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Abstract

Conscious access is thought to involve two main stages: transient linear encoding of
the objective sensory stimulus, followed by nonlinear bifurcation towards a
sustained state of activity (ignition) encoding the subjective percept. To test this
hypothesis, we recorded thousands of neurons in the prefrontal cortex (PFC) of
monkeys trained to perform a sequence working memory (WM) task with masked
visual stimuli of variable contrast, thus modulating their subjective visibility. PFC
responses revealed the predicted sequence of linear and nonlinear processing stages
as a function of stimulus contrast. Crucially, both stages were instantiated by
orthogonal neural subspaces within the same PFC neurons. A shared entry subspace
transiently encoded objective sensory inputs, while rank-ordered WM subspaces
exhibited all-or-none bifurcations towards sustained states. On error and stimulus-
absent trials, endogenous neural signals competed with objective inputs within the
entry subspace, and only rank subspace ignition predicted upcoming responses.
Routing from the entry to the WM subspace was not automatic but involved an
active gating process which vanished when the animal was distracted. Thus, within
local PFC, multiple neural subspaces implement the successive neural processes

underlying conscious access.
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Introduction

Conscious perception is often associated with the ability to hold a representation in
mind. Such representations are not merely passive, faithful copies of perceived
events; they actively integrate with internal models of the world that constrain,
complete, and prioritize conscious information according to task goals and prior
experiences 3. Examples include interpreting an ambiguous visual scene (such as a
Necker cube) as one of two possible percepts; detecting the number of passes in a
basketball game, while failing to aware a passing gorilla; or understanding the
specific meaning of a word within its context, but not its other possible meanings.
The prefrontal cortex (PFC) has long been proposed as a central brain region for this
controlled conscious processing, including the selection, maintenance, and
manipulation of cognitive representations #°. A critical ingredient in conscious
information control is the use of internal models to integrate and predict subsequent
inputs ©, which is sometimes equated with the concept of a “cognitive map” 78.
Previous studies in PFC have shown various types of representations of internal
cognitive maps that bind transient sensory inputs into coherent and contextually
grounded percepts or memories for later choices °1°,

The global neuronal workspace (GNW) hypothesis complements this view by
proposing that conscious access operates via controlled neuronal ignition and global
broadcasting, which, in turn, serve as a gateway to a working memory (WM) system
capable of holding online, manipulating, and sharing internal representations 1114,
Crucially, GNW decomposes conscious access into two distinct steps: 1) the
propagation of objective bottom-up sensory signals, proportional to stimulus
intensity, across the sensory hierarchy to the prefrontal cortex; 2) the crossing of a
threshold level of reverberating activity, which leads to non-linear ignition and WM
maintenance via persistent firing loops. The latter stage is modulated by attention
and task demands 1>18, yielding a subjective mental model of the world that, for

weak, ambiguous, or illusory stimuli, may depart from objective sensory information.
3
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In Bayesian terms, the first stage reflects the continuous integration of the objective
evidence provided by the stimulus with top-down priors, while the second reflects
the outcome of an inference process that selects and stabilizes a single a-posteriori
conclusion, the most probable subjective percept /-1,

So far, direct evidence for the role of internal models in shaping conscious
perception is limited even in human neuroimaging and electrophysiological
recordings 2°-22, Recently, using monkey electrophysiology, van Vugt et al. 3
demonstrated a prefrontal neural correlate of threshold-crossing and ignition,
revealing an all-or-none switch whereby weak stimuli failed to elicit sustained
prefrontal activity. However, the detailed neural population mechanisms by which
the PFC integrates objective sensory inputs into internal models of the world remain
unknown.

In the present work, we capitalize on a sequence working memory task (SWM)
in which monkeys memorize a sequence of spatial locations, hold it in WM, and later
reproduce it with their eyes. Our team recently dissected the representational
geometry of SWM in the macaque PFC, showing that the spatial sequence is
encoded in WM using near-orthogonal low-dimensional neural subspaces, each
storing the spatial location at a given ordinal rank 242>, The rank-WM subspaces may
thus serve as internal temporal structures (e.g., WM slots) that constrain the
conscious perception of sequences 2°. Indeed, in this sequence context, the very
same input (a spatial location) can be dispatched at a different position in the
internal WM model depending on its ordinal rank. During memorization, we showed
that access to WM occurs in two successive steps: sensory information about
stimulus location first activates a common entry subspace and is then routed to the
appropriate rank-WM subspace ?’.

Therefore, to render this paradigm informative to consciousness research, we
modulated the visibility of each sequence item by masking it and by varying its

contrast from 100% (full visibility) to 0% (stimulus absence). This design allowed us
4
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to dissociate the objective content of sensory stimulation (6 possible locations, each
varying from 0 to 100% contrast) from its subjective registration in WM (as reflected
by the monkey’s subsequent behavioral report, which could differ from the actual
sensory stimuli). As in van Vugt et al., we relied on performance (here, sequence
reproduction) as an approximate proxy for subjective report, classifying trials as
consciously accessed if both locations were correctly recalled in proper order
(chance level = 1/30). Using this design, we aimed to answer two central questions
about the neural mechanisms of conscious access: 1) Can PFC activity be
decomposed into a sequence of neural states reflecting, respectively, objective
sensory processing versus integration into a model of the sequence in rank-
dependent WM subspaces? 2) Given the monkeys’ intensive training on the
sequence structure, can these rank-specific WM-subspaces in the PFC serve as
learned internal models capable of generating conscious percepts, even in the

absence of ascending sensory signals (zero-contrast trials)?

Results

Paradigm and behavior

Three macaque monkeys (M1, M2, and M3) were trained to perform a delayed-
masked spatial sequence reproduction task (Fig. 1A). Target stimuli were presented
at six possible spatial locations on the screen. The intensity of the target stimuli
varied across five contrast levels (0%, 4%, 8%, 15%, and 100%), including a null-
contrast condition where no visible target was presented. A fixed backward mask
immediately followed each target stimulus, obscuring its visibility. On each trial, two
spatial locations (or only masks in the null-contrast condition) were sequentially
presented, while the monkey maintained fixation on a white cross at the center of
the screen. The monkeys were required to maintain fixation and memorize the
detected spatial sequence during a delay of 2.5-3.5 seconds. After the delay, the

monkeys reproduced the sequence to obtain a reward (see Methods for details).
5



125 Overall, the three monkeys performed the task well. At 100% contrast, the

126  sequence reproduction accuracy was 70% (+5.59) for M1, 85% (+8.55) for M2, and
127  72% (+4.58) for M3 (Fig. 1C). There were no significant biases in spatial item and

128  ordinal rank (Fig. S1A). As stimulus contrast levels decreased, accuracy declined

129  linearly (all R? >0.99, P < 0.001), approaching 50/50 performance at 8% contrast (38-
130  44% for sequence reproduction, 53-69% for individual location accuracy) and

131  dropping to chance levels at 0% contrast (3.25-3.81% for sequences and 15.27-

132 17.02% for locations; Fig. 1C and S1B). The proportions of error trials were equally
133 distributed across response offsets from the target locations at all contrast levels

134 (Fig. 1D).
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Figure 1. Large-scale neuronal recording of the macaque frontal lobe during a masked
delayed spatial sequence reproduction task

(A) Schematic of the task paradigm, illustrating the sequence of spatial locations presented
with backward masking and the monkeys' task to memorize and reproduce the spatial
sequence after a delay. Stimulus contrast varied (0%, 4%, 8%, 15%, 100%).

(B) A “perceptual snapshot” of target stimuli followed by the backward mask during the
task, while two-photon calcium imaging (upper left) was recorded simutaneously in the
dorsolateral prefrontal cortex (dIPFC) for Monkey 1 and 2, showing an example field of view
(FOV), and a 157-channel microdrive electrophysiology array (lower right) was used for
Monkey 3 to record spiking activity in the frontal lobe with example spiking waves in the
frontal channel map (details in Methods).

(C) Behavioral performance showing the correct rates at the sequence level, averaged across
sessions. Sequence reproduction accuracy decreased linearly with reduced stimulus
contrast, reaching chance level (1/30) at 0% contrast. Error bars represent standard error
(SD).

(D) Distribution of response offsets for individual location in error trials (distance = +1, +2,
3), uniform across contrasts (no spatial bias). Error bars represent standard error (SE).

(E) Example neurons exhibiting spatial location selectivity at different temporal stages: Type
1 neuron (neuron 1) with shared transient tuning during the onsets of S1 and S2
(independent of rank). Type 2 neuron (neuron 2 and 3) showing sustained, rank-specific
delay activity. Neuronal activity traces are aligned to trial onset and pooled across trials
according to spatial location. Shaded areas indicate SE.

(F) Contrast sensitivity: Type 1 neuron (neuron 1) activity scaled with contrast (gradient);
Type 2 neuron (neuron 2 and 3) showed all-or-none pattern (4%-100% vs. 0%). Correct trials
only; shuffled labels for 0% contrast.

Recordings and single-neuron responses
To measure the neural state, we recorded single neurons in the PFC using two
methods across three monkeys (Fig. 1B). In Monkey 1 and 2, GCaMP6f virus was
injected into the lateral PFC, enabling calcium imaging of large-scale neuronal
activity (Fig. S1C, n = 2653 for Monkey 1, n = 6790 for Monkey 2). In Monkey 3, a
157-channel microdrive electrophysiology array was deployed over the frontal lobe
to capture high-resolution spiking activity (Fig. S1D; n = 1876). We focused on
neuronal activities from the sample to the delay period.

Neural responses showed diverse, mixed task-related activity. Two types of

single-neuron activity were immediately apparent (Fig. 1E). One type of neuron
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transiently encoded locations at each stimulus onset for both stimulus-1 (S-1) and
stimulus-2 (S-2) during the sample periods (example neuron 1), demonstrating
transient sensory responses independent of ordinal rank. A second type of neuron
exhibited sustained rank- and location-selective memory activity during the delay
(example neurons 2 and 3). These two types of activities were deeply entwined at
the single-neuron level, with many neurons showing mixed selectivity (see the
proportion of mixed coding neurons in each monkey in Fig. S2). Other mixed task-
related neurons are shown in Figure S3. Importantly, the transient sensory and
sustained delay activities displayed distinct contrast sensitivity profiles (Fig. 1F): the
activity of neuron 1 showed a contrast gradient, with firing rates increasing with
stimulus contrast, whereas the activities of neurons 2 and 3 displayed no such
gradient dependency, instead with an all-or-none pattern separating only the trials
with a stimulus (4% to 100% contrast) and without a stimulus (0% contrast). Note
that only correct trials were included and plotted in this analysis (with shuffled labels

for 0% contrast).

Dynamics in PFC neural subspaces during conscious access

We next examined how PFC neuronal populations reflect the dynamics of
conscious access to spatial sequences. Using the method developed in our previous
studies 24?7, we first tracked neural codes for item locations at ranks 1 and 2 over
time and across ranks, on correct trials only. The results revealed distinct temporal
patterns in the neuronal dynamics (Fig. 2A and Fig. S4A). In the within-rank
decoding, the dynamic patterns for both rank-1 and rank-2 showed stable, persistent
coding of items. In the cross-rank decoding, a shared transient signal was
immediately apparent during the sample periods, followed by persistent rank-
specific item codes during delay periods, during which no significant cross-rank

generalization was observed.
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To uncover the unique contributions of neural processing stages to spatial
sequence encoding, we then searched for low-dimensional subspaces that represent
sensory and rank-WM information by analyzing neural activity during the sample and
delay periods, using only correct trials from the full-contrast condition (100%).
Basically, we modeled population neuronal responses to visuospatial locations
(items) as multivariate Gaussian distributions: x;~N (u;, Y.;), where x; is n-
dimensional neuronal population response vector for location i, y; is the mean
response vector and }; is the covariance matrix. We employed linear regression
models to assess how the six spatial locations influenced neural responses within
different neuronal subspaces. Using regression coefficients for the six locations
across neurons during correct trials, we computed high-dimensional vector
representations for each time window of interest (see Methods for details). In line
with our previous findings 24?7, the analysis revealed three distinct neural subspaces:
one shared entry subspace (sensory) and two rank-WM subspaces. These subspaces
were visualized in a 2-dimensional Euclidean plane by projecting the data onto the
two major principal component (PC) axes.

This analysis revealed a highly reliable state-space portrait: 1) each subspace
contained a common geometric ring structure (Fig. 2B & Fig. S4B), reminiscent of the
ring shape of the spatial items presented to the monkeys; and 2) these subspaces
were near-orthogonal in neural state space, as evidenced by the large principal
angles between them (Fig. 2C & Fig. S4C). To further quantify the relationship
between subspaces, we calculated the variance accounted for (VAF) ratio by
projecting data from one subspace onto another subspace and measuring the
residual variance. If the two subspaces are nearly orthogonal, the projection will
capture little variance, resulting in a low VAF ratio. The results showed low VAF
ratios across all cross-subspace pairs (Fig. S4D).

The identified subspaces thus provided putative neural substrates for the two-

step process of conscious access to spatial sequences. We hypothesized that 1)
9
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sensory information is first continuously propagated into a common entry subspace
in the PFC; this encoding stage is necessary but not sufficient for conscious access to
sequences; and 2) activity in the entry subspace then gets integrated, in an all-or-
none manner, in the appropriate rank-WM subspace (serving as the internal
temporal structure), at which state the information is consciously accessed and
becomes available to control behavior (global broadcasting); 3) the transfer from
entry subspaces to all-or-none ignited WM subspaces depends on active control
signals.

To test those hypotheses, we next investigated the neural dynamics of the entry
and rank subspaces under different contrasts (100%, 15%, 8%, and 4%). We applied
a Bayesian probabilistic decoding method over time to every correct trial across
conditions, using the decomposed subspaces from the correct trials of the full-
contrast condition (see Methods for details). We discovered that transient activity in
the entry subspace varied monotonically with the strength of input stimulus contrast
level, which varied from 4% to 100% (All Pearson’s R = 0.55—0.91; P < 0.0001; Fig. 2D-
E & Fig. S4B). Instead, the long-lasting activity in the rank subspaces remained
invariant to changes in stimulus intensity over the same range and exhibited a single
all-or-none metastable pattern of high-level neural activity in each rank subspace (-
0.14 < R<0.05; P> 0.29 for all tests; note that the 0% contrast was excluded from
these tests and is further analyzed below). Across monkeys, the entry subspace
displayed significantly higher contrast-dependency than rank-WM subspaces (all P <
0.0001 with paired t-test and Wilcoxon signed-rank test; Fig. 2F).

If the entry subspace indeed served as a gateway controlled by rank-specific
mechanisms, the functional relationship between these subspaces should manifest
as directional information flow, with entry activity preceding and driving rank
activity. To examine this, we analyzed the neural activity at the single-trial level in
each subspace, and found that entry subspace activity was significantly earlier than

rank subspace activity (e.g., electrophysiology data: mean entry onset = 35ms, mean
10
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rank onset = 97 ms; all P < 0.0001, two-sided paired t-tests; Fig. 2G) and positively
correlated with it across trials (all Pearson’s R >0.12, P < 0.001; Fig. 2H, see the
controls in Fig. S4E). Furthermore, the strength of entry activity was significantly
correlated with the onset slope of rank activity (all R > 0.11, P < 0.001; Fig. 21, and
controls in Fig. S4F; note that rank slope refers to the rate of change or, equivalently,
the steepness of neural activity amplitude during the initial phase in the rank-WM
subspaces). Those findings are compatible with a process of evidence accumulation
1819 and causal flow, with stronger initial entry signals accelerating the non-linear
buildup of sustained rank representations 2’.

Thus, the decomposed neural subspaces and their activity dynamics within the
same PFC neurons supported the two-step process of conscious access to spatial
sequences: an initial continuous sensory input is followed by sustained all-or-none
activity, during which the sensory signal is integrated into the internal temporal

structure of ordinal ranks.

11
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Figure 2. PFC neural subspaces and two-step dynamics of conscious access.

(A) Temporal generalization decoding for item locations at rank 1 and rank 2, showing cross-
rank generalization during sample but not delay periods. Decoding of spatial locations at
rank 1 (T1) and rank 2 (T2) for correct trials at 100% stimulus contrast in Monkey 1, using 20-
fold cross-validation. White contours indicate significant decoding (P < 0.001, cluster-based
permutation test).

(B—C) Geometry of neural subspaces on 100% contrast trials. (B) Decomposition of entry
(transient sensory) and rank-WM (sustained) subspaces, projected onto two principal
components, forming ring structures mirroring the spatial layout of stimuli. Entry subspace
captures averaged activity during the sample period across ranks, while rank subspaces
isolate delay-period activity for rank-specific components. Data includes 100% and 0%
(shuffled label control) contrast conditions. (C) Orthogonality of subspaces, quantified by
principal angles. Dark line shows large angles between rank subspaces (e.g., rank-1 vs. rank-
2), indicating near-orthogonality. Dotted line (control) represents angles within the same
subspace for baseline comparison.

(D) Temporal dynamics of decomposed entry and rank subspaces across contrast levels.
Entry subspace activity is transient during the sample period and scales monotonically with
stimulus contrast (0%, 4%, 8%, 15%, 100%) on correct trials (note that for 0% contrast, a
shuffled label was used since the correct response is undefined). Rank-WM subspaces show
an all-or-none pattern of persistent activity across sample and delay periods, invariant to

contrast changes. Time courses are aligned to T1/T2 onsets.
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(E-F) Average bayesian decoding accuracy across contrasts (100%, 15%, 8%, 4%) during
sample and delay periods. (E) Entry subspace shows contrast-dependent activity (All
Pearson’s R > 0.55; P < 0.0001), whereas rank-WM subspaces exhibit invariant, all-or-none
sustained activity (-0.14 < R < 0.05; P > 0.29 for all tests). All decoding accuracies were
computed using 15 resampled pseudo-trials per contrast level. (F) Across monkeys, entry
subspace displayed significant higher contrast-dependence than rank-WM subspace (mean
Pearson’s R: entry = 0.44-0.91, rank = 0.05-0.18; **** P < 0.0001, two-sided t-test, n = 2000).
(G-1) Functional relationship between entry and rank subspace. (G) Single-trial activity onset
latencies. Entry subspace precedes rank subspaces. **** P < 0.0001, two-sided paired t-
tests. (H) Trial-by-trial correlations between entry and rank subspace activities (z-scored
decoding accuracy; Pearson’s R > 0.12; P < 0.001). (1) Trial-by-trial correlations between
entry activity (z-scored decoding accuracy) and the onset slope of rank activity (also z-
scored; Pearson’s R > 0.11; P < 0.001). All analyses were performed separately in each of the
three monkeys (n = 2000 resampled trials per monkey).

Shared neural processing stages for 100%- and 0%-contrast conditions

Conscious perception can also be decoupled from objective incoming stimuli and be
generated internally in the absence of external inputs 222°. We next analyzed trials
with 0% contrast, in which no external stimulus was presented. On the vast majority
of such trials (mean response rate: 71% across three monkeys, comparable to 68% in
the 100% contrast condition), monkeys continued to produce sequences. Based on
monkeys’ behavioral reports, we asked whether conscious access under the 0%-
contrast condition also follows the same two-step process with a similar neural
geometry and dynamics. In behavior, we observed that monkeys produced
sequences without location bias (Fig. 3A), and the locations they chose were
unaffected by the locations of previous trials (Fig. 3B).

At the single-neuron level, during both the sample and the delay period, we first
found that a significant proportion of neurons (30.6% for M1, 34.4% for M2, 56.3%
for M3; Fig. 3C) showed the same location preference on 100% contrast trials (where
they fired to the actual stimulus location) and on 0% contrast trials (where they fired
according to the upcoming response location) (see example neurons in Fig. 3D). In

the state space analysis, we projected the activity of 0%-contrast single trials onto
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the entry and rank-WM subspaces identified by the 100%-contrast trials. We found
similar geometric ring structures in the three subspaces, albeit with a slightly smaller
ring in the entry subspace (Fig. 3E and Fig. S5A). The temporal dynamics of item
information in the corresponding subspaces was further quantified by decoding
accuracy (Methods), again showing similar patterns to those observed in the 100%-
contrast condition, i.e., transient activity in the entry subspace and sustained activity
in the rank-WM subspaces (Fig. 3F and Fig. S5D). Thus, activity predictive of the
upcoming response could already be found in those neural subspaces, several
seconds earlier, as if it came from an actual stimulus.

Furthermore, although the trial number from the 0%-contrast condition was
low, we employed the same decomposition methods to search for low-dimensional
subspaces using the activity of 0%-contrast trials. We could still identify the separate
entry and rank subspaces, closely resembling the decomposition from 100%-contrast
trials, as evidenced by small principal angles and a high variance accounted for (VAF)
ratio (Fig. S5B and S5C). Therefore, the results suggest that conscious access under
the 0%-contrast condition shares the same neural states and dynamics as those
under the 100%-contrast condition, involving transient encoding and integration
with rank-WM subspaces within the same population of PFC neurons.

Interestingly, we also found differences between activity in the 100%- and 0%-
contrast conditions. The example-1 neuron (Fig. 3D) shows that the peak of the
neural response preferred location 3 after the onset of S-1 in the 0%-contrast trials
was later than in the 100%-contrast trials. At the population level, we found
significantly weaker signal strength and longer latencies (Fig. 3G-H) in both entry and
rank-WM subspaces in the 0%-contrast condition. Furthermore, the correlation
analysis revealed that the reduced and delayed neural activity in the entry subspace
led to slower (i.e., less steep) gating into the rank-WM subspaces (Fig. 31 and Fig.
S5E). Thus, on stimulus-absent trials, both subspaces fired as if a weak actual

stimulus had been presented.
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Figure 3. Shared access processes for 100%- and 0%-contrast conditions.

(A-B) Behavioral sequence production in 0% contrast condition. (A) Monkeys produced
sequences without location bias, with trial percentages uniformly distributed across six
spatial locations (chance = 1/6). (B) Independence analysis shows no influence of previous
trials on chosen locations (Pearson’s R < 0.08).

(C-D) Shared neuronal item preference between 100% and 0% contrast condition. (C) A
significant proportion of neurons exhibited consistent item preference between 100%
contrast (stimulus locations as item labels) and 0% contrast (response locations as item
labels) during sample or delay periods (30.6% for Monkey 1, 34.4% for Monkey 2, 56.3% for
Monkey 3). (D) Example neurons illustrating shared item preference between 100% and 0%
contrast condition. Shaded areas indicate SE.

(E-F) Decomposition of mental sequence in 0% contrast. (E) State-space projections reveal
similar ring structures in entry and rank-WM subspaces for 0% contrast trials, projected onto
subspaces defined by 100% contrast trials, with a slightly smaller ring in the entry subspace.
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(F) Decoding dynamics show transient activity in the entry subspace and sustained activity in
rank-WM subspaces, resembling patterns observed in the 100% contrast condition. Shaded
areas represent SE.

(G-1) Relationship between 0% and 100% conditions. Two-way ANOVA comparison of
response-driven (0% contrast) and stimulus-driven (100% contrast) activities in entry and
rank-WM subspaces for each monkey. Response-driven activities exhibit: (G) weaker activity
strength (main effects of subspace [F(1, 396) > 46.46, P < 0.001] and contrast [F(1, 396) >
8.63, P < 0.003] across monkeys; Post-hoc: 0% < 100% in entry [meandiff = 0.026 to 0.082, all
P < 0.001]; in rank, significant for two monkeys [meandiff = 0.007 to 0.061, P < 0.001] but
not one [P = 0.43]), (H) longer latency in both entry and rank-WM subspaces (main effects of
subspace [F(1, 396) > 333.25, P < 0.001] and contrast [F(1, 396) > 58.79, P < 0.001]; Post-hoc:
0% > 100% in entry [meandiff = 49 to 105ms, all P < 0.038] and rank [meandiff = 51 to
258ms, all P < 0.001]), and (1) less steep onset slope in rank-WM subspaces compared to
stimulus-driven activities due to reduced/delayed entry activity (**** P < 0.0001, two-sided
t-test; Pearson's R > 0.10, all p < 0.0001, Fig. S5E).

Competition between exogenous and endogenous activity for conscious access

We next examined what happened on near-threshold trials, when stimulus
location was sometimes but not always correctly reported. To this aim, we focused
on the near-threshold contrast condition (8%) and compared neural activity across
correct and error trials. Thus, the sensory inputs were identical, but the conscious
reports differed. We found that, on correct trials, both the entry and rank subspaces
exhibited strong activity. By contrast, on error trials, the entry subspace showed
much weaker activity, and the rank subspaces displayed no activity selective to the
actual stimulus location, but only to the location of the upcoming response (Fig.4A).
The result indicated that high activity in the entry subspace and persistent activity in
the rank subspaces are crucial for conscious access to spatial sequences.

We further analyzed the neural activity on error trials only. Remember that, for
high contrast, the entry subspace reflects actual stimulus location, while for 0%
contrast, purely endogenous activity encoded the location that would ultimately be
reported. We reasoned that, on intermediate low-contrast trials, a competition may
occur between those exogenous and endogenous signals, as indeed found in

attractor-based neural network simulations 3%31, If this was the case, we should
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observe neural activities representing both stimulus and response items in the entry
subspace. Indeed, on error trials at threshold contrast (8%), we found significant
signal strength for both stimulus and response locations in the entry subspace (both
P <0.001, two-sided t-tests; Fig. 4B), with no significant difference between them (P
=0.92, two-sided t-tests). However, in this case, only the response location from the
entry subspaces was gated into the rank-WM subspaces. This gating and information
flow were further confirmed by the trial-by-trial correlation in the response signal
between entry and rank subspaces (Pearson’s R=0.36, P < 0.0001), but not in the
stimulus signal (Pearson’s R=0.02, P = 0.62; Fig. 4C). The results revealed an internal
competition between stimulus- and endogenous-driven activity in the entry
subspace, particularly when stimulus uncertainty increases under low-contrast
conditions. That is, stimulus-driven signals predominated on correct trials, leading to
conscious access to the actual stimulus sequence, whereas endogenous-driven
signals predominated in error trials, resulting in access to an internally generated
sequence (Fig. S6A). Thus, conscious perception of spatial sequence arises from a
selection process that resolves the competition between stimulus-driven and
endogenous signals.

How did the competition change in other contrast conditions on the error trials?
As shown in Fig. 4D and Fig. S6B, we observed that neural activity representing the
actual stimulus location in the entry subspace gradually decreased as contrast
decreased. Conversely, the endogenous activity displayed the opposite trend, with
strength increasing as the contrast decreased. The competition was most prominent
under the near-threshold condition, where the two signals showed similar strength,

but was always resolved in an all-or-none manner by the rank subspaces.

17



427
428

429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452

453

>
@

near threshold (8%) contrast conditions error trials at near threshold contrast
3 entry subspace --> T1 rankl subspace --> T1 - entry subspace --> T1 rankl subspace --> T1
§ 0.4 correct . 0.5 g 0.25 —— stimulus 0.30
- — incorrec ey response

go3 N g 0.25 v

o /\ 0.3 e >
£0.2 %W £ . 020

§ 0.1 0.1 18) 0.15

o° ©

5, entry subspace --> T2 rank2 subspace --> T2 - entry subspace --> T2 rank2 subspace --> T2
e o

©0.4 ©

£ 0.5 £0.25 — 0.30

go3 A g - 0.25

© © .

0.3 — 020 oA | e

o / o

£o2 A‘v/&g - £ 020

801 0.1 50.15 0.15

8" 3

T1 T2 T1 T2 T1 T2 T1 T2
C D
r=0.02, p=0.626 entry rank
- &0.35| — stimulus 0.35

= g

% > === response -

o o | - |TSe=a

o | TEm———

9} © N

2 g10.25 0.25 Sl %
g g 4
g g

= N D o e S . £0.15 0.15

0.0 0.4 08 0.0 0.4 0.8 0 4 8 15 100 0 4 8 15 100
stimulus entry response entry stimulus contrast stimulus contrast

Figure 4. Competition between exogenous and endogenous activity

(A) Subspace activities on near threshold (8%) contrast trials. From an example session of
Monkey 1, correct trials show strong activity in both entry and rank-WM subspaces (all P <
0.0001, two-sided t-test, n = 1136), while error trials exhibit weak entry subspace activity (P
<0.0001, n = 635) and absent rank-WM subspace activity (P = 0.21, n = 635). Shaded areas
represent SE. Colored horizontal lines denote above-chance decoding (P < 0.01, two-sided t-
test, corrected for multiple comparisons using cluster-based permutation test, n = 5000).
Stronger entry subspace activity in correct trials (P < 0.0001, two-sided t-test, n = 1771)
correlates with both all-or-none activity in the corresponding rank subspace and behavioral
report of the stimulated sequence.

(B) Coexistence of stimulus- and response-location codes in the entry subspace on error
trials. In error trials at 8% contrast, both entry and rank-WM subspaces show strong activity
based on subjective reports (P < 0.0001, two-sided t-test, n = 635), similar to the 0% contrast
condition. Signal strengths for stimulus and response items in the entry subspace are
comparable (P = 0.92, two-sided t-test). Shaded areas indicate SE. Colored horizontal lines
denote above-chance decoding (P < 0.01, corrected, n = 5000).

(C) Trial-by-trial correlations between subspaces. Response-driven activity in the rank-WM
subspace is highly correlated with response-driven activity in the entry subspace (Pearson’s
R =0.36, P<0.0001, n =635), but not with stimulus-driven activity (R = 0.02, P = 0.62).

(D) Stimulus-response interaction across contrast levels in error trials. Across monkeys,
stimulus-driven activity in the entry subspace decreases as contrast lowers, while response-
driven activity increases. Opaque lines indicate the average across three monkeys; faint lines
show data from individual monkeys. The competition is most pronounced at near-threshold
(8%) contrast, where stimulus and response signal strengths are similar, and is resolved in an

all-or-none manner by the rank-WM subspaces.
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Active control of conscious access

The results indicated that conscious access involves a competition process
mediating the transfer from entry to WM subspaces, which did not always reflect
the actual stimulus, even when it was present. We considered two possibilities for
the functional relationship between the entry and rank subspaces: 1) Persistent
neural activity in WM subspaces is entirely determined by non-linear thresholding of
activities in the entry subspace. Access occurs whenever activity in the entry
subspace (possibly driven by noise, alone or in combination with the stimulus)
reaches a critical threshold; 2) Access does not depend solely on signal strength
within the item subspace itself, but also relies on active, attention- and task-
dependent control states that gate information from entry to the rank-WM
subspace.

If a control signal gates access to WM, such access should depend on top-down
attentional allocation, not just feedforward signals. To test this, we introduced a
color-shape distraction task, in which monkeys still had to report the spatial
sequences while ignoring the novel colors and shapes at each location (Fig. 5A). Two
monkeys were trained on this task: Monkey 2 exhibited few-shot learning with rapid
adaptation (Fig. S7A-B), while Monkey 3 displayed a behavioral gradient with gradual
improvement (Fig. 5B). On the first day of Monkey 3 performing the distraction task,
we found that, during the first ~200 trials, the monkey failed to report locations,
exhibiting poor performance (around 20% correct). Between ~200 and ~600 trials,
the monkey began to report the correct locations, but most of the time in the wrong
order. Only after ~600 trials did sequence WM performance return to normal. Those
behavioral results suggested that, when the monkey’s attention was diverted by
irrelevant features (here novel colors and shapes), conscious access to spatial
sequence was severely affected, resulting in either complete loss or instability of the

mental representation.
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We examined the neural geometry and dynamics of conscious access during the
period when the monkey was distracted. Figure 5C shows an example entry neuron
that, remarkably, exhibited constant activity across the 3 distraction stages. We
further confirmed that, at the population level, all the sensory information, including
spatial locations, colors, and shapes, could be decoded equally well across all stages
(yet in different entry subspaces; Fig. S7B). Those results indicated that all sensory
signals continued to be successfully propagated to the PFC, as also previously
observed by others °.

In the early stage (first ~100 trials), robust item information was observed in the
entry subspace, whereas only weak, discontinuous signals were detected in the rank
subspaces (Fig. 5E; also see the early stage responses of two example WM neurons
in Fig. 5D). Notably, the strength of location information in the entry subspace was
stronger than that observed under the near-threshold (8% contrast) condition on
correct trials (P < 0.001, Welch's t-test and Mann-Whitney U test; early error trials: n
=150, mean DA = 0.45, SD = 0.16; correct 8% contrast trials: n = 658, mean DA =
0.40, SD = 0.14; DA refers to decoding accuracy). Nevertheless, this strong entry
subspace activity did not lead to any gating into the rank-WM subspaces, where
activity remained at a very low, unignited level (Fig. 5E), indicating that bottom-up
sensory propagation alone is insufficient for access to WM. Consequently, the robust
signal in the entry subspace was insufficient for accurate location reporting (monkey
3 made almost 80% of location errors during the early stage), suggesting that
additional selective control of task-relevant information is required for successful
conscious access to spatial information.

This necessity became evident as adaptation progressed. During the interim
stage, location errors decreased, while swap errors (in which the item order was
incorrect) gradually increased. Besides the strong activity in the entry subspace, we
also observed transient activities representing S-1 in the rank1-WM subspace;

however, it did not persist sufficiently throughout the whole delay period (Fig. 5F),
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but rather, was replaced by the rank2-WM subspace at the stage of S-2 onset. Fig.
5D shows the evolution of delay activity during learning for single example neurons.
Finally, in the third stage, once the monkey’s performance reached 60% correct or
higher, the neural activities representing item information in the rank-WM
subspaces became more coherent and persistent (Fig. 5G), indicating restored top-

down control and stable conscious access.
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Figure 5. Active control of conscious access

(A) Diagram of the color-shape distraction task. After the completion of the mask

experiment, the monkeys were tested on a new sequence reproduction task in which the

stimulus cues were changed to a novel combination of color-shape features. This paradigm

assessed whether the monkeys could generalize previously learned sequence knowledge to

new sensory contexts. Note that monkey 2 and 3 performed this task, while monkey 2
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showed fast learning during the first 10 trials (Fig. S7A), while Monkey 3 displayed a
behavioral gradient with gradual improvement as follows.

(B) Behavioral dynamics on the first day of Monkey 3. The first day of training revealed three
distinct stages of sequence learning based on correct and error response patterns: 1. early
exploring stage (first ~200 trials): The monkey predominantly made location errors,
suggesting that previously learned sequence knowledge did not directly transfer to the new
color-shape stimuli. 2. Middle transitional stage (trials ~200-600): The correct rate rose to
about 40%, and location errors dropped from 80% to 40%. Notably, swap errors (wrong
order but correct location) increased in this phase, indicating partial learning of item
information but incomplete mastery of stable sequence order. 3. Post-adaptation stage
(after ~600 trials): The monkey achieved a further increase in correct rate while swap errors
declined and location errors increased, suggesting successful integration of the new color-
shape cues into the learned sequence structure.

(C-D) Example neurons. (C) Type 1 entry neuron (neuron 1) exhibiting constant transient
activity across the learning stages. (D) Type 2 rank-WM neuron (neuron 2 and 3) displaying
evolving activity: no delay activity in the early stage, transient unsustained in the interim
stage, and persistent activity in the post-adaptation stage.

(E-G) Population neural dynamics during the learning of the distraction task. (E) During the
early phase (first ~100 trials), entry subspace activity remained robust, indicating successful
encoding of the new sensory features. However, only weak and fragmented signals
appeared in the rank-WM subspaces (slightly stronger and more persistent for response
labels than for stimulus labels), reflecting an inability to organize the location inputs into a
stable temporal sequence (Colored horizontal lines indicate P < 0.01, one-sided t-test,
uncorrected; n = 75 per rank; thick line: stimulus label, thin line: response label. (F) In this
interim phase (~200-600 trials), transient rank subspace activity began to emerge in rank1
subspace, consistent with the formation of basic ordinal encoding. However, this activity
remained unstable and did not persist throughout the delay period, resulting in frequent
swap errors (P < 0.01, one-sided t-test, uncorrected, n = 200 per rank). (G) Once the monkey
had adapted to the new stimuli and improved performance (after ~600 trials), rank subspace
activity became more coherent and persistent, supporting accurate sequence production (P
< 0.01, one-sided t-test, uncorrected, n = 661 per rank). Time courses aligned to T1/T2.
Shaded areas indicate SE.

Modeling the controlled ignition process

The key mechanism for ignition, therefore, lies in the delicate control of how
information flows from the sensory subspace to each of the two structured WM
subspaces. Can a computational model capture this process and shed light on our

experimental findings? We used a recently developed interpretable recurrent neural
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network (RNN) model with a low-dimensional neural control state space
implemented in various cognitive tasks, including perceptual decision-making and
WM control 3233, When trained on sequences of two or three spatial locations, the
model spontaneously develops gating and WM mechanisms capable of storing and
reproducing the locations in correct order after a delay. Analyzing how this model
operates provides a precise hypothesis about the gating mechanism’s role in
controlling the ignition process. Inside the RNN, we found a low-dimensional vector
space, hereafter called the control state, whose activity dynamically modulates the
effective connectivity between subspaces by aligning its gain with fixed structural
coupling vectors. The theory that we developed to explain this organization 33|posits
that 1) flexible routing requires multiple neural subpopulations, and 2) the minimal
dimensionality of the control state equals the number of distinct neural
subpopulations needed, reflecting task complexity. In the sequence WM task, the
control complexity involved in storing a length-K sequence in WM is equal to K,
requiring distinct neural subpopulations to carry out information routing from the
entry to each of the K WM subspaces.

When an item is gated from the entry subspace to a rank-k WM subspace, we
denote the associated information pathway as input — WM, (Fig. 6A). The effective
connectivity strength Ejpp,y,wa, Of this pathway depends on two multiplicative
factors: one is the structural connectivity of the input - WM, denoted as ¢, a K-
dimensional vector representing the rank-specific structural coupling from fixed
long-term connectivity, which is given by the product of the input and output
connectivity weights of the pathway; and the other one is the control state, denoted
as g, a K-dimensional vector representing a dynamic modulator of the excitability of
the network, such that Ey,pytwm, = g - Ck- Crucially, the control state g can be
influenced by both external inputs and endogenous signals.

This formulation highlights three critical aspects that unify the model’s

predictions with empirical observations across experimental conditions. First, the
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total input comprises two parts: 1) stimulus-driven activity, modulated by contrast,
where high contrast (e.g., 100%) amplifies total input via strong bottom-up drive,
leading to robust entry subspace activity (Fig. 6B); 2) endogenous activity which
elevate total input when external inputs are weak, compensating via internal
generation and sustaining rank-WM activity despite absent stimuli (Fig. 6C). Second,
¢, embodies the fixed long-term connectivity that anchors the internal model and
temporal structure, ensuring pathway fidelity independent of transient inputs. As
the product of input and output weights along the input — WM, pathway, ¢
quantifies the inherent capacity for rank-specific information flow, reflecting learned
structural priors stored in PFC circuits, e.g., ordinal rank subspaces in long-term
memory (Fig. 6D). Third, the control state g dynamically modulates the strength of
the input - WM, pathway. The alighment between g (dynamic) and ¢, (static)
determines the overall pathway strength E;;p,,¢ wu, - In the current sequence WM
task, the network must route inputs from the entry subspace to different rank-
specific WM subspaces depending on ordinal progression (e.g., rank-1, rank-2, rank-
3; Fig. 6E). During the rank-k sensory period, the control state g aligns with the
corresponding structural vector ¢, while remaining orthogonal to others, effectively
gating on the pathway to the rank-k WM subspace while gating off the irrelevant
ones (Fig. 6F).

Simulations presented in Figure 6 show that the model therefore reproduces the
data so far, including the monotonic modulation of entry subspace activity as a
function of input strength, followed by its all-or-none gating into the appropriate
rank subspaces (Figure 6B). Moreover, the control state is assumed to depend on all
kinds of inputs, such as the color-shape distractor input. Therefore, the global top-
down input modulation of conscious access (for instance by the color-shape
distractor) can be conveniently modelled through changing the control state g (Fig.
6D & F). In the simulation, modifying the control state (g) to reduce its alignment

with the relevant structural coupling vector cancels the WM subspace activation
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while leaving the entry subspace activation intact (Fig. 6B), as experimentally
observed. This interaction between g and c;, highlights how internal models
constrain perception, resolving competition and stabilizing attractors even under
uncertainty (Fig. 4D), and provides a mechanistic bridge between sensory processing
and conscious ignition, where ¢, enforces prior expectations to shape conscious
perception.

Crucially, this control state logic generates two non-obvious predictions. First,
for the length-2 sequence WM gating problem, the control state theory predicts that
entry neurons, although their activity generalizes across ranks (Fig. 2A), should
nevertheless exhibit rank-dependent changes in gain, forming at least two distinct
neural subpopulations: one that prefers the first item to the second, and another
that prefers the second to the first (Fig. 6G, upper panels). This mechanism arises in
the model because the same entry population must be differentially gated
depending on the current ordinal context. Separating the entry into distinct rank-
modulated subpopulations is the mechanism by which the RNN solves the problem
of receiving identical sensory inputs at rank 1 and rank 2, and yet routing them to
distinct WM subspaces. When we tested whether the monkey brain uses a similar
mechanism, we indeed found two clusters of entry neurons with stable preferences
for WM1 and WM2 (|ABIC| = 86, P < 0.0001, Shapiro-Wilk and Kolmogorov-Smirnov
normality tests; Fig. 6G, middle panels). No such clusters were observed in the
control data before learning (P = 0.46 with Kolmogorov-Smirnov test; Fig. 6G, lower
panels).

A second prediction is that this separation of the entry subspace into two
clusters should disappear in the monkey who was distracted, and should
progressively re-emerge as it overcomes the distraction; furthermore, the gain
component (g) of the control state, which can be measured by the difference in the
activity of the two entry neuronal subpopulations, should track behavioral sequence

reproduction performance. This prediction was also confirmed: 1) the two-cluster
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structure was weak in the first ~400 trials and became progressively clearer in the
last 400 trials (Fig. 6H, upper panel); 2) the trial-by-trial control gain estimates
derived from the differential activity of those two neuronal subpopulations
correlated strongly with the progressive recovery of good performance in the
distraction task (Spearman’s R = 0.47, P < 0.0001; Fig. 6H, lower panel). Thus, the
model proposes that conscious access emerges from dynamic effective connectivity

within local PFC circuits: structural connectivity remains constant, but selective

gating via the control state acts as a “switch” to ignite the appropriate PFC subspace.
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Figure 6. Control state-dependent gating in a compositional RNN model of conscious
access.

(A) Schematic of the RNN model for two-step conscious access. Sensory input is transiently
encoded in the entry subspace and routed into a working-memory subspace under the
control of a population-gain-based control state (red box). The pathway strength is
Einput-wm = g - ¢, where g is the subpopulation gain and c the structural coupling.
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(B) Model dynamics in the single-stimulus case. Entry subspace activity increases
monotonically with stimulus contrast, while WM subspace activity exhibits all-or-none
ignition, consistent with empirical recordings of sequence consciousness (mimicking Fig.2D-
F).

(C) Endogenous response-related activity. In the absence of external input (error trials or 0%
contrast trials), internally generated activity in the entry subspace can drive ignition in the
WM subspace (red line), producing conscious-like responses without stimulus (mimicking
Figs. 3F, 4B).

(D) Schematic of the RNN attractor model for multiple conscious accesses. Inputs can be
routed into multiple WM subspaces (WM-1, WM-2, ..., WM-N) through distinct pathways.
The vector-valued control state regulates which subspace is selected, with alignment
between g and rank-specific ¢ determning effective connectivity strength.

(E) Sequential access of two stimuli. Entry activity encodes both stimuli transiently, but WM
subspaces show persistent, rank-specific activity: WM1 maintains the first stimulus after its
onset and WM2 maintains the second. Error trials or 0% contrast trials (red line) show
response-triggered activity in the absence of stimulus inputs for both sequence rank.

(F) Mechanism of dynamic gating. The control state is represented as a vector of population
gains (g). Effective connectivity into each WM subspace is determined by alignment
between g and the corresponding structural coupling vector (e.g. blue, green or yellow
arrow for different conscious states, respectively). When aligned, the gate is open; when
orthogonal, it is closed. Sequential conscious access arises from time-dependent re-
alignment of the control state vector across ordinal stages.

(G-H) Model predictions and verifications. The control state mechanism generates a key,
model-derived prediction beyond a homogenous entry population: even though these
neurons receive identical sensory input, they must be differentially gated via discrete
subpopulations exhibiting rank-specific gain preferences tuned to WM1 versus WM2. (G)
During the input period of the sequence WM task, item-selective neurons exhibit stable
tuning phases across different ordinal ranks (WM-1 and WM-2). Left column: Scatter plot of
preferred amplitude values for WM-1 and WM-2 across neurons (each point represents one
neuron). Middle column: Histogram of normalized difference ratio with 2-component
Gaussian Mixture Model (GMM) fit (blue: WM-1 component; purple: WM-2 component),
revealing a clear multimodal structure. Gray bars represent the empirical density. Right
column: Bayesian Information Criterion (BIC) as a function of the number of clusters
(subpopulations). The substantial drop in BIC from k=1 to k=2 supports the presence of at
least two distinct clusters. Upper row show results from the model simulations, |ABIC| =
751, P < 0.0001 with Shapiro-Wilk and Kolmogorov-Smirnov tests. Middle row: empirical
data during monkey performing masked SWM task (|ABIC| = 86, P < 0.0001 with Shapiro-
Wilk and Kolmogorov-Smirnov tests), confirming rank-specific gain preferences in entry
neurons as predicted. Lower row: control analysis showing no clear clusters before the
monkey learned the task (sequence reproduction performance at near 20%; P = 0.46 with
Kolmogorov-Smirnov test). (H) Upper: Evolution of the two-cluster structure over the course
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of the distraction task (control distribution before learning shown on the leftmost side).
Lower: Trial-by-trial analysis reveals that the gain component (g) of the control state
correlates with behavioral sequence reproduction performance (gradual improvement in the
distraction task; Spearman’s R = 0.47, P < 0.0001), with higher g associated with correct
sequence reproduction and lower g linked to distraction by task irrelevant features.

Discussion

We recorded thousands of neurons in the lateral PFC of macaque monkeys while
they performed a masked sequence WM task with variable stimulus contrast (0-
100%). Our findings revealed that conscious access to spatial sequences follows a
two-step process: transient monotonic sensory encoding in an entry subspace,
followed by sustained, all-or-none activity in rank-WM subspaces. Furthermore, such
access was not solely determined by stimulus strength but also involved competition
between stimulus-driven and endogenous signals, and was controlled by top-down
attentional gating and internal temporal structures. A recurrent neural network
model, formalizing the gating mechanism as the outcome of a dynamic control state
capable of modulating structural couplings, replicated the main empirical

observations (ignition, competition, and distraction effects).

Sensory signals reach the PFC, but do not guarantee access to WM

Our study demonstrates the existence of the two postulated stages of sensory
processing (linear followed by non-linear), shows that they coexist as vector states
over the same PFC neurons, and provides direct content-specific evidence that
neural signals propagating to the PFC do not invariably lead to a second stage of
ignition and access to WM. We observed an early transient sensory component in
PFC activity, monotonically increasing with input strength, that could, in turn, on
different trials, ignite or fail to ignite sustained all-or-none activity in rank subspaces.
Previous research has implicated the PFC in conscious perception, but its sustained

signals were largely attributed to long-distance reciprocal connections with sensory

28



732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759

areas 113435 suggesting that the fate of sensory inputs is controlled and broadcast
beyond the prefrontal regions via reciprocal loops. Van Vugt et al. 2 demonstrated
that the activity evoked by weak visual stimuli in areas V1 and V4 elicited
subthreshold PFC activity insufficient for recurrent processing, yet their methods (a
single point-of-light stimulus, present or absent) did not allow them to separate the
neural subspaces that we report here. Our decomposition into entry (transient,
contrast-dependent) and rank-WM (sustained, invariant) subspaces resolves this by
showing that PFC activity encodes both sensory strength and the all-or-none active
gating of information for structured access to WM. The transient sensory inputs,
sustained WMs, and the ignition process seem to be instantiated by the same
prefrontal circuitry °.

Moreover, we also found that the entry subspace is the seat of a competition
between inputs from diverse sources, with endogenous-driven signals being
processed in parallel to weak external inputs, or replacing them in full on stimulus-
absent trials (0% contrast). This competition between exogenous and endogenous
signals is fully resolved by the time the information reaches the rank subspaces,
allowing only a single location to enter WM. This aspect of our finding fits with
classical bottleneck models of cognitive architecture, where multiple parallel
processors compete for access to a single capacity-limited central stage, which is
capable of processing only a single item at a time 6. Such models have been related
to the prefrontal cortex in humans ®37, where the PFC is proposed to act as a
limited-capacity workspace that resolves competition through selective attention
and gating. This competition can lead to misperceptions under sensory uncertainty,
as internal signals dominate on error trials.

According to a recent proposal, signal strength may be one of the key factors
that allows the viewer to distinguish sensory from endogenous signals 2938, Since we
found that endogenous entry-space signal strength can be equal or even stronger

than sensory signals, this model would imply that, on low-contrast stimuli, from the
29



760  monkey’s viewpoint, the endogenous signal may have been indistinguishable from
761  reality. It would readily explain that the entire processing chain of WM subspace
762  activation and behavior unfolded normally even on 0% trials.

763

764  Report and no-report paradigms

765  Like much previous work in animals 233942, the present work assesses conscious
766  perception using an explicit-report paradigm, in which monkeys had to actively
767  reproduce the two locations they had seen in proper order. It rests on the

768  assumption that trials with correct task performance must have been accompanied
769 by conscious access to the stimulated location. This seems a safe assumption:

770  although above-chance delayed performance has been reported in humans on trials
771  that were subjectively reported as unseen 74345 such non-conscious task

772  performance is generally very low and short-lived, and therefore unlikely to concern
773  more than a very small number of correct trials, given the low chance level of the
774  present task (1/30) and the delay of several seconds between stimulus and

775  response. Conversely, on error trials, the objective stimuli were not consciously
776  reportable after a short delay. Our neurophysiological recordings indicate that, on
777  such trials, following an initial transient, there was a complete replacement of the
778  stimulus-induced activity by identical neural activity coding for another location,
779  suggesting that the monkey may have consciously perceived an illusory stimulus at
780  the wrong location.

781 Nevertheless, we readily acknowledge that our use of an explicit report task
782  leaves some uncertainty about which of the observed processing stages

783  implemented the “neural correlates of consciousness proper”, and which reflected
784  additional post-processing 6. The present results add complexity to this issue by
785  showing that the very same prefrontal neurons may contribute to distinct

786  representational subspaces, some of which exhibit early continuous signals and

787  others late all-or-none signals 4. The data, therefore, leave open two distinct
30
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interpretations. First, early activity in the entry subspace may index non-conscious
sensory processing, perhaps merely reflecting contemporaneous activity in posterior
inferotemporal and occipito-parietal brain areas. Alternatively, it may already reflect
some partial or fleeting conscious perception of the stimulated location —a minimal
degree of phenomenal awareness *® which is quickly lost and replaced by a different
content on error trials, thus rendering it non-reportable.

Several arguments nevertheless seem to us to favor the first possibility.
Although the present work relied on overt conscious reports, a similar late all-or-
none bifurcation of neural activity was found to be a signature of conscious access
even on no-report task-irrelevant trials, where participants merely observe the
stimuli without performing any subsequent cognitive task 4°°C. In spite of initial
doubts >1°2, several studies have found that neural activity on visible trials clearly
reaches the PFC >34, that PFC plays a causal role in conscious perception 58, and
that the neural activity that separates physically identical trials into seen and unseen
corresponds to the beginning of sustained WM activity >°. Thus, all-or-none
bifurcated neuronal activity in WM-related neurons appears as the most likely

correlate of consciousness in the present study.

The role of internal structures in shaping conscious content

Conscious experience is not a passive readout of sensory inputs but an active
construction shaped by prior knowledge and expectations 13, Most traditional
consciousness research has overlooked the role of internal structures by focusing on
unstructured paradigms with impoverished stimuli, limiting insights into how long-
term memory priors constrain perception. Our sequence task reveals conscious
access to structured content, e.g., temporal sequences, that rely on rank subspaces
as an internal scaffold, acting as a geometric prior in the neural state space that
guides the transformation of transient sensory signals into stable, ordered conscious

representations. The rank-specific subspaces we identified function as temporal
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templates, acquired through learning and stored as structural connectivity patterns
(c in our model). Each subspace encodes not just spatial locations but their ordinal
position within a sequence, effectively representing the abstract concept of “first”
versus “second” item. This geometric architecture may reflect a general principle of
conscious organization: complex conscious experiences are composed of simpler
elements represented in separable neural dimensions. Such compositionality allows
for the vast combinatorial possibilities of conscious contents while maintaining the
stability of individual elements. We tentatively propose that similar principles of
neural geometry likely operate for other structured contents, such as objects
composed of features, scenes composed of objects, sentences composed of words,
or narratives composed of events. The contents of human consciousness may be
particularly rich in that respect, owing to the human faculty to compose more
complex, tree-based symbolic structures 6162,

Finally, how the ignition process is implemented and shaped within the neural
states of the prefrontal circuit is still not fully answered. Nevertheless, based on our
neural data and computational model, we can make following postulations: 1) The
multiple mixed-selectivity neural populations (particularly those entry neurons that
also carry rank-related information) in frontal circuits may serve as the mechanistic
underpinning for conscious access; such compositional codes are expected to be
generalized to the access of other contents, e.g., visual features in temporal cortex,
spatial relations in parietal cortex, or somatosensory information in frontal areas,
etc. 6364, 2) Multiple subspaces could interact with each other through the proposed
gain modulation mechanism %>, The WM control process implemented in PFC seems
directly linked to conscious access, thus offering a universal framework for conscious
information sharing across subspaces or even across brain regions. 3) According to
the model, conscious access is channeled by the anatomical connectivity among the
identified neural populations, likely formed during the task structure (ordinal ranks)

learning. In the present study, we focused solely on the neural state of entry
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subspaces responsive to varying stimulus visibility. However, the control or access
strength between subspaces may also depend on the dynamic excitability (gain) of
multiple subpopulations and their structural coupling (as shown in our model). In
particular, the alignment between gain vectors and structural coupling across
subspaces provides a mechanistic explanation for how a learned internal structure
can shape conscious perception. Future optogenetic or pharmacological
perturbations of PFC connections could directly test our current framework by
selectively modulating the strength of effective connectivity, thereby causally
preventing or controlling entry-to-rank transfer and validating the predicted role of

PFC dynamics in conscious access.
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