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Abstract 46 

 Associative learning is crucial for daily function, involving a complex network of brain 47 

regions. One region, the nucleus basalis of Meynert (NBM), is a highly interconnected, largely 48 

cholinergic structure implicated in multiple aspects of learning. We show that single neurons in 49 

the NBM of non-human primates (NHPs; N=2 males; Macaca mulatta) encode learning a new 50 

association through spike rate modulation. Yet, the power of low-frequency local field potential 51 

(LFP) oscillations decreases in response to novel, not-yet-learned stimuli but then increase as 52 

learning progresses. Both NBM and the dorsolateral prefrontal cortex (dlPFC) encode confidence 53 

in novel associations by increasing low and high frequency LFP power in anticipation of 54 

expected rewards. Finally, NBM high frequency power dynamics are anti-correlated with spike 55 

rate modulations. Therefore, novelty, learning, and reward anticipation are separately encoded 56 

through differentiable NBM signals. By signaling both the need to learn and confidence in 57 

newly-acquired associations, NBM may play a key role in coordinating cortical activity 58 

throughout the learning process.  59 

Significance Statement 60 

 Degradation of cells in a key brain region, the nucleus basalis of Meynert (NBM), 61 

correlates with Alzheimer’s Disease and Parkinson’s disease progression. To better understand 62 

the role of this brain structure in learning and memory, we examined neural activity in the NBM 63 

in behaving non-human primates while they performed a learning and memory task.  We found 64 

single neurons in NBM encoded both salience and an early learning, or cognitive state, while 65 

populations of neurons in the NBM and prefrontal cortex encode learned state and reward 66 

anticipation. The NBM may thus encode multiple stages of learning. These multi-modal signals 67 
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might be leveraged  in future studies to develop neural stimulation to facilitate different stages of 68 

learning and memory.   69 

Introduction 70 

In any complex environment, animals must both learn new associations and continue to 71 

recall and consider previously formed associations between stimuli, behavior, and outcomes to 72 

function adaptively (Poldrack and Packard, 2003).  Both recall and learning depend on the 73 

coordinated action of multiple neuronal systems.  Converging lines of evidence suggest that 74 

brain regions such as the basal forebrain and prefrontal cortex drive these processes across 75 

species. A group of neurons in the basal forebrain, the nucleus basalis of Meynert (NBM), is the 76 

primary source of cholinergic innervation to the cortex in primates and humans (Liu et al., 2015; 77 

Mesulam et al., 1983; Mesulam and Mufson, 1984; Struble et al., 1986). This could mean that 78 

the NBM acts as a possible modulator of cortical function, such as in learning (Bakin and 79 

Weinberger, 1996; Miasnikov et al., 2008, 2009). Furthermore, NBM neurons have been shown 80 

to encode salience, attention, and novelty (Richardson and DeLong, 1986, 1990; Voytko et al., 81 

1994; Voytko, 1996; Masuda et al., 1997; Weinberger, 2003).  82 

In addition, structural dysfunction in the NBM has been correlated with a variety of 83 

mental health and neurological disorders (Mesulam, 2013; Grothe et al., 2014; Kilimann et al., 84 

2014; Gratwicke et al., 2015; Liu et al., 2015).  Degeneration of the NBM occurs in patients with 85 

dementia and Alzheimer’s disease, correlating with impaired learning and memory (Mesulam, 86 

2013).  Despite its centrality, network connections to multiple regions, and seeming importance 87 

in neurodegenerative diseases, the NBM's role in learning and memory is poorly understood.  88 

Debate on the role of the NBM in learning and memory is largely due to the highly variable 89 

responses observed in the NBM during a wide variety of tasks (Richardson and DeLong, 1986, 90 



Martinez-Rubio et al.,  
 

5 
 

1990; Wilson and Rolls, 1990; Voytko et al., 1994; Masuda et al., 1997; Weinberger, 2003).  91 

Previous studies examining the role of the NBM in learning and memory using lesions, 92 

stimulation, behavioral paradigms, and/or physiological recordings in humans and animal models 93 

have not been able to elucidate a unitary role (Wenk, 1997; Ridley et al., 1999; Barefoot et al., 94 

2002; Gibbs and Johnson, 2007; Miasnikov et al., 2008, 2009; Rabiei et al., 2014).  95 

We compared the relative roles of the NBM and dorsolateral prefrontal cortex (dlPFC) in 96 

learning by recording neural activity in non-human primates performing an associative learning 97 

task. We chose the dlPFC because this region is strongly implicated in integrating cognitive 98 

functions such as learning, attention, error prediction, and decision-making (Wallis and Miller, 99 

2003; Tsujimoto and Sawaguchi, 2005; Ichihara-Takeda and Funahashi, 2008; Asaad and 100 

Eskandar, 2011; Kahnt et al., 2011).  In addition, neurons in the NBM have been shown to 101 

project to the macaque dlPFC, specifically the principal sulcus (Mesulam et al., 1983). 102 

Interestingly, there are no observed projections from the dlPFC back to the NBM (Mesulam and 103 

Mufson, 1984). Since the dlPFC has been shown to play a significant role in learning and 104 

memory (Asaad and Eskandar, 2011), we hypothesized that the NBM could play a role as either 105 

a precursor or modulatory structure relative to the learning-related activity seen in the dlPFC.  106 

We found differentiable response profiles and physiological properties, confirming a 107 

multifunctional role of the NBM. Single NBM neurons responded primarily to a combination of 108 

novelty and early learning through spike rate modulation not seen in dlPFC neurons. On the 109 

other hand, the NBM and, to a lesser extent, the dlPFC low frequency population activity 110 

encoded learned states, as represented by theta band (4-8 Hz) power in the local field potential 111 

(LFP). In contrast, high frequency LFP power (65-200 Hz) encoded reward anticipation in both 112 

the NBM and dlPFC.  Strikingly, the spike rates in the NBM were anti-correlated with the 113 
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simultaneously recorded LFP activity relative to learning state, contrary to spike-LFP 114 

relationships demonstrated in many previously reported brain regions (Ojemann et al., 2013; 115 

Yazdan-Shahmorad et al., 2013). These results suggest that NBM encodes multiple aspects of the 116 

learning process and potentially signals these features to cortex via different types of network 117 

activity. 118 

Materials and Methods 119 

Animals 120 

Two adult male non-human primates (NHPs; Macaca mulatta), “R” (12 Kg, 10 years old) 121 

and “P” (12 Kg, 14 years old) were provided with a balanced diet supplemented with fruits and 122 

treats.  Subjects were housed in a climate controlled environment with a 12 h/light-dark cycle 123 

and veterinarian-supervised behavioral and social enrichment.  Fluid was restricted (70 ml/Kg) 124 

such that the subjects received the majority of their daily fluid during task performance. All 125 

animal care and experimentation was overseen and approved by the Institutional Animal and 126 

Care Use Committee at the Massachusetts General Hospital.   127 

Electrophysiology 128 

A titanium head post and recording chamber (Crist Instruments) were surgically 129 

implanted in accordance with applicable USDA guidelines. A magnetic resonance image (MRI) 130 

was acquired and used to plan the recording chamber placement coordinates. The chamber was 131 

stereotactically mounted and positioned to provide optimal access to the structures of interest.  A 132 

second post-operative T1-MRI was performed with fiducial markers to enable mapping of 133 

electrode trajectories and to estimate the distance to reach each target brain region.  A custom 134 

microdrive (Patel et al., 2014) with a 1 mm spaced grid was used to acutely lower two FHC 135 

tungsten microelectrodes (600-800 kΩ) daily, one to each structure, dlPFC and NBM. A cannula 136 
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guide tube facilitated access through piercing of the dura mater.  Cannula lengths were estimated 137 

to penetrate 2mm into the cortex to minimize damage to the brain.   138 

Using custom MATLAB (MathWorks, RRID:SCR_001622) programs, a 3-dimensional 139 

image of each animal’s brain was reconstructed, which allowed for the anatomical visualization 140 

of the electrode trajectory (Bakker et al., 2015).  This trajectory was further confirmed by 141 

physiologically mapping the electrode path (Williams et al., 2005).  The mapping of the NBM 142 

trajectory was performed by sampling the neuronal activity in the cortex, caudate, and putamen, 143 

providing control data to compare neuronal firing and to verify cessation of neuronal activity 144 

upon traversal of the internal capsule and anterior commissure. For subcortical structures, 145 

neuronal activity began at about 18 mm above target, depending on cannula length.  A 146 

physiological trajectory map was not necessary for the dlPFC. Due to the anatomical positioning 147 

of this structure, recordings were performed immediately upon exiting the cannula into cortex, 148 

within the confirmed coordinate calculations and depth.  149 

After recordings were complete, a second 3-dimensional reconstruction was made to 150 

include each anatomically mapped recording site relative to the target brain structures. This 151 

process was done by reconstructing, on a slice by slice basis, the ventral pallidum (VP), NBM, 152 

and dlPFC (area along the principal sulcus) in NHP P’s and NHP R’s MRIs. Reconstruction was 153 

performed relative to three atlases which show the overlap of histology with MRI structures in 154 

model macaque brains, as in the Scalable Brain Atlas (Bakker et al., 2015, RRID:SCR_006934). 155 

The three atlases were the Calabrese atlas (Calabrese et al., 2015), the Paxinos atlas (Paxinos et 156 

al., 2000), and the Neuromaps Macaque atlas (Dubach and Bowden, 2009; Rohlfing et al., 2012). 157 

We classified the recording as VP or NBM based on tip of the electrode overlapped the 3D 158 

reconstructed VP and NBM regions in the brain. Daily coordinates, cannula length, and 159 
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recording depths were used to identify the individual recording sites for each structure.  Only 160 

neurons and local field potential (LFP) recordings within the anatomic boundaries of the NBM 161 

were physiologically screened for NBM-like characteristics (see below).   162 

Extracellular recordings were digitized at 40 kHz using an OmniPlex system (Plexon, 163 

RRID:SCR_014803) and stored for subsequent spike activity (filtered to 300 to 5000 Hz) and 164 

local field potential (filtered to 0.5 to 500 Hz, down sampled to 1000 Hz) analyses. Neurons 165 

encountered at the calculated target depth range were recorded regardless of characteristic firing 166 

rate. We did not move electrodes between blocks in a single session. Experimental blocks were 167 

either Novel-Familiar-Recall or Novel-Familiar-Reversal (see below regarding block design), 168 

resulting in differing numbers of units per experiment type. Using Offline Sorter (Plexon, 169 

RRID:SCR_000012), data were thresholded offline to identify possible action potentials. Spikes 170 

were then manually sorted and clustered in feature space using peak, valley, energy, and both 171 

first and second principal components.  We identified a total of 322 neurons, with 112 NBM 172 

units and 210 dlPFC units. 173 

Behavior 174 

 Two adult rhesus monkeys were trained to perform a visual-motor association task.  The 175 

subjects learned, by trial-and-error, to associate specific novel visual images with a unique 176 

saccade direction to one of the four target locations.  Eye position was monitored with an 177 

infrared video eye-tracking system (ISCAN Inc.; Woburn, MA) that provides eye coordinates to 178 

the behavioral control software (MonkeyLogic (Asaad and Eskandar, 2008)).  Each trial began 179 

with a central fixation point (1250-1500 ms, with 250 ms randomized jitter).  If fixation was 180 

held, a stimulus image was presented.  Animals were required to keep holding fixation (1000-181 

1250ms, with 250 ms randomized jitter) until the stimulus image was cleared and four target 182 
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objects appeared, allowing the animal to make a choice (1000 ms).  Once the animal indicated a 183 

choice, the target changed color to either green or red, indicating a correct or incorrect choice 184 

(1000 ms), respectively.  For every correct choice, the subject received liquid reward. Each block 185 

terminated once 18 correct trials had been performed for each of the 4 images (Williams and 186 

Eskandar, 2006a).  If an animal broke fixation or failed to meet task criteria, the trial was aborted 187 

with no reward. Animals generally completed 2-3 sessions daily, consisting of three blocks each. 188 

Each block was modular, in that the experiments were comprised of three blocks: 189 

Novel/Familiar/Recall or Novel/Familiar/Reversal. No cues were presented to the animal to 190 

signify block change, other than changing the four images in use for that block.  191 

During Novel blocks, animals were expected to learn, by trial-and-error, to make the 192 

correct associations of four novel images with their correct target locations.  For each session, 193 

four new images were randomly chosen from a pool of 1500 pictures to be used in the ‘Novel’ 194 

block. By using new images each day, we could assess both novelty of the stimuli and learning 195 

as the block progressed, on a trial-by-trial basis.  For ‘Familiar’ blocks, the animals were 196 

required to recall associations between four images that were repeated over the entirety of 197 

training and data collection. Animals were well trained in the correct target associations and 198 

usually completed the block quickly. Notably, little learning occurred in this block. In addition, 199 

this block serves as a comparison to the Novel block in that the animal performed long-term, 200 

well-known associations as compared to learned but newly made associations at the end of the 201 

Novel block. The Familiar block also served as a break between Novel and Recall blocks or 202 

Novel and Reversal blocks.  203 

During Recall blocks, animals were re-tested on the associations learned in that session's 204 

Novel block. Little new learning occurs during Recall blocks, but this block allows us to 205 
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compare the recollection of newly learned associations and contrasts with the long-term memory 206 

assessed in the Familiar block. In the Reversal blocks, on the other hand, animals were presented 207 

with the same four images used during the Novel block, but the associated targets were changed, 208 

requiring animals to learn new associations. By reversing associations during this block, we 209 

could assess relearning of now-recognizable stimuli and dissociate between learning and novelty, 210 

as these stimuli were already presented during the Novel block. Overall, the modular design 211 

allows us to examine NBM and dlPFC activity during: 1) learning through operant conditioning, 212 

2) reinforcement through reward, 3) decision-making during learning, and 4) the differentiation 213 

of newly acquired associations versus well-learned associations. The average number of trials 214 

per block type across both NHPs were 140.3 ± 51.08 trials (Novel), 95.4 ± 15.98 trials 215 

(Familiar), 142.4±47.50 trials (Reversal) and 103.7±27.56 trials (Recall). Familiar blocks 216 

contained very few errors, but animals still broke fixation or did not respond on roughly 25% of 217 

trials on any given day. 218 

We quantified learning on a trial-to-trial basis for each image, and separately for each 219 

block and session. For each image in a block, we estimated a 'learning state', also termed 220 

‘cognitive state’, as the latent variable of a linear time-invariant state-space process that gave rise 221 

to the observed reaction times and correct/incorrect choices (Smith et al., 2004, 2007, Prerau et 222 

al., 2008, 2009), using the expectation-maximization algorithm. We considered the learning of 223 

each image as an independent realization of the learning process, yielding four 'learning curves' 224 

and their confidence bounds per block. These state estimates were standardized to the [0,1] 225 

interval for comparison across macaques, blocks, and sessions. For illustrative comparison of the 226 

state-space approach to other learning metrics, we also calculated the ratio correct in a sliding 5-227 

trial window, then smoothed this with a 10-trial-wide non-causal Gaussian kernel.  228 
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Analysis: single unit activity 229 

After individual units were identified through spike sorting, we examined the spike 230 

waveforms to identify whether they likely originated in the NBM.  To be included in the analysis 231 

as NBM units, we used pre-determined criteria from the literature in that 2 of the following 3 232 

criteria had to be met: 1) a spontaneous firing rate from 5 to 40 Hz; (2) a coefficient of variation 233 

of the inter-spike interval less than 1; and (3) a spike duration greater than 180 μs (initial 234 

negative phase, 200-10k Hz filtering) (DeLong, 1971; Richardson and DeLong, 1986, 1990, 235 

1991). As mentioned above, additionally, three-dimensional mapping had to localize the 236 

electrode tip to the NBM region. We did not perform the same check for dlPFC units in that 237 

recordings were performed at the exit of the cannula.  238 

Individual spike times were converted to rates in 5 ms bins, then smoothed by 239 

convolution with a Gaussian kernel (50 ms wide, non-causal). Spike rates were then aligned to 240 

trial events: 1) Fixation; 2) Image onset; 3) Go cue; and 4) Feedback/Reward. Then, on a per-241 

trial basis, we defined a "baseline" period as 1 second before the onset of the fixation point. 242 

Firing rates during each trial were converted to z-scores based on the mean and standard 243 

deviation of that trial's baseline. We then took the absolute value of the z-scored spike rate 244 

fluctuations to account for both the negative- and positive-going changes in spike rate we 245 

observed in NBM units (see Results). The variable analyzed over the course of the block is 246 

single-trial changes in spike rate driven by task cues (modulation), as opposed to a direct 247 

encoding of learning or any other variable in the spike rate (rate coding). We classified units as 248 

modulating their firing relative to a task event (e.g., Go cue) when the spike rate exceeded 4 249 

standard deviations above or below the mean pre-trial spike rate for at least ten 5 ms bins. 250 
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Modulation could be present for only part of a block, as long as it was detectable on at least 15 251 

trials. 252 

Analysis: local field potential 253 

 On the same channels as the single unit activity was recorded, we took the recorded and 254 

already filtered and down sampled local field potential (LFP) and removed line noise (60 Hz). 255 

We did this by band-pass filtering the LFP to 55–65 Hz and its harmonics up to 180 Hz, then 256 

subtracting these filtered signals from each individual channel. To remove the confound of the 257 

average evoked potential and its effect in lower frequency bands, in each block, we subtracted 258 

the average LFP evoked potential for correct or incorrect trials from the time courses of the 259 

corresponding individual trials.  We then performed continuous Morlet wavelet transforms for 260 

the frequency range from 1 to 200 Hz, in 2 Hz steps, to get the Morlet wavelet coefficient 261 

amplitude (MWCA, an equivalent of power) using the FieldTrip MATLAB toolbox (Oostenveld 262 

et al., 2011) (http://www.fieldtriptoolbox.org/, RRID:SCR_004849). We normalized the MWCA 263 

by dividing each time-frequency point by the mean value of the pre-trial baseline across all trials 264 

in all blocks for each recording session. Normalized power was then averaged to yield power 265 

values in the theta (4-8 Hz), alpha (8-15 Hz), beta (15-30 Hz), gamma (30-55 Hz), and high-266 

gamma (65-200 Hz) bands per time point. Recording days for local field potential (LFP) were 267 

only excluded for channels which were localized to outside the NBM based on anatomical three-268 

dimensional mapping. 269 

Statistical analyses 270 

Across LFP and spike rate modulation comparisons, we used the Kruskal–Wallis test for 271 

non-equivalence of multiple medians and the Wilcoxon rank sum test (two-sided) for 272 

comparisons between individual medians. We additionally used the Wilcoxon signed rank test 273 
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(two-sided) for determining if a distribution's mean was significantly different from zero. Post 274 

hoc testing of Kruskal-Wallis groups used the Tukey-Kramer method. We corrected for multiple 275 

comparisons across frequency bands (for LFP power) and epochs (for spikes and LFP power) by 276 

adjusting the target p-value with a Bonferroni correction. In addition to the analyses reported 277 

here, initial exploratory analyses considered the time of the monkey's response (Choice) as an 278 

additional epoch and analyzed the delta (1-4 Hz) LFP frequency band. We therefore Bonferroni 279 

corrected for comparisons across six bands and five intra-trial epochs, yielding a threshold of 280 

0.00167. For time-resolved analysis, we further applied a false discovery rate (FDR) correction 281 

to the p-value at each time point, and only declared a significant result at that time point if the 282 

FDR-corrected value was beneath the Bonferroni-corrected target. We did not test for normality 283 

since all statistical comparisons were performed using non-parametric tests.  284 

For spike rate and power modulations, we tested correlation between firing rate 285 

modulation and behavioral variables or power modulation and behavioral variables using 286 

Spearman’s rank correlation. For neuro-behavioral correlations with two continuous variables 287 

(e.g., correlations between spike rate or LFP power and the learning state), we first computed a 288 

Spearman correlation coefficient between the two variables for each time point within the trial 289 

schema (5 ms non-overlapping sliding window for spike rates, 50 ms non-overlapping sliding 290 

window for LFP power, aligned to an event of interest such as the Go or Feedback cue). We did 291 

this for each experiment block. At each time point, we then collected the correlation coefficients 292 

for that time point across all blocks, then tested that distribution against a null hypothesis of zero 293 

mean using the Wilcoxon signed rank test. When displaying time series of such correlations or 294 

masking by them (e.g. Fig. 4), we applied a FDR correction to control for multiple comparisons 295 

along the time axis and across comparisons, requiring the FDR-corrected p-values to be under 296 
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the Bonferroni-corrected threshold described above.  For both spike rates and LFP, we did not 297 

accept a time point as having a significant correlation unless it was part of a cluster >50 ms in 298 

length (10 time bins) for spike rate signals and >150 ms in length (3 time bins) for LFP power 299 

comparisons.  300 

To analyze contrasting evolutions of spike and LFP modulation within the Novel block, 301 

we re-aligned these to the standardized learning state. Spike rates were down-sampled to 50 ms 302 

bins using MATLAB's 'decimate' function to arrive at the same time scale as the LFP power 303 

calculations. On each trial, and in a 500 ms window before or after each intra-trial event, we 304 

calculated the mean of either the absolute z-scored spike rate or the z-scored LFP power change 305 

from baseline (modulation). We then sorted each block's trials by their learning state. Finally, we 306 

interpolated the modulation time course for each neural variable to state values between 0.2 and 307 

0.8 in 0.01 standardized-unit steps. Few Novel trials had state values outside 0.2-0.8, making 308 

data estimates less stable outside this range. We did not perform this analysis for Familiar or 309 

Recall blocks because the learning state variable did not change sufficiently during those blocks. 310 

For illustration, we fitted cubic spline curves to these data (e.g., Fig. 9), but performed analyses 311 

directly on the learning-aligned time courses.  312 

To test the correlations per recording between spike rate and LFP power, we performed 313 

Spearman correlations between spike rate and LFP power during the Go cue epoch on a per-trial 314 

basis and averaged these correlations per combination of single units and the simultaneously 315 

recorded LFP (e.g., Fig. 9). These analyses were for each experiment type (Novel, Familiar, 316 

Recall, and Reversal). The same multiple comparison statistical corrections were applied to the 317 

data set as listed above. 318 
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Our calculations allowed comparisons and variation between groups and independent 319 

samples to be within similar ranges. The groups we compared were across independent samples 320 

(whether neurons or LFP channels), across cognitive tasks (whether learning or short or long-321 

term recall), and across brain regions (NBM and dlPFC). In addition to normalizing data per 322 

sample, or trial, before performing statistical comparisons, the majority of analyses in this study 323 

involved correlating a behavioral measure (accuracy, learning, etc.) with a neural measure (such 324 

as LFP power or spike rate modulation).  The resulting Spearman correlation values resulted in 325 

similar bounded ranges between -1 to 1 across conditions and groups. These values demonstrated 326 

similar variances in both the standard error as is shown in the figures and in the statistical 327 

comparisons, with only a few groups or comparisons demonstrating significant differences (e.g. 328 

Fig. 3-8). 329 

Statistical Rigor 330 

There was no randomization of the data and no investigator was blinded to the group 331 

allocation in the analyses or experimental design. In both animals, we collected recording 332 

sessions until we were no longer able to obtain new units on fresh electrode penetrations or when 333 

unrelated health issues in NHP R required termination of recordings. We verified that the 334 

resulting sample size was adequately powered for the analyses performed. As an example, we 335 

found (Fig. 8) that NBM high-gamma power (HGP) significantly correlated with learning after 336 

the Go cue. In the 0.5 seconds following the Go cue, the correlation (Spearman rho) between 337 

learning state and HGP had a mean of 0.368 and standard deviation of 0.15 across 73 338 

independent recording sessions. We generated surrogate data that followed that distribution, for 339 

500 replicates of each putative N (number of recording sessions). We then tested each replicate 340 

for a non-zero median with the Wilcoxon sign-rank test. With the Bonferroni-corrected 341 
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α=0.00167 that we used in all LFP analyses, we needed only N=11 to have 80% power to reject 342 

the null hypothesis. Our sample size is nearly 7 times larger than the minimum necessary, and 343 

similar calculations apply to the data of other Figures. 344 

Data Availability 345 

The datasets generated during and/or analyzed during the current study are available from 346 

the corresponding author on reasonable request. 347 

RESULTS 348 

Learning behavior 349 

We recorded neural activity as two behaving NHPs performed an associative learning 350 

task (Williams and Eskandar, 2006b).  The animals learned, by trial and error, to associate each 351 

of four images with one of four target locations (Fig. 1A; see Materials and Methods).  The 352 

task was subdivided into epochs, beginning with a centralized fixation point (Fixation), followed 353 

by a stimulus presentation (Image onset). Next, four target objects appeared and the stimulus 354 

image was cleared (Go cue), which signaled to the animals to make a choice by looking at the 355 

target. After this eye movement, or saccade to the object, the target changed color to provide 356 

visual correct/incorrect feedback (Feedback). Correct choices rewarded animals with juice 357 

(Reward). 358 

We used a modular design, consisting of multiple combinations of four block types: 1) 359 

Novel block, animals were expected to learn, by trial-and-error, to make the correct associations 360 

of four novel images with their correct target locations; 2) Familiar block, the animals were 361 

required to recall associations between four images that were repeated over the entirety of 362 

training and data collection. Animals were well trained in the correct target associations and 363 

usually completed the block quickly; 3) Recall block, animals were re-tested on the associations 364 
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learned in the Novel block. This block allowed us to compare the recollection of newly learned 365 

associations and contrasts with the long-term memory assessed in the Familiar block; 4) Reversal 366 

block, animals were presented with the same four images used during the Novel block, but the 367 

associated targets were changed, requiring animals to learn new associations. By reversing 368 

associations during this block, we could assess relearning of now-recognizable stimuli and 369 

dissociate between learning and novelty, as these stimuli were already presented during the 370 

Novel block (Fig. 1A; see Materials and Methods). Each experimental session contained 371 

combinations of three block types, e.g. Novel/Familiar/Recall or Novel/Familiar/Reversal. 372 

Importantly, during Novel blocks, both the images and their associations were new to the animal, 373 

whereas, during Reversal, only the associations were new.  Familiar blocks helped distinguish 374 

learning-related signals from signals more closely associated with reward. During Familiar 375 

associations, the animal could strongly anticipate reward on each trial, but basically no learning 376 

occurred. The Familiar block also served as a break between Novel and Recall blocks or Novel 377 

and Reversal blocks. 378 

Both animals successfully learned, performed, and reversed associations between each of 379 

the four images and the associated target location (Fig. 1B). To summarize this, we integrated 380 

decision time and accuracy into a 'learning state' (also called cognitive state) variable that was 381 

defined for each of the four images on every trial (Prerau et al., 2009). Having an estimate of 382 

learning for each possible association, on every trial, allowed for more accurate regression of 383 

neural activity against learning (Prerau et al., 2009) (Fig. 1C). As expected, the learning state 384 

estimate increased during Novel and Reversal blocks, as did the ratio correct (Asaad and 385 

Eskandar, 2011) (Fig. 1D-E).  Since there was little further learning during Familiar and Recall 386 

blocks, the learning state remained high during these blocks (Fig. 1C-E).  387 
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Single-neuron responses 388 

Because the NBM may influence learning through cortical projections (Mesulam et al., 389 

1983; Irle and Markowitsch, 1986), we simultaneously recorded single neurons and LFPs from 390 

the NBM and dlPFC as animals performed the task.  We confirmed the identity of NBM neurons 391 

both by anatomic mapping (Fig. 1Fi-iii; see Materials and Methods) and waveform properties 392 

of each unit after spike sorting (Richardson and DeLong, 1990) (Fig. 1G-H). To be included in 393 

the analysis as NBM units, we used pre-determined criteria (Richardson and DeLong, 1990). 394 

Two of the following 3 criteria had to be met: 1) a spontaneous firing rate from 5 to 40 Hz; (2) a 395 

coefficient of variation of the inter-spike interval less than 1; and (3) a spike duration greater 396 

than 180 μs (initial negative phase, 200-10k Hz filtering) (Fig. 1G-H). Using this method, we 397 

identified 322 neurons, with 112 NBM units and 210 dlPFC units.  398 

We hypothesized that NBM neurons would respond to novel, salient stimuli (Mesulam et 399 

al., 1983; Rigdon and Pirch, 1986; Voytko, 1996; Wenk, 1997), while we have previously shown 400 

that dlPFC neurons signal reward expectation during learning (Asaad and Eskandar, 2011). 401 

Indeed, nearly half the NBM units (NHP R: 33/69, NHP P: 21/43) changed their firing rate in 402 

response to task cues for the first 50-100 trials of the Novel block, then stopped cue-linked 403 

modulation for the remainder of the block (Fig. 2A). These cells modulated their firing only 404 

when novel and salient stimuli were presented, and ceased to modulate when the stimuli were no 405 

longer novel.  Units that modulated in Novel blocks did not modulate in other block types (Fig. 406 

2B-D). Individual examples show that NBM neurons did not modulate during Recall blocks 407 

(Fig. 2B), which represent newly formed associations, during Reversal blocks (Fig. 2C), when 408 

the Novel object must be associated with a different location, and finally, no clear change in 409 

firing rate during Familiar blocks, representing established associations with highly familiar 410 



Martinez-Rubio et al.,  
 

19 
 

objects (Fig. 2B-D).  Therefore, the combination of a Novel object with a new association 411 

appears necessary for these neurons to modulate their firing. 412 

The changes in firing rate could be due to novelty (number of exposures to any given 413 

image), learning, or reward anticipation from correct trials.  To test this, we correlated the peri-414 

event modulation of each unit, in 5 ms bins, with 1) the learning state, 2) trial number (testing 415 

novelty), 3) decision accuracy (testing reward expectation or delivery), and 4) reaction time (to 416 

separate the effect of reaction time from learning state). NBM unit modulation had significant 417 

negative correlations (p<0.05, false discovery rate (FDR) controlled through time) to learning 418 

state and trial number, and not to reaction time, during Novel blocks. Significant correlations had 419 

begun shortly after image onset and abruptly offset at the Go cue (Fig. 3). NBM firing 420 

modulation did not correlate to learning, accuracy, trial number or reaction time in any other 421 

block type, including Reversal (Fig. 3). This was consistent with a model where NBM neurons 422 

modulated their firing when both cues and associations were new as the cues are presented, and 423 

thus salient. Modulation ceased once the cues were learned (still salient but no longer novel). 424 

Interestingly, this NBM spike rate modulation occurs immediately before and around the time 425 

point that the NHPs made a choice, meaning that the NBM activity could be tied to the decision 426 

making in Novel blocks.  427 

In contrast, dlPFC neurons had little change in cue-linked modulation with learning (Fig. 428 

4A).  The novelty encoding observed with NBM neurons was not present in dlPFC neurons 429 

during any block (Fig. 4A-C).  Consistent with our prior findings (Asaad and Eskandar, 2011), 430 

dlPFC neurons encoded prediction errors, significantly changing their firing rate relative to 431 

baseline for incorrect versus correct trials. This was most evident during Familiar blocks where 432 

errors occurred in the context of a high degree of confidence (p=0.0371; Wilcoxon signed rank 433 
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test; z-value=2.0844; Fig. 4D).  Specifically, errors during well-learned associations induce 434 

changes in dlPFC activity. NBM neurons had no significant differences in spike rate modulation 435 

between correct and incorrect trials for the Familiar block type (Fig. 4C-D). 436 

Multi-spectral band encoding in LFP power 437 

 Since learning often involves changes in LFP oscillations in both cortical and subcortical 438 

structures (Brincat and Miller, 2015; Haque et al., 2015; Watrous et al., 2015), we examined 439 

task-induced LFP power changes driven by learning, accuracy, reaction time, and trial number in 440 

the same sliding correlation framework. In sum, we found that theta (5-8 Hz) power early in the 441 

trial encoded learning, theta and alpha (8-15 Hz) late in the trial encoded reward feedback (or 442 

reinforcement through reward), and high gamma (65-200 Hz) encoded reward anticipation. 443 

In early trials during Novel blocks, theta power decreased (relative to pre-trial baseline) 444 

at image onset. Theta then increased after the Go cue in both the NBM and dlPFC (Fig. 5A). As 445 

seen with spike rate changes, both structures' theta power modulation attenuated as learning 446 

progressed. This was reflected in a significant correlation between theta power and the learning 447 

state, in both NBM and dlPFC (p < 0.05 after FDR correction), starting 650-700 ms before the 448 

Go cue (Fig. 5B-C). Unlike spike rate modulation, neither dlPFC nor NBM theta power was 449 

significantly correlated with trial number, suggesting that the theta-band effect was specific to 450 

the learning process and not to stimulus novelty. Pre-Go-cue theta power in the NBM (but not 451 

dlPFC) also significantly correlated with decision accuracy, but the correlation with learning 452 

state was consistently higher than the correlation with accuracy in both structures (Fig. 5B-C). 453 

The first time point of significant theta correlation with the learning state was earlier in the NBM 454 

than in the dlPFC (-700 vs. -650 ms, relative to the Go cue), suggesting that the learning-related 455 

theta band signal might originate in or near the NBM, particularly before the NHPs made their 456 
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choices. The theta power/learning state correlation also exceeded the correlation with accuracy 457 

before the Go cue during Reversal blocks, but did not reach the pre-specified significance 458 

threshold (Fig. 5B-C). This theta band activity, however, did not correlate as strongly with 459 

learning state during the Familiar or Recall blocks. Interestingly however, the correlation to 460 

learning was slightly higher during Recall blocks than Familiar blocks, indicating a 461 

differentiation between newly acquired associations and well-learned associations (Fig. 5B-C). 462 

This distinction in theta band power preceding a choice could represent the NHPs making a 463 

decision as they were learning.  464 

Alpha power modulation in NBM and dlPFC also showed periods of significant 465 

correlation to learning state, but correlated more strongly to reward anticipation, reward 466 

reinforcement (as the NHPs received a green target reinforcement cue before receiving a reward; 467 

Fig. 1) and consumption (Fig. 6A).  Both before and after Feedback, in the NBM and dlPFC, 468 

theta and alpha power were significantly correlated with the accuracy of the animal's choice, 469 

with a peak around the time that the NHPs would receive the green target reinforcement cue (p < 470 

0.05, FDR corrected). When analyzed locked to the Feedback cue, the accuracy correlation 471 

exceeded the power correlation with learning state (Fig. 6B-C). In contrast to the learning-472 

related theta de-synchronization (power decrease) that we observed before the Go cue, reward-473 

correlated (or accuracy-correlated) theta/alpha power increased over the pre-trial baseline, and 474 

the increase amplified over the course of a block (Fig. 6). The reward encoding was stronger in 475 

the alpha band than in the theta band (NBM peak ρ=0.42 in alpha and 0.31 in theta, dlPFC peak 476 

ρ=0.44 in alpha and 0.29 in theta). After Feedback was delivered, the correlation between power 477 

and reward/accuracy sharply declined, showing non-significant correlations by 450 ms (dlPFC) 478 

or 900 ms (NBM) after reward (Fig. 5B-C, 6B-C). This was consistent with a reward 479 
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anticipatory-related signal that peaked when the animals were given the green target 480 

reinforcement cue that was no longer correlated with reward once it was consumed. Consistent 481 

with a reward-anticipation signal, Feedback-locked alpha modulation was not specific to Novel 482 

blocks. Significant encoding also occurred during Familiar blocks, during Recall of well-formed 483 

associations, and Reversal of those associations (Fig. 6B-C).  Beta power, in contrast, correlated 484 

with accuracy only in a short time window around the Choice event, and never encoded learning 485 

state more strongly than accuracy (Fig. 7A-B). 486 

High gamma (65-200 Hz, HGP) and gamma (30-55 Hz) LFP power modulation also 487 

encoded reward anticipation and consumption (Fig. 7B-C; 8A-B). As with theta and alpha, HGP 488 

in the NBM and dlPFC encoded a correct trial, but modulated earlier in the trial, starting at the 489 

Go cue (Fig. 8A-B). This is consistent with reward anticipation, driven by confidence in a well-490 

learned decision. HGP modulation in NBM also significantly correlated with accuracy around 491 

the Feedback cue in Novel and Familiar blocks (reward consumption, Fig. 8). Further, neither 492 

structures’ HGP showed higher correlation with learning state, reaction time, or trial number 493 

than with accuracy, suggesting a more "pure" reward encoding in HGP compared to the lower 494 

frequency bands. Encoding was stronger in the presence of active learning: correlations in NBM 495 

after Go and Feedback were significantly higher in Novel and Reversal blocks compared to 496 

Familiar and Recall (Fig. 8C). This result indicated there was a separation between blocks in the 497 

process of learning, whether learning a Novel association or Reversing a newly-learned 498 

association, versus Recall or Familiar, when the association is recently acquired or well-learned .  499 

Spike-LFP Dissociation 500 

 Together, these results suggested that spike rate and LFP power modulation in the NBM 501 

orthogonally encoded the learning process, particularly in the formation of Novel associations. 502 
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Spike rate modulation increased before the Go cue, and this modulation attenuated with learning 503 

(Fig. 2). HGP modulation increased after the Go cue, and became stronger with learning (Fig. 8).  504 

To quantify the anti-correlation, we binned the learning state in steps of 0.01 and computed the 505 

mean HGP and spike-rate modulation around Go for each bin. The binned HGP and spike 506 

modulation time-series had strong negative correlations in both NBM (ρ=-0.53, p=1.9e-5) and 507 

dlPFC (ρ=-0.47, p=2.4e-4) (Fig. 9A-B). Spike and HGP modulation were also anti-correlated in 508 

dlPFC around Reward (ρ=-0.35, p=0.0055). At other trial epochs, neither structure showed 509 

strong correlations between spike and HGP modulation (Fig. 9A-B). HGP in cortex has been 510 

believed to track the level of local spiking and correlates with functional magnetic resonance 511 

imaging signal (Ojemann et al., 2013; Yazdan-Shahmorad et al., 2013; Watrous et al., 2015). 512 

Our dissociation of these signals in NBM suggests that the spiking-HGP link is not universal. 513 

 Additionally, we correlated spike rates with power per electrode per brain region during 514 

the Go cue epoch (when the most modulation occurs during the epochs) for all five frequency 515 

bands (Fig. 9C).  We found no significant correlations both within blocks, within frequency 516 

bands, and between block types (For significant Spearman rho correlations: p<0.0013, FDR 517 

controlled, Wilcoxon signed rank test; For multiple comparisons between block types: NBM: 518 

Chi-sq.=16.91; p= 0.596, dlPFC: Chi-sq.=16.03; p= 0.655; Kruskal-Wallis test; Fig. 9C).  These 519 

results indicated that, outside of the effect of learning state, LFP power and NBM spike rate do 520 

not demonstrate a strong significant anti-correlation.  Instead, LFP power and NBM spike rate 521 

are anti-correlated in the context of Novel learning as the NHPs made their decisions in the task. 522 

Discussion 523 

Our results suggest that single NBM neurons modulated strongly during early learning of 524 

novel cues and then ceased to respond late in learning. At the same time, low-frequency 525 
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oscillations increased their modulation as the association was learned, possibly representing 526 

populations of neurons acting in increasing synchrony. We also found that novelty, learning 527 

stages, and reward were encoded by separable neural signals in the NBM and dlPFC (Fig. 9C). 528 

While NBM spike activity encoded the need to form associations for novel stimuli, LFP encoded 529 

whether they had been formed and the anticipation of reward linked to correct association 530 

retrieval. Low- and high-frequency LFP encoding occurred in both NBM and dlPFC, generally 531 

with an earlier onset in the NBM. This may reflect a causal relationship, where NBM signals 532 

drive their counterparts in PFC, although proving that causality would require further 533 

experiments such as the use of neural stimulation and multi-electrode arrays. From these current 534 

results, we hypothesize that this LFP-spike anti-correlation involves network effects of possible 535 

broadly-projecting NBM neurons suppressing theta band activity. This network effect could then 536 

change over time, as the NBM neurons no longer modulate their firing in response to a Novel 537 

association being formed. Yet, without more electrodes per brain region, we did not feel we 538 

could demonstrate this with the current data set.  539 

This concept of NBM neurons driving cortical targets is supported by the fact that NBM 540 

neurons project throughout the cortex and are the primary source of cholinergic innervation to 541 

the cortex in primates (Mesulam et al., 1983; Baxter and Chiba, 1999; Mesulam, 2013; Liu et al., 542 

2015). NBM cholinergic efferents innervate the entire cortical mantle and olfactory bulb, while 543 

only limbic and para-limbic areas (such as the cingulate gyrus, hippocampus, amygdala, and 544 

nucleus accumbens) have reciprocal connections back to the NBM (Gratwicke et al., 2013; 545 

Mesulam, 2013; Liu et al., 2015).  It is therefore not surprising that stimulation of the NBM 546 

induces cortex-wide synchrony (Kilgard and Merzenich, 1998). Importantly, anatomically 547 

defined NBM sub-regions project to different parts of the brain (Liu et al., 2015). Further studies 548 
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and use of multichannel electrodes in multiple regions of the NBM, for instance, could be key for 549 

differentiating function in this structure, particularly to explain the counter-intuitive anti-550 

correlation between high gamma power LFP activity and the spiking activity we found as the 551 

NHPs learned new associations (Fig. 9D).   552 

Another important component to consider is that there are subsets of NBM neurons 553 

which release a diversity of neurotransmitters, including glutamate and GABA (Mesulam et al., 554 

1983; Wenk, 1997; Semba, 2000; Liu et al., 2015). To overcome this heterogeneous distribution 555 

of neural types in the NBM, multichannel recording could sample more single unit waveforms in 556 

the area and potentially identify separable populations of NBM neurons.  A multichannel 557 

approach would also allow the examination of causal relationships between the NBM and cortex, 558 

particularly with LFP.  With only single electrodes per region as in this study, we could not rule 559 

out volume conductance issues, and thus could not report coherence or other synchrony/causality 560 

measures in this study (Bastos and Schoffelen, 2016).  561 

Nevertheless, we found clear encoding of the learning state in theta band modulation 562 

before the Go cue, and not in other bands. In contrast, alpha, beta and high gamma power 563 

correlated best with trial accuracy after the Go cue, reflecting reward anticipation. In particular, 564 

power in these frequency bands demonstrated significant correlations to trial accuracy across all 565 

block types. Our results show significant encoding of reward reinforcement and reward 566 

anticipation whether the animals had formed a new association (Novel blocks), were recalling a 567 

newly made association (Recall), were recalling a well-formed association (Familiar), or were 568 

reversing a new association (Reversal). This could possibly indicate a more generalizable 569 

concept: that reward anticipation and reinforcement induce across-frequency changes in LFP 570 

power.  In addition, these results point to an underlying mechanism where of different modalities 571 
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of neural activity can encode and coordinate multiple aspects of learning, as shown in our 572 

proposed model (Fig. 9D). There is a growing body of evidence that different frequency bands 573 

serve to bind, coordinate, or otherwise enhance communication between different brain areas 574 

(Buzsáki and Watson, 2012; Watrous et al., 2015).  For example, theta band activity has long 575 

been associated with hippocampal memory function (Buzsáki and Watson, 2012), and recent 576 

evidence implicates this band in cortico-hippocampal coordination during learning (Benchenane 577 

et al., 2011; Brincat and Miller, 2015).  More recently, gamma (30-50 Hz) and high-gamma (50-578 

200 Hz) bands have been similarly proposed to support learning across species (Lee et al., 2014). 579 

These separable encodings could guide the development of closed-loop stimulation to 580 

enhance learning and memory, potentially moving towards clinical therapeutics (Laxton and 581 

Lozano, 2013; Widge et al., 2017). Delivering stimulation during critical moments in memory 582 

formation has profound effects on learning (Katnani et al., 2016; Ezzyat et al., 2017; Williams 583 

and Eskandar, 2006). If NBM modulation signals the beginning of a novel learning process, then 584 

inducing that modulation at the right time might accelerate or induce novel learning by altering 585 

network activity. Deep brain stimulation (DBS) of the NBM to treat Alzheimer’s and Parkinson 586 

dementia has had variable results, suggesting that this is not a straightforward strategy (Kuhn et 587 

al., 2015; Mirzadeh et al., 2015). However, based on our observations, NBM stimulation could 588 

be targeted to specific phases of learning, or NBM activity might identify timepoints when 589 

stimulation could be particularly effective. For instance, stimulation during the Go cue decision 590 

point (such as when the NBM single units encode Novel learning) or during feedback (such as 591 

when the NBM LFP encodes reward anticipation) could differentially alter the underlying 592 

learning, or cognitive, state. 593 

 594 

595 
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Figure legends 596 

Figure 1. Non-human primates (NHPs) learn and reverse associations, and can do so while 597 

recalling already established associations. A, Experimental Paradigm: During an associative 598 

learning task, adult rhesus macaques associated a visual image with one of four target locations. 599 

Once the animals indicated a choice by an eye movement, the target changed color to either 600 

green or red corresponding with a correct or incorrect choice, respectively (see Materials and 601 

Methods). Each experimental session involved three blocks of 140.3 ± 51.08 trials (Novel), 95.4 602 

± 15.98 trials (Familiar), and either Reversal (142.4±47.50 trials) or Recall (103.7±27.56 trials) 603 

of associations learned in the same sessions’ Novel blocks (average trial numbers across both 604 

NHPs). B, Representative example of learning behavior for a Novel-Familiar-Reversal 605 

experiment (top) and a Novel-Familiar-Recall experiment (bottom) in NHP R. Curves are the 606 

ratio correct in a sliding 5-trial window, smoothed by a 10-trial non-causal Gaussian kernel. 607 

Performance increases gradually from low levels when learning new associations (Novel, 608 

Reversal) and is consistently high when performing learned associations (Familiar, Recall). C, 609 

Average learning state curves for both NHPs across Novel, Familiar, Reversal, and Recall 610 

experiments. “n=” indicates number of blocks run per NHP and experimental condition. D-E, 611 

evidence of learning in NHPs R and P. We compared ratio-correct (D) and learning state (E), 612 

averaged across each block's four target images, between the first 50 and final 50 trials of each 613 

block. In both animals, and using either metric, there is significantly greater learning (increase 614 

from block start to block end) during Novel and Reversal blocks, compared to the Recall and 615 

Familiar blocks where animals perform already-learned associations. Letters a-b above bars 616 

indicate statistically separable groups by Tukey post hoc testing after Kruskal-Wallis test. D, 617 

NHP R: Chi-Sq. = 161.71, p<0.000001. E, NHP P: Chi-Sq. = 215.7, p<0.000001. Error bars 618 
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indicate s.e.m. Fi-iii, T1-weighted MRI with fiducial markers, showing electrode trajectories for 619 

the NBM and the dlPFC with 3-D reconstructions of neighboring brain structures. We use 620 

anatomical mapping to additionally separate VP from NBM recordings by reconstructing the 621 

areas of the VP and NBM on the MRI and dividing recordings based on the amount of overlap 622 

between the electrode tip and the 3D reconstructed structures (See Materials and Methods).  623 

Nomenclature: Caudate (Cd), Putamen (Pt), Anterior Commissure (Ac), Ventral Pallidum (VP), 624 

Optic Nerve (Op N), Amygdala (Amy). G, Average waveform shape of units classified as NBM 625 

or non-NBM (only including recordings which mapped in 3D to the NBM region) illustrating 626 

differences in peak width. Shaded regions indicate s.e.m.  H, The three criteria per unit and the 627 

classification of the units into NBM and non-NBM. The latter were not used for further analysis.  628 

 629 

Figure 2. NBM neurons modulate firing specifically in response to novel cues.  A, 630 

Representative example of two NBM neurons collected on different days from NHP R.  Unit 1 631 

suppressed firing immediately following stimulus presentation, returning to baseline firing at the 632 

Go cue. Unit 2's activity increased during the same period and normalized at the Go cue.  This 633 

modulation lasted for the first 100 trials of the novel block, after which the spike rate showed 634 

less peri-event variability (dashed horizontal line). This was particularly visible after the animal 635 

learned the association, as represented in the learning state estimate to the right. Similarly, during 636 

Familiar (B, top) and Recall (B, bottom) blocks, again containing only well-learned associations, 637 

Unit 1 from (A) maintains a constant firing rate. Unit 2, also shown in (A) (bottom), further 638 

demonstrates that novel associations alone are not sufficient to produce NBM modulation. This 639 

unit also does not modulate to task cues during the Familiar (C, top) block. Even during Reversal 640 

(C, bottom), when non-novel stimuli are paired with new associations, task cues do not change 641 
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this unit's firing rate. Panel (C, bottom) also illustrates that correct/incorrect performance on any 642 

given trial does not drive firing rate. D, after the Fixation cue of Novel blocks, when as-yet 643 

unlearned images are presented, this unit from NHP P increases its firing rate. As the 644 

associations are learned (increasing trial number), this modulation ceases, evident after trial 100 645 

in this plot. During a Familiar block where stimuli are salient but associations are well-known, 646 

this same unit does not modulate to task cues. Compare these responses to (A-C), showing the 647 

same pattern in units from NHP R. 648 

 649 

Figure 3. NBM unit modulation is specific to Novel blocks.  Mean Spearman rank correlations 650 

between z-scored spike rate changes (relative to baseline activity 1 sec before fixation) and trial-651 

level variables, using a sliding 50 ms window. Only Novel blocks showed median correlations 652 

significantly different from zero, indicated by circles above the curves (Wilcoxon signed rank 653 

test on the distribution of Spearman coefficients at each time bin, thresholded to false discovery 654 

rate (FDR) correction through time to p < 0.05, Bonferroni corrected for testing of multiple 655 

epochs). Both trial number and learning state correlated with spike rate modulation, suggesting 656 

that novelty of the stimulus drives modulation.  n = the number of units per experiment in the 657 

NBM (orange). Shaded regions around lines indicate s.e.m. Curves show correlations between z-658 

scored spike rate change from baseline and learning (purple), trial number (black), accuracy 659 

(green), or reaction time (burgundy).  Columns are the different epochs of the task.  Rows are the 660 

different types of blocks in the task. The Recall and Reversal blocks have fewer neurons due to 661 

loss of isolation on some cells during the final block of a session as well as experimental design 662 

(see Materials and Methods). In the Novel blocks, NBM firing modulating was significantly 663 

correlated to both learning and trial number, both of which are measures of stimulus novelty. No 664 
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such encoding is present for any other block. Data from: 112 NBM units across 2 NHPs. Shaded 665 

regions around lines indicate s.e.m. 666 

 667 

Figure 4. In contrast to NBM, dlPFC neurons do not respond strongly to stimulus novelty 668 

or unlearned associations. A, example raster plots of a dlPFC unit (NHP R). The unit did not 669 

show substantial cue-related modulation, and this did not change as the learning state increased.  670 

This is further evident from B, showing dlPFC units did not demonstrate any significant 671 

correlations between learning state and spike rate changes for the same time windows.  Mean 672 

Spearman rank correlations between z-scored spike rate changes (relative to baseline activity 1 673 

sec before fixation) and trial-level variables, using a sliding 5 ms window. n = the number of 674 

units per experiment in the dlPFC (blue). In the Novel blocks, dlPFC modulation was not 675 

significantly correlated to both learning and trial number, both of which are measures of stimulus 676 

novelty. Data from: 210 dlPFC units across 2 NHPs. Shaded regions around lines indicate s.e.m. 677 

C, The contrast between dlPFC and NBM activity is further illustrated in binned peri-stimulus-678 

time histograms (PSTHs) in the two regions. We took all units recorded during Novel blocks in 679 

NHP R and averaged their firing around the time of the Go cue, normalizing and Z-scoring 680 

activity as per Methods. When averaging peri-stimulus activity at the level of the individual 681 

picture, NBM neurons as a population show substantial modulation (absolute value of firing rate 682 

change vs. pre-trial baseline) just before the Go cue. As per Fig. 2, this modulation diminishes 683 

with learning, seen here at about trial 20 (black arrow and dotted line). dlPFC neurons as a group 684 

do not show this modulation. D, Changes in spike rate with error and correct/incorrect. dlPFC 685 

neurons encoded error, especially unexpected error, more strongly than NBM. In the Familiar 686 

block, when animals had a high degree of confidence in their responses, dlPFC neurons had 687 
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significantly higher (p=0.0371; Wilcoxon signed rank test) firing rates immediately after 688 

Feedback in incorrect trials compared to correct. No such difference was found in NBM firing 689 

rates. (p=0.9631; Wilcoxon signed rank test). Error bars indicate s.e.m. 690 

 691 

Figure 5. Low frequency (theta band) LFP power encodes both learning and reward 692 

expectation in NBM and dlPFC. A, Average changes in theta power from baseline, across 693 

recordings and animals across learning states, in the NBM (N=44 recordings across two animals; 694 

left) and dlPFC (N=49 recordings across two animals; right) for Novel blocks. Color vs. grey 695 

designates 50-ms windows in which the correlation between theta power and learning state 696 

values is/is not significant after FDR correction. For plotting, the learning state was binned from 697 

0 to 1 in increments of 0.005, and trials were assigned to their nearest bin. This binning was not 698 

used for the statistical calculation. In both structures, theta power decreased after image 699 

presentation and returned to baseline just after the Go cue early in the learning process. This 700 

modulation dissipated as the animals learned. B-C, Spearman rank correlations between theta 701 

LFP power and learning state (purple), choice accuracy (green), and trial number (black). Red 702 

markers indicate points where the learning state and accuracy correlations are significantly 703 

different (p<0.05, Bonferroni corrected for epoch and frequency band comparisons and FDR 704 

corrected through time, Wilcoxon rank sum test). Other color markers indicate whether the mean 705 

correlation at each time point was significantly different from zero (p<0.05, Bonferroni corrected 706 

for frequency bands and epochs and FDR corrected through time, Wilcoxon signed rank test). 707 

The learning state was significantly correlated to theta power (and more strongly correlated than 708 

accuracy) from about 700 ms before the Go cue (purple arrowheads) until just after Go cue, in 709 

both NBM (B) and dlPFC (C), Accuracy was significantly correlated with theta power in the 710 
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Feedback-locked analysis (green arrowheads), and this correlation exceeded the correlation with 711 

learning state both before and after Feedback.  B, C, Shaded regions around lines indicate s.e.m.  712 

 713 

Figure 6. Low-frequency (Alpha) LFP encoding of learning, but not reward anticipation, is 714 

specific to Novel blocks. A, Same metric and statistical approaches as in Fig. 5A, but in the 715 

alpha (8-15 Hz) band. B-C, Same metrics and statistical approaches as in Fig. 5B-C but in the 716 

alpha band in the NBM (B) and dlPFC (C). Post-image suppression was less prominent and the 717 

post-Go cue enhancement in NBM was stronger than the dlPFC. Alpha power generally encoded 718 

accuracy more strongly than it encoded learning, and significant encoding was present as early as 719 

1 s before Feedback. This was consistent with a reward anticipation signal. B-C, Shaded regions 720 

around lines indicate s.e.m. Data include NBM: N=44 recordings (sessions) across two animals 721 

and dlPFC: N=49 recordings (sessions) across two animals. Line and color markers follow the 722 

same schema as Fig. 5B-C. Shaded regions around lines indicate s.e.m.  723 

 724 

Figure 7. LFP power in beta (A-B) and gamma (C-D) bands does not encode learning 725 

processes. Correlations between LFP power and trial-level variables (learning state, accuracy, 726 

trial number, and reaction time) are plotted and statistically evaluated as in same metrics and 727 

statistical approaches as in Fig. 5B-C. Beta band (15-30 Hz) correlation curves are plotted for the 728 

NBM (A) and dlPFC (B). Gamma band (30-55 Hz) correlation curves are plotted for the NBM 729 

(C) and dlPFC (D). There are few time points where power is significantly correlated with the 730 

learning state, to smaller extent than in lower frequencies. Power correlations to learning state 731 

are always smaller than power correlations to accuracy (reward/anticipation). Data include 732 

NBM: N=44 recordings (sessions) across two animals and dlPFC: N=49 recordings (sessions) 733 
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across two animals. Line and color markers follow the same schema as Fig. 5B-C. Shaded 734 

regions around lines indicate s.e.m. 735 

 736 

Figure 8. High-gamma LFP power (HGP) in the NBM encodes reward expectation, leading 737 

to an anti-correlation between spike and HGP modulation during learning. A-B, HGP (65-738 

200 Hz) modulation is correlated with trial accuracy more strongly than with learning, although 739 

both show significant correlations just after the Go cue, though this correlation between learning 740 

and HGP is present during novel learning such as Novel blocks, but not in Familiar blocks. 741 

Accuracy (which correlates with anticipated reward) showed significant correlations with HGP 742 

in both structures, continuing after Feedback when the reward was being consumed. This 743 

encoding reached statistical significance for most of the peri-Feedback period in Novel and 744 

Familiar blocks in dlPFC and the NBM and was qualitatively present in Recall and Reversal 745 

blocks. Correlations between LFP power and trial-level variables (learning state, accuracy, trial 746 

number, and reaction time) are plotted and statistically evaluated as in same metrics and 747 

statistical approaches as in Fig. 5B-C. NBM (N=44 recordings across two animals). C, These 748 

correlations are present in the dlPFC, though with fewer significant points than in the NBM 749 

(N=49 recordings across two animals). Line and color markers follow the same schema as Fig. 750 

5B-C. This encoding is also present before and after Feedback, implying that it represents both 751 

reward anticipation and consumption. Shaded regions around lines indicate s.e.m. C, Reward 752 

encoding in the peri-event HGP modulation was also stronger during active learning. After the 753 

Go cue, in blocks that involve new learning (Novel/Reversal), the mean correlation between 754 

HGP and choice accuracy was larger than this same correlation in Familiar/Recall blocks without 755 
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learning (p < 0.00013, Wilcoxon rank-sum test with FDR correction for testing across frequency 756 

bands, block types, epochs, and regions). Error bars represent s.e.m. 757 

 758 

Figure 9. High-gamma LFP power (HGP) is anti-correlated with spike activity modulation 759 

during learning. A, Analysis schematic for the correlation of spike rate and LFP modulation 760 

with learning state. The learning state was binned into ascending steps of 0.01 in each block 761 

(purple arrow). We then took the mean of spike rate modulation (dark grey boxes) or HGP (light 762 

grey boxes) during 0.5 s windows on each trial of that block. Each window was time-locked to a 763 

specific event within the trial. We interpolated those mean values to the learning state bins, 764 

creating a standardized time course of event-locked neural modulation as a function of learning 765 

within a block., The learning state was binned into ascending steps of 0.01 in each block. We 766 

then took the mean of spike rate modulation (blue/orange) or HGP (black) during 0.5 s windows 767 

on each trial of that block. We interpolated those mean values to the learning state bins, creating 768 

a standardized time course of neural modulation relative to learning within a block. B, During 769 

Novel blocks, spike rate modulation around the Go cue is anti-correlated with HGP modulation 770 

around the same cue, in both NBM (orange) and dlPFC (blue) as well as around the 771 

Reward/Feedback event in dlPFC.  Points represent the mean modulation at each step of the 772 

learning state, while curves are a cubic spline fit to those points. Inset ‘ρ’ and ‘p’ values are 773 

Spearman correlations and p-values between the interpolated spike and HGP modulation time 774 

courses. C, correlation values between spike rate and LFP power for five frequency bands on a 775 

per trial basis for the different experiment types during the Go cue epoch. No mean Spearman 776 

correlation values were significantly different from zero (p<0.0013, FDR controlled, Wilcoxon 777 

signed rank test). In addition, the mean Spearman correlation values were not significantly 778 
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different from one another (NBM: Chi-sq.=16.91; p= 0.596, dlPFC: Chi-sq.=16.03; p= 0.655; 779 

Kruskal-Wallis test); D, Summary model of multi-modal neural encoding of learning in NBM 780 

and dlPFC, as aligned to trial events. NBM spike rates modulate during early learning, as does 781 

theta power, and both types of modulation diminish as learning proceeds. Theta, alpha, gamma, 782 

and high gamma power encode reward anticipation. Each of these LFP power bands shows 783 

significant correlation with trial accuracy even before the decision has been evaluated, 784 

suggesting that they encode the animal's confidence in its response. Both also continue to show 785 

that correlation after reward consumption. 786 

787 
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