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Supplementary Figure 1: Example single unit responses of different neurons recorded 

during PA (black) and FS (orange). Displayed are PSTHs of six example neurons. Solid 

lines indicate the neuronal responses when checkerboard pattern is presented first followed 

by the face stimulus. Neuronal responses when the face is presented first followed by the 

checkerboard pattern are plotted with dotted lines. The stimulus conditions are also 

displayed in the uppermost panel. In the first row is plotted example activity of a neuron 

which displayed preference to the checkerboard stimulus. The next two rows display 

example neurons selective for the face stimulus. In the fourth row is an example neuron 

which is selective in the PA condition, but loses selectivity in FS condition during the 

second half of the trial. Plotted in the last two rows is the PSTHs of two task phase related 

units for a comparison of the time course of their activity with that of feature selective 

units.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 
 



Supplementary Figure 2: Additional examples of single unit responses recorded during 

PA (black) and FS (orange). The format of the figure is similar to figure 1 in the main 

manuscript. Displayed are each neuron’s single trial response (Trial # refers to different 

trials) as raster plots. Below the raster plots is the PSTH of each neuron. A considerable 

heterogeneity is observed among the response patterns of different neurons, with some 

cells peaking in an earlier phase of the trial and some later. (Line color and style 

conventions similar to Supplementary Figure 1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

 

Supplementary Figure 3: Principle of the NNMF decomposition. (a) The matrix of single 

unit average response R (center) is decomposed into the product of two non-negative 

matrices: W the matrix of the time varying response of each component (displayed below 

the R matrix) representing typical response patterns for task phase related units, and H the 

matrix gathering the contribution of each component to a given unit response. (b) Two 

example single unit responses (in blue and red), each of which has a dominant coefficient 

in the corresponding row of the matrix H in panel (a), corresponding to component 1 and 

2 respectively. (c) Time course of the two components corresponding to the dominant 

response pattern of the respective single unit responses shown in panel (b). 

 



 
 

 

 

 

Supplementary Figure 4: Canonical response variability estimate utilized for the choice 

of number of components. An estimate of the canonical response variability is plotted as 

a function of the number of components chosen for the NNMF procedure. The standard 

deviation is across 10 different runs. The threshold is set at 5 percent, which directed our 

final choice for the number of components. Displayed on the left and right is the variance 

estimate when the NNMF procedure was carried out on task-phase related units and 

stimulus selective unit population respectively. Please refer to the methods section for 

details. 

 

 

 

 

 

 

 

 

 



 

 
 

 

 

 

Supplementary Figure 5: Noise correlation histograms. Displayed are histograms which 

contribute to the average correlations presented as single pixels in the noise correlation 

matrix shown in figure 6 (a) in the main text. ‘N’ refers to the number of neuronal pairs. 

Upon a closer inspection of the various histograms along the major diagonal, one observes 

a bias in the distribution towards correlation values greater than zero. The panels displaying 

the histogram of correlations across successive lateral diagonals show peaks of the 

distribution, closer to zero.  

 

 

 

 



 

 

 
 

 

 

Supplementary Figure 6: Percentage of significant positive and negative noise 

correlations among neuronal pairs as a function of temporal distance between the 

CRPs they are sorted to. The proportion of significant positive noise correlations steadily 

decreased as a function of temporal distance. Moreover the proportion of significant 

positive noise correlations was ~25 percent compared to ~8.6 percent significant negative 

noise correlation. Such a dichotomy in fraction of significant positive and negative noise 

correlations has also been observed among neurons in the primary visual cortex, as a 

function of tuning similarity1. 

 

 



 
 

 

 

Supplementary Figure 7: Population activity of visually selective neurons during PA 

and FS. (a) Average population single unit activity of all neurons displaying significant 

stimulus preference in the PA condition of the task (N = 151).  Red curve depicts the 

average single unit activity when neuron’s preferred pattern was presented first, followed 

by the non-preferred pattern to the contralateral eye. Blue curve depicts the average single 

unit activity when visual stimulation started with the non-preferred pattern followed by 

neuron’s preferred pattern. (b) Same as (a) for FS condition.  



 
 

 

 

Supplementary Figure 8: Noise correlations among different neuronal populations for 

the three different animals. Average noise correlations among pairs of single units 

preferring the same CRP were significantly stronger as compared to when each single unit 

comprising a pair belonged to different neuronal populations. Such functional segregation 

was observed among single units recorded in all three different animals individually (t-test, 

** - p ≤ 0.01, *** - p ≤ 0.001). 

 

 

 



 

 
 

Supplementary Figure 9: Stimulus-selective response patterns (SRPs) obtained after 

NNMF based decomposition of the feature selective neural responses and the 

structure of their correlations with task phase related neuronal population. We 

removed from the stimulus selective single unit population (N = 151), any units which 

displayed rank sensitivity (stronger response during the first or the second half of the trial 

during PA condition), and decomposed the PSTHs of the rest of the units (N = 65 after 

removing low spiking units) with the NNMF procedure. (a) Three stimulus selective 

response profiles (SRPs) were obtained. Two response patterns, component 2 and 3 

displayed stronger response for polar and the face stimulus, respectively. The SRP showed 



in blue displayed selective responses in the PA condition, but lost this preferential activity 

during FS condition. The lower panel displays the stimulus presentation conditions, 

demarcated by black lines. (b) Average population activity across all single units assigned 

similar to a given response profile in (a), during the condition of PA (black) and FS (pink). 

The solid and dotted lines refer to the two different stimulus order. (c) Noise correlation 

matrix between units clustered to SRPs and CRPs. Correlations were calculated across 

neurons assigned to the sequential CRPs (arranged chronologically with earliest on the left 

and latest on the right along the x axis) and to the SRPs. Individual pixel brightness depicts 

strength of the correlation with white and black depicting high and low correlations 

respectively. Strong correlations were observed between neurons clustered to the same 

CRP or the same SRP (however, note the relatively low number of pairs (denoted by N) 

for SRP). The correlations seem to decrease as depicted from the intensity of pixels when 

one of the units comprising a pair was clustered to a CRP and the other to an SRP. (d) 

Average noise correlations among pairs of single units belonging to the same neuronal 

populations were significantly stronger, compared to when each single unit comprising a 

pair belonged to different neuronal populations (t-test utilized for comparison, * - p ≤ 0.05, 

** - p ≤ 0.01, *** - p ≤ 0.001). 

 

 

 

 

 

 

 

 



 
 



Supplementary Figure 10: Proportion of narrow spiking (NS) and broad spiking (BS) 

units among functionally different neuronal populations. For every single unit (N = 

1285), the waveforms recorded on the four different channels of a tetrode were extracted. 

The spike width was calculated as the temporal distance between the peak of the action 

potential and the trough of the hyperpolarization2 and the waveform with longest spike 

width corresponding to every single unit was selected for further analysis. (a) A histogram 

of the spike widths (of this largest waveform) displayed a typical bimodal distribution 

corresponding to the NS and BS units. A k-means based clustering approach (after 

removing the single units in the outlier bin (N = 34) with the longest spike widths) with a 

1000 replicates was utilized for identifying the two clusters corresponding to NS putative 

interneurons (red) and BS putative pyramidal cells (black). The proportion of NS and BS 

units are displayed as a pie plot (upper left inset), while the average waveforms 

corresponding to the two unit subtypes are plotted as an inset figure on the upper right. (b) 

Displayed are example waveforms of two NS units and BS units in red and black 

respectively. (c) and (e) display the same features as in (a) for stimulus selective neuronal 

population as well as the task-phase related (CRP) units. (d) This analysis revealed a 

similarly low proportion of NS units as compared to BS cells among different neuronal 

populations. (f) The proportion of NS units was lower than BS units and these proportions 

were remarkably similar among the neuronal populations clustered to the different CRPs.  

 

 

 

 

 



SUPPLEMENTARY DISCUSSION 

NNMF as a method for clustering neuronal response patterns 

Although the method of NNMF was initially developed to extract certain characteristic 

parts from pictures of faces3, its application to neuroscientific data has been growing. It has been 

recently used as a cell detection algorithm on calcium imaging data4, to analyze network properties 

of a cortical region by embedding spike trains into an NNMF space5,  and for investigation of 

synchronized bursts occurring among dissociated cortical neurons in vitro6. However, it is to the 

best of our knowledge; the first time that the NNMF based classification approach3, 7, 8 has been 

utilized for analyzing and classifying patterns of neuronal PSTHs. A key advantage of this 

methodology with respect to another kind of linear decomposition such as PCA is the 

interpretability of the resulting components as ‘typical’ neuronal responses. This interpretability is 

ensured by enforcing non-negativity of the components, thus preserving a key property of the 

original unit responses. The validity of this approach is further justified in this application by the 

observation that most units had their activity focused on a relatively small part of the trial duration, 

such that only a relatively small proportion of the units are active for a given task phase. This 

sparse activity of LPFC in task phase encoding may be related to previous results on sparse coding 

in sensory areas9 and is also a feature of the data that helps NNMF algorithms to converge to a 

unique solution10, 11. In addition, such a methodology permits the isolation of strikingly different 

response patterns present in the data, thus allowing us to automatically extract generic response 

properties, which may not be obvious upon visual scrutiny of the averaged population activity. 

Further, as the electrophysiological methods advance and become viable for recording the 

electrical activity simultaneously from several hundred neurons or sites with multi electrode 

arrays12, 13, automated algorithms for visualization, classification and presentation of neuronal 



responses are increasingly needed14, 15. The computational approach presented here could therefore 

be utilized for offline and potentially for online classification and visualization of large scale 

electrophysiological data. 

 

Sequential activity patterns in the various regions of the brain 

 Interestingly, similar sequential patterns of activity have been observed in various regions 

of the brain. These include the hippocampus16, 17 of the rodent and in the temporal lobe of the 

macaque18 attributed to the flow of time, in the olfactory system involved in encoding identity of 

odor stimuli19, 20, 21, rodent gustatory cortex upon presentation of natural taste stimuli22, during 

decision making 23 and object construction task24 in the parietal cortex, and in the medial prefrontal 

cortex during memory guided saccade paradigm25. Although such sequential patterns of activity 

are observed in many different regions of the brain in diverse neural processes, it remains to be 

seen, if the structure of neuronal discharge fluctuations also displays similarity across different 

paradigms and various areas in the brain. If such a ubiquitous network encoding principle exists, 

it could provide a common underlying mechanism for the sequential responses found so pervasive 

among neuronal activity in the brain.  
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