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Material and Methods

Subjects
Three rhesus monkeys 1, 2, and 3 (M1: 0239, M2: 2019113, M3: groot); macaca mulatta, male, 7.5-8.0 kg, 4-8 years old), were used in this study. The animals were obtained from the Shanghai Institute of Biological Science (SIBS) / Center for Excellence in Brain Science and Intelligence Technology (CEBSIT), Chinese Academy of Sciences (CAS). All experimental protocols adhered to the guidelines set forth by the Animal Advisory Committee at SIBS/CEBSIT, CAS, and were approved by the SIBS/CEBSIT, CAS (local ethics ID: ER-SIBS-221602P).

Behavioral task and analysis
Three naïve monkeys were trained to perform a forced-choice, masked version of a length-2 delayed-sequence reproduction task (Fig. 1A). The sequences were constructed from stimuli presented at six spatial locations. In a single sequence, two of the six locations were sampled sequentially, and each target stimulus was followed by a constant backward mask. The target stimulus intensity varied across five contrast levels (0%, 4%, 8%, 15%, 100%), defined by the Weber contrast formula:

At the sequence level, seven combinations of stimulus intensity were used: 0%-0%, 4%-4%, 8%-8%, 15%-15%, 8%-100%, 100%-8%, and 100%-100%. The proportions of trials for each combination were 5.9%, 5.9%, 20.6%, 5.9%, 20.6%, 20.6%, and 20.6%, respectively. Daily sessions yielded 1020 trials on average (range: 880-1523), balance across contrasts and locations at each rank, enabling single-trial analyses. Note that in the null (0%) contrast condition, where no target was actually presented, shuffled labels were given for the judgement of rewarding in a random way.
During the experiments, the monkeys sat in a primate chair facing a 20-inch LCD monitor. Eye positions were monitored using an infrared oculometer system (Eyelink 1000 Plus, SR Research) at a sampling rate of 1000 Hz. Each trial began with the appearance of a white fixation cross at the center of the screen. Monkeys were required to maintain fixation until the "go" signal was presented (the white cross turned red). After maintaining fixation for 300 ms, six circles, each 1.2 degrees of visual angle (dva) in diameter, were presented 6 dva away from the fixation cross, forming a symmetrical hexagon. After an additional 500-800 ms, two white target stimuli were presented sequentially, each located in one of the six circles. Each target stimulus was presented for 17-50 ms and followed by a 30 Hz black-white flickering mask simultaneously at six circles for 250 ms. The target stimulus onset asynchrony (SOA) with the mask was 34 ms, and the inter-stimulus interval (ISI) between the two targets was 800-1000 ms. After a random delay (2500-3500 ms), the fixation cross turned red ("go" signal), prompting the monkeys to saccade to each memorized target location in the correct order (sequence rank). To reproduce the spatial sequence, monkeys were required to fixate on each memorized location for 300 ms. Feedback was provided through a 300 ms yellow flash at the fixated circle (regardless of whether the location was correct or not). M3 had an additional task requirement to hold a joystick to initiate and maintain the trial until the "go" signal and to reproduce the spatial sequence by hand touch instead of eye movements. Monkeys were rewarded with three drops of juice (0.5 ml total) per trial for correctly reproducing the entire sequence. Reward size was controlled by a computer-operated solenoid. 
Stimulus presentation and behavioral data collection were conducted using Psychtoolbox 1 in MATLAB (MathWorks). Behavioral data included six sessions for M1, fourteen sessions for M2, and eighteen sessions for M3. Monkey performance was evaluated at the sequence level (Fig. 1C) and location level (Fig. SB) by calculating the proportion of correct responses across varying stimulus contrasts. The distribution of item errors was analyzed by measuring the response offset from the target (Fig. 1D). Correct rates were plotted as a function of spatial location and ordinal rank (Fig. SA) to evaluate potential biases in responses. 
After completing the mask experiment, two monkeys (M2 and M3) participated in additional color-shape sequence task. In the color-shape sequence task, no backward masks were used. Instead, target stimuli were presented for 200 ms, consisting of six color-shape features (e.g., white filled circle, red filled circle, white hollow circle, white filled square, green filled square, white hollow square) combined pseudo-randomly into length-2 visuospatial sequences (Fig. 5A). Same as previous masked sequence reproduction task, monkeys were rewarded for accurately reproducing the entire spatial sequence in this task. 

Two-photon calcium imaging
To express the Ca2+ indicator GCaMP6f, we injected an equal mixture of rAAV2/9-hsyn-tTA (3×1012 vg/ml) and rAAV2/9-TRE3-GCaMP6f (1×1013 vg/ml) into the dorsal lateral prefrontal cortical (dlPFC) region of two monkeys (M1 and M2).
Two separate surgeries were performed on each animal under general anesthesia. In the first surgery, head posts were implanted on animal’s skull. Two head posts were implanted on the back of the head and one on the forehead. A Y-shaped steel frame was fixed to these head posts for head stabilization during training and recording. Both monkeys were then trained on the behavioral task over 11 months. After reaching the performance criteria, the second surgery was performed. In the second surgery, an 18 mm craniotomy was made on the skull over the region of left dlPFC located along the principal sulcus (PS) until the arcuate sulcus (AS), roughly corresponding to Walker’s areas 46 and 8, and the dura was opened to expose the cortical surface. Then, the virus injections were performed. Around 500 nL mixed virus was injected at a depth of around 700 μm. The injection sites were located alongside the PS, roughly corresponding to Walker’s area 46. After virus injection, a glass coverslip (16 mm in diameter and 0.17 mm in thickness) glued with a titanium ring (12 mm outer diameter and 10 mm inner diameter) was gently pushed onto the cortical surface. A ring-shaped artificial dura mater was mounted onto the titanium ring, and glued between the outer part of the glass coverslip and the rest dura mater. The titanium ring was glued to the skull with dental acrylic. The entire imaging window was then covered with a steel shell to protect the coverslip 2.
We performed in-vivo two-photon imaging using a Thorlabs two-photon microscope and a femtosecond laser (Chameleon Discovery, Coherent). A 16 × objective lens (0.8 N.A., Nikon) imaged an area of 512 μm × 512 μm at 30 frames per second. The recording depth ranged from 100 μm to 300 μm below the pia. Each imaging session lasted for 3.5-5 hours. There were twenty two recording sessions in total (two for M1 and twenty for M2). In each recording session, around 1000 regions of interest (ROIs) on average were found in the corresponding imaged field-of-view (FOV). These FOVs were distributed alongside the dorsal sides of PS (Fig. 1B & Fig. S1C).
All image processing steps were performed in Python using the Suite2p and CaImAn packages 3,4. Images were corrected for motion artifacts using a rigid motion-correction algorithm. After motion correction, neuronal activity was extracted using CNMF-based methods. This approach decomposes the imaging data into spatial and temporal components while enforcing non-negativity constraints, enabling robust isolation of fluorescent signals corresponding to individual neurons. For each extracted component, a set of scores was computed (e.g., signal-to-noise ratio, shape metrics) to assess its reliability as a neuronal signal rather than an artifact. Components failing to meet predefined quality thresholds were excluded from further analysis. The relative fluorescence change () was calculated as , where  is the raw fluorescence signal and  is the global mean fluorescence across the entire recording. 

Large-scale electrophysiological recording
To enable simultaneous neural recordings in multiple sites, we implanted a semi-chronic microdrive recording system (Gray Matter Research, USA) in the left hemisphere of monkey M3 (Fig. 1B & Fig. S1D). A 157-channel microdrive (LS-157, tungsten electrodes, AlphaOmega, ~1 MΩ, 1.5 mm inter-electrode spacing) was used to record from the frontal cortex. During the pre-surgery preparations, the recording chambers’ locations and head holders’ locations were first defined. The recording chamber was positioned to cover the prefrontal and premotor cortices as extensively as possible. The head holder was localized to the right hemisphere and fixed to the skull with bone cement and ceramic screws. Computed tomography (CT) and magnetic resonance imaging (MRI) were used to precisely align the chamber to the skull surface and the microdrive to the brain's surface.
After the implantation of the head holder, the following surgeries, including chamber implantation, craniotomy, and microdrive implantation, were performed. During chamber implantation, the chamber was anchored to the skull with bone cement and screws (titanium), similar to the implantation of the head holder. To seal the junction between the chamber and the skull, the adhesive resin cement (3M Inc., USA) was applied with Single Bond Universal Adhesive (3M Inc., USA). About one week after the chamber implantation, the fluid in the chamber was swabbed and cultured to ensure sterility. Only the skull within the chamber was removed, and the boundary of the craniotomy was trimmed to keep aligned with the internal wall of the chamber. A dummy plug (3~5 mm longer than the depth of the chamber) was used to check the alignment, and a sterility test was also performed after about one week. Before the implantation of the microdrive, the dura within the chamber was removed and trimmed with micro scissors and forceps. Then the microdrive was implanted and mounted to the chamber with screws. A dura gel was filled between the bottom of the microdrive and the cortices as protection.
Two days after the implantation of the microdrive, we began to advance the electrodes. Firstly, the electrodes were lowered fast until their impedance (impedance tester, nanoZ) fell in the normal range due to the electric insulative dura gel. Then, we moved the electrodes slowly, checked the spike waveform online, and stopped when the well- isolated spike waveform was picked up. All the electrodes were lowered into the surface of the cortices within one week in case dura hyperplasia would block the movement of the electrodes. During the recording sessions, the depths of the electrodes were adjusted appropriately to maximize the amount of the simultaneously recorded units. Each recording session lasted for 3-4.5 hours. Thirty recording sessions in total (twenty four for SWM and six for color-shape task) were collected for M3.
We recorded the broadband electrophysiological signals at 40 kHz through a neural recording data acquisition system (OmniPlex, Plexon Inc.). Eye position signals and event markers were transported to the recording system in real time and stored with electrophysiological signals. The high-frequency signals (Butterworth filter, 300~8000 Hz) were automatically sorted offline with Ironclust and manually curated with an offline sorter (Plexon Inc.). Single and multi-unit activities were combined for the data analysis.

Single-neuron selectivity analysis
To characterize the functional properties of individual neurons, we performed single-neuron selectivity analysis on activity during the sample and delay periods. For each neuron, we computed the mean  (calcium imaging) or firing rate (electrophysiology) in two time windows: 1) the sample period (0-500 ms after each stimulus onset, pooled across S1 and S2), and 2) the delay period (1500-2500 ms after the second stimulus offset). We then applied two-way ANOVA with factors “location” (6 levels) and “rank” (2 levels) separately for the sample and delay periods. Neurons were classified into four categories based on significant effect (P < 0.05, uncorrected): Sensory neurons showed significant main effect of location during the sample period (P < 0.05) but no significant location × rank interaction during the delay period. Memory neurons showed significant location × rank interaction during the delay period (P < 0.05), but no significant selectivity during the sample period. Mixed-selectivity neurons exhibited significant selectivity in both the sample period (location) and the delay period (location × rank). Non-selective neurons showed no significant effects in either period.
For contrast sensitivity analysis, we performed two-way ANOVA with factors “location” (6 levels) “contrast” (4 levels: 4%, 8%, 15%, 100%) separately for sample and delay periods. Neurons were considered contrast-sensitive if there was a significant location × contrast interaction (P < 0.05). Only correct trials were included in above analyses; 0% contrast trials were excluded. This classification was performed independently for each monkey and recording modality. Proportions of each neuron type and their anatomical distributions are reported in Fig. S2.

Temporal generalization decoding (related to Fig. 2A & S4A)
To analyze the temporal dynamics of transient and stable neuronal population coding, we implemented temporal generalization analysis. This approach assesses whether neuronal representations learned at one time point generalize to other time points within or across ranks. A linear support vector machine (SVM) with stochastic gradient descent 5 training was used for decoding temporal neural dynamics. The SVM was trained to predict neuronal representations at specific time points. The dataset was randomly split into 2/3 for training and 1/3 for testing. This process was repeated 20 times to perform cross-validation, ensuring robust decoding results. The SVM's prediction performance was quantified by the decoding score, reflecting the classifier's ability to generalize representations across time. A cluster-based permutation test (n = 1000) was conducted to correct for multiple comparisons. 

Decomposition of entry and rank subspaces (related to Fig. 2B-C & S4B-D)
Population neuronal responses to visuospatial locations were modeled as a multivariate Gaussian distribution, characterized by the following probability density function:

where  is a -dimensional vector,  is the number of neurons,  is the mean response vector for location ,  is the covariance matrix, denotes the determinant of the covariance matrix , denotes the inverse of the covariance matrix ,  denotes the transpose of vector . This probabilistic model captured the variability and structure of population responses for different visuospatial locations.
To analyze the contributions of item (location) and rank-specific information to neuronal population activity, multi-variable linear regression were employed. High-dimensional neural responses were regressed onto six visuospatial locations (task variables). Regression coefficients from all neurons at each time window of interest were used to create vector representations of the population activity 6,7. The shared item subspace () was computed from the average neural responses during the T1 and T2 sample periods:

where  represents the regression coefficients for the item responses.
Rank-specific subspaces ( and ) were calculated by removing the linear dependency with the item subspace () from the average regression coefficients  or  during the T1 and T2 delay periods, respectively:


This decomposition method enabled separation of shared and rank-specific contributions with isolated the activity patterns shared across items and those unique to rank-specific information.
We then examined the structure of neuronal activity across six locations, organized within each subspace, and explored the geometric relationships between different subspaces using state space analysis. Specifically, the trials were randomly split into two halves: one half was used for computing the entry and rank subspaces, and for applying principal component (PC) transformations to reduce the high-dimensional neuronal data into a 2D Euclidean space for each subspace. The other half of the data was used for testing, where the transformation matrices derived from the training data were applied to evaluate how well the dimensionality reduction generalized to unseen data. This procedure was repeated 400 times to ensure reliable results. 
To characterize the orientation of different subspaces in the neural state space, we computed principal angles, which quantify the alignment or orthogonality between two subspaces. A small principal angle indicates that the subspaces are similar or aligned, while a large angle suggests they are orthogonal. Additionally, we calculated the variance-accounted-for (VAF) ratio 6, which measures how much of the variance in one subspace is explained by another. A higher VAF indicates a greater alignment or dependency between the subspaces. These metrics together provide a comprehensive understanding of the geometry and variability in high-dimensional neural population activity.

Bayesian subspace decoding (related to Fig. 2D & 3F & 4A-B & 5E-G)
Bayesian probabilistic decoding was applied to decode task-relevant information (locations) from high-dimensional neuronal activity. By projecting neural activity into a shared subspace and leveraging Bayesian principles, the approach ensures robust decoding under the assumption of a common covariance structure across locations. This assumption was strongly supported by the state-space analysis, which showed highly consistent major axes of variability (2D-Euclidean projections) across conditions once the monkey had learned the task, reflecting stable structural connectivity. Using Bayes’s rule, the posterior probability of item  given neuronal activity  is: 

The location  that maximizes the posterior probability  is selected as the decoded output. To simplify calculations, the posterior probability was expressed in terms of the log-posterior:

Substituting the Gaussian probability density function for , the log-posterior simplifies to:

where the constant term  corresponds to the denominator  and other constant terms from the gaussian. 
Under the location-invariance assumption (shared covariance matrix across locations ), and after sphering the data, the term  cancels out during comparison. In addition, for all locations have equal prior probability,  is treated as constant. Thus, the log-posterior reduces to:

By using softmax function, the posterior probability of item  given neuronal activity  is converted from logits:

where  is the total number of classes (locations). Thus, neuronal activity can be decoded in a location-invariant manner, relying only on the mean population activity () and shared covariance structure (). The log probability index goes beyond checking whether the model picked the correct class; instead, it evaluates how well the subspace models’ predicted probabilities match all possible items. This approach provided robust, trial-by-trial decoding of spatial information while leveraging the shared task-related covariance structure that emerged after learning.

Analysis of information flow between entry and rank-WM subspaces (related to Fig. 2G-I & Fig. 3G-I)
To examine the directional information flow from the entry subspace to the rank-WM subspaces, we performed single-trial analyses on the decomposed subspace activities. First, we extracted the trial-by-trial projection strength (scalar value) of each neuron’s activity onto the entry subspace and each rank-WM subspace at every time point. For each trial, we then computed: 1) onset latency: The time at which subspace activity exceeded a significant threshold (mean+ 3 SD of pre-stimulus baseline 200-500 ms). We compared the onset latencies between the entry and rank-WM subspaces using two-sided paired t-tests. 2) trial-by-trial correlation: Pearson correlation between the instantaneous activity strength in the entry subspace and that in the corresponding rank-WM subspace across all trials. 3) onset slope correlation: For each trial, we computed the onset slope of rank-WM activity (defined as the steepest slope of the rising phase during the first 600 ms after rank subspace activity became significant). We then computed the Pearson correlation between entry subspace activity strength (averaged over the 0-200 ms window) and this rank onset slope across trials.
To control for potential confounds, we performed additional between-rank analysis (correlating entry activity of one rank with rank-WM activity of the other rank). These analyses were performed separately for each monkey and then pooled across animals where appropriate.

Compositional RNN model for the controlled conscious ignition process (related to Fig. 6A-F)
We implemented a compositional low-rank recurrent neural network (RNN) framework 8,9 to simulate the controlled conscious ignition process. The network comprised  units. Neural activity was projected onto three latent factors: one shared entry subspace () representing stimulus encoding, and two rank-specific working memory (WM) subspaces (, ) corresponding to stimulus-1 and stimulus-2. Information flow was mediated by four pathways corresponding to distinct neuronal subpopulation : 1) , entry-to-WM1, 2) , entry-to-WM2, 3) , recurrent maintenance of WM1, and 4) , recurrent maintenance of WM2. Each pathway was implemented by a pair of low-rank vectors defining input and output connectivity (denoted by  and , each is a  matrix). The network dynamics were defined by:

where  is the time constant,  is the neural activation,  is a nonlinear activation function defined by , and  was a fixed bias term,  is a two-dimension stimulus input to the system, defined by:

where  represents external stimulus input (e.g., sensory-driven signals scaled by contrast and location), and  represents internally generated input that is implemented as an independent source similar to external input (e.g., endogenous/response-driven signals in error trials or 0% contrast conditions). These sources can differ in location, driving competition for WM access. Stimulus inputs entered through embedding matrix , given by:

The recurrent connectivity matrix was constrained to rank four and expressed in low-rank form:

where  and  concatenated the pathway-specific vectors, given by:


Here, the i-th row of the matrix  is sampled from a Gaussian mixture model with two subpopulations (the first  units belong to the first subpopulation and the last  units belong to the second). Under the mean-field reduction of the low-rank network 10, each pathway is characterized by a scalar effective connectivity: 

where the control state  is the rank-specific population gain evolving with task stage:  ( denotes the average slope of the activation function in subpopulation , and  is the fixed structural coupling strength:  ( is the average of overlap between  and  in the p-th subpopulation specifying static contribution to pathway ). During the first stimulus period,  aligns with , selectively routing input into WM1. In the second stimulus period,  rotates to align with , closing access to WM1 while opening access to WM2. This time-dependent gating ensured selective transfer of sensory information to the appropriate WM subspace (Fig. 6F). 
The network produced two distinct readouts,  and , corresponding to stimulus-1 and stimulus-2, respectively. Each readout was two-dimensional, representing the polar  coordinate of the stimulus on a circular working-memory (WM) manifold. Formally,

where  are readout matrices. The two WM readouts (, ) were aligned with the maintenance pathways of WM-1 and WM-2. 

Neuronal gain subpopulations and control state analysis (related to Fig. 6G-H)
To investigate whether entry neurons exhibit rank-specific gain preference and to estimate the trial-by-trial dynamics of the control state associated with WM-1 and WM-2 subspaces, we performed the following analyses on neural population activity during the stimulus input periods: 
1) Using only correct trials in the training set, we first performed linear regression separately on  and  during input periods to obtain coefficient vectors  and  for stimulus-1 and stimulus-2, respectively. To isolate rank-specific components, we orthogonalized the coefficient vectors against each other, i.e., for each location  (1 to 6), the rank-1-specific vector  was computed as , where  is the orthogonalized rank-1 direction relative to  (similarly  for rank-2). This procedure produced, for each neuron, a pair of preference values  across the six locations. These values were fitted with cosine functions:


where .The preferences (, ) form an  point cloud, where each point represents the amplitude of rank-specific tuning for WM-1 and WM-2,  is the number of neurons. We then applied Gaussian Mixture Model (GMM) fit of normalized difference ratio: . Model fit was evaluated against a single Gaussian using Baysian Information Criterion (BIC) and normality tests (i.e., Shapiro-Wilk, Kolmogorov-Smirnov) to confirm multimodal structure consistent with two distinct rank-tuned clusters.
2) To estimate trial-by-trial control state coefficients associated with each rank-WM subspace (WM-1 and WM-2), we performed leave-one-out (LOO) cross-validated linear regression on the neural population activity during the input periods. Using only correct trials in the training set, we first computed a pooled coefficient vector  on the concatenated features [, ] serving as a reference direction, and then constructed signed rank-specific direction vectors  (WM-1 prefered) and  (WM-2 prefered) by subtracting opposing contributions: 


For each held-out test trial, we projected its neural activity directly onto these pre-computed  and  vectors. The resulting scalar projections represent the instantaneous strength (or gain) with which the control state is driving gating toward WM-1 and WM-2 on that specific trial. These coefficients were concatenated across all LOO folds to yield full-trial time series  and . Finally, we computed a composite control state signal as the mean of the  and  traces and normalized to [0, 1]. We compared this to smoothed behavioral sequence reproduction performance using Spearman’s correlation analysis. 

Data and Code Availability
Custom analysis scripts and source data underlying the figures with this paper are available at https://github.com/mstrhao/conscious-access-pfc. Additional data and materials are available from the corresponding author upon reasonable request.
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