example, a recent study reported strong and long-lasting (up to ~1 s) alpha-
band oscillations in the visual Impulse Response Function (IRF; Vanrullen and MacDonald, 2012).
The IRF is computed by cross-correlating occipital EEG signals recorded from human subjects
watching a dynamic sequence of random (white noise) luminance values with the corresponding
stimulus sequence (fig.1A). It is, therefore, a direct reflection of visual sensory processing. The
existence of significant input-output correlations at lags of nearly 1s is surprising, given the typical
neural time constants (<50ms) and the short-lived nature of visual-evoked responses (<0.5s).
Additionally, a recent study from our group (Lozano-Soldevilla and VanRullen, 2017) showed that
alpha IRF oscillations propagate as a travelling wave across the cortex in an occipital-to-frontal
direction (fig.2A,C). This finding is in line with other recent intracranial studies about alpha-frequency
cortical travelling waves (Bahramisharif et al., 2013; Halgren et al., 2017; Muller et al., 2018; Zhang
et al., 2018). Yet, the mechanisms underlying such oscillations remain debated. Could it be possible
that a common computational principle, predictive coding, gives rise to alpha-band oscillations and
their typical travelling wave dynamics?

Here, we address this question in two steps. First, we demonstrate the presence of similar long-
lasting alpha-band oscillations in the IRF of a simple 2-layers model of visual cortex. Our model does
not explicitly integrate or maintain information over extended periods, but merely tries to predict what
comes next based on what was just there, i.e., predictive coding. The key insight is that typical neural
communication delays between cortical areas can give rise to a reverberation of visual inputs at alpha
frequency, as observed experimentally. Second, we expand our predictive coding model by increasing
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the number of layers to explore the occurrence of alpha band travelling waves in a hierarchical
network. After having observed that this hierarchical model produces 1) feedforward (FW) travelling
waves during sensory processing and 2) backward (BW) travelling waves in the absence of sensory
input, we turned to experimental EEG data to verify these predictions. Remarkably, we found FW
waves in human EEG when participants were attending to visual stimulation, and BW waves when
participants' eyes remained closed, in agreement with our model’s predictions.

Figure 1 — Alpha-band oscillations in human IRF and in a predictive coding model. A) Cross-correlating the white
noise sequence of a stimulus with simultaneously recorded EEG produces an Impulse Response Function (IRF) which
reverberates at 10Hz for several successive cycles (one representative subject shown here, electrode POz). B) A simple
predictive coding model in which layer 2 makes predictions y(t) about the input received by layer 1, and the residual x(t)
(prediction error) is used to update the next prediction. Residual and prediction signals are transmitted to the next or
previous layer (respectively) with a communication delay AT. Such a model, with physiologically plausible parameters,
generates an oscillatory IRF at 10 Hz. C) The oscillatory IRF produced by the model, with communication delay AT=12ms,
and neural membrane time constant t=17ms. D) Systematic exploration of these two parameters suggests that alpha
reverberation is a robust phenomenon (red colors) within a biologically plausible range of values.
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Figure 2 — Alpha-band travelling waves in EEG Impulse Response Functions. A-B) IRF as travelling waves can be
observed over the 7 midline electrodes of the 10-20 system (Oz to Fz; one representative subject). From the 2D-map
obtained by stacking signals from the 7 electrodes, we compute a 2D-FFT and derive a log-ratio between spectral quadrants
that quantifies the direction of the waves. Positive values are associated with feedforward waves (FW), and negative values
with backward ones (BW). C) Backward (red) and feedforward (blue) values (max value in the corresponding quadrant of
the 2D-FFT) computed over 20 subjects. Participants were watching a white noise luminance sequence (see fig. 1A). D)
Log-ratios computed from the values in C. The Bayes Factor (BF) of a one sample t-test against zero confirms the presence
of FW waves.

Results

2-layers model and alpha-band oscillations

In an attempt to explore the emergence of alpha-band IRF oscillations during the visual processing of
white-noise luminance sequences (Fig 1A), we initially implemented a simple 2-layers model. The
model architecture was inspired by the classic predictive coding model of Rao and Ballard (1999),
where each layer attempts to “explain away” (via inhibitory feedback) the activity pattern in the
previous layer, which only communicates the “unpredicted” residual signals (via feedforward
excitation). Since in our case the stimuli are strictly temporal luminance sequences, without any
meaningful spatial arrangement (fig.1A), the original model could be simplified greatly by ignoring
spatial selectivity and considering a single neuron (or a single population of neurons) in each of two
connected layers (corresponding, e.g. to LGN and V1 of the primate brain). The resulting circuit is
illustrated in figure 1B. The specificity of the present approach is to consider the effects of the
communication delay AT between the two layers (assumed here to be symmetric, for simplicity). The
population in layer 1 encodes the residual between the input sequence and the "prediction” received,
with a delay AT, from layer 2. The instantaneous response y(t) of the population in layer 2 is governed
by a differential equation (see Materials and Methods) composed of two terms: the first term
determines the integration of inputs from layer 1, with a delay AT, and the second is a decay term
ensuring that neurons eventually return to their resting state in the absence of inputs. The temporal
dynamics of neuronal integration and decay are governed by two time constants, respectively t and
Tdecay, the latter of which was fixed to tdecay=200ms. We computed the model’s IRF by cross-correlating
each random input luminance sequence input(t) with the corresponding layer 2’s output y(t), and
averaging the result over 200 trials. That is, we assumed here that layer 2’s activity is an approximation
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of the EEG signal (however, similar results with only a phase difference were found using layer 1’s
activity instead). With biologically plausible values for the t and AT parameters (respectively 17ms
and 12ms), the model’s IRF oscillated at a frequency within the alpha-range, thus qualitatively
replicating the experimental observations (fig.1C).

Sensitivity to parameters

We investigated the dependence of IRF oscillations (and of their frequency) on the model’s two free
parameters T and AT. First, we employed numerical simulations, similar to the one described above
(Fig 1C). A fast-Fourier transform (FFT) applied on the simulated IRF was used to measure the peak
oscillatory amplitude and its corresponding frequency. These two measures are color-coded in Figure
1D, displaying the results of a systematic exploration of parameter space. Several combinations of
parameters gave rise to oscillatory IRFs (brighter colors); among these, IRF oscillations in the alpha
(8-13Hz) frequency range were particularly frequent (red colors). In particular, alpha-band IRF
oscillations systematically arose when t and AT lay in their “biologically plausible” range of
respectively 15-25ms (Koch et al., 1996; Miyoshi et al., 2010; Rose, 2005; Zaitsev et al., 2012) and
10-15ms (Bair et al., 2002; Nowak et al., 1997; Shimegi et al., 2014).

Second, we also derived an analytical solution to a simplified version of our differential equation
system (see Material and Methods). The solution revealed that 1) IRF oscillations occur mainly when
the parameter 7 lies slightly above AT (the optimal oscillatory situation corresponding to z ~ 1.27 AT)
and 2) when oscillations occur, the oscillation period equals 8 * AT. In other words, alpha-range
oscillations (8-13Hz) correspond to AT values between 10 and 15ms, and t values around 15-20ms.
Therefore, both of these analytical conclusions directly confirm the results of the numerical
simulations.

Multi-layers model and travelling waves

FW travelling waves during visual processing

After having explored the emergence of alpha oscillations in a simple predictive coding model, we
investigated whether our model could reproduce other features of alpha-band oscillations, such as their
travelling wave dynamics. Consequently, we extended the model to a multi-layers version (fig.3A), in
which tp (decay time constant) remained fixed at 200ms, and AT and t were respectively 12ms and
20ms in all simulations. We chose these values based on the results of the previous parameter space
exploration, considering that these parameters are both biologically plausible, and produced IRF alpha
oscillations in a 2-layers version of the predictive coding model. As previously, the prediction signals
from each layer in our model were treated as the equivalent of EEG signals from distinct electrodes
over the human brain, and we used 7 layers to facilitate comparison with experimental data (fig.2A).
However, qualitatively similar results were obtained using lower or higher electrode numbers. We
created 2D maps by stacking the EEG or IRF signals (x-axis) from the 7 layers (y-axis, see fig. 2B).To
quantify the presence and direction of waves, we then extracted the maximum values in the upper and
lower quadrants of the 2D-FFT of these maps, representing respectively the amount of feedforward
(FW) and backward (BW) signal propagation across layers (fig. 2 A-B). Finally, the log-ratio of these
two values quantified the overall direction of the waves: positive ratios indicate predominantly FW
waves, whereas negative ratios reveal mostly BW waves.

In a first simulation, comparable to the experimental setup described in Figure 1A, we presented the
multi-layer model with white-noise inputs only. As shown in the left column of figure 3B, the model
response to these inputs displayed feedforward alpha-band oscillatory travelling waves, proceeding
from lower to higher layers; this oscillatory propagation was visible both when we applied our wave
quantification method to IRF signals (after cross-correlation with the stimulus sequence), and to the
raw EEG signals. Whereas on the one hand the presence of FW waves in the model’s IRF (figure 3B,
top left panel) was the anticipated model outcome (see Lozano-Soldevilla and VanRullen, 2017 but
also fig.2A), on the other hand the presence of travelling waves in the raw (simulated) EEG signal was
not readily predictable. Nonetheless, we observed a clear FW propagation in the raw EEG signals of
our model, as shown in the bottom-left panel of figure 3B, suggesting that oscillatory travelling waves
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during sensory processing could be directly visible in EEG recordings (without stimulus cross-
correlation). This prediction will be verified in one of the following sections.

BW waves in the absence of inputs

Next, we further expanded the model functionality and introduced an endogenous signal at the last
layer, namely the prior yn+1(t) (fig.3A — where N is the number of layers). This signal is functionally
equivalent to the prediction y.(t) generated by the model at all previous layers 1 to N, but it is assumed
here to arise from higher-level brain regions that are not part of the model, and thus to influence the
activity of the last layer as a top-down prediction. In order to investigate the consequences of this new
‘prior’ signal, we first set the model’s input to zero and the prior as a time-varying white-noise signal,
allowing us to compute a prior-driven IRF at each level. Note that these design choices were only made
to facilitate computations and comparison of input-driven and prior-driven IRFs, and do not reflect
any assumption about the statistical structure of inputs or priors under natural conditions of stimulation
(natural inputs are not random, and typically do not display a flat power spectrum; similarly, top-down
brain signals are unlikely to have white-noise properties). Contrary to the waves’ direction in the
previous simulation, the activity of the prior in the absence of inputs generated an oscillatory backward
alpha-band travelling wave, which propagated from higher to lower electrodes (figure 3B, top right
panel), As previously, we also investigated whether the raw simulated EEG signals would exhibit
similar dynamics: as shown in the lower-right panel of figure 3B, we found that this was indeed the
case, observing EEG travelling waves proceeding from higher to lower layers. All in all, these results
indicate that —at least in the model- EEG recordings are sufficient to identify travelling waves
propagating in both directions.
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Figure 3— Alpha-band traveling waves in a hierarchical predictive coding model. A) Multi-layer version of the model:
the same parameters AT=12ms and 1=20ms are used throughout. The model is fed either a time-varying input (left) or a
time-varying prior signal (right), reflecting top-down expectations computed in other parts of the brain. B) 2D maps with
only input (left column) or prior signals (right column): travelling waves are visible both in the IRF (computed by cross-
correlating prediction signals with input or prior signals, top row) and in the raw prediction signals (considered as a proxy
for the EEG, lower row). All the values have been z-scored layer-wise for visualization purposes only. The numbers in
white show the log-ratio for each simulation: positive or negative numbers reveal respectively FW or BW waves.

In a final simulation, the model was fed with both the input and the prior, as two independent white-
noise signals. In this case, the dynamics induced by the inputs appeared to dominate, which was
mathematically expected given tp >> 1. Consequently, the model revealed predominantly FW waves
in this simulation (see fig.S1 for an overview of all possible scenarios).

All in all, the chief conclusion of these simulations is that hierarchical predictive coding gives rise to
oscillatory travelling waves that can be seen in both the EEG and IRF signals. Sensory inputs generate
FW waves, whereas top-down priors induce BW waves. Although the presence of alpha-frequency
FW waves in the IRF during visual processing had been previously demonstrated (Lozano-Soldevilla
and VanRullen, 2017; see also fig.2A,C), our model makes further predictions that have not been
experimentally validated yet. In the following section, we tested whether these new predictions are
matched by experimental EEG data.
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Travelling waves in human EEG data

Our simulations show that hierarchical predictive coding can produce oscillatory travelling waves
propagating both feedforward and backward. The model predicts that input processing produces
mostly feedforward waves, whereas backward waves are generated by higher-level endogenous
signals, and most visible in the absence of visual inputs. Finally, the model suggests that even though
cross-correlation and IRFs may be helpful to reveal the travelling waves, their dynamics could also be
directly visible in the raw EEG signals. To test these predictions, we turned to real human EEG data
to investigate 1) whether we could observe travelling waves in both IRF and EEG signals, as predicted
by our model, and 2) whether their direction is task-dependent (e.g. visual processing vs. rest).

FW travelling waves during visual processing

Our group recently showed that alpha-band IRFs can be interpreted as FW travelling waves during
visual perception (Lozano-Soldevilla and VVanRullen, 2017). We first confirmed this result by applying
our wave quantification method to a previously collected (Brters and VanRullen, 2017) EEG dataset
(INPUT) composed of 20 participants, who fixated a 6.25 second long white noise sequence of random
luminance values for ~360 trials (fig.1A). For each electrode we considered the cross-correlation
averaged over all trials. We obtained the 2D map and computed the log-ratio, as for the model, over
seven midline electrodes (Oz to Fz — see fig.2A). Then, in order to estimate the proportion of reliable
travelling waves, we computed the null distribution by shuffling the electrodes” order 1000 times for
each subject before re-computing the log-ratios. The difference between the real and the null
distributions provides a statistical estimation of the proportion of reliable FW and BW wave events
over and beyond what might be expected by chance, as captured by our surrogate distribution. In the
INPUT dataset’s IRF, the comparison between the real and null distributions confirmed the presence
of travelling waves (INPUT: Kolmogorov-Smirnov test, D=0.600, p<0.0008, fig.4B). Specifically,
48.6% of IRF data epochs showed evidence for FW waves over and beyond what could be expected
by chance, and only 1.3% suggested BW waves. In addition, the predominance of FW waves was
further confirmed by testing the distribution of mean log-ratios across participants against zero
(BF=32.4, error=1.392e-4% - fig.2D).

Once we confirmed the presence of FW travelling waves in the IRF measurements, we explored in the
same dataset whether we could also demonstrate travelling waves in the raw EEG signals, as suggested
by our model. Although several studies have reported travelling waves using intra-cortical recordings
(Muller et al., 2018), there is so far little evidence from EEG studies (Alexander et al., 2013; Patten et
al., 2012). Here, we applied a sliding window of 1 second (500ms overlap) to the continuous EEG
data, and obtained approximately 4000 epochs per subject. For each epoch, we computed the log-ratio
as for the IRF data, and again compared the real and null distributions. Remarkably, the Kolmogorov-
Smirnov test used to assess a difference between the two distributions revealed the presence of
travelling waves in the EEG data (INPUT: D=0.1584, p<0.0001; fig.4D). Particularly, 16.4% of the
tested 1s EEG epochs showed reliable evidence in favor of FW waves, against only 5.3% of BW
waves. The bias in favor of the FW propagation was confirmed by a Bayesian t-test between FW and
BW waves (BF=134.3, error=1.055e-6%; see also fig.S2A). This result proves that direct EEG
recordings can also reveal the presence of travelling waves, as suggested by the model’s simulations.
Moreover, in line with the results using IRFs, the EEG data confirm that the bottom-up dynamics of
perceptual processing are more strongly associated with FW than BW travelling waves.

BW travelling waves in resting-state EEG data

Our model simulations revealed that predominantly FW waves during stimulus processing are replaced
by BW waves in the absence of stimulus. With the purpose of assessing the presence of BW waves in
human EEG signals, we thus turned to a second dataset (CLOSED EYES) composed of 48 participants,
who underwent a 1-minute recording with closed eyes. As for the previous dataset, we estimated the
real and null log-ratios distributions after having computed the 2D maps for every 1 second time-
window (500 ms overlap), over the same line of 7 central electrodes (Oz to Fz). Eventually we counted
~130 log-ratio values per subject. Notably, also in this dataset the comparison between the two
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distributions unveiled the presence of travelling waves (CLOSED-EYES: D=0.2149, p<0.0001; fig.4D)
revealing, as predicted by our simulations, a preponderance of BW over FW waves (respectively
21.5% and 7.5% of the tested 1s EEG epochs), as confirmed by a Bayesian t-test between FW and BW
waves (BF=74.2, error=2.632e-8%; see also fig.S2A). All in all, this result corroborates the predictions
of our model regarding 1) the possibility to reveal travelling waves from raw EEG signals and 2) the
presence of BW waves in the absence of sensory stimulation.

Human/Model comparisons

For the sake of comparison, we applied the same guantitative analyses to the modelling data as to the
human EEG/IRF, obtaining qualitatively similar results. Notably, in the simulations we were able to
compute an IRF both with the input and with the top-down prior signals (for human experiments, we
only have direct access to the visual input signals, but the internal priors, if any, remain unknown). In
all simulations, significant travelling waves were observed both in IRF data (D=0.9800, p<0.0001,;
fig.4A) as well as in EEG data (D=0.7982, p<0.0001; fig.4C). Similar to the CLOSED-EYES condition
of the human EEG dataset, when only the top-down prior signal was present in the model, we observed
exclusively BW waves: 79.3% of the tested 1s EEG epochs showed evidence for BW waves, and 100%
of the IRF measurements (0% of EEG epochs or IRF measurements suggested FW waves).
Conversely, when only the input was provided to the model, only FW waves were observed, in line
with the results of the INPUT human EEG dataset: 76.8% of EEG epochs and 100% of IRF
measurements revealed FW waves (with 0% of EEG epochs or IRF measurements supporting BW
waves).

Figure 4 — Quantification of traveling waves in human EEG data and in model simulations. A) The first row shows
the real (solid line) and shuffled (dashed line) distributions of log-ratios computed over the IRF obtained during 2 sets of
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simulations, cross-correlating prediction signals (a proxy for the EEG in our model) either with the sensory inputs (first
column), or with the top-down prior signals (second column). The second row shows the difference between the two,
focusing on positive values, i.e. the travelling wave events in the data that occur more often than predicted by the null
distribution. The proportion of significant backward and forward waves are shown in red and blue, respectively. B) Same
as A, but for the IRF computed in the INPUT human-EEG dataset (during human EEG experiments, we only have direct
access to the visual input signals but the top-down priors, if any, remain unknown and cannot be used for cross-correlation).
C,D) Same as A,B), but based on log-ratio values computed directly in 1s EEG epochs, rather than in the IRF (for the
model, we use the prediction signals y; as a proxy for the EEG signals). Experimental human EEG results (B,D) follow the
same qualitative pattern as the simulations (A,C).

Discussion

We presented a novel hypothesis suggesting that the ubiquitous alpha rhythm could reflect, in part, the
computations involved in predictive coding. Long-lasting (~1s) alpha-band oscillatory reverberation
of visual inputs, compatible with experimental observations (VanRullen and Macdonald, 2012), could
be reproduced in a simple model with only short-term dynamics—each neuron only integrates
information over ~20ms (neural time constant 1), and the delays for information transmission (AT) are
also restricted to <20ms. A systematic exploration of parameter space revealed that IRF oscillations in
the alpha (8-12Hz) frequency range systematically arise when t and AT lie in their “biologically
plausible” range. Therefore, we conjecture that it may simply not be possible for a biological brain, in
which communication delays are non-negligible, to implement predictive coding, without also
producing alpha-band reverberations. Moreover, a major characteristic of alpha-band oscillations, i.e.
their propagation through cortex as a travelling wave, could also be explained by a hierarchical multi-
layer version of our predictive coding model. The waves predominantly travelled forward during
stimulus processing, and backward in the absence of inputs. These simulation results were remarkably
matched by our human EEG data analyses (fig.5 provides a summary of the results), and are compatible
with observations from other recent experimental studies (Halgren et al., 2017; Zhang et al., 2018).

Figure 5 — Summary of the results. The tables summarize the results of the data (left) and simulation (right) for each
dataset/condition. In each situation, the average log-ratio is presented numerically as well as color-coded. Red and blue
squares indicate respectively a higher incidence of BW and FW waves. (As explained previously, it is not possible to
compute an IRF in the CLOSED EYES condition).

Generation of alpha (bidirectional interaction)

One of our simulations’ result refers to the generation of oscillations within a predictive coding
framework enforced with temporal delays (Chalk et al., 2016). Specifically, our model posits that the
bi-directional interaction between layers, influenced by communication delays, produces alpha-band
rhythms. Electrophysiological studies have pointed at the origin of the alpha rhythms in the thalamic-
cortical networks (Bollimunta et al., 2011; Steriade, 1997; Suffczynski et al., 2001), particularly
involving the activity of the thalamic reticular nucleus (Lopes da Silva et al., 1980). The results of our
2-layers model (and the systematic exploration of its two free parameters T and AT) may comply with
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this hypothesis, by considering respectively the lower and higher layer of the model as the thalamus
and the primary visual cortex. However, other experimental evidence suggests that part of the alpha
spectral power originates exclusively from cortical dynamics (Halgren et al., 2017; Lopes da Silva et
al., 1980): in particular, pyramidal neurons in infra-granular and supra-granular layers of V2 and V4
have been implicated as alpha pacemakers (Bollimunta et al., 2011). Similarly, other cortical regions
(such as V1 or S1) revealed the presence of alpha current generators, involved in both feedforward and
feedback processes (Haegens et al., 2015, 2011; van Kerkoerle et al., 2014). The notion that alpha
rhythms arise from the interaction of cortical layers is also in line with the results of our model,
considering each of its layers as a different cortical region. Altogether, our model suggests predictive
coding as a common computational framework involved in the generation of alpha oscillations, thus
reconciling several apparently conflicting experimental findings on the origin of alpha.

Types of travelling waves

Much work has been carried out regarding travelling waves, both in humans (mostly but not
exclusively intra-cortical recordings — Muller et al., 2018) and in animals (e.g. turtles: Nenadic et al.,
2003; Prechtl et al., 2000; cats: Roelfsema et al., 1997). Specifically, three different types of dynamic
spatial propagation of brain signals have been characterized in the literature, and indiscriminately
referred to as “travelling waves”. First, scalp ERPs propagating from posterior to anterior regions in
response to stimulus onset have been interpreted as non-periodic travelling waves (Klimesch et al.,
2007). Second, periodic sensory stimulations can produce oscillatory travelling waves that are
confined to the same frequency as the entraining stimulus (Sato et al., 2012): even though they behave
rhythmically, these waves are similar in principle to the first type above, as their oscillatory nature is
not necessarily intrinsic, but directly related to the frequency characteristics of the generating stimulus.
Lastly, truly periodic travelling waves have their own intrinsic frequency (e.g. within the alpha-band
range, Lozano-Soldevilla and VanRullen, 2017), unrelated to the frequency content of the stimulus (if
any). In this study, we investigated this last type of travelling waves, to understand the functional
properties of intrinsically generated alpha-band oscillations.

Generation of travelling waves

Ermentrout and Kleinfeld identified 3 different types of computational mechanisms that could lead to
the generation of electrical travelling waves (Ermentrout and Kleinfeld, 2001). The first mechanism
produces waves by virtue of a single neuronal oscillator, which spreads its rhythmic activity to
neighboring and more distal regions with increasing time delays. In the brain, a potential candidate for
such a role of pacemaker could be the above-mentioned cortical-thalamic circuit (Bollimunta et al.,
2011; Destexhe et al., 1997; Jones, 2001; Muller and Destexhe, 2012). The second mechanism also
suggests that the oscillatory wave originates as a result of a single oscillator, serially linked to other
groups of neurons; however, whereas in the first model the wave’s motion was entirely due to varying
communication delays from one oscillating region to all the others, in the second one the waves
actually need to run through each region serially, with an increasing phase delay determined by the
transmission delay between neighboring regions. Lastly, in the third mechanism each region is
modeled as an independent oscillator with its own frequency and phase. In agreement with the
Kuramoto model (Kuramoto, 1984), in this scenario the wave propagation follows the phase shifts
between each region, which in turn depends on their relative frequencies, travelling from higher to
lower frequencies. Remarkably, despite its numerous assumptions (i.e. weak coupling between
regions, nearly identical oscillatory properties across regions), this last model (Kuramoto, 1984) has
been successfully applied in several computational brain studies (Breakspear et al., 2010; Cumin and
Unsworth, 2007). Although our model does not exactly fit within any of these three categories, it does
share some similarities with the last two. On the one hand, the local interactions between neighboring
regions with a constant communication delay relates to the second approach; on the other hand, the
movement of the travelling wave arises naturally as in the last model from the communication between
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separately oscillating layers. Importantly though, in our model none of the units is an oscillator or
pacemaker per se; oscillations arise from bidirectional communication with temporal delays. This
property marks a decisive difference with all three previous models. Lastly, in our implementation the
wave’s direction does not depend on a gradient of time delays or a gradient of frequencies; instead, the
same model can produce both FW or BW waves depending on the signals provided: FW waves
originate from perceptual inputs, BW waves from top-down activity.

Functional role of travelling waves

The travelling direction of the waves appears important in determining their functional role. In a recent
study (Halgren et al., 2017), intra-cortical recordings from epilepsy patients during quiet wakefulness
revealed alpha-band travelling waves propagating “backward” from higher-order antero-superior
cortex to lower-order occipital poles. Analyzing recordings simultaneously from cortex and the
pulvinar, Halgren and colleagues concluded that alpha-band travelling waves 1) originate in the cortex,
and 2) reflect feedback processing between cortical regions. However, another recent human
intracranial study from Zhang and colleagues (Zhang et al., 2018) reported theta-alpha travelling waves
(2 to 15 Hz) that could propagate “forward”, from posterior to anterior brain regions during the cue
period of a visual memory task. Although these two studies appear contradictory in terms of the
propagation direction, our model can easily reconcile these findings, by positing that alpha-band
travelling waves emerge as a result of layer-by-layer interactions in a hierarchical system, and their
direction is related to their functional role: forward to convey input signals (and the prediction
residuals) during sensory processing and task engagement; backward to convey top-down priors and
expectation signals, most visible during rest and in the absence of inputs.

Speed of travelling waves

The speed of cortical travelling waves appears to depend on several factors, as reflected by the large
range of values reported in the literature (from 0.1 to 10m/s). One important distinction regards
whether the travelling waves are recorded at a macroscopic (i.e. whole-brain) or mesoscopic level (i.e.
within single regions in the cortex) (Muller et al., 2018). In the first case, M-EEG or ECoG recordings
allow to determine their propagation, which supposedly occurs through myelinated axons of white
matter fibers: consequently, their speed spans between 1 to 10 m/s (Muller et al., 2018; Patten et al.,
2012). Conversely, techniques with higher spatial resolution, such as voltage sensitive dye imaging
(Shoham et al., 1999) or multi-electrode arrays (Borroni et al., 1991), grant access to local, slower
travelling waves, whose speed ranges from 0.1 to 0.8 m/s (Muller and Destexhe, 2012; Zhang et al.,
2018), in agreement with the axonal conduction speed of unmyelinated long-range and horizontal
fibers within the cortex (Girard et al., 2001). In addition, another important factor potentially affecting
the measured travelling waves speed is cortical source mixing, which is especially pronounced when
recording from the scalp (i.e. M-EEG): as every recording channel picks up not only local but also
more distal cortical signals, we should expect an apparently faster speed at the scalp level than the true
underlying speed of the travelling wave over the cortex. This could explain why the waves seem to
traverse the 7 layers of our model much more slowly than they go through our 7 scalp-level electrodes
in the human EEG recordings (compare Figure 2A to Figure 3B). In support of this view, we simulated
EEG source mixing in our model to assess the corresponding changes in wave speed, and then
compared the results with real EEG data (see Supplemental Figure S3). By assuming a layer-to-layer
distance of 2cm, roughly equivalent to the distance between neighboring cortical regions, our model
produces travelling waves whose speed falls in the mesoscopic range (~0.6 m/s, see fig.S3),
comparable with experimental cortical recordings (Muller and Destexhe, 2012; Zhang et al., 2018).
However, after remapping the model deep layers to superficial electrodes by means of a weighted
average (thus simulating cortical source mixing, fig.S3, panel B), the speed of the traveling waves
increased, now falling within the range of macroscopic waves (~2.2 m/s). Importantly, this linear
averaging, despite increasing the apparent speed, did not significantly affect the waves’ direction or
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their log-ratios. Furthermore, the speed of the scalp-level travelling waves as simulated by our model
was now comparable with the one observed in our experimental human EEG dataset (~2.2 m/s, see
fig.S3, panel D).

Relation to other predictive coding models

Due to its streamlined architecture, our predictive coding model produces a single oscillation whose
frequency depends on the chosen parameters: typically in the alpha band for biologically plausible
values (Figure 1D). The same alpha oscillation thus carries top-down predictions down the hierarchy,
and bottom-up prediction residuals up the hierarchy, resulting in two alpha travelling waves moving
in opposite directions. As explained above, this is compatible with recent experimental reports of both
feedforward and backward alpha travelling waves in human intracranial studies (Halgren et al., 2017;
Zhang et al., 2018). However, there is also a growing number of studies reporting that faster gamma
oscillations (~30-80Hz) are specifically involved in feed-forward signal transmission, while alpha- and
beta-band (13-30Hz) rhythms convey top-down information ( Bastos et al., 2012; Buffalo et al., 2011,
Michalareas et al., 2016; van Kerkoerle et al., 2014). These dynamics have been appropriately captured
by a more detailed predictive coding model, the “canonical cortical microcircuit” model ( Bastos et
al., 2012; Friston, 2005), which includes different types of excitatory and inhibitory neurons, as well
as detailed laminar circuitry in each brain region. An important next step would thus be to explore the
existence, frequency and direction of travelling waves in a hierarchical version of the canonical
microcircuit model. One can speculate that such a model could account for both the bi-directional
nature of alpha travelling waves across the hierarchy (as observed in our model and in the above-cited
human intracranial studies), and for the prevalence of gamma-band signals in the feed-forward
communication between sending and receiving layers of two consecutive brain regions (as measured
e.g. using Granger causality; Bastos et al., 2012; Michalareas et al., 2016). Finally, future versions of
our model could also expand the number of simulated neurons in each layer, together with a retinotopic
organization and spatially selective receptive fields (as in Rao and Ballard, 1999), in order to process
spatially as well as temporally structured inputs. This should provide a more complete understanding
of predictive coding and oscillatory travelling waves in relation to essential visual functions such as
object recognition or categorization.

Materials and methods

Model and simulations

Predictive coding (Rao and Ballard, 1999) postulates a hierarchical architecture in which higher layers
predict the activity of lower layers, and the residuals (i.e the difference between the prediction and the
actual activity) are carried over to update the next prediction. In our model, illustrated in fig 1B and
3A, the residual is defined as:

XL(t) =y (1) - yo (t-AT) 1)

where L indexes the layers, and AT represents the temporal communication delay between them. For
simplicity, the delay is assumed here to be symmetric in both forward and backward directions, but it
can easily be shown that the oscillatory behavior chiefly depends on the sum of forward and backward
delays (e.g. comparable oscillatory dynamics would be found for symmetric delays with AT=12ms, or
for asymmetric delays with ATforward=16ms and ATpackward=8mSs). For the consistency of notations, we
pose yL-1(t) = INPUT(t) when L=1. The prediction y., as shown in equation 2, is updated based on the
bottom-up residual x._ (with a delay AT), and on the difference between its prediction and the prediction
from the next higher layer, which can be considered as a top-down prior:
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% :%-XL(t-AT) * %-(yul(t-AT)'yL(t)) @

At the last layer, the prior yL+1 can serve to represent a generative endogenous process, arising from
higher-level brain regions that are not part of the model; in our simulations, this top-level prior could
be imposed as a time-varying signal or set to 0 (see fig. 3A). In order to facilitate measurements of
cross-correlations (IRF) with this prior, and comparison with the stimulus-induced IRF, when different
than O we set the time-varying top-level prior to a white-noise signal with statistics similar to (but
independent from) those of the input signals.
Besides AT, two other parameters play a crucial role in the model: t and to which describe the temporal
dynamics (time constants) of neuronal integration and decay, weighting respectively the residual
computed from the lower-layer, and the prediction from the higher layer. Note that when the prior y.+1
is set to 0, the second term in Equation (2) acts as a decay term, which would ensure that the prediction
yL(t) returns to zero in the absence of inputs. For this reason, and to take into account the fact that
higher-level brain signals typically vary slower than low-level input signals (Gauthier et al., 2012;
Kiebel et al., 2008; McKeeff et al., 2007; Murray et al., 2014), we set the time constant tp to a fixed
value of 200ms. In all simulations, equations (1) and (2) were solved numerically with a 1ms time step.
The results of the parameter search in the 2-layers model (fig.1D) were obtained presenting,
for each pair of T and AT, 200 different white noise luminance sequences of 3s. The model’s IRF was
computed by cross-correlating each luminance sequence with layer 2’°s output y(t), and averaging the
results over the 200 trials. Regarding the results of the multilayer model (fig.4 A,C), we investigated
2 possible scenarios, in which either an input or a prior signal was presented to the model for 6s on
each of 200 simulated trials. Consequently, we computed the IRF by cross-correlating each layer’s
output yy (t) with one of the two signals. We then defined 2D-maps (fig.2A-B) stacking up the temporal
signals from all 7 model layers. We thus obtained two 2D-maps, one for each scenario, i.e. IRF with
input or IRF with prior. Moreover, we computed 2 additional 2D-maps considering the raw (simulated)
EEG signals (no cross-correlation) in place of the IRF, separately for each scenario (in this case, the
temporal signals were obtained with a 1s sliding window with 500ms overlap, yielding 11 distinct
analysis windows for each trial). For each of these maps we then computed a log-ratio that quantifies
the presence and the direction of the waves (see below). Log-ratio distributions were obtained pooling
together the results over the 200 simulated trials. We followed the same procedure for the null
distribution, obtained by randomly shuffling the order of the layers before computing the log-ratios.

Analytical solution of the (simplified) model

An analytical solution for our system of delayed differential equations (1) and (2) exists (Kaplan
and Yorke, 1974) for a 2-layer model under two simplifying assumptions: 1) we neglect the second
term of equation (2), given that tpo >> t; 2) the integral over time of the input signal amounts to 0 (e.g.
white noise centered on 0). This leads to the following equation, obtained by merging the simplified
equations (1) and (2):

dy 1
E=—; y(t—ZAT)
If we consider as a general solution the exponential function in (4a), we can compute each side

(respectively 4b and 4c) of the equation in (3) as:

y(©) =e®f
y _ e
E—ae

13

)

(42)
(4b)
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y(t _ ZA) = ¥t~ 22AT

By replacing (4b) and (4c) in (3), we obtain equation (5a), simplified in (5b):

at — _leate—aZAT (5a)

T
—a 2AT (Sb)

ae
—Qat = e

A “pure” oscillatory solution would correspond to a situation where o is an imaginary complex
number, that is, o = 0 + i (where o is the oscillatory frequency). Given (5b), this leads to:

_in:e—inAT (6)

Eventually, applying Euler’s formula, we derive two equations by separately considering the real (7a)
and the imaginary (8a) parts. Since the real part is equal to 0, we obtain

cos(2wAT) =0 (7a)
T
2wAT = E+k7r for keZ (7b)
2T 4KkT
w=ﬁ+mforkez (7c)

whose first oscillatory solution (with lowest frequency) is:

_2m (7d)
© = 8AT

In plain English: if the model solution is oscillatory, it will most likely oscillate with a period around
8AT.

Regarding the imaginary part, we can write:
wT = sin(2wAT) (8a)

which, given Equation (7a), must equal 1 or -1. As both ® and t are positive, we conclude that:

1
“T7 (8b)
Combining (7d) with (8b) provides equations (9a-b)
. 8aT (9a)
2m
T~ 1.2732 AT (90)

In conclusion, oscillatory solutions exist in a region of parameter space (AT, 1) slightly above the
diagonal (t=AT). The period of the oscillation is 8AT, which will lie in the alpha-band (8-13Hz)
whenever AT is between 10 and 15ms. In that case, Equation (9b) suggests that T should be around 13-
20ms. Therefore, the equations theoretically confirm the results of the numerical parameter search (fig.
1D), defining the region of parameter space where solutions oscillate in the alpha band.
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Experimental datasets

Participants

The INPUT dataset was composed of EEG recordings from 20 volunteers (aged 23-39 years old with
a mean age of 28, 10 women, 5 left handed), the CLOSED-EYES dataset from 48 volunteers (aged 20—
43 years old with a mean age of 27.8, 25 women, 7 left handed). All subjects reported normal or
corrected to normal vision and no history of epileptic seizures or photosensitivity. All participants gave
written informed consent before starting the experiment, in accordance with the Declaration of
Helsinki. This study was carried out in accordance with the guidelines for research at the “Centre de
Recherche Cerveau et Cognition” and the protocol was approved by the committee “Comité de
protection des Personnes Sud Méditerranée 1” (ethics approval number N° 2016-A01937-44).

Stimuli and protocols

Results from the INPUT dataset have been published elsewhere (Briers and VanRullen, 2018, 2017),
whereas the second, CLOSED-EYES dataset presents a mixture of published and unpublished data.
Regarding the INPUT dataset, the experiment was composed of two sessions of 8 experimental blocks
of 48 trials each, having a total duration of about 1 hour. Participants viewed 6.25 second long random
(white-noise) luminance sequences presented on a cathode ray monitor, positioned ~57 cm from the
subject, with a refresh rate of 160 Hz and a resolution of 640 x 480 pixels. Each sequence had a flat
power spectrum up to 80 Hz and was designed using MATLAB custom scripts and displayed using
the Psychophysics Toolbox (Brainard, 1997). The stimuli were presented on a black background in a
peripheral disk with a diameter of 7°, whose center was at 7° of eccentricity above the fixation
point. Concerning the CLOSED-EYES dataset, participants were asked to close their eyes for 1 minute
while recording their spontaneous brain activity (this is done routinely in our lab to measure each
participant’s individual alpha frequency). After the recording ended, participants performed other tasks
unreported in this manuscript.

EEG recording and Pre-processing

In both datasets, brain activity was recorded using a 64 channels active BioSemi electro-
encephalography (EEG) system (1,024 Hz digitizing rate, 3 additional ocular electrodes). The
following pre-processing steps were applied to all subjects of the INPUT dataset using the EEGlab
toolbox (Delorme and Makeig, 2004) in Matlab. Once the noisy channels had been rejected and
interpolated (when necessary), the data was offline down-sampled to 160 Hz to match the presentation
rate of luminance stimuli and thus facilitate the cross-correlation of the two signals. A notch filter
[47Hz - 53Hz] was then applied to remove power line artifacts. We applied an average-referencing
and removed slow drifts by applying a high-pass filter (>1 Hz). In the first dataset (i.e. INPUT), data
epochs were created around each white-noise sequence (from —0.25 to 6.5 s) and the baseline activity
was subtracted (i.e., mean activity from —0.25 s to 0 before trial onset). Finally, the data was screened
manually for eye movements, blinks and muscular artifacts and whole epochs were rejected as needed:
on average 20/384 trials were rejected per subject. For the second dataset (CLOSED-EYES),
preprocessing was limited to noisy channels rejection, and a similar filtering process as in the previous
dataset: after a notch filter [47Hz - 53Hz] was applied, a high-pass filter (>1Hz) removed slow drifts.

Log-ratio

We computed log-ratios of each 2D map (fig.2A-B) in order to assess and quantify the presence of
travelling waves in both EEG signals and simulations. In order to create 2D maps of the human EEG
data we considered either the raw EEG signals from 7 midline electrodes (posterior to frontal: Oz,
POz, Pz, CPz, Cz, FCz, Fz), or their cross-correlation with the input sequence (i.e. IRFs). Regarding
the simulations, we utilized either the prediction signals from each layer of the model or their cross-
correlation (IRF) with either the input or the prior signals. Each 2D map for the raw EEG (or its model
equivalent) was computed with a sliding window of 1 second and an overlap of 500ms (x-axis). 2D
maps for IRFs were obtained directly by stacking the 7 IRF time courses (from 7 EEG electrodes or
from 7 model layers), as the support window of the IRF was only 1-s long. The maximum value of the
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upper-left quadrant of the 2D-FFT was extracted to represent the amount of feedforward (FW) signal
propagation across layers/electrodes, whereas the maximum value of the lower-left quadrant revealed
the amount of backward (BW) waves. Finally, we computed the log-ratios by dividing the FW
maximum value by the BW maximum value, and taking the log of the result: positive and negative
ratios revealed respectively FW and BW waves.

Acknowledgments

This work was funded by an ERC Consolidator Grant P-CYCLES number 614244. We are grateful to Sasskia Bruers for
EEG data collection, and to Andreas Herz for pointing out the existence of an analytical solution to the delayed differential
equations, and for helping derive it. Parts of this work were done while RV was visiting the Simons Institute for the Theory
of Computing.

References

Alexander DM, Jurica P, Trengove C, Nikolaev AR, Gepshtein S, Zvyagintsev M, Mathiak K, Schulze-Bonhage A,
Ruescher J, Ball T, van Leeuwen C. 2013. Traveling waves and trial averaging: The nature of single-trial and
averaged brain responses in large-scale cortical signals. Neuroimage 73:95-112.
doi:10.1016/j.neuroimage.2013.01.016

Bahramisharif A, van Gerven MAJ, Aarnoutse EJ, Mercier MR, Schwartz TH, Foxe JJ, Ramsey NF, Jensen O. 2013.
Propagating Neocortical Gamma Bursts Are Coordinated by Traveling Alpha Waves. J Neurosci 33:18849-18854.
doi:10.1523/JNEUROSCI.2455-13.2013

Bair W, Cavanaugh JR, Smith M a, Movshon JA. 2002. The timing of response onset and offset in macaque visual neurons.
J Neurosci 22:3189-205. doi:http://doi.org/20026257

Bastos AM, Usrey WM, Adams R a, Mangun GR, Fries P, Friston KJ. 2012. Canonical microcircuits for predictive coding.
Neuron 76:695-711. doi:10.1016/j.neuron.2012.10.038

Bastos AM, Usrey WM, Adams RA, Mangun GR, Fries P, Friston KJ. 2012. Canonical Microcircuits for Predictive
Coding. Neuron. doi:10.1016/j.neuron.2012.10.038

Bollimunta A, Mo J, Schroeder CE, Ding M. 2011. Neuronal Mechanisms and Attentional Modulation of Corticothalamic
Alpha Oscillations. J Neurosci 31:4935-4943. doi:10.1523/JNEUROSCI.5580-10.2011

Bonnefond M, Jensen O. 2012. Alpha oscillations serve to protect working memory maintenance against anticipated
distracters. Curr Biol 22:1969-1974. doi:10.1016/j.cub.2012.08.029

Borroni A, Chen FM, LeCursi N, Grover LM, Teyler TJ. 1991. An integrated multielectrode electrophysiology system. J
Neurosci Methods 36:177-184. doi:10.1016/0165-0270(91)90043-Y

Brainard DH. 1997. The Psychophysics Toolbox. Spat Vis 10:433-436. doi:10.1163/156856897X00357

Breakspear M, Heitmann S, Daffertshofer A. 2010. Generative Models of Cortical Oscillations: Neurobiological
Implications of the Kuramoto Model. Front Hum Neurosci 4. doi:10.3389/fnhum.2010.00190

Briers S, VanRullen R. 2018. Alpha power modulates perception independently of endogenous factors. Front Neurosci
12. doi:10.3389/fnins.2018.00279

Briers S, VanRullen R. 2017. At What Latency Does the Phase of Brain Oscillations Influence Perception? eneuro
4:ENEURO0.0078-17.2017. doi:10.1523/ENEURO.0078-17.2017

Buffalo EA, Fries P, Landman R, Buschman TJ, Desimone R. 2011. Laminar differences in gamma and alpha coherence
in the ventral stream. Proc Natl Acad Sci 108:11262-11267. doi:10.1073/pnas.1011284108

Chalk M, Gutkin B, Denéve S. 2016. Neural oscillations as a signature of efficient coding in the presence of synaptic
delays. Elife 5. doi:10.7554/eLife.13824

Cumin D, Unsworth CP. 2007. Generalising the Kuramoto model for the study of neuronal synchronisation in the brain.
Phys D Nonlinear Phenom 226:181-196. doi:10.1016/j.physd.2006.12.004

16


https://doi.org/10.1101/464933
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/464933; this version posted November 7, 2018. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Delorme A, Makeig S. 2004. EEGLAB: An open source toolbox for analysis of single-trial EEG dynamics including
independent component analysis. J Neurosci Methods 134:9-21. doi:10.1016/j.jneumeth.2003.10.009

Destexhe A, Contreras D, Destexhe A, Sejnowski TJ, Steriade M. 1997. Spatiotemporal patterns of spindle oscillations in
cortex and thalamus. J Neurosci 17:1179-1196. doi:10.1523/JNEUROSCI.17-03-01179.1997

Ermentrout GB, Kleinfeld D. 2001. Traveling electrical waves in cortex: Insights from phase dynamics and speculation on
a computational role. Neuron. doi:10.1016/S0896-6273(01)00178-7

Friston K. 2005. A theory of cortical responses. Philos Trans R Soc B Biol Sci 360:815-836. doi:10.1098/rsth.2005.1622

Gauthier B, Eger E, Hesselmann G, Giraud A-L, Kleinschmidt A. 2012. Temporal Tuning Properties along the Human
Ventral Visual Stream. J Neurosci 32:14433-14441. doi:10.1523/JNEUROSCI.2467-12.2012

Girard P, Hupe JM, Bullier J. 2001. Feedforward and feedback connections between areas V1 and V2 of the monkey have
similar rapid conduction velocities. J Neurophysiol 85:1328-31. doi:10.1152/jn.2001.85.3.1328

Haegens S, Barczak A, Musacchia G, Lipton ML, Mehta AD, Lakatos P, Schroeder CE. 2015. Laminar Profile and
Physiology of the Rhythm in Primary Visual, Auditory, and Somatosensory Regions of Neocortex. J Neurosci
35:14341-14352. doi:10.1523/JNEUROSCI.0600-15.2015

Haegens S, Nacher V, Luna R, Romo R, Jensen O. 2011. a-Oscillations in the monkey sensorimotor network influence
discrimination performance by rhythmical inhibition of neuronal spiking. Proc Natl Acad Sci 108:19377-19382.
d0i:10.1073/pnas.1117190108

Halgren M, Devinsky O, Doyle WK, Bastuji H, Rey M, Mak-McCully R, Chauvel P, Ulbert I, Fabo D, Wittner L, Heit G,
Eskandar E, Mandell A, Cash SS. 2017. The Generation and Propagation of the Human Alpha Rhythm. bioRxiv
202564. doi:10.1101/202564

Jensen O, Mazaheri A. 2010. Shaping Functional Architecture by Oscillatory Alpha Activity: Gating by Inhibition. Front
Hum Neurosci 4. doi:10.3389/fnhum.2010.00186

Jones EG. 2001. The thalamic matrix and thalamocortical synchrony. Trends Neurosci. doi:10.1016/S0166-
2236(00)01922-6

Kaplan JL, Yorke JA. 1974. Ordinary differential equations which yield periodic solutions of differential delay equations.
J Math Anal Appl 48:317-324. doi:10.1016/0022-247X(74)90162-0

Kiebel SJ, Daunizeau J, Friston KJ. 2008. A hierarchy of time-scales and the brain. PLoS Comput Biol 4.
doi:10.1371/journal.pcbi.1000209

Kizuk SAD, Mathewson KE. 2017. Power and phase of alpha oscillations reveal an interaction between spatial and
temporal visual attention. J Cogn Neurosci 29:480—494. doi:10.1162/jocn_a_01058

Klimesch W, Doppelmayr M, Russegger H, Pachinger T, Schwaiger J. 1998. Induced alpha band power changes in the
human EEG and attention. Neurosci Lett 244:73-76. doi:10.1016/S0304-3940(98)00122-0

Klimesch W, Sauseng P, HansImayr S. 2007. EEG alpha oscillations: The inhibition-timing hypothesis. Brain Res Rev.
doi:10.1016/j.brainresrev.2006.06.003

Koch C, Rapp M, Segev 1. 1996. A brief history of time (constants). Cereb Cortex 6:93-101. doi:8670642

Kuramoto Y. 1984. Chemical Oscillations, Waves, and Turbulence, Springer-V. ed. New York, New York, USA: Springer,
Berlin, Heidelberg. doi:https://doi.org/10.1007/978-3-642-69689-3

Lopes da Silva FH, Vos JE, Mooibroek J, van Rotterdam A. 1980. Relative contributions of intracortical and thalamo-
cortical processes in the generation of alpha rhythms, revealed by partial coherence analysis. Electroencephalogr
Clin Neurophysiol 50:449-456. doi:10.1016/0013-4694(80)90011-5

Lozano-Soldevilla D, VanRullen R. 2017. The hidden spatial dimension of alpha: 10 Hz perceptual echoes propagate as
periodic travelling waves in the human brain. bioRxiv 1-28. doi:10.1101/190595

McKeeff TJ, Remus D a, Tong F. 2007. Temporal limitations in object processing across the human ventral visual pathway.
J Neurophysiol 98:382-393. doi:10.1152/jn.00568.2006

17


https://doi.org/10.1101/464933
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/464933; this version posted November 7, 2018. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Michalareas G, Vezoli J, van Pelt S, Schoffelen JM, Kennedy H, Fries P. 2016. Alpha-Beta and Gamma Rhythms Subserve
Feedback and Feedforward Influences among Human Visual Cortical Areas. Neuron 89:384-397.
doi:10.1016/j.neuron.2015.12.018

Miyoshi G, Hjerling-Leffler J, Karayannis T, Sousa VH, Butt SJB, Battiste J, Johnson JE, Machold RP, Fishell G. 2010.
Genetic Fate Mapping Reveals That the Caudal Ganglionic Eminence Produces a Large and Diverse Population of
Superficial Cortical Interneurons. J Neurosci 30:1582-1594. doi:10.1523/JNEUROSCI.4515-09.2010

Muller L, Chavane F, Reynolds J, Sejnowski TJ. 2018. Cortical travelling waves: Mechanisms and computational
principles. Nat Rev Neurosci. doi:10.1038/nrn.2018.20

Muller L, Destexhe A. 2012. Propagating waves in thalamus, cortex and the thalamocortical system: Experiments and
models. J Physiol Paris. doi:10.1016/j.jphysparis.2012.06.005

Murray JD, Bernacchia A, Freedman DJ, Romo R, Wallis JD, Cai X, Padoa-Schioppa C, Pasternak T, Seo H, Lee D, Wang
XJ. 2014. A hierarchy of intrinsic timescales across primate cortex. Nat Neurosci 17:1661-1663.
doi:10.1038/nn.3862

Nenadic Z, Ghosh BK, Ulinski P. 2003. Propagating waves in visual cortex: A large-scale model of turtle visual cortex. J
Comput Neurosci 14:161-184. doi:10.1023/A:1021954701494

Nowak LG, Sanchez-Vives M V., McCormick DA. 1997. Influence of low and high frequency inputs on spike timing in
visual cortical neurons. Cereb Cortex 7:487-501. doi:10.1093/cercor/7.6.487

Patten TM, Rennie CJ, Robinson PA, Gong P. 2012. Human cortical traveling waves: Dynamical properties and
correlations with responses. PLoS One 7. doi:10.1371/journal.pone.0038392

Prechtl JC, Bullock TH, Kleinfeld D. 2000. Direct evidence for local oscillatory current sources and intracortical phase
gradients in turtle visual cortex. Proc Natl Acad Sci 97:877-882. doi:10.1073/pnas.97.2.877

Rao R, Ballard D. 1999. Predictive coding in the visual cortex: A functional interpretation of some extra-classical receptive-
field effects. Nat Neurosci 2:79-87. doi:10.1038/4580

Roelfsema PR, Engel AK, Konig P, Singer W. 1997. Visuomotor integration is associated with zero time-lag
synchronization among cortical areas. Nature 385:157-161. doi:10.1038/385157a0

Rose HJ. 2005. Auditory Thalamocortical Transmission Is Reliable and Temporally Precise. J Neurophysiol 94:2019—
2030. doi:10.1152/jn.00860.2004

Sadaghiani S, Kleinschmidt A. 2016. Brain Networks and Alpha-Oscillations: Structural and Functional Foundations of
Cognitive Control. Trends Cogn Sci 20:805-817. doi:10.1016/j.tics.2016.09.004

Sato TK, Nauhaus I, Carandini M. 2012. Traveling Waves in Visual Cortex. Neuron. doi:10.1016/j.neuron.2012.06.029

Shimegi S, Ishikawa A, Kida H, Sakamoto H, Hara S -i., Sato H. 2014. Spatiotemporal characteristics of surround
suppression in primary visual cortex and lateral geniculate nucleus of the cat. J Neurophysiol 112:603-619.
d0i:10.1152/jn.00221.2012

Shoham D, Glaser DE, Arieli A, Hildesheim R, Grinvald A. 1999. Imaging Cortical Dynamics at High Neurotechnique
Spatial and Temporal Resolution with Novel Blue Voltage-Sensitive Dyes. Neuron 24:791-802.

Steriade M. 1997. Synchronized activities of coupled oscillators in the cerebral cortex and thalamus at different levels of
vigilance. Cereb Cortex 7:583-588. doi:10.1093/cercor/7.6.583

Suffczynski P, Kalitzin S, Pfurtscheller G, Lopes Da Silva FH. 2001. Computational model of thalamo-cortical networks:
Dynamical control of alpha rhythms in relation to focal attentionInternational Journal of Psychophysiology. pp. 25—
40. doi:10.1016/S0167-8760(01)00177-5

Valera FJ, Toro A, Roy John E, Schwartz EL. 1981. Perceptual framing and cortical alpha rhythm. Neuropsychologia
19:675-686. doi:10.1016/0028-3932(81)90005-1

van Kerkoerle T, Self MW, Dagnino B, Gariel-Mathis M-A, Poort J, van der Togt C, Roelfsema PR. 2014. Alpha and
gamma oscillations characterize feedback and feedforward processing in monkey visual cortex. Proc Natl Acad Sci
111:14332-14341. d0i:10.1073/pnas.1402773111

18


https://doi.org/10.1101/464933
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/464933; this version posted November 7, 2018. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

VanRullen R. 2016. Perceptual Cycles. Trends Cogn Sci. doi:10.1016/j.tics.2016.07.006

Vanrullen R, MacDonald JSP. 2012. Perceptual echoes at 10 Hz in the human brain. Curr Biol 22:995-999.
doi:10.1016/j.cub.2012.03.050

Zaitsev A V., Povysheva N V., Gonzalez-Burgos G, Lewis DA. 2012. Electrophysiological classes of layer 2/3 pyramidal
cells in monkey prefrontal cortex. J Neurophysiol 108:595-609. doi:10.1016/j.arthro.2003.09.034

Zhang H, Watrous AJ, Patel A, Jacobs J. 2018. Theta and Alpha Oscillations Are Traveling Waves in the Human
Neocortex. Neuron. doi:10.1016/j.neuron.2018.05.019

19


https://doi.org/10.1101/464933
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/464933; this version posted November 7, 2018. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Supplementary figures

Figure S1 — Overview of 2D maps from all the simulations and experimental data. A) The picture reports all the
possible simulation scenarios. The left column shows the 2D maps of the IRF, whereas the right one the 2D maps of the
EEG (i.e. the prediction signals from each model layer). Each row shows the results of a different simulation, with either
the input signal (first row), the top-down prior signal (last row), or both together (middle panels; although there is only one
EEG signal in this situation, it can be cross-correlated with either the input or the prior signals, hence the two panels in the
left column). B) The first row shows IRF (left) and EEG (right) 2D maps from one representative participant in the INPUT
dataset. The second row shows another representative participant in the CLOSED-EYES dataset; only the EEG map is
displayed, since we do not have access to either external input signals or internal top-down priors to cross-correlate with
the EEG and derive an IRF.
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Figure S2 — Direction of traveling waves in human EEG data. The first 2 panels show the proportion of backward (BW,
in red) and forward (FW, in blue) travelling waves respectively in the INPUT and CLOSED-EYES dataset for each
participant, as computed in figure 4D. Each value represents the percentage of waves that occur above chance level, when
compared to the null distribution (see figure 4 and Material and Methods for details). In the INPUT dataset most participants
have a larger number of FW waves than BW, whereas the CLOSED-EYES dataset reveals an opposite trend. The mean
+/- SE log-ratios of both datasets result corroborated this result, as shown in the right panel.

Figure S3 — Speed of travelling waves. A) Instead of assuming that distinct model layers correspond to distinct scalp-
level electrodes, each layer of the model can be interpreted as a cortical brain region, and consequently each prediction
sequence as a cortical recording. Under these assumptions, the speed of the travelling wave, computed assuming a distance
of ~2cm between neighboring cortical regions, is ~0.6m/s (model EEG in the picture, but similar results are obtained with
IRF data). B) Applying a moving linear weighted average for every layer at each time point (the red box highlights an
example) determines a transformation in which each new layer (i.e. electrode) is influenced by neighboring layers, in the
same way as superficial EEG electrodes are presumably affected by multiple deep cortical sources. In this transformation,
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the contribution of each layer is weighted based on its distance to the electrode. The contribution of the k™ layer for the k™"
electrode is equal to 1, and it decreases progressively with distance to 0.8, 0.6 and 0.4 (respectively for layers k+1, k+2 and
k+3). The contribution of layers further away was set to 0. C) The transformed map reveals a travelling wave whose speed
is faster, and more compatible with EEG recordings. Importantly, the wave direction and the log ratios are not significantly
influenced by such transformation. D) The travelling wave speed of the model before (blue and violet) and after (green and
cyan) the transformation, compared to the speed of all the significant waves in our experimental datasets (i.e. epochs whose
log-ratio was above chance level, as estimated by the surrogate distributions). We estimated an average electrode-to-
electrode distance of ~4cm for the real data and the superficial model simulations, and a layer-to-layer distance of ~2cm
for the deep model.
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