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Abstract 

Brain activity is intrinsically organised into spatiotemporal patterns, but it is still not clear whether the 

intrinsic dynamical patterns are functional or epiphenomenal. Using a simultaneous fMRI-EEG 

implementation of a well-known bi-stable visual task, we showed that the latent transient states (~100-

ms) in the intrinsic EEG oscillations can predict the upcoming involuntarily perceptual transitions. The 

critical state predicting a dominant perceptual transition was characterised by the phase coupling 

between the precuneus (PCU), a key node of the Default Mode Network (DMN), and the primary visual 

cortex (V1). The interaction between the lifetime of this state and the PCU->V1 causal effect is correlated 

with the rate of perceptual fluctuation. Our study suggests that the brain’s endogenous dynamics are 

phenomenologically relevant, as they can trigger a diversion between potential visual processing 

pathways, while external stimuli remain the same. In this sense, the intrinsic DMN dynamics pre-empt 

the content of consciousness. 
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Introduction 

Being aware is believed to be a globally “illuminated” inner state when locally encoded information 

gets propagated through downstream pathways and becomes accessible to other processing streams in 

the brain (1). However, the mechanism of the propagation process is largely unknown. Recent 

theoretical developments in brain dynamics suggest that the spontaneous information propagation may 

be empowered by the intrinsic ignition of neural activity (2). Empirically, intrinsic brain activity has 

been extensively studied during resting state when no external stimuli are presented to participants. At 

rest, neural activity from certain distant regions is correlated forming what are known as large-scale 

networks (3). We know that external perturbations can interrupt or bias the global cascades of 

information propagation (e.g. visual masking and priming). One untested hypothesis is that this process 

can also be influenced by intrinsic perturbations that originate from “background” dynamics of large-

scale brain networks (2). To test this hypothesis, we used a simultaneous fMRI-EEG implementation 

of the well-known Binocular rivalry (BR) paradigm to investigate whether and how intrinsic brain 

activity of a large-scale brain network influences the involuntary perceptual fluctuations during bi-

stable visual awareness. 

BR is a robust visual phenomenon where the participant perceives continuously alternating 

images even though the visual stimuli presented to the viewer, remain the same. To successfully trigger 

this phenomenon, dissimilar images need to be presented to the two eyes (one eye’s view is blocked 

from the other); and to ensure balanced representations of the two images (or “percepts” as we shall 

call them in this paper), the two images should be distinguishable but of comparable cognitive load. 

Behavioural studies have established that the alternation of the two percepts is stochastic and beyond 

the participant’s volitional control, but it is not random: duration of each percept follows a log-normal 

probability distribution (4) and on average differs notably from person to person (5). BR has been a 

popular paradigm for researchers aiming to study visual awareness as well as the neural correlates of 

consciousness (NCCs) (6–8). The classical model for explaining this phenomenon is called the 

(general) mutual inhibition model (MIM), which takes the form of a non-linear dynamic system (9). 

Although the model can have many variations in terms of the configurations of the local neural circuitry 

for inducing the counterbalancing mutual inhibition (9), it generally requires mutually inhibitory 

neurons encoding the representations of the two images (which exist as attractors in the model), and 
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possible sources of perturbations, i.e., global and/or local adaptation of the neuronal populations as well 

as neuronal noise (10–13). A dominant percept during BR can be considered as a stable 

state/equilibrium achieved by the neuronal activity settling in one of the two possible attractors (13), 

while the state can escape from the current attractor under the influence of noise or habituation 

processes (such as spike frequency adaptation and synaptic fatigue) (9, 11, 13). The MIM has been 

successful in fitting behavioural data measured during experiments, but empirical neural evidence to 

support the model is still lacking (14). In fact, this explanatory framework only focuses on the 

dynamics of the local neural circuitry, but totally ignores the background neural dynamics. However, 

the intrinsic dynamics of brain networks may have a lot of interactions with, and by which modulate, 

the activity of the local sensory region (1, 15). 

Intrinsic brain activity is not random, instead, it is spatiotemporally organised into specific 

reproducible states (16–19). Although the spatial patterns of large-scale networks are mostly derived 

from unconstrained resting state, they can be identified across different tasks as well, possibly serving 

as a scaffold for various brain processes (3, 20). One of the large-scale networks that has achieved a 

prominent position in recent literature is the default mode network (DMN) (21). The DMN 

encompasses a wide range of associative regions across the prefrontal, temporal and parietal lobes, and 

consumes a major part of the brain’s energy budget (22). A functional gradient analysis suggested that 

the DMN is situated at the top of the brain’s information processing hierarchy, where multi-modal 

sensory information is integrated and highly abstract information (such as a concept of “self”) is 

formed (23). Dynamic neural state studies using Hidden Markov models have shown that DMN 

activity dominates the latent brain states which are characterised by the synchronisation of high-order 

cognitive networks; where latent states are defined as recurring transient states that are assumed to 

drive the observed global neural dynamics (16, 19). Using control theory, it was also suggested that 

the DMN regions have the highest capability of steering the whole brain from one state to another, 

given the structural architecture of the brain (24). 

Clinical studies have already highlighted the significance of the DMN in consciousness (25–

27), but little work has been done to investigate the role of the DMN in visual awareness, even though 

the bi-stable visual phenomenon is a classic experimental paradigm for investigating the NCCs (6–8). 

There has been some suggestion in the literature that the DMN may play a role in BR. In many 

fMRI/EEG studies utilising the BR paradigm, frontal and parietal regions have been reported to be 
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engaged (28–31), some of which may overlap with DMN subregions, especially in the parietal cortex 

where high-level cognitive networks mostly converge (32). A hypothesis of the DMN’s involvement in the 

BR task seems to be contradictory to its frequently attributed role of “task-negative”, a characterisation 

that originated from its discovery where its activity at rest was found to be higher compared to a 

cognitively demanding task conditions (22). However, the perceptual experience during BR is no more 

cognitively demanding than the control condition which is usually a normal viewing condition. In 

addition, there has been substantial evidence showing DMN engagement in tasks, suggesting that 

contribution to cognitive function from areas that make up the DMN is still not well understood (33–

35). Therefore, here we aim to confirm the DMN’s involvement during BR before answering how it 

exerts an influence; this constitutes the first part of the study. In fact, a recent fMRI study using 

ambiguous images as stimuli to study pattern disambiguation has established a role for the DMN in 

prior-guided visual perception (36), which suggests that the DMN is involved in the online modulation 

of visual processing and its function may perhaps be associated with perceptual disambiguation. 

 Given the DMN’s role in global cortical dynamics and conscious representation, we 

hypothesised that the intrinsic DMN dynamics may have some influence on the involuntary perceptual 

fluctuations during BR, possibly by causing perturbation to the equilibrium of the current dominant 

percept. 

Results 

Behavioural analyses 

For maximally eliciting BR perception, the experiment used stimuli of rotating green and red 

checkerboard images, which were presented to each eye simultaneously with the order counter- 

balanced across individuals. In a perceptually matched Replay (RPL) condition where no BR is elicited, 

the same rotating images of the red or green checkerboard were presented to both eyes at the same 

time, but they alternated in time (Fig. 1a, d). Participants were asked to instantaneously report their 

percept by using three different buttons, respectively for the (dominant) red or green percept, and the 

mixed percept i.e. a transitional phase between the red and green percept. Therefore, this paradigm had 

a 2×2 factorial design of dominant and mixed perception types for the BR and RPL conditions. 
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          Individual difference of the percept duration during BR was significant (Fig. 1b) (reduced- 

RSS=1490, p = 0.00 by a χ2 test; we also adopted the Akaike Information Criterion/AIC for statistical 

inference, which was decreased by 1057.5, suggesting stronger model evidence for a model considering 

individual differences compared to the one without it). The duration of (dominant/mixed) percept 

formed a heavy-tailed distribution (skewness=1.29, kurtosis=2.89 for dominant percept; 3.15 and 17.82 

for mixed percept), and the dominant percept (median=2.22 seconds for the red and 2.04 for the green) 

was significantly longer (decreased AIC/dAIC = 7985) than the mixed percept (median=0.33) (Fig. 1c). 

Although stimulus colour seemed to be able to slightly influence perceptual duration according to the 

statistics, we do not explore this effect further and refer to the stable perception for both colours as the 

dominant percept. In fact, a subsequent fMRI contrast did not reveal significant activation difference 

between red and green percept.
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Fig. 1. Experimental design with 2-by-2 conditions of different percepts and ways of percept 

generation (a) Experimental schema adapted from the original study (37) from which the data was shared. 

During the binocular rivalry (BR) blocks (left), the participants were presented with different images, each 

for one eye, in the centre of the visual field. During the replay (RPL) blocks (right), the participants were 

presented with the same image for both eyes, but this image alternates over time between red, green via a 

short superimposition, in order to simulate the experience in the BR condition. Both conditions can generate 

alternating percept of the dominant (red or green) and the transitional mixed images, however the perceptual 

alternation was generated endogenously in the BR condition while it was exogenously elicited in the RPL 

condition. (b) Individual difference in percept duration (s) for different percept types in the BR condition. 

a

b

c d

Binocular Rivalry (BR) condition Replay (RPL) condition

Left Eye Left Eye

Right Eye Right Eye

PerceptPercept

BR condition

BR condition
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(c) Distributions of percept duration in the BR condition. (d) Percept duration for different percepts in the 

RPL and BR condition. 

 

FMRI activation study 

In agreement with the previous literature (30, 31), we found significantly activated regions in the 

cuneus, the intraparietal sulcus/inferior parietal lobule (BA40), angular gyrus (BA39) and inferior 

frontal gyrus (BA47), for the contrast of BR (dominant) > RPL (dominant). We also replicated the 

finding of the deactivation in the posterior (mid-) cingulate cortex (BA31) upon a report of mixed 

percept during BR, which was referred to as “perceptual transition” in the original paper where the 

data was shared from (37). As suggested by the meta-analysis driven BrainMap network atlases, a 

large portion of the significantly activated regions over- lapped with the DMN, supporting our 

hypothesis about the DMN’s involvement in the task (see a full report of significant clusters in the 

Supplementary Materials). Here we highlight an F- contrast for the 2-by-2 interaction effect: 2 

perception types (dominant vs. mixed) × 2 ways of perception generation (BR vs. RPL), which 

revealed the DMN and visual cortex having the most variable activation patterns among the four 

conditions (Fig. 2). Our subsequent dynamic analysis will mostly focus on these regions. 

 



8 
 

 

Fig. 2. ICN affiliation of the fMRI activated regions as revealed by the interaction effect. The interaction 

analysis reveals the regions whose activity is most sensitive to the four conditions, i.e. the regions mostly 

engaged by the experiment paradigm. The brain activation maps indicate the significant regions that showed 

an interaction effect among the 4 conditions, passing the cluster-level threshold of 0.05 (family-wise error 

corrected/FWE-corr) upon an F test (two-tailed). ICN involvement is a measure of correspondence between 

an activation map and large-scale networks with well-established cognitive function. The spatial 

correspondence is supported by the BrainMap meta-analysis database (38). 

 

EEG evoked responses and source reconstruction 

The EEG recording with its excellent temporal resolution gave us the opportunity to better locate the 

neuronal cause of a perceptual change by looking into a short time interval right before the perceptual 

change. Permutation cluster tests on the Global Field Power (GFP) of the perceptual conditions revealed that the 

most eventful epoch was between [-400 -200] ms, which was when the EEG sensor voltages differed the most 

between the endogenously (BR) and exogenously (RPL) generated dominant percept (permutation 

cluster test on the time-window [-500, 0] ms, p<0.05) (Fig. 3a).  We observed no significant difference 

for mixed percept between the BR and RPL conditions during the same temporal window (Fig. 3b). 

Further 2-way ANOVA analysis in this time-window revealed a significant main effect of the source 

of perceptual transitions (F(1, 19) = 4.70, p = 0.04), but no significant main effect of perceptual types 

Right-lateralized FPCN
BM15: Right-lateralized fronto-parietal regions

Left-lateralized FPCN
BM18: Left-lateralized fronto-parietal regions

Task-associated networks
BM6: Superior and middle frontal gyri; Sensorimotor
BM7: Middle frontal gyri and superior parietal lobules; Auditory

BM8: Ventral precentral gyri, central sulci, postcentral gyri, superior and inferior 
cerebellum; Executive control

BM9: Superior parietal lobule; Frontoparietal (perception-somesthesis-pain)

ICN involvement for the fMRI activation Colour scheme & descriptions of the (ICN-)BM atlases:

Visual Network
BM10: Middle and inferior temporal gyri; Frontoparietal (cognition-language)
BM11: Lateral posterior occipital cortex

BM12: Medial posterior occipital cortex

DMN
BM13: Medial prefrontal and posterior cingulate/precuneus areas, DMN

Emotion & interoceptive networks/DMN
BM1: Limbic and medial-temporal areas; Visual – medial
BM2: Subgenual ACC and OFC; Visual – occipital pole

BM3: Bilateral BG and thalamus; Visual – lateral

BM4: Bilateral anterior insula/frontal opercula and anterior cingulate gyrus
BM5: Midbrain; Cerebellum
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(mixed or dominant) was found (F(1, 19) = 0.29; p = 0.59). Although there was a noticeable trend of 

interaction effect between the source of perceptual transitions and the perceptual type, the test was not 

significant (F(1, 19) = 2.63; p = 0.12) (Fig. 3c). The event-related potential (ERP) topographies during 

the [-400 -200] ms time window for the dominant percept in both conditions are shown in the Fig. 3d. 

To discover the brain location of the signals that generated this scalp topological difference, we 

then conducted source reconstruction for the ERPs during this time window. The source reconstruction 

indicated that the topology was driven by a deactivation in the posterior cingulate cortex (PCC; 

BA23/24), precuneus (PCU; BA31/7m), thalamus, insula, caudate, claustrum and the fusiform gyrus 

(BA20) during BR (dominant) vs. RPL (dominant) condition (full results presented in the 

Supplementary Materials). An F contrast during this time window for the interaction effect of the 4 

conditions revealed the following regions: insula (BA 13), postcentral gyrus (BA 43), thalamus, 

parahippocampal gyrus (BA 34), PCC (BA30), inferior frontal gyrus (BA 47) and anterior cingulate 

cortex (ACC) (Fig. 3e). See supplementary materials for a full report of significant regions, including 

relevant statistics and the results for other contrasts, which were classified into finer grained frequency 

bands and time windows. 
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Fig. 3. Event-Related Potentials for different perceptual conditions. (a) Event-Related Potentials for 

different perceptual conditions at the sensor level. The global field power (GFP) in the replay condition was 

significantly higher than that in BR condition from 400-200 ms before the report (at the 0 s) of change in 

percept (black line: p < 0.05 significant clusters, 1-sample permutation cluster t-test). (b) No significant 

difference in the overall GFP during mixed percept between the BR and RPL conditions. (c) GFP difference 

across sources of perceptual transitions and types of percept. There was a significant main effect of the source 

of perceptual transitions (BR/RPL) (2-way ANOVA, p <0.05). (d) ERP topographies for dominant percept 

in both of the BR and RPL conditions, and the contrast between them. (e) The localisation of (relative) 

evoked responses at the source level, contrasted between BR (dominant) and RPL (dominant) conditions, 

and for the interaction effect of the two variables. 

  

      The EEG evoked response and the BOLD response for the interaction effect with the experimental 

conditions largely overlap in the ACC, PCC, inferior frontal gyrus and the precentral gyrus. However, 

cuneus (BA18), extrastriate cortex (BA19) and posterior parietal cortices (PPC; BA39/40) only showed 

an interaction effect in the BOLD response but not in the EEG evoked response. This might be due to 

the fact that the EEG evoked response captured the moment before the participant’s explicit response 

for a perceptual change, while the fMRI activation should be mainly driven by the effect after the 

perceptual change. During the pre-response window for an immediate perceptual change, the visual 
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percept might not have actually changed, so no significant cross-condition difference in the EEG evoked 

response was found in the visual areas, nor should there be a change of attention level (as indicated by 

the PPC BOLD activity) yet in this time. But an elevated level of attention could be caused by a change 

of perception by the time the participants already reported a perceptual change, and this might be what 

the fMRI activation in the occipital and posterior parietal cortices represented. 

 

Hidden neural states within DMN can predict upcoming perceptual transitions 

The previous evoked-response analysis showed that the biggest difference between BR and RPL 

conditions happened right before (∼1 second) perceptual transitions. However, the evoked response of 

the GFP is a crude measure as it is a grand average across all trials and all channels. To uncover the 

dynamic patterns embedded in the EEG signals on a trial-by-trial basis, we adopted the embedded-lag 

HMM method (https://github.com/OHBA-analysis/HMM-MAR) which takes advantage of the 

excellent temporal resolution and rich spectral profiles of the EEG data. If the intrinsic fluctuation of 

the DMN regional activity influences the perceptual transitions during BR, we should expect to find a 

correspondence between the temporal dynamics of DMN regions and the upcoming perceptual 

transitions. To increase the sensitivity of the method as well as to avoid overfitting, we constrained 

our regions of interest to those which were shown to be significantly engaged in the experiment by the 

source-level evoked EEG activation contrasts between experimental conditions. These regions were 

DMN key regions, including bilateral parahippocampal gyri (HP), bilateral inferior parietal lobules 

(IPL), ACC, PCC, PCU, and the primary visual cortex (V1) (a full list of the regional coordinates 

where the signals were extracted is presented in the Supplementary Table 1). We targeted our dynamic 

analyses at the temporal window of the second (with 0.1-s post-response padding) before every 

perceptual transition as a trade-off between having enough sample points and having enough 

specificity for the targeted events. 

We set the HMM algorithm to extract 4 states from the data, which are the concatenated regional 

signals of all trials from all conditions and subjects (Fig. 4). We chose 4 states because firstly we were 

interested in the differences of the neural activity among the four experimental conditions, supposing 

that the differences can be captured by the most salient four components in the variance of the data; 
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and secondly, 4 components have often been chosen for discovering the EEG microstates in existing 

literature (39), and were shown to have correspondence with the ICN dynamics measured from the 

BOLD signals (40). These data-driven states were then examined and compared between the four 

experiment conditions. The resulting auto-covariance patterns of the 4 states are presented in the 

supplementary materials (sFig. 5). All of the comparisons were carried out within subjects and the 

difference was then grouped together for the population-level inference. 
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Fig. 4. Schematic illustration of the procedures for HMM. The one-second EEG epochs/trials were taken 

right before every perceptual change (“dominant” in red or green, “mixed” in black). To ensure experimental 

sensitivity, we select our regions of interest (ROI) from the significant results of the sensor-level evoked 

response in our previous analyses. Also because of our theoretical interest, we further constrained our 

selection of ROIs by choosing only the V1 and DMN regions to construct the HMM. Across all the experimental 

conditions, signals from significant peak voxels within the same ROIs were averaged for being used as the 

regional signal. The anatomical labels for the peak coordinates were identified with the Talairach Atlas 

(http://www.talairach.org/daemon.html), upon a conversion to the Talairach space. Full lists of the peak 

voxel coordinates used for this purpose are presented in the supplementary material. 

We firstly compared the states’ dynamics features, such as the switching rate (SR), i.e. the rate 

of state switches which can be understood as a measure of state stability, and the fractional occupancy 

(FO), i.e. the proportion of dwelling time on a certain state given a period of time. The SRs were not 

different across conditions, except that the RPL (mixed) had significantly higher SR than the rest 

(t=3.57, p-adj=0.00 vs. BR (dominant); t=3.30, p-adj=0.00 vs. BR (mixed), and t=3.00, p-adj = 0.01 

vs. RPL (dominant)). The fact that the SRs were about a quarter each suggested that there was a good 

mix of the presence of the 4 states, meaning the 4 states had been separated well for capturing the 

multi-dimensional variance in the data. 

Importantly, we found that the four states’ FO was significantly different among the conditions 

(p=0.00, dAIC=147.45). To establish exactly how the states’ FO differed (Fig. 5a), permutation tests 
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were conducted within each experimental condition for state-wise comparisons (with 2000 

permutations for simulating a null distribution of the state-wise differences). It turned out that the states 

can discriminate conditions, in a way that a unique state was always visited mostly during one specific 

condition (Fig. 4b). This pattern was most noticeable in the BR (dominant) and RPL (mixed) 

conditions, where respectively State 4 and State 1 clearly stood out, with significant median differences 

of 0.44 (p-adj=0.00), and 0.36 (p-adj=0.00) to the second most prominent state in their respective 

conditions. Similarly, in the RPL (dominant) and the BR (mixed) condition, State 2 and State 3 were 

respectively visited the most, nevertheless they were not visited significantly more often than the 

second most prominent state. 

We reflected on the reason why the RPL (dominant) and BR (mixed) conditions did not generate 

a single state as significantly dominant as was the case in the other two conditions. This might be 

explained by the idiosyncrasies of the perceptual compositions in some of the trials, given the nature 

of the experiment. In this experiment, the mixed percept can be seen as an ending phase of the last 

dominant percept, and a starting phase of the next one, and it is much shorter (∼0.5 s on average) 

than its adjacent dominant percept (∼2 s) (Fig. 1c,d). For data analyses, we extracted uniformly 1-s 

time windows before any perceptual switches to ensure equal (in terms of duration) data-points for the 

analysis. Therefore, the 1-s window before a dominant percept may cover periods of perceptual fluctuation, 

including the transitional mixed percept that is meant to be captured, and the residual of dominant 

percept from the last trial. The potential perceptual fluctuation in these trials could have confounded 

the RPL (dominant) condition, but it may not be a problem for the BR (dominant) condition. Because 

in RPL (dominant) condition, a perceptual switch was controlled by an external cause, as the images 

were designed to alter stochastically by the experimenters. By comparison, perceptual alternations in 

the BR conditions were generated endogenously, so the transient perceptual instability before may be 

considered as leading to a next dominant transition. Therefore, despite the BR (dominant) trials could 

contain perceptual fluctuation, the fluctuating percepts may be driven by same neural causal power 

and thus can be treated as common factors. 

To validate the point that the continuity of the causal power in the neural activity is what sets 

the BR condition apart from the RPL condition, we further conducted a cross validation (CV), using 

the trial-by-trial FOs of the hidden neural states to predict the type (mixed or dominant) of the 

upcoming transition. This was done respectively for the BR (endogenous) and RPL (exogenous) 
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conditions. As a result, the accuracy score for the BR condition was 92.01% (SD = 4.68%), which was 

higher than the score of 82.16% (SD = 9.14%) for the RPL condition (see the Supplementary Material 

sFig. 15 for more details). This suggests that these neural states we found in a purely data-driven way, 

actually contain the causal power for predicting the endogenously driven perceptual changes. In 

addition, according to the state FOs for each of the conditions, there was a mirrored difference between 

the BR and RPL conditions. Namely, State 4 was visited distinctively the most in the BR (dominant) 

condition, but it was visited the least in the RPL (dominant) condition. Therefore, State 4 seems to be 

key to the intrinsic neural cause of the spontaneous perceptual fluctuation during BR. 
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Fig. 5. Correspondence between states and conditions (a) Different fractional occupancy (FO) of the four 

states across conditions. Plotted data are the mean FO values averaged across trials for each individual, 

grouped by the two categorical variables: conditions and states. FDR-adjusted p-values of pair-wise 

permutation tests are presented on the significance bar on top of the compared groups. The distributions of 

non-averaged FO for all trials/epochs of all participants are presented in supplementary materials (sFig. 8). 

For the box plots, the white mark on each box indicates the mean, while the length of the box indicates 

quantiles with the middle bar showing the median. (b) Radar chart showing the correspondence between 

conditions and states. Scales on the radar chart indicate the median values of the state FO in the 

corresponding condition. (c) Spectral information of the states in the Alpha band. Diagonal and off-diagonal 

values of the upper-triangle heatmaps respectively indicate the power and phase coherence of the ROIs. The 

asterisk on the heatmap indicates that the phase coherence (or power) in this state is significantly higher 

(yellow) or lower (blue) compared with the other states (one-tailed test with the 95% confidence interval by 

permutation). The circular bundle plots below highlight the significant connectivities, with red and blue 

respectively signifying higher and lower significance for the connectivity. All of the connectivities (whether 

significant or not) are also mapped onto standardised brain anatomy from the left, right, back and top views 

(clock-wise), where the colour intensity of the connectivity has been normalised across all states, thus being 

suitable for visual state-wise comparisons. Coordinates of the nodes were selected based on significant peaks 

from the previous evoked-response analyses (See the Supplementary Table 1 for all of the peak coordinates). 

a b

c State 1 State 2 State 3 State 4
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PCU-V1 phase coherence and Granger Causality predicts stable percepts 

          To unravel the neuronal signatures encapsulated in the states, we then extracted the spectral 

information (power and phase coherence) from the multivariate auto-covariance matrix of each state. 

Once we had estimated the power and coherence for each state, we factorised the frequencies into a 

few dominating components so as to facilitate interpretation with conventionally defined frequency 

bands. For that, we applied a non-negative matrix factorisation (NNMF) algorithm on the coherence 

matrix, concatenated across all states and ROIs and confined it to four components. The four 

components turned out to match traditional frequency bands: Theta (peak at 4 Hz, half- maximum at 1, 

12 Hz), Alpha (peak at 11 Hz, half-maximum at 7, 15 Hz), Beta (peak at 20 Hz, half-maximum at 15, 

34 Hz) and Gamma (peak at 34 Hz, half-maximum at 26 Hz) (sFig. 7 in supplementary materials). 

Therefore, we next focused into state-wise frequency- specific spectral information. As stated already, 

the data-driven states were indicative of the 4 experimental conditions (representing 4 kinds of 

perceptual experiences). We then looked into how each state is represented by the spectral features of 

the neural signals. To identify the characteristics of each state that stand out, we performed permutation 

tests for each power and coherence values, comparing across all 4 states (5000 permutations for each 

null distribution simulation; significance level is p<0.01) (Fig. 5c). 

For a clear narrative, here we only focus on the Alpha band (peak at 11 Hz, FWHM = 8 Hz) 

of the states. Previous studies have shown that pre-stimuli alpha oscillations at posterior sensors can 

modulate subsequent processing and perception (41). In our study, the alpha band of the states also 

demonstrated an interesting pattern in the state-wise comparisons. Comparing the phase coherence 

among the ROIs across the four states (Fig. 5c), the one between PCU and V1 clearly stood out, as the 

PCU-V1 phase coherence was highest in State 4, an indicative state for the BR (dominant); and it was 

the lowest in State 2, an indicative state for the RPL (dominant) condition. This made us hypothesise 

that the PCU-V1 coherence may underlie the spontaneous transition to a stable percept. 

We have presented the full results of other frequencies in the supplementary materials (sFig. 10-

12). For the other frequencies, we would like to only point out the general increase of the theta 

coherences among DMN regions in the BR (mixed) condition (i.e. during a dominant percept because 

the trial is extracted before a perceptual change), especially the increased theta coherence between 
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ACC and PCC, which is unseen in other frequencies. This corresponds to previous MEG literature 

where intrahemispheric and interhemispheric theta coherences were found to be increased during 

periods of perceptual dominance in BR (42). The strong ACC-PCC coherence that we only observed 

in the theta oscillations also corresponds to an earlier study using the same HMM method which 

showed that the mPFC/ACC-PCC coherence in the delta/theta model characterises the anterior higher-

order cognitive state during resting state (19). 

PCU-V1 phase coherence and Granger Causality predicts stable percepts 

We then investigated the behavioural relevance of the critical state we found: State 4. State lifetime 

(also known as dwell-time) was used as an intuitive index for the state presence, estimated as the time 

that elapsed between entering and exiting a state according to the HMM (43). We correlated it with the 

reaction time (RT) which was defined as the interval of the participant’s adjacent reports to perceptual 

changes. When the correlation is examined on the individual level (i.e., when the variance is provided 

by different performances across trials), the RT was the perceptual duration of the last percept; but 

when examined on the group level (i.e., variance provided by different average performances of the 

individuals), the individual- averaged RT reflected the alternation rate for that participant. We found 

that longer State 4’s lifetime could predict faster perceptual transitions (b = -0.38, t = -2.27, p = 0.03; 

dAIC = 35.03) at the group level. 

         To better understand the cognitive implication of the PCU-V1 coupling, which was a main 

feature of State 4, we further investigated the causal effect of the PCU to V1 and its relationship with 

behavioural measures. As we were agnostic to the nature of this hypothetical causal relationship, we 

adopted a simple form of causality to perform this analysis, namely, Granger Causality, which basically 

searches for a time-lagged linear relationship between x1 and x2 that can predict x1 better than what x1’s  

own auto-regression can predict (i.e., x2 granger-causes x1). In the BR literature, it is commonly 

believed that a switch of perception is caused by a slip of equilibrium due to neuronal noise, and/or 

the constant decay of suppression that one neural population has over the other, due to habituation 

effects (10, 11, 44). Apart from these, attention effects have also been shown to play a role (10, 45). 

Therefore, the PCU→V1 top-down modulation could reflect either an intrinsically evoked attention 

effect, or an effect of the global adaptation/perceptual habituation. These two possibilities would lead 
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to opposite trial-by-trail predictions. The attention effect has been shown to speed up BR transitions,  

possibly by increasing the visual contrast of the percept (46). If the PCU→V1 modulation represents 

the attention effect, we can predict that the stronger the causal effect is, the quicker the transition 

becomes. Whereas, if the PCU→V1 modulation reflects the adaptation/habituation effect, longer 

duration of the last stable percept should cause a stronger adaptation (i.e. stronger PCU→V1 modulation) 

in the following trial.  

We constructed statistical models according to the above hypotheses, but we did not find a trial-

by-trial relationship between the GC(PCU→V1) and the perceptual duration. However, the two 

variables were correlated on the group level. Specifically, we found an interaction effect between the 

individual-averaged state lifetime (K=4) and GC(PCU→V1) for predicting the individual-averaged 

perceptual duration. In other words, the GC becomes more relevant to quicker perceptual transitions 

when the trial is visited by State 4 more (b=-0.39, t=-3.01, p=0.00 fitted with a generalised linear 

model; dAIC = 4.54 compared to a multiple regression model with no interaction). When State 4 dwells 

for the majority (>95%) of the trial time (i.e., >0.95s), the negative correlation between the GC and 

the perceptual duration was significant (b=-0.931, t=-2.821, p=0.017; dAIC=29.56) (All statistical 

models have been presented in the Supplemental Materials). 

The GC(PCU→V1) may be interpreted as an averaged modulation effect of the PCU to 

V1during the 1-second window of concern. That only its interaction with the lifetime of State 4 is 

significant for predicting perceptual fluctuations suggests that: 1. The modulation effect of the PCU 

to V1 is perceptually relevant, but it alone is not sufficient for leading to a perceptual transition. A 

perceptual transition also depends on the presence of State 4, which consists of many other features 

over and above the PCU-V1 relationship (e.g. the phase coherence between PCC and V1 in the theta 

and beta band) which were not discussed in this paper and were presented in the supplementary 

materials sFig. 10-12); 2. The modulation effect of the PCU to V1 seems to be temporally 

accumulative along with the lifetime of State 4, suggesting that it needs to be built up and pass a 

certain threshold to take effect. 
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Fig. 6. (a) Lifetime of State 4 can predict the length of intervals between perceptual changes during BR (for 

both dominant and mixed transitions). The longer State 4 persists, the shorter the transitional period lasts, 

i.e. the quicker the rivalry is resolved. (b) shows that the duration of the last stable percept is correlated with 

the Granger causality (GC) effect from PCU to V1 on the group level. Their relationship is also dependent 

on the lifetime of State 4. The GC effect size was approximated by the improvement of model evidence 

(dBIC). 
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Discussion 

 

Awareness is suggested to emerge through the interactions between local processing triggered by 

external stimuli, and global broadcasting afforded by the brain’s intrinsic spatiotemporal states (1). 

Resting-state whole-brain signals are shown to be spatiotemporally organised (16), but it is still not 

clear whether this intrinsic architecture is epiphenomenal or functional. By using simultaneously 

recorded EEG-fMRI data, we showed that the brain’s spatiotemporal patterns or states found in this 

study, characterised by EEG oscillation patterns in the DMN regions, are phenomenologically 

relevant. We found that the four data-driven states are associated with the four perceptual experiences 

corresponding to the experimental conditions. The state indicating a dominant perceptual transition 

during the BR task was characterised by phase coupling between the precuneus (PCU) and the primary 

visual cortex (V1). We further found that the causal effect from the PCU to the V1 is a temporally 

cumulative effect along with the state lifetime of State 4; namely, the interaction of them is associated 

with the rate of perceptual transitions. Taken together, our results suggest that the brain’s intrinsic 

dynamics can influence visual awareness, possibly by triggering a diversion of the whole visual 

processing pathway. 

          There are a lot of controversies in existing literature regarding the sources of perceptual 

fluctuations during BR. Many advocate that the rivalry is resolved at the early visual stage, for example 

in the lateral geniculate nucleus or the primary visual cortex, probably due to sensory bottlenecks (47–

49). But the contradictory argument is also convincing. Tong et al. (1998) using “face vs. house” 

binocular stimuli suggested that the rivalry continues from the retina, V1, V4 and MT, until it reaches 

the object-based processing step, i.e., the human fusiform face area and parahippocampal place area as 

exemplified in their study (50). It is also a well-known phenomenon that the BR alternation rate can 

be modulated by object features, emotional or semantic loading embedded in the stimuli as well as 

higher-level cognition such as working memory and attentional control (51). Therefore, many 

supported a top-down control hypothesis, which suggests that the observed activity in the early visual 

pathway is but an outcome of the feedback projections from higher-level areas, while those higher-

level areas are where the NCCs actually lie (52, 53). According to them, the higher-level regions 

suppress unfavourable stimuli representation in the early visual pathway in order to maintain a 

congruent conscious experience (14). These high-level regions have been localised to frontoparietal 
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regions by previous functional and structural MRI studies, including the frontal eye field, 

superior/middle/inferior frontal gyrus and superior/inferior parietal lobule (SPL/IPL) (54–56). 

Especially the right-lateralised SPL was suggested to play a causal role in the BR transition by a TMS 

study (54). 

Despite its plausibility, the top-down control hypothesis cannot explain the BR phenomenon 

fully. Firstly, it is difficult to dissociate the cause and effect of the BR perception in practice. Given 

the poor temporal resolution of fMRI, the frontoparietal regions revealed by fMRI activation studies 

might reflect an elevated level of attention drawn by a perceptual change during BR. The right 

lateralisation of the SPL, as often reported in the BR literature, suggests that it may get involved by 

association with attention (56). In a more recent BR study, when more accurate temporal information 

of perceptual transitions was provided, the significance of SPL disappeared (37). This also suggested 

that the SPL activity may be secondary to BR transitions, and that it might get involved via an attention 

effect which inevitably intertwines with involuntary perceptual change. Similarly, it has been argued 

that the involvement of the frontal regions during BR may also reflect introspection and action to 

perceptual transitions, rather than being a real cause (57, 58). Even if the involvement of the 

frontoparietal regions represents the endogenous attention which is necessary for gating visual 

awareness, it has been shown that attention is a dissociable factor to visual awareness; therefore, it is 

still arguable whether the frontoparietal regions associated with an attentional effect can be considered 

as a true NCC (6, 31, 59). Secondly, the top-down control hypothesis cannot explain why the perceptual 

transition keeps occurring when a stable percept has been reached. According to this hypothesis, the 

rival signal is suppressed in the early visual pathway so that the higher-level regions can maintain a 

meaningful representation of the environment; then under the condition of a stable percept already 

being achieved, it would not make sense for the neural activity to suddenly revolt and take another 

route. 

Our study provides a novel perspective as to why regular perceptual transitions may occur 

during BR. We highlight the possible influence of the temporal unfolding of the intrinsic large-scale 

cortical dynamics, which could bias the binocular signalling gains, perturb the current equilibrium, 

and eventually lead to a diversion of visual stream. Vidaurre et al. (2018) found that the intrinsic 

transient states exhibited in the posterior subdivisions of the DMN were characterised by high power 

and total coherence in the alpha (8-12 Hz) range (19). It was also suggested that pre-stimulus posterior 



23 
 

alpha power can modulate primary visual processing, likely by re-shaping the functional architecture 

of the brain network when preparing for upcoming processing (41). These findings support our 

hypothesis that the DMN’s activity may serve as a source of “perturbation” to a bi-stable visual system 

during BR, thus introducing a bias towards what external information gets released from the overloaded 

visual channel. In our study, we revealed 4 states in the EEG signals from the DMN nodes and V1, 

during the one-second time window before a perceptual alternation. The 4 brain states, found in a data-

driven way, turned out to be phenomenologically meaningful, for their differential presence during the 

“pre-onset” window could   predict the different types of the upcoming perceptual transitions; and the 

lifetime of the critical state (State 4) correlates with the perceptual-alternation rate on the group level. 

The critical state we found also exhibits important features regarding the brain connectivity. One of 

the dominant features we followed up in this study is the phase coherence between PCU and V1 in 

alpha oscillations, as it seems to underlie the dominant perceptual transition in BR. Phase coherence 

measures the consistency of the phase differences between two waves across trials. If there are 

consistent phase differences between two sources across many trials, it means the two neuronal 

populations always discharge in a temporally coordinated manner, i.e.  a signal coupling (60). 

         Although the DMN and V1 are situated at the two opposite ends of the brain’s functional gradient 

(23), our result suggests that they may achieve signal coupling via the PCU. To further understand this 

signal coupling, we have also derived a Granger-causal effect of the PCU to V1 from their EEG signals 

at the same time windows. We found that, during the critical state, the stronger the top-down effect from 

the PCU to V1, the quicker the individual’s perception alternated. However, this relationship only 

existed on the group level, but not for trial-by-trial prediction; therefore, it only establishes the 

behavioural relevance of the causal effect of PCU to V1, but did not provide enough evidence for us 

to claim that the causal effect from PCU to V1 means either signal adaptation or suppression, as both 

could potentially lead to a  trial-by-trial prediction. That neither state properties nor Granger-causality 

from PCU to V1 could predict trial-by-trial performance may just be due to a lack of statistical power; 

however, it could also be a true negative. Namely, the intrinsic brain dynamics may reflect more of 

individual-specific biological regularities, rather than “on-line” cognitive control. In fact, the 

influence of voluntary top-down control over BR is known to be limited (45, 61, 62); and BR has 

been reported to have notable inter-individual differences, depending on the individual’s gender, 

psychological predispositions, neurotransmitter levels and even handedness (5, 51). Twins and genome-

wide association studies have showed that the individual differences in BR can be attributed to genetic 
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factors (63, 64). These suggest that BR may be bound to certain biological constraints of the brain’s 

general state, while participants’ involuntary top-down control over the BR rate as exemplified in 

previous studies (such as more intrinsic attention evoked by higher contrast of the image) might have 

exerted influence rather indirectly by altering the general state of the brain. Therefore, in spite of the 

PCU’s well-known cognitive relevance to visual-spatial imagery (65), we suggest that its role in BR 

transition does not necessarily correspond to voluntary cognitive processes, either attentional control 

or memory retrieval (62,66). Rather, the PCU-V1 coupling demonstrated in this study could be an 

indication of the intrinsic dynamics making “ripples” onto the primary visual cortex. 

Finally, we would also like to comment on the correspondence between the brain’s 

spatiotemporal dynamics and the phenomenological mental dynamics. With abundant empirical 

evidence and theoretical arguments, it has been suggested that the spatiotemporal patterns of neural 

dynamics are the instantiation of mental dynamics (17, 67). We also believe that the subjective 

experience is nothing more and nothing less than neural activities which are manifested at the mental 

level. But this does not necessitate the case that the emerged patterns in the physical domain (e.g. the 

spatiotemporal dynamics in neural signals) and those in our mental domain (e.g. human cognition) 

should have a linear mapping. Take our BR results for example, the transient states (short-lasting for 

100 ms) we found in the 1-second period before a subjective report were the spatiotemporal patterns 

corresponding to the upcoming perceptual changes, but participants were typically not aware of any 

change before its sudden occurrence. This further made us reflect on the function of the DMN. 

Evidence has suggested that DMN is important for self-representation and consciousness (26, 68, 69), 

but its dynamical patterns of activity may not necessarily correspond to the person’s stream of 

consciousness in a simultaneous and linear fashion. However, the simultaneous and linear 

correspondence is always assumed in neuroscience where one of our biggest endeavours is to map 

between the brain and the mind. As the controversy about the DMN’s function is accumulating (33), 

we probably need to rethink the legitimacy of the correspondence we are tempted to make between the 

physical and mental levels of existence. 
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