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ABSTRACT  39 

Textbook descriptions of primary sensory cortex (PSC) revolve around single 40 

neurons’ representation of low-dimensional sensory features, such as visual object 41 

orientation in V1, location of somatic touch in S1, and sound frequency in A1. Typically, 42 

studies of PSC measure neurons’ responses along few (1 or 2) stimulus and/or 43 

behavioral dimensions. However, real-world stimuli usually vary along many feature 44 

dimensions and behavioral demands change constantly. In order to illuminate how A1 45 

supports flexible perception in rich acoustic environments, we recorded from A1 46 

neurons while rhesus macaques (one male, one female) performed a feature-selective 47 

attention task. We presented sounds that varied along spectral and temporal feature 48 

dimensions (carrier bandwidth and temporal envelope, respectively). Within a block, 49 

subjects attended to one feature of the sound in a selective change detection task. We 50 

found that single neurons tend to be high-dimensional, in that they exhibit substantial 51 

mixed selectivity for both sound features, as well as task context. We found no overall 52 

enhancement of single-neuron coding of the attended feature, as attention could either 53 

diminish or enhance this coding. However, a population-level analysis reveals that 54 

ensembles of neurons exhibit enhanced encoding of attended sound features, and this 55 

population code tracks subjects’ performance. Importantly, surrogate neural populations 56 

with intact single-neuron tuning but shuffled higher-order correlations among neurons 57 

fail to yield attention- related effects observed in the intact data. These results suggest 58 

that an emergent population code not measurable at the single-neuron level might 59 

constitute the functional unit of sensory representation in PSC.  60 

 61 
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SIGNIFICANCE STATEMENT 62 

 63 

The ability to adapt to a dynamic sensory environment promotes a range of 64 

important natural behaviors. We recorded from single neurons in monkey primary 65 

auditory cortex while subjects attended to either the spectral or temporal features of 66 

complex sounds. Surprisingly, we found no average increase in responsiveness to, or 67 

encoding of, the attended feature across single neurons. However, when we pooled the 68 

activity of the sampled neurons via targeted dimensionality reduction, we found 69 

enhanced population-level representation of the attended feature and suppression of 70 

the distractor feature. This dissociation of the effects of attention at the level of single 71 

neurons vs. the population highlights the synergistic nature of cortical sound encoding 72 

and enriches our understanding of sensory cortical function.  73 

 74 

 75 

 76 

INTRODUCTION 77 

 78 

 Classic accounts of primary sensory cortex (PSC) relegate PSC function to 79 

sensory filtering. Accordingly, PSC neurons act as independent filters for low-80 

dimensional sensory features (Hubel and Wiesel, 1968; Merzenich et al., 1975; Kaas et 81 

al., 1979) while “association” and prefrontal cortical neurons integrate information about 82 

behavioral demands and other sensory modalities (Robinson et al., 1978). This account 83 

supports a feed-forward nervous system model, where information propagates along 84 
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distinct processing stages, from peripheral sensory receptors to motor effectors, to 85 

enable perception and behavior (Van Essen and Maunsell, 1983; Riesenhuber and 86 

Poggio, 1999). Numerous research has shown that PSC neurons form maps of the 87 

sensory epithelium, consistent with a role as low dimensional filters (e.g. (Merzenich et 88 

al., 1975)). Moreover, secondary and higher-order cortical neurons exhibit diminished, 89 

more complex, and task-dependent versions of these maps (Rauschecker and Scott, 90 

2009), and prefrontal cortical (PFC) neurons seem to represent all manner of stimulus 91 

and cognition-related variables without clear functional topography (Machens et al., 92 

2010). 93 

 Primary auditory cortex (A1) receives tonotopic feed-forward input from the 94 

lemniscal auditory thalamus and textbooks chiefly describe A1 concerning its role in 95 

spectral filtering (Purves, 2004). However, decades of research confound categorization 96 

of A1 neurons as static sensory filters: myriad non-sensory variables affect firing rates, 97 

variance and noise correlations in A1 (Osmanski and Wang, 2015; Angeloni and 98 

Geffen, 2017; David, 2018). Generally, studies have shown that, under demanding 99 

sensory conditions, A1 neuron responses and/or tuning are enhanced, consistent with 100 

findings across PSC modalities (Gomez-Ramirez et al., 2016; Mineault et al., 2016; 101 

Carlson et al., 2018). Thus, a common view is that A1 and other PSCs are best 102 

described as arrays of flexible sensory filters, whereby ongoing behavioral and sensory 103 

demands modulate simple feature tuning. However, recent studies show that A1 104 

neurons’ synergistic interactions can contribute to sensory processing – a role which 105 

often cannot be understood solely based on the activity of individual neurons (Harris et 106 

al., 2011; Bathellier et al., 2012; Bagur et al., 2018; See et al., 2018). Rather, individual 107 
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neurons’ activity may be better understood in terms of their contributions within 108 

functional ensembles.  109 

 We recorded from A1 neurons while monkeys performed a task wherein attention 110 

is switched between two different sound features (Figure 1). We found that A1 neurons 111 

robustly represent each task variable: both sound features, as well as task context. 112 

Importantly, contrary to findings across sensory modalities showing that attention 113 

improves single-neuron encoding, we found no overall attentional modulation of single 114 

neurons, since neurons exhibited both enhanced and diminished encoding of the 115 

attended feature in equal proportions. The fact that A1 neurons encode each sound 116 

feature as well as task context, but display no average attention-related sensory 117 

enhancement, suggests that A1 single-neuron activity in this task is not directly related 118 

to task performance. These null effects surprised us, since the task presents significant 119 

auditory sensory demands related to sound features encoded by A1 neurons. This 120 

prompted us to conduct a population-level analysis, inspired by studies performed in 121 

PFC (Mante et al., 2013; Rigotti et al., 2013), to make sense of heterogeneous single-122 

neuron representations.  123 

Our population analyses focused on reducing the dimensionality of population 124 

activity from the number of neurons to the number of variables. Thus, we defined a low-125 

dimensional subspace in which stimulus and behavioral variables are encoded at the 126 

population level (Gao et al., 2017). Neural activity projected into this subspace revealed 127 

strong effects of attention on population-level sound feature encoding, where the 128 

population sensitivity to the attended feature is enhanced. Moreover, variability in these 129 

projections accounts for subjects’ performance. Further analyses using “surrogate” 130 
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populations for comparison, in which the single neuron marginal statistics are kept intact 131 

while shuffling higher order interactions, (Elsayed and Cunningham, 2017), revealed 132 

that our findings don’t arise as an expected by-product of pooling across many neurons. 133 

Rather, these results suggest that sound-encoding in A1 relies on synergies among 134 

neurons, and these synergies support the neural code for selective listening. 135 

 136 

MATERIALS AND METHODS 137 

 138 

Experimental Design 139 

The data presented in this present study have been previously analyzed in a 140 

published study (Downer et al., 2017b). 141 

 142 

Subjects 143 

We recorded from 92 A1 neurons of two adult rhesus macaques, one female (W, 144 

8 kg) and one male (U, 12 kg). Subjects were each implanted with a head fixation post 145 

and a recording cylinder over a left-sided 18mm parietal craniotomy. Craniotomies were 146 

centered over auditory cortex as determined by stereotactic coordinates, allowing for 147 

vertical electrode access to the superior temporal plane via parietal cortex (Pfingst and 148 

O’Connor, 1980; Saleem and Logothetis, 2012). Surgical procedures were performed 149 

under aseptic conditions; all animal procedures met the requirements set forth in the 150 

United States Public Health Service Policy on Humane Care and Use of Experimental 151 

Animals and were approved by the Institutional Animal Care and Use Committee of the 152 

University of California, Davis. 153 
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 154 

Stimuli 155 

Sound stimuli varied along spectral and temporal dimensions (either or both; 156 

Figure 1B). S1 was always unmodulated, full-bandwidth Gaussian white noise with a 9-157 

octave range (40 to 20,480 Hz; Figure 1B, bottom left in stimulus grid: AM0∆BW0). Noise 158 

signals were generated from four seeds, which were frozen across recording sessions. 159 

The center (log) frequency was 905 Hz and was constant across all stimuli. To 160 

introduce spectral and temporal variance, the S1 sound was bandpass filtered to narrow 161 

the spectral bandwidth (∆BW; range: 0.375-1.5 octaves less than the 9-octave full BW) 162 

and/or sinusoidally amplitude modulated (AM; range: 28-100% of the depth of the 163 

original). Our bandpass filtering method relied on sequential single-frequency addition, 164 

thereby reducing envelope variations produced by other filtering procedures (Strickland 165 

and Viemeister, 1997). S2 could be any of the stimuli in the set represented in the grid 166 

in Figure 1B. 167 

The precise AM and ∆BW values used during recording sessions were tailored to 168 

each subject’s psychophysical thresholds for detection of each sound feature (AM and 169 

∆BW) in isolation, determined prior to recordings. The threshold values that we 170 

estimated prior to recordings were used to design the stimulus set to use during 171 

recordings; thresholds did not change after recordings began.  Three values of each 172 

feature were used in recording sessions: one near psychophysical threshold (defined as 173 

the modulation level at which the subject’s sensitivity, measured using d’ (Wickens, 174 

2002) was equal to 1), one slightly above threshold (d’ ~ 1.2), and one well above 175 

threshold (d’> 1.5). Experimental values of ∆BW were 0.375, 0.5, and 1 octave for 176 
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monkey U and 0.5, 0.75, and 1.5 octaves for monkey W. AM depth values were 28, 40, 177 

and 100% for monkey U and 40, 60, and 100% for monkey W.  178 

In analyses in which we collapse data across monkeys, modulation values are 179 

presented as ranks relative to subjects’ thresholds (AM0-3 and ∆BW0-3, where ‘0’ in the 180 

subscript reflects no change in that feature dimension relative to the unmodulated, full-181 

bandwidth; Figure 1B). To reduce the size of the stimulus space, we presented 13 total 182 

stimuli during each experimental session, using only a subset of the possible 183 

comodulated stimuli (sounds with both AM and ∆BW; Figure 1B). The AM frequency 184 

was held constant in each individual session but varied from day to day. Across 185 

sessions we randomly selected the AM frequency from a small range of frequencies 186 

(15, 22, 30, 48, and 60 Hz). Previous work has shown that rhesus macaques’ average 187 

AM detection thresholds are similar across the full range of frequencies used in our task 188 

(O’Connor et al., 2011). We chose to randomly select the presented AM frequency to 189 

avoid biasing our recordings toward AM-sensitive neurons at the expense of sampling 190 

from ∆BW-sensitive neurons. 191 

Sounds were 400 ms in duration with 5-ms cosine ramps at onset and offset. 192 

Sounds were presented from a single speaker (RadioShack PA-110 or Optimus Pro-193 

7AV) positioned approximately 1m in front of the subject, centered interaurally. Each 194 

stimulus was calibrated to an intensity of 65 dB SPL at the outer ear (A-weighted; Bruel 195 

& Kjaer model 2231).  196 

 197 

Feature selective attention task  198 

Subjects sat in an acoustically transparent primate chair and used a joystick to 199 
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perform a ‘Yes-No’ task (Figure 1A). Monkey W used her left hand (ipsilateral to the 200 

studied auditory cortex) and Monkey U used his right hand (contralateral to the studied 201 

auditory cortex) to manipulate the joystick. LED illumination cued the onset of each trial. 202 

Subjects initiated sound presentation with a lateral joystick movement, which was 203 

followed by a 100-ms delay and two sequential sounds (S1 then S2) separated by a 204 

400-ms inter-sound interval (ISI). The trial was aborted if the lateral joystick position was 205 

not maintained for the full duration of both stimuli, and an interrupt timeout (5-10 s) was 206 

enforced. The first stimulus (S1) was always the unmodulated, full-bandwidth (9-octave) 207 

Gaussian white noise. The second stimulus (S2) was chosen from the set in Figure 1B. 208 

S2 sounds were presented pseudorandomly, such that the entire stimulus set across all 209 

four noise seeds was represented over each set of 96 trials.   210 

The target feature (∆BW or AM) alternated by block. Subjects were given an LED 211 

cue (green or red, counterbalanced across subjects) for which feature to attend, 212 

positioned above the speaker. The cue light remained on throughout the entire block. 213 

The first 60-180 trials of each block served as “instruction trials,” containing the S1 and 214 

sounds with a single target feature (e.g., for an attend AM block all stimuli in the 215 

instruction block were full-bandwidth (∆BW0) with AM as the variable (AM0-3). This 216 

allowed the animal to more reliably focus on the attended feature without the distraction 217 

of variation in the unattended feature. The length of instruction blocks depended on 218 

subjects’ performance: if 78% of trials were not correctly performed within 60 trials, 219 

another instruction block was begun, up to a limit of 3 instruction blocks (180 trials); if 220 

after 3 instruction blocks the subject did not reach criterion, the session was terminated. 221 

Subsequently an attention block was begun. After the offset of S2, subjects were 222 
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required to respond with a “yes” joystick movement on trials in which the target feature 223 

was present ([Fig. 1B]: AM1-3 during Attend AM and ∆BW1-3 during Attend BW). “No” 224 

responses were made by moving the joystick in the opposite direction. 50% of S2 225 

stimuli contained the target feature, while the remaining 50% did not. The direction to 226 

move the joystick for “yes” and “no” responses was counterbalanced between subjects. 227 

Subjects were rewarded for hits and correct rejections with water or juice and penalized 228 

with a timeout (5-10 s) for false alarms and misses. Incorrect responses were also 229 

accompanied by the onset of a white LED light at the same location as the cue lights. 230 

The light remained on for the duration of the timeout.  231 

Block length varied from 120 to 360 trials, excluding instruction trials. Length 232 

depended in part on subjects’ performance: if and only if 78% correct was achieved in 233 

two successive 60-trial sub-blocks could the subject transition to the next attention 234 

condition. More than one block per attention condition was performed in a given 235 

session. Sessions with fewer than 180 completed trials in either attention condition were 236 

excluded from analysis. Subjects’ performance in a block was below 78% correct in 237 

14% (5%) of blocks during Attend AM (Attend BW) conditions. Neural data collected 238 

during these relatively low performance blocks was included for further analyses in 239 

order ensure sufficient statistical power for analyzing the effects of our many (26) 240 

stimulus conditions on neural activity. In a separate set of analyses, we analyzed neural 241 

data excluding incorrect trials; we find no qualitative differences in the results 242 

irrespective of whether incorrect trials were included or excluded.  243 
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 244 

Single neuron electrophysiology 245 

Recordings were performed in a sound-attenuated, foam-lined booth (Industrial 246 

Acoustics Company: 2.9 × 3.2 × 2 m). We independently advanced three quartz-coated 247 

tungsten microelectrodes (Thomas Recording, 1-2 MΩ resistance, 0.35 mm horizontal 248 

spacing) in the vertical plane to the lower bank of the lateral sulcus. Pure tones and 249 

experimental stimuli were presented as the animal sat awake in the primate chair during 250 

electrode advancement, and neural responses were monitored until the multiunit activity 251 

was responsive to sound. We then attempted to isolate single units. When at least one 252 

single unit (SU) was well isolated on at least one electrode, we measured firing rate 253 

(FR) responses to at least 10 repetitions of each of the following stimuli: the 254 

unmodulated standard, ∆BW1-3 as described above, and AM sounds at 100% depth 255 

across the full range of frequencies (15, 22, 30, 48, and 60 Hz) as described above. We 256 

then cued the subject to begin the task with onset of the cue LED and recorded for the 257 

duration of the behavioral task. We repeated measurements of responses to the tested 258 

stimuli at the end of the session to ensure electrode stability. Only well isolated SUs 259 

stable over at least 120 trials for each attention condition (excluding instruction) were 260 

accepted for analysis. SU isolation was determined blind to experimental condition. SUs 261 

presented here were well isolated for a mean of 2.6 blocks, with a range of 2-5 blocks. 262 

Removing SUs with only 2 experimental blocks of isolation (n = 58) from analysis does 263 

not qualitatively affect our results nor main conclusions and interpretations. 264 

Extracellular signals were amplified (AM Systems model 1800) and bandpass 265 

filtered between 0.3 and 10 kHz (Krohn-Hite 3382), then digitized at a 50 kHz sampling 266 
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rate (Cambridge Electronic Design model 1401). Contributions of SUs to the signal were 267 

determined offline using k-means and principal component analysis-based spike sorting 268 

software in Spike2 (CED). The signal-to-noise ratio of extracted spiking activity was at 269 

least 5 standard deviations, and fewer than 0.1% of spiking events assigned to the 270 

same SU fell within a 1-ms refractory period window. We also analyzed the spike width 271 

of SUs (Hoglen et al., 2018). Consistent with other reports from monkey A1, a low 272 

percentage of SUs was classified as “fast-spiking” (12/92; 13.04%).    273 

 Recording locations within auditory cortical fields were estimated based on 274 

established measures of neural responses to pure-tone and bandpass noise stimuli 275 

(Tian et al., 2001; Petkov et al., 2006). SUs’ pure-tone frequency tuning was mapped 276 

across sessions to determine A1 boundaries based on tonotopic frequency gradients 277 

(rostral-caudal axis), width of frequency-response areas (medial-lateral axis), and 278 

response latencies. Recorded neurons were assigned to putative cortical fields post-279 

hoc. Only SUs assigned to A1 were considered for analysis in this study.  280 

 281 

Data Analysis 282 

 283 

Analyzing subjects’ behavior  284 

 285 

We analyzed subjects’ average performance within each session by calculating a 286 

coefficient that quantifies the influence of each feature on subjects’ perceptual 287 

judgment. The coefficients are derived from the following binomial logistic regression 288 

model: 289 
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EQUATION 1: 290 

𝑃(′𝑌𝑒𝑠′) =
1

1 + 𝑒𝑟𝑒𝑔
 

𝑟𝑒𝑔 = 𝜔𝐴𝑀(𝐴𝑀𝑉𝐴𝐿) +  𝜔𝐵𝑊(𝐵𝑊𝑉𝐴𝐿) + 𝜔𝐴𝑀∗𝐵𝑊(𝐴𝑀𝑉𝐴𝐿 ×  𝐵𝑊𝑉𝐴𝐿) + 𝛼  291 

 292 

where 𝐴𝑀𝑉𝐴𝐿  and 𝐵𝑊𝑉𝐴𝐿  are the ranked values of AM and BW (0 – 3), respectively, 293 

and 𝜔  are coefficients for the value terms. We include the interaction term (𝜔𝐴𝑀∗𝐵𝑊), 294 

as well as an offset term (𝛼) to capture response bias. Intuitively, as a given feature’s 295 

influence on the probability of a subject responding “yes” increases, the value of the 296 

feature coefficient will increase; when a given feature has no impact on the behavioral 297 

response, the value of the coefficient will be ~0. We calculated each coefficient (𝜔𝐴𝑀, 298 

𝜔𝐵𝑊 and 𝜔𝐴𝑀∗𝐵𝑊) within each attention block. We quantified the effect of attention by 299 

comparing the distribution of both 𝜔𝐴𝑀and 𝜔𝐵𝑊 between attention conditions (Figure 300 

2). 301 

 302 

Analyzing task and stimulus effects in single neurons 303 

We analyzed the effects of task context, AM and ∆BW on spike counts calculated 304 

over the entirety of each 400-ms stimulus. We used a general linear model (GLM) 305 

analysis to quantify the influences of each variable (all 3 main effects [AM, BW, and 306 

Context] as well as each of the 3 two-way interactions and the three-way interaction) on 307 

each neuron’s spike counts. We standardized spike-count (𝑠𝑐) distributions across 308 

neurons to allow for comparisons between coefficient values by z-scoring spike count 309 
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distributions across stimuli and task context (i.e., across an entire recording). We also 310 

standardized across feature levels (which differ in their absolute values between 311 

subjects) by converting each feature value to a rank, between 0 (absence of feature) 312 

and 3 (largest feature modulation), then converting ranks to fractions varying between 0 313 

and 1. Context was coded as a binary factor (-1 or 1 for Attend BW and Attend AM, 314 

respectively). The form of the GLM was thus: 315 

EQUATION 2: 316 

𝑠𝑐 = 𝛽𝐶𝑡𝑥𝑡(𝐶𝑡𝑥𝑡) + 𝛽𝐴𝑀(𝐴𝑀𝑉𝐴𝐿) + 𝛽𝐵𝑊(𝐵𝑊𝑉𝐴𝐿) +  

+ 𝛽𝐶𝑡𝑥𝑡×𝐴𝑀(𝐶𝑡𝑥𝑡 × 𝐴𝑀𝑉𝐴𝐿) + 𝛽𝐶𝑡𝑥𝑡×𝐵𝑊(𝐶𝑡𝑥𝑡 × 𝐵𝑊𝑉𝐴𝐿) + 𝛽𝐴𝑀×𝐵𝑊(𝐴𝑀𝑉𝐴𝐿 × 𝐵𝑊𝑉𝐴𝐿) 317 

+ 𝛽𝐴𝑀×𝐵𝑊×𝐶𝑡𝑥𝑡(𝐴𝑀𝑉𝐴𝐿 × 𝐵𝑊𝑉𝐴𝐿  × 𝐶𝑡𝑥𝑡) 318 

 319 

Where sc is the standardized trial-by-trial spike count calculated between S2 320 

onset and offset, Ctxt is the context factor, AMVAL and BWVAL are the ranked AM and BW 321 

levels, respectively and  are coefficients for each factor. In cases where groups of 322 

neurons were recorded simultaneously, we calculated the coefficients for each neuron 323 

using a unique subset of trials in order to avoid spurious correlations in the coefficients 324 

between neurons. In a separate set of analyses, we analyzed the time course of effects 325 

using a 25-ms sliding window, between ISI onset and S2 offset. The window was shifted 326 

in 5-ms increments and we analyzed the effects of context, AM and BW and their 327 

interactions at each time point.  328 

We also calculated the area under the Receiver Operating Characteristic (ROC 329 

area), a 𝑠𝑐-based measure of sensory sensitivity that corresponds to the ability of an 330 

ideal observer to discriminate between two stimuli based on 𝑠𝑐 alone. Performance 331 



15 
 

 15 

ranges from 0.5 (chance) to 1 (for neurons with increasing 𝑠𝑐 across the range of 332 

feature values) or 0 (for neurons with decreasing 𝑠𝑐 across the range of feature values). 333 

ROC area can be interpreted as the probability of an ideal observer properly classifying 334 

a stimulus as containing a feature of interest, AM or ∆BW. We calculated ROC area for 335 

each stimulus condition. If a neuron’s ROC area is 0.5, that is interpreted as a failure to 336 

detect the presence of a feature. ROC area was calculated using neural activity 337 

between S2 onset and offset only, i.e. during the entire 400ms S2 presentation. 338 

For each neuron, statistical significance was calculated for each of the 339 

coefficients of the GLM by first estimating each coefficients’ p value (using the ‘glmfit’ 340 

function in MATLAB), followed by correction for multiple comparisons using the False 341 

Discovery Rate (FDR) (Benjamini and Hochberg, 1995). The ‘glmfit’ function estimates 342 

p values based on the estimated coefficient value and the estimated confidence interval 343 

thereof, relative to the standard normal distribution. We calculated whether a given 344 

coefficient was present amongst all A1 neurons above chance via a permutation test. 345 

For this permutation test we created a null distribution by shuffling the trial-by-trial labels 346 

of the variables for each neuron, and then calculating the p value using ‘glmfit’ and FDR 347 

as above. Then, across all 92 neurons, we counted the number of significant 348 

coefficients for each variable. We repeated this procedure 100 times to obtain an 349 

estimate of the mean and standard deviation of the count of each coefficient spuriously 350 

reaching statistical significance. This procedure yielded an estimate that, by chance, 351 

5.02 +/- 1.08% of neurons will exhibit a significant coefficient. Therefore, we consider 352 

any variable for which we find > 6.1% of neurons reaching statistical significance to be 353 

reliably encoded by A1 neurons. 354 



16 
 

 16 

 355 

Analyzing task and stimulus effects in neural populations 356 

We used a “targeted dimensionality reduction” (TDR) approach to estimate the 357 

low-dimensional subspaces in which task variables may be encoded (Mante et al. 358 

2013), and then quantified the strength of that encoding using the ROC area. TDR is a 359 

method of calculating a weighted average of neural activity across a sample of neurons. 360 

Weights for each neuron in TDR are first calculated as the linear regression coefficients 361 

relating the task variables to neurons’ firing rates (Equation 2). Then, the matrix of 362 

weights across neurons and variables is orthogonalized to allow us to estimate 363 

projections (weighted averages) of neural activity uniquely related to each task variable. 364 

TDR both reduces the dimensionality of the population response from # neurons to # 365 

projections and provides a way of “de-mixing” neural activity across a population of 366 

neurons with mixed selectivity.  367 

TDR, and its conceptual motivation, are illustrated with a toy example in Figure 3. 368 

Here, we contrast two hypothetical cases in which feature-selective attention modulates 369 

single-neuron tuning via a feature-selective gain (FSG) mechanism (Martinez-Trujillo 370 

and Treue, 2004) by simulating two separate populations of 100 sensory neurons 371 

responding to stimuli varying along two feature dimensions. FSG is a model of attention 372 

whereby the response of a neuron is determined by both its sensory response function 373 

and a multiplicative gain parameter that depends on the neuron’s preference for the 374 

attended feature, yielding larger responses when attention is directed toward the 375 

neuron’s preferred feature. In the example case of ‘Unmixed Selectivity’ (Fig. 3A-D), 376 

single neurons’ tuning strength to either of two features (Feature A and Feature B) is 377 



17 
 

 17 

largely mutually exclusive (i.e. non-zero tuning strength for Feature A is associated with 378 

~0 tuning strength for Feature B, and vice versa). Simulated neurons’ firing rates are 379 

thus a function of only one feature and a FSG parameter that multiplicatively scales 380 

neurons’ firing rates according to whether attention is directed toward Feature A (Fig. 381 

3A) or Feature B (Fig. 3B). In this way, the slope of the “feature tuning strength vs. firing 382 

rate” plot increases for the attended feature (e.g., compare the red dots in Fig. 3A and 383 

B).  This leads to a larger response to a feature when attention is directed toward that 384 

feature (Fig. 3C, D). 385 

However, if neurons’ feature tuning exhibits mixed selectivity, i.e. non-zero tuning 386 

to both features, the same FSG mechanism fails to meaningfully segregate the 387 

population-averaged firing rates (Fig. 3E-H). Thus, when single neurons exhibit mixed 388 

selectivity in their tuning to different sensory features, FSG as a mechanism of attention 389 

exhibits no average attentional enhancement (Fig. 3G,H). However, via TDR, we can 390 

find the data transformations that yield “de-mixed” representations of task variables via 391 

projections of neural population activity onto task-specific axes. In Figure 3I, we show 392 

how a full data matrix, R (of z-scored firing rates) can be transformed to a matrix P of 393 

uncorrelated projections via multiplication by an orthogonalized regression coefficient 394 

matrix, M (see next paragraph for detailed description). Thus, each of the six 395 

experimental conditions illustrated here (c = 3 stimulus conditions x 2 attentional; rows 396 

of R, and rows of P) yields a unique population response (projection) represented in 397 

matrix P. Therefore, each row of P represents the population response as single point in 398 

3-dimensional space, where each dimension corresponds to a task variable (ßA, ßB and 399 

ßcontext, comprising the columns in matrix M and P). This process is analogous to re-400 
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weighting each neurons’ outputs at the downstream synaptic level. Each axis in Figure 401 

3J thus could represent the activity of a single hypothetical downstream neuron 402 

receiving its inputs from a neural population similar to that depicted in Figure 3E-H, the 403 

input weights of which are selectively shaped to maximize the unique encoding of each 404 

task variable; for clarity, we display two 2-dimensional spaces (one for each attention 405 

condition) where the dimensions correspond to the variables Feature A (x axis) and 406 

Feature B (y axis). Whereas population-averaged single-neuron firing rates fail to reveal 407 

an effect of FSG, projections onto the stimulus-variable axes may reveal a strong effect 408 

of attention: in the Attend A space, the population response to the A+B- stimulus (red) 409 

projects much farther along the Feature A axis than in the Attend B space. Likewise, the 410 

population response to the A-B+ stimulus (blue) projects farther along the Feature B 411 

axis during the Attend B space than in the Attend A space.  412 

 To implement TDR, the data are represented in matrix R, which contains one 413 

column for each neuron and one row for each condition. Note, in the present study we 414 

refer to “conditions” as distinct combinations of AM, ∆BW and context, such that we 415 

have 26 total experimental conditions (13 AM * ∆BW combinations across two attention 416 

conditions). We refer to “variables” as the three dimensions along which all conditions 417 

vary, namely the two sound features (AM, ∆BW) and context (attention). The matrix M 418 

consists of the set of regression coefficients calculated for each variable in Equation 2, 419 

orthogonalized via orthogonal triangular decomposition (‘qr’ command in MATLAB) to 420 

obtain the matrix. M is thus a set of uncorrelated variable coefficient vectors that can be 421 

used to project our data onto orthogonal axes corresponding to task variables in the 422 

form of matrix P. We illustrate the process of TDR on our data in Figure 4. We have 423 
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uploaded MATLAB code demonstrating the analysis steps for running TDR to 424 

github.com/joshuaDavidDowner/TDRdemo. 425 

 426 

Simulating neural population activity 427 

We analyzed neural population activity both in small ensembles of 428 

simultaneously recorded neurons and by simulating population activity by combining the 429 

activity of neurons that were recorded during different sessions. For analyzing 430 

simultaneously recorded ensembles, we included ensembles of at least 3 neurons (n = 431 

12 ensembles). For combining non-simultaneously recorded neurons into simulated 432 

populations, we used a bootstrapping approach to estimate the mean and variance of 433 

population projections. Namely, we constructed neural populations of size n = 92 434 

neurons by randomly sampling, with replacement, from our set of 92 sampled A1 435 

neurons. We similarly simulated trials by re-sampling (with replacement) from the 436 

distribution of spike counts of each neuron in each of the 26 experimental conditions (10 437 

trials per condition). We constructed 100 simulated populations in this way. 438 

An important consideration with this approach is that, by combining neurons 439 

across experimental sessions, and by randomly re-sampling trials, we fail to 440 

approximate correlated and intrinsic variability between and within neurons, 441 

respectively. Therefore, the matrix of simulated spike counts within a condition is 442 

transformed to introduce noise correlations and neuron-intrinsic variability that match 443 

that observed in the data (Downer et al., 2017b). We determined the desired noise 444 

correlation value between a given pair of neurons by measuring the noise correlations 445 

between the simultaneously recorded pairs of neurons in the data (n = 434 pairs) and 446 
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fitting a linear regression to those noise correlation values to determine the impact of 447 

AM and ∆BW tuning correlation, joint firing rate and attention condition on noise 448 

correlations. We determined the desired neuron-intrinsic variability by calculating the 449 

Fano factor (variance/mean rate) for each neuron and scaling its simulated spike count 450 

distribution to match the observed Fano factor. Thus, our simulated populations 451 

contained realistically structured spike count variability. The methods for introducing 452 

realistic noise correlations and Fano factor in simulated neural populations are detailed 453 

by Shadlen and Newsome (Shadlen and Newsome, 1998) and Downer et al. (Downer 454 

et al., 2017a). All simulated population results presented in this manuscript are from 455 

simulations in which we impose noise correlations between pairs of neurons as 456 

described above. However, our understanding of the effects of noise correlations on 457 

population coding is still incomplete. While it is known that many facets of the 458 

population, including heterogeneity among constituent neurons, the presence or 459 

absence of “information-limiting correlations,” the relationship between constituent 460 

neurons’ tuning properties, and many others (Ecker et al., 2011; Hu et al., 2014; 461 

Kanitscheider et al., 2015) it is likely that the impact of noise correlations meaningfully 462 

differs for different neural populations. Therefore, we also performed the same analyses 463 

on simulated populations with both unstructured global noise correlations (i.e. noise 464 

correlations were on average 0.06 between pairs of neurons, irrespective of tuning 465 

correlations, firing rate, or attention condition) as well as without imposed noise 466 

correlations (i.e. noise correlations were on average 0 between the neurons in the 467 

population). Results were qualitatively similar regardless of whether and how we 468 

imposed noise correlations, although the simulations with unstructured or net zero noise 469 



21 
 

 21 

correlations yielded a weaker effect of attention on population-level feature sensitivity 470 

than simulations in which we modeled the observed attention-related changes in noise 471 

correlations.   472 

We determined the sensitivity for each sound feature in each population (both 473 

simultaneously recorded and simulated) by calculating the ROC area (as described for 474 

single neurons) by comparing distributions of simulated trial-by-trial projections onto 475 

each sound feature axis (as opposed to distributions of trial-by-trial spike count 476 

distributions). The projections in a given trial were calculated as in Figure 3I. We 477 

calculated decoding accuracy (ROC area) for AM and BW by comparing the distribution 478 

of projections of AM>0 vs. AM0 stimuli and BW>0 vs. BW0 stimuli, respectively, along 479 

each feature’s axis. A linear support vector machine (SVM) was fit to a training set and 480 

performance evaluated on a test set of withheld data.  481 

We calculated choice-related ROC area for the simulated populations by 482 

comparing trial-by-trial projection distributions along each axis for “yes” and “no” 483 

behavioral response trials for the same stimulus. We used the same SVM algorithm as 484 

described for calculating sound feature sensitivity to discover the linear plane of 485 

separation between the 3-dimensional (AM*BW*Context) projections for “yes” and “no” 486 

trials. This analysis was meant to illuminate the relationship between our estimates of 487 

population sensory activity and subjects’ perceptual report, irrespective of the stimulus 488 

condition or task context. Importantly, we only analyzed choice-related ROC area for 489 

stimuli with roughly equal numbers of “yes” and “no” responses –namely, those stimuli 490 

near perceptual threshold, where subjects made at least 5 correct and incorrect 491 

judgements, similar to Niwa et al. (Niwa et al., 2012a). This provision protects against 492 
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biases arising from re-sampling from distributions with few values, for which mean and 493 

variance estimates are unreliable. In our data, the only stimuli that met this criterion 494 

across sessions were the AM1-∆BW0 and AM0-∆BW1 sounds. 495 

In order to evaluate the extent to which findings of simulated population-level 496 

activity deviate from expected effects of pooling across groups of neurons, we 497 

constructed 1000 “surrogate” populations with intact single-neuron tuning but decimated 498 

higher-order correlations among them (Elsayed and Cunningham, 2017). This method 499 

constructs surrogate populations by shuffling the original data labels, but then 500 

recovering (to the extent possible) the marginal and covariance features of the original 501 

data by transforming the shuffled data using a “readout” matrix. Thus, the final surrogate 502 

populations contain modeled neurons that closely approximate the neurons in the 503 

original data, but with higher-order correlations abolished. We calculated sensory 504 

sensitivity (ROC area) and choice-related activity precisely as we did with the intact data 505 

set, across 1000 surrogate populations. These distributions produced by the surrogate 506 

populations provide benchmarks for the expected results given effects accountable by 507 

single-neuron features without complex interactions amongst them.   508 

 509 

  510 
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RESULTS 511 

 512 

Monkeys successfully perform the feature selective attention task 513 

Within each feature-attention (context) block, we quantified the degree to which a 514 

change in each feature influenced subjects’ probability of a “Yes” response using a 515 

binomial logistic regression (see Methods section). We determined significant task 516 

performance for each monkey by comparing the distributions of regression coefficients 517 

for the attended feature vs. the unattended feature using a Wilcoxon signed-rank test. 518 

We observed higher 𝜔𝐴𝑀  values than 𝜔𝐵𝑊 values during the ‘Attend AM’ condition, and 519 

vice versa during the ‘Attend BW’ condition (p = 0.0039 [Monkey U], p = 0.0156 520 

[Monkey W]; Figure 2).   521 

 522 

A1 neurons exhibit mixed selectivity for sensory features and task context 523 

We quantified encoding of behavioral (context) and acoustic (AM and BW) 524 

variables on the firing rates of recorded A1 neurons (n = 92) using multiple linear 525 

regression (Equation 2). For each neuron, we calculated a set of coefficients describing 526 

the main effect of each of these three variables and all pairwise interactions (7 total 527 

coefficients per neuron).  528 

We saw diverse encoding of task variables, as shown in several example 529 

neurons (Figure 5; each column of panels is a different neuron). The top row of Fig. 5A-530 

C shows firing rates, collapsed across context and BW condition, separated by AM 531 

condition (red: AM>0; black: AM0 = No AM). The middle row shows firing rates separated 532 

by BW condition, and the bottom row shows firing rates separated by context. The 533 
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neuron in 5A encodes BW, shown by a decreased firing rate for BW>0 conditions relative 534 

to BW0 conditions (BW = -1.18, p = 4.57e-29), while the neurons in 5B and 5C encode 535 

both sound features as well as context (5B: AM = 0.63, p = 5.7e-7; BW = 0.31, p = 536 

0.016; Ctxt = 0.47, p = 6.2e-14; 5C: AM = -0.34, p = 0.0012; BW = 0.33, p = 0.0033; 537 

Ctxt = -0.86, p = 2.3e-42), albeit with different directions of firing rate changes (e.g. they 538 

both encode AM, but 5B exhibits an increased firing rate for AM [positive AM] while 5C 539 

exhibits a decreased firing rate [negative AM]). Figure 5D-F shows the time-course of 540 

the coefficient values calculated for each variable by the neurons in 5A-C, respectively.  541 

Taken together, these 3 example neurons illustrate that single A1 neurons exhibit 542 

diverse encoding of variables relevant for this task, often encoding context as well as 543 

both sound features. Even though it is unsurprising to find that A1 neurons encode the 544 

sensory and context variables in this task, these example neurons provide an example 545 

of the apparently “tangled” nature of this coding (Rust and DiCarlo, 2010). Because A1 546 

firing rates simultaneously encode multiple independent variables, single-neuron firing 547 

rates may provide a poor code for any given variable on a trial-by-trial basis, i.e., the 548 

unweighted firing rates of individual A1 neurons do not unambiguously encode the 549 

variables necessary for task performance. Therefore, marginalizing across single 550 

neurons by unweighted averaging yields an ambiguous representation. A summary 551 

across all single neurons is shown in Figure 6. 552 

A significant number of A1 neurons encodes each of the variables tested here, 553 

i.e. greater than 6.1% of neurons have significant coefficients for each variable (see 554 

Methods for how we determine this significance cutoff). Context has a significant main 555 

effect in more neurons than either acoustic feature, as measured by the proportion of 556 
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neurons with significant context coefficients (49/92 with significant context coefficients; 557 

42/92 with significant AM coefficients; 33/92 with significant ∆BW coefficients; Fig. 6A). 558 

Significant interaction effects were less common (13/92 with significant AM*context 559 

coefficients; 11/92 with significant BW*context coefficients), suggesting that attention 560 

does not tend to change A1 neurons’ feature tuning. This can be seen clearly in Figure 561 

6B as well: the color map of proportions of significant coefficients exhibits a markedly 562 

higher proportion of main effects (main diagonal) than interactions. This contrasts with 563 

findings from tasks comparing passive listening and active auditory behaviors on A1 564 

tuning: across many studies, active task engagement result in large changes in A1 565 

tuning (David, 2018). These studies have been interpreted as evidence that A1 single-566 

neuron tuning tracks behavioral demands, namely that tuning is enhanced when 567 

animals are actively engaged with sounds (Niwa et al., 2012b).  568 

Figure 6C provides a possible reason for the relatively low incidence of attention-569 

related changes in A1 neuron tuning. We plot the value of AM coefficients against the 570 

value of BW coefficients and find that a majority of neurons have similar AM and BW 571 

tuning as measured by the sign of the coefficient (Spearman’s r = 0.35, p = 0.0007). In 572 

other words, A1 neurons rarely uniquely encode one sound feature or the other 573 

because feature tuning co-varies at the single-neuron level (similar to Fig. 3E-H). This 574 

prevents single-neuron tuning from providing a robust basis for attentional perceptual 575 

enhancement. We also find no significant correlation between context main effect 576 

coefficients and main effects of either sound feature (AM vs. Ctxt, Spearman’s r = -0.05 577 

p = 0.63, Figure 6D; BW vs. Ctxt, Spearman’s r = -0.13 p = 0.22 Figure 6E), nor do we 578 

find any significant correlation between any other pairs of coefficients (Spearman’s 579 
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correlation, p > 0.05 for all). A common finding in the attention literature is that feature 580 

attention leads to “feature-specific gain”, whereby neurons tuned to the attended feature 581 

exhibit an increased firing rate (Martinez-Trujillo and Treue, 2004). An FSG effect in 582 

these data might manifest as a positive relationship between AM 
and Ctxt and a 583 

negative relationship between
 
BW  and Ctxt (since Context is coded as +1 for Attend 584 

AM and -1 for Attend BW in Equation 2).  On the contrary, our analyses reveal no such 585 

correlations. Alternatively, An FSG effect in our data may also manifest as a 586 

preponderance of cells with positive AM*Ctxt coefficients and/or negative BW*Ctxt 587 

coefficients and/or a negative relationship between AM*Ctxt and BW*Ctxt. We found no 588 

evidence for any of these alternatives: the median AM*Ctxt coefficient is -0.05 while the 589 

median BW*Ctxt coefficient is -0.01 (Wilcoxon signed rank text, p = 0.99 and p = 0.11, 590 

respectively) and there is no significant correlation between AM*Ctxt and BW*Ctxt 591 

(Spearman’s r = 0.04, p =  0.48). Thus, these analyses reveals no evidence that an 592 

FSG mechanism operates on individual A1 neurons to support feature selective 593 

attention. 594 

 595 

Average A1 neurons’ feature sensitivity is constant across attention conditions 596 

In the analyses presented in Figure 6A-E, we calculated coefficients across the 597 

entire experiment and used sound feature × context interaction terms as a measure of 598 

attentional modulation of A1 neuron tuning. We next measured the average effects of 599 

attention on single-neuron feature decoding accuracy by calculating ROC area for each 600 

feature in each attention condition for each neuron (see Methods). Comparing ROC 601 

area for both features across conditions reveals no attentional modulation of single-602 
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neuron feature sensitivity (Figure 6F,G; results shown are collapsed across all AM and 603 

BW levels). In 6F, the AM ROC area is shown for the Attend AM condition on the x axis 604 

and the Attend BW condition on the y axis. Though we do observe some scatter around 605 

the unity line, neurons increase or decrease their AM ROC area with equal likelihood, 606 

(Wilcoxon signed rank test, p = 0.74). In 6G we show the BW ROC areas across 607 

attention conditions and, again, find no average effect of attention on this single-neuron 608 

metric of feature tuning (Wilcoxon signed rank test, p = 0.73). Therefore, when 609 

comparing feature tuning across the more rigorous demands of different feature 610 

attention conditions, we do not observe tuning changes that have been found in several 611 

prior studies comparing A1 tuning between passive vs. active conditions and between 612 

attend-toward vs. attend-away conditions (Niwa et al., 2012b; von Trapp et al., 2016; 613 

Schwartz and David, 2017). 614 

 615 

Targeted dimensionality reduction analysis reveals attentional enhancement of sensory 616 

encoding 617 

Given the complexity of the task, we reasoned that a plausible strategy for 618 

adaptive feature selection might be a distributed population code. Population codes can 619 

allow unambiguous and simultaneous encoding of many variables by distributing the 620 

task-relevant signals across single neurons (Fusi et al., 2016). Thus, during population 621 

encoding of complex auditory scenes involving multiple relevant variables, single-622 

neuron firing rates may provide a complicated snapshot of the overall operations of A1. 623 

We therefore modeled A1 population coding by subsampling from our set of single 624 

neurons and projected population vector activity (Georgopoulos et al., 1986) onto axes 625 
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corresponding to AM and BW encoding using Targeted Dimensionality Reduction (TDR) 626 

(cf Mante et al 2013; see Methods and Figures 3 and 4). Such approaches have been 627 

employed in studies of higher-order cortex to disambiguate the often-heterogeneous 628 

single neuron signals observed there (Machens et al., 2010; Mante et al., 2013; Rigotti 629 

et al., 2013). 630 

We provide a description of population responses across experimental conditions 631 

in Figure 7. Here, population-averaged firing rates (averaged over the entire 400-ms S2 632 

presentation epoch, Fig. 1A) are displayed in 4x4 grids, where each element represents 633 

firing rate averaged over a sub-group of neurons sorted by AM (x-axis) and
 
BW (y-634 

axis). A hypothetical population response in Fig 7A shows a case in which neurons with 635 

positive AM and positive BW fire above their mean rates, whereas neurons with 636 

negative AM and BW fire below their mean rates. Our data displayed in this manner 637 

qualitatively reveal effects of stimulus feature and task context (Fig. 7B,C). Each panel 638 

in Fig. 7B & C shows the population response (as in Fig. 7A) for a given stimulus 639 

combination of AM and ∆BW (for example, the lower right panel in Fig. 7B is the 640 

population response in attend-AM to the ∆BW0-AM3 stimulus).   641 

By and large, increases in AM level result in population activity patterns that are 642 

increasingly biased toward high spike counts among neurons with positive 
AM

 and 643 

increases in ∆BW level result in patterns with high spike counts among neurons with 644 

positive 
BW

. Moreover, comparing population activity patterns for a given stimulus 645 

across attention conditions hints at complex changes in firing rate based on both 
AM

 646 

and 
BW

. For instance, for AM0-∆BW2, the population activity pattern during Attend AM 647 
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(Fig. 7B) seems to exhibit high firing rates for neurons with negative 
AM

, regardless of 648 

BW
. However, during Attend BW (Fig. 7C), the population activity exhibits low firing 649 

rates for all neurons except for those with negative 
AM

 and positive 
BW

. Taken 650 

together, these panels provide a visual intuition for how stimuli are encoded in a 651 

distributed manner across the A1 population and how attention qualitatively affects this 652 

encoding.  653 

Projecting population activity into a low-dimensional subspace via TDR provides 654 

a compact way of quantifying population response patterns (Figure 8). We focus here 655 

on stimulus-related projections. In Figure 8A, eight distinct, idealized population 656 

responses show where each population response falls on an AM axis projection versus 657 

BW axis projection plot. E.g., the population response in the upper right of Fig. 8A, 658 

would have a value near 1 for both its AM and BW axes projections, and thus would be 659 

a dot in the upper right for panels 8B-E. In order to project our data onto these 660 

coordinates, we constructed pseudo-populations by sampling from our pool of recorded 661 

neurons and simulating trial-by-trial population responses, which are projected onto 662 

these two-dimensional coordinates via a linear combination between a data matrix of 663 

spike counts (R) and a coefficients matrix (M) (see Fig. 3I,J and Methods). Projections 664 

in the Attend AM and Attend BW conditions for each stimulus are shown in Figure 8B 665 

and C, respectively; projections averaged over simulated trials are shown for each 666 

stimulus condition (see inset for color code). By design, increasing AM levels 667 

correspond to greater projections along the AM axis than along the BW axis, and 668 

increasing ∆BW levels correspond to greater projections along the BW axis than along 669 

the AM axis (e.g. AM3 and ∆BW3 stimuli project farthest along the AM and BW axes, 670 
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respectively). The topography of stimulus responses clearly differs between attention 671 

conditions. Thus, whereas single-neuron firing rates fail to disambiguate between AM 672 

and BW, populations comprising these same neurons successfully encode each feature 673 

when their outputs are re-weighted using TDR.  674 

Moreover, we observe that trajectories through this subspace exhibit interesting 675 

temporal dynamics (Figure 8D,E). For clarity, only 3 stimulus response trajectories are 676 

shown (AM0∆BW0 [black], AM3∆BW0 [red], and AM0∆BW3 [blue]). Time is shown with 677 

lighter shading of the lines early in the stimulus gradually getting darker over time. The 678 

initial excursion for each stimulus, corresponding to the onset response immediately 679 

after time 0, appears initially ambiguous and gradually differentiates over the course of 680 

a S2 presentation. Projection trajectories appear maximally separate roughly in the 681 

middle of the stimulus, and by the end of the stimulus presentation, trajectories return to 682 

the origin of the subspace. These temporal dynamics suggest that early population 683 

responses function to detect a rapid change, irrespective of feature, whereas sustained 684 

responses elicit finer-grained feature selectivity. Differences between onset and 685 

sustained responding have been widely observed in auditory cortex (Wang et al., 2005; 686 

Kuśmierek et al., 2012; Osman et al., 2018). These findings support that the temporal 687 

dynamics of sensory neuron responses correspond to distinct encoding stages in 688 

population activity patterns.  689 

 690 

Qualitative effects of attention are apparent when comparing the population 691 

activity patterns across Attend AM and Attend BW conditions (e.g. Fig. 7B vs. 7C, Fig. 692 

8B,D vs. 8C,E). We next quantified to what extent population encoding of relevant vs. 693 
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irrelevant stimulus features was affected by these changes. At the single-neuron firing 694 

rate level, we observe no effect of attention enhancing the representation of attended 695 

vs. unattended features (Wilcoxon signed rank test, p = 0.73 for ROCAM, p = 0.74 for 696 

ROCBW, Figure 9A). However, in the small ensembles of simultaneously recorded 697 

neurons, subtle increases in the coding of the attended feature begin to emerge (Figure 698 

9B). Namely, the AM ROC area increases from 0.58 during Attend BW to 0.63 during 699 

Attend AM (Wilcoxon signed rank test, p = 0.016) and the BW ROC area increases from 700 

0.59 during Attend AM to 0.61 during Attend BW (Wilcoxon signed rank test, p = 0.26). 701 

The attention-related increase is only statistically significant for AM ROC area. 702 

Moreover, using signal detection analyses on TDR population responses (see Methods) 703 

we find that simulated population projections onto two-dimensional weighted-feature 704 

space afford better decoding accuracy for each feature when it is attended (Figure 9B). 705 

Across 100 simulated neural populations, the average ROC enhancement is 0.159 706 

(0.77 vs. 0.611) for AM ROC area and 0.108 (0.721 vs. 0.612) for BW ROC area 707 

(Wilcoxon signed rank test, p = 2.41e-30, p = 3.08e-17 respectively).  708 

 This dissociation between single-neuron and population attentional enhancement 709 

suggests a prioritized role for population-level representations in primary sensory cortex 710 

during feature selective attention. Importantly, the difference in sensory sensitivity 711 

effects between single neurons and populations cannot be attributed to greater 712 

analytical power obtained by selective pooling over many neurons (Figure 9C). 713 

Comparing the attentional modulation index (z-score of ROC area difference of 714 

attended relative to unattended feature) of the neural data (9C, vertical red line) to that 715 

of 1000 surrogate populations, we find no overlap between our observed attentional 716 
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enhancement and that expected by the simpler single-neuron and pairwise covariance 717 

properties. This suggests that our observed population enhancement of sound feature 718 

encoding constitutes an emergent effect, relying on higher-order correlations among A1 719 

neurons.  720 

Finally, we analyzed how subjects’ reported perceptual decision accounts for 721 

variance in trial-by-trial projections within the stimuli near perceptual threshold (AM1-722 

∆BW0 and AM0-∆BW1, Fig. 10). In order to quantify these effects, we calculated the 723 

ROC area between correct and incorrect response distributions, a metric commonly 724 

referred to as “Choice Probability” (CP) (Britten et al., 1992). In Fig. 10A-C, we show the 725 

CP associated with variance along each task variable axis. For each single-axis 726 

projection, we find a significant difference from 0.5 in CP across 100 simulated neural 727 

populations (mean CP = 0.571, p = 1.9e-39 for AM axis projection; mean CP = 0.581, p 728 

= 4.82e-47 for BW axis projection; mean CP = 0.572, p = 1.37e-42 for Context axis 729 

projection; Wilcoxon signed rank test for each comparison). We also assessed CP for 730 

projections into the 3-dimensional (AM*BW*Context) subspace using a SVM algorithm 731 

to define a plane that best separates correct from incorrect trials’ projections (Fig. 10D). 732 

This 3D-projection exhibits especially large CP value relative to projections onto the 733 

individual axes (mean CP = 0.633, p = 1.12e-61, Wilcoxon signed rank test). Thus, 734 

choice-related activity accounts for some unique proportion of variance in the population 735 

data. Taken together with the attentional enhancements, the observation of 736 

performance-related population-level activity in A1 supports the notion that neurons in 737 

A1 act cooperatively to support auditory perception and decision-making. 738 

 739 
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DISCUSSION 740 

We find that single-neuron representations are insufficient to explain attention- 741 

and choice-related activity in A1 neural populations. Instead, a population-level 742 

description is required to link sensory cortical activity and perception in A1. Although the 743 

finding that attention enhances population, but not single neuron, coding could simply 744 

reflect the amplification of a weak single-neuron signal, a surrogate population analysis 745 

(Elsayed and Cunningham, 2017) revealed that attention uniquely enhances sound 746 

coding at the population level.    747 

Multiple recent studies of A1 highlight the importance of population-level 748 

representations (Downer et al., 2015, 2017b, 2017a; Pachitariu et al., 2015; Francis et 749 

al., 2018). Population-level analyses can provide clear links between A1 activity and 750 

behavior, whereas single neurons may not (Christison-Lagay et al., 2017; Bagur et al., 751 

2018; See et al., 2018; Yao and Sanes, 2018; Sadeghi et al., 2019). A critical question 752 

has remained unanswered, however: To what extent are these population-level findings 753 

an expected by-product of marginalizing across neurons (Sasaki et al., 2017)? For 754 

instance, in comparisons between active and passive states, in which only a single 755 

sensory feature matters for task performance, single neurons will likely resemble noisy 756 

versions of population representations, simply by virtue of there being very few stimulus 757 

parameters influencing single neurons (Gao et al., 2017).  A1 neurons exhibit high 758 

dimensionality for sound features (O’Connor et al., 2005, 2010; Mesgarani et al., 2008; 759 

Sadagopan and Wang, 2009; Sloas et al., 2016) which can provide unambiguous 760 

population coding beyond that provided by any single neuron (Bizley et al., 2010). 761 

Indeed, it is well established that cortical neurons across sensory modalities have mixed 762 
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selectivity for many stimulus features (e.g. orientation and contrast in visual cortex (Finn 763 

et al., 2007) and location and vibration frequency in somatosensory cortex (Nicolelis et 764 

al., 1998)). In A1, mixed selectivity of up at least 5 sensory features has been 765 

demonstrated (Sloas et al., 2016). However, the effects of attention on sensory cortical 766 

neurons’ encoding of these features chiefly involves experiments in which only a single 767 

feature is considered (e.g. (Niwa et al., 2012b)). Importantly, in the present report, 768 

sufficiently high dimensionality of the sensory and behavioral variables of the task 769 

allows for direct analysis of high-dimensional representation in single neurons and 770 

whether single-neuron representation suffices to explain population findings related to 771 

perception. We find that single neurons represent behavioral and sound variables in 772 

substantially “mixed” fashion, such that single-neuron firing rates provide highly 773 

ambiguous information (Fusi et al., 2016). Only at the population level do the effects of 774 

attention and choice on neural activity become apparent (Fig. 9 & 10). Such mixed 775 

selectivity/population-level primacy has previously been more linked with association 776 

and pre-frontal cortices. However, previous studies of feature-selective and feature-777 

based attention across the visual cortical hierarchy have revealed similarly complex 778 

single neuron results, suggesting that increasing stimulus and task complexity critically 779 

affects the interpretability of single neuron activity in sensory cortex (Chen et al., 2012; 780 

Ruff and Born, 2015; Schledde et al., 2017; Hembrook-Short et al., 2018). Additionally, 781 

single somatosensory and olfactory cortical neurons display distinct properties 782 

depending on task complexity (Miura et al., 2012; Gomez-Ramirez et al., 2014, 2016; 783 

Kim et al., 2015; Shiotani et al., 2020).  Similar to the present study, neurons in these 784 

studies reflect the mixed selectivity commonly associated with “higher” cortical areas. 785 
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Our findings therefore highlight the importance of studying sensory cortical neurons in 786 

sufficiently complex experimental conditions to uncover their function in complex 787 

environments.  788 

In many previous studies in which single neurons were recorded while animals 789 

performed complex auditory tasks, single neuron encoding of target sounds is 790 

enhanced during engagement with, or attention toward, these sounds (Fritz et al., 2003; 791 

Niwa et al., 2012b; Buran et al., 2014, 2014; Kuchibhotla et al., 2016; Carcea et al., 792 

2017; Schwartz and David, 2017). However, single neuron activity can fail to 793 

approximate the information encoded at the population level when more complex 794 

behavioral variables such as choice are considered (Christison-Lagay et al., 2017; Yao 795 

et al., 2019). The apparent gap between single-neuron and population-level coding can 796 

be explained if single neurons are considered as nonlinear contributors to the 797 

population as whole. Moreover, increasing experimental complexity likely widens this 798 

gap (Gao et al., 2017). We observe that context signals and sensory signals are 799 

apparently “tangled” in that the context and sensory signals are largely uncorrelated, 800 

leading to ambiguous single neuron codes (DiCarlo and Cox, 2007). Based on our 801 

population-level analyses, these tangled single neuron signals are disambiguated only 802 

at the population level. Future, similarly complex experiments, will allow a full 803 

description of the variables relating single neuron activity to population representations 804 

in sensory cortex. 805 

The preponderance of single neurons whose activity is modulated by task 806 

context (i.e. attention condition) irrespective of neurons’ sensory coding bears further 807 

consideration. The abundance of neurons encoding task context is surprising for two 808 



36 
 

 36 

reasons: (1) task context is more commonly encoded by A1 neurons than either sound 809 

feature even though A1 is a sensory brain area; (2) the encoding of task context 810 

appears uncorrelated with A1 neurons’ sensory function (Figure 6D-E). Similarly, rat A1 811 

neurons exhibit context encoding (Rodgers and DeWeese, 2014). In that study, context 812 

encoding is interpreted as important for flexible switching between “selection rules,” with 813 

remarkably similar context encoding between A1 and PFC. Considering our results 814 

alongside this previous study, a reasonable interpretation is that A1 not only participates 815 

in the representation of sensory information but also the behavioral context in which 816 

sounds are perceived (Mohn et al., 2021). Indeed, previous studies report task-related 817 

changes in single-neuron A1 activity that could be explained as providing crucial task 818 

context-related information (Buran et al., 2014; Jaramillo et al., 2014; Guo et al., 2017; 819 

Yao et al., 2019; Zempeltzi et al., 2020). Our finding that this context signal is 820 

independent of the sensory role of A1 neurons (Figure 6 D,E) suggests that task context 821 

coding (often expressed as shifts in baseline activity between task conditions) likely 822 

constitute more than an attention-related gain mechanism (Martinez-Trujillo and Treue, 823 

2004), but rather reflect A1’s role in more abstract, cognitive and/or behavioral aspects 824 

of hearing (Scheich et al., 2011; Kuchibhotla and Bathellier, 2018).  825 

We exclusively used firing rate, as opposed to spike-timing measures of neural 826 

activity. However, A1 neurons encode temporal modulations with phase-locked spikes 827 

(Lu et al., 2001; Malone et al., 2007; Yin et al., 2011; Johnson et al., 2012). Task 828 

engagement significantly affects spike timing (Yin et al., 2014; Niwa et al., 2015), 829 

though in A1 these effects are modest relative to those observed for firing rate. We find 830 

a substantial proportion of neurons that phase lock to temporal sound envelopes, but no 831 
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evidence of attention-related effects on phase locking (Figure 11), suggesting that 832 

phase locking may not be relevant for feature-selective attention in this task in A1. It is 833 

important to note that we designed our task such that, even when attending to the 834 

spectral feature, many target sounds are temporally modulated as well, and therefore 835 

phase locking can signal the presence of a target in both attention conditions. Thus, the 836 

task may not sufficiently challenge the auditory system to drive attention-related 837 

changes in the temporal dynamics of A1 neurons’ spiking. It remains unresolved 838 

whether attention affects temporal coding in other tasks or in other auditory areas, since 839 

firing rate dynamics provide a powerful, explicit code for temporal sound features that 840 

could help to disambiguate neural representations when firing rates fail to do so. For 841 

instance, a task in which subjects must discriminate rather than detect temporal 842 

modulations may very well require attentional modulation of spike timing. Few studies 843 

have measured A1 activity during a temporal modulation discrimination task. Future 844 

studies may find significant attention-related changes in temporal response dynamics in 845 

A1 or other auditory structures.  846 

Some types of early sensory neural representations are more obviously high-847 

dimensional – for instance, odorant coding (Laurent, 2002). Traditionally, primary 848 

sensory areas A1, S1 and V1 have been described in terms of a low-dimensional 849 

property, namely the placement of the stimulus on the sensory epithelium. However, no 850 

such “place” code exists for olfaction, since combinations of odorants comprise the 851 

‘adequate stimulus’ for olfaction and a two-dimensional sensory receptor surface can’t 852 

achieve a simple low-dimensional mapping of this combination space (Mathis et al., 853 

2016; Herz et al., 2017). Like olfaction, auditory, somatic and visual perception also 854 
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involve the combinations of many basic features (Walker et al., 2011; Gomez-Ramirez 855 

et al., 2014; Cowell et al., 2017; Franke et al., 2017; Lieber and Bensmaia, 2020). 856 

Therefore, when probed in high-dimensional conditions, all PSC fields may reflect a 857 

similar mechanism of representation to that observed in chemosensory areas. 858 

Therefore, in contrast to the classic descriptions, PSCs may be best described in terms 859 

of their complex, combinatorial, population-level representations. 860 

861 
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Figure Legends 1104 

 1105 

Figure 1 1106 

Task and stimulus design. (A) Subjects initiated a trial by moving a joystick laterally to 1107 

present 2 sequential 0.4-s sounds (S1 and S2) separated by a 0.4-s silent inter-sound 1108 

interval (ISI). Subjects then used the joystick to make a behavioral report, a “Yes” or 1109 

“No” response indicating whether they detected the attended sound feature in S2. (B) 1110 

Sounds varied along spectral (bandwidth, ∆BW) and temporal (amplitude modulation, 1111 

AM) feature dimensions. Subjects were trained to selectively attend to changes in one 1112 

feature dimension or the other across blocks. The S1 sound was always unmodulated 1113 

and full bandwidth (AM0-∆BW0, bottom left) and the S2 could be any sound in the set. 1114 

During the Attend AM condition all sounds with amplitude modulation (i.e., with AM1, 1115 

AM2, or AM3) were targets, and during the Attend BW condition all sounds with narrower 1116 

spectral bandwidth than the standard (∆BW1, ∆BW2, and ∆BW3) were targets. 1117 

 1118 

Figure 2 1119 

Both monkeys perform the task. For each monkey (Monkey U in A and Monkey W in B), 1120 

we show the behavioral coefficients (𝜔𝐴𝑀and 𝜔𝐵𝑊) calculated from Equation 1 across 1121 

all sessions in which a recording was performed in A1. Open grey squares and filled 1122 

black circles indicate the attention condition (Attend BW and Attend AM, respectively). 1123 

Selective detection of the attended feature over the distractor feature is evident for both 1124 

animals by higher 𝜔𝐴𝑀  values than 𝜔𝐵𝑊 values during Attend AM and vice versa during 1125 

Attend BW (signed rank test, p = 0.0039 [Monkey U], p = 0.0156 [Monkey W]). 1126 
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 1127 

Figure 3 1128 

Targeted dimensionality reduction (TDR) for populations with “Mixed Selectivity”. 1129 

Contrasted are two simulated populations of neurons (A-D, Unmixed Selectivity and E-1130 

F, Mixed Selectivity), each exhibiting the same Feature-Specific Gain (FSG) influence 1131 

on single neurons’ firing rates. With unmixed selectivity, FSG results in a simple 1132 

marginalization of population firing rate that enhances the response to the attended 1133 

feature (e.g., firing rate responses to Feature A [stimulus A+B-
,
 red dots and red PSTHs] 1134 

exceed those of the Feature B (A-B+) and null (A-B-) stimuli when Feature A is attended 1135 

(A,C), and vice versa when Feature B is attended (B,D)). (E-H) However, when neurons 1136 

exhibit mixed selectivity for Features A and B (i.e. they exhibit significant tuning strength 1137 

for both features), the same modeled FSG parameter does not yield an attention-related 1138 

increase in population-averaged firing rate responses to the attended feature (e.g. 1139 

responses to A+B- and A-B+ are roughly equal across attention conditions). However, 1140 

using TDR to de-mix population response outputs (I) can yield population-level 1141 

responses that reflect a strong enhancement of the representation of the attended vs. 1142 

unattended feature. The matrix M, consisting of orthogonalized regression coefficients 1143 

(the x terms in eq. 2) for each neuron, transforms the neural data in R to a set of 𝜈-1144 

dimensional coordinates, (e.g., in our case the 3 feature variables AM, ∆BW and 1145 

context), for each experimental condition in matrix P. “Variables” are the dimensions 1146 

along which the conditions vary; the 3 variables in this example are the two stimulus 1147 

features (A and B) and attention. (J) A hypothetical TDR-estimated response (in 1148 

arbitrary units of projection magnitude) for a population similar to that depicted in E-H is 1149 
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illustrated in (J) for the three stimuli (A-B-, A+B- and A-B+) for each attention condition 1150 

(Attend A and Attend B). 1151 

 1152 

Figure 4 1153 

Concrete description of matrices R, M and P as expressed in our data. Across matrices, 1154 

the color scheme parula represents the values (firing rate in R, coefficient value in M, 1155 

and projection magnitude in P) of the entries in each matrix (maxima: yellow; minima: 1156 

blue). The matrix R is 26 * 92, where each row corresponds to a condition (all 26 1157 

combinations of 4 AM depths, 4 bandwidths, and two attend conditions) and each 1158 

column to a neuron (92 neurons). The matrix M is 92 * 3 where each row corresponds 1159 

to a neuron and each column to a vector of orthogonalized variable coefficients (AM, 1160 

BW and context from equation 2). The matrix P is 26 * 3 where each row corresponds to 1161 

a condition and each column to a variable. Here, the columns of M are (1) AM 1162 

coefficients, (2) BW coefficients and (3) context coefficients. Multiplying R x M yields the 1163 

matrix P in which each row corresponds to one of the 26 conditions and each column to 1164 

a variable, or axis. Each value of P represents the projection of the population response 1165 

to a condition along a given axis. For instance, column 1 of P exhibits increasing values 1166 

as the rank value of AM increases (see condition labels to the left of matrix R). The 1167 

color bar on the right applies to all matrices and indicates values from minimum (blue) to 1168 

maximum (yellow) for firing rate (matrix R), coefficient (matrix M) and projection (matrix 1169 

P).  1170 

 1171 
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Figure 5 1172 

A1 neurons exhibit mixed selectivity for sensory and task variables. Example PSTHs for 1173 

3 neurons are shown in columns A, B and C, with average firing rates collapsed across 1174 

irrelevant variables to reveal AM (top row), BW (middle) and Context (bottom) encoding. 1175 

The neuron in A exhibits no AM- or Context-dependent changes in sustained firing rate, 1176 

but decreases its firing rate when ∆BW>0. The neuron in B increases its rate for both 1177 

AM>0 and ∆BW>0 (red PSTH and blue PSTH above black PSTH, respectively) and has 1178 

an overall higher firing rate during the Attend AM context (pink PSTH above purple 1179 

PSTH). The neuron in C decreases rate for AM>0, increases rate for ∆BW>0 and 1180 

prefers the Attend BW condition. We calculated coefficients for each variable over a 1181 

sliding window (‘0’ means that variable does not contribute to firing rate), and these 1182 

time-varying coefficient trajectories are shown in (D-F) for the neurons in (A-C), 1183 

respectively. The greyscale markers along the ‘x’ axis in the bottom of each panel 1184 

indicate significance of each coefficient within the 25-ms time bin in which the coefficient 1185 

was calculated. 1186 

 1187 

Figure 6 1188 

A1 neurons robustly encode Context, AM and BW. (A) The histogram showing the 1189 

proportion of neurons with significant Context (“Ctxt”), AM and BW coefficients reveals 1190 

that each variable modulates the firing rate of many A1 neurons. Importantly, 1191 

interactions between the variables are relatively rare, suggesting that each variable 1192 

tends to make an independent, linear contribution to neurons’ firing rates. The relative 1193 

paucity of cells with significant Context*AM or Context*BW interaction terms suggests 1194 
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that sound feature tuning in A1 is relatively constant between attention conditions. (B) 1195 

The heat map illustrates the joint encoding of task variables. Many neurons that encode 1196 

one variable also encode at least one other. For instance, more than half of those cells 1197 

that encode context also encode either AM or BW. (C) There is a positive relationship 1198 

between AM and BW encoding, such that the single-neuron firing rates tend to fail to 1199 

disambiguate between AM and BW. (D & E). Context exhibits no significant relationship 1200 

between AM or BW tuning, suggesting that the feature-specific gain model is 1201 

inconsistent with our data. In (C-E), red markers indicate a significant coefficient for the 1202 

variable on the ‘x’ axis, blue markers indicate a significant coefficient for the variable on 1203 

the ‘y’ axis and gold markers indicate significance for both variables. (F,G) Single-1204 

neuron feature sensitivity is consistent across attention conditions. (F) Average single-1205 

neuron AM sensitivity, as measured with ROC area (‘AM ROC area’) does not change 1206 

between conditions. (G) Same as (F), but for BW ROC area. 1207 

 1208 

Figure 7 1209 

A population-level analysis for feature encoding in A1. (A) We provide a schematic 1210 

illustration of our population-level analysis approach. The grid in A is a hypothetical 1211 

population response pattern, with population firing rate organized by AM 1212 

and BW. For this hypothetical response, the group of neurons with positive AM and 1213 

BW exhibit high firing rates. (B) In our data, population response patterns differ across 1214 

the stimulus set (population response grids arranged as the stimulus matrix in 1B), with 1215 

clear differences in population responses related to increasing AM and BW levels. (C) 1216 
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Moreover, comparing C to B reveals substantial differences in population responses 1217 

related to attention. 1218 

 1219 

Figure 8 1220 

Neural activity projected into sensory-defined subspace reveals sound feature 1221 

encoding. (A)  Our approach involves projecting responses of populations of neurons 1222 

into lower-dimensional condition subspace defined by the stimulus variables 1223 

(dimensionality reduced from n neurons to p conditions). The eight hypothetical 1224 

responses in A show idealized population responses that project in corresponding eight 1225 

points in the AM axis projection versus BW axis projection coordinates. (Context 1226 

dimension not shown.)  (B) Color-coded stimulus responses (see inset) in the Attend 1227 

AM condition are shown projected into axis-projection subspace. Symbols represent 1228 

mean responses over simulated trials. Markers representing projections along the AM 1229 

axis exhibit increasing (red) values, whereas markers representing projections along the 1230 

BW axis exhibit increasing (blue) values, indicating population-level encoding of sound 1231 

features. In the upper right quadrant of the inset are purple markers, representing 1232 

stimuli containing both features, and markers with low color values (including black) are 1233 

found in the lower left quadrant of the inset. (C) Same as B but for the Attend BW 1234 

condition. Axes in B and C are scaled equally. Comparing encoding subspaces across 1235 

conditions reveals substantial effects of attention on sensory subspace projections. (D) 1236 

Trajectories over time through the sensory subspace for 3 representative stimuli (AM0-1237 

BW0 [black], AM0-BW3 [blue], AM3-BW0 [red]) reveal encoding over the entire course of 1238 

S2 presentation for the AM attend condition. Trajectories begin at the ‘x’ and ‘y’ origin, 1239 
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indicating no sensory evidence for either AM or BW. Directly after stimulus onset, 1240 

trajectories for each stimulus follow similar paths, then diverge substantially. 1241 

Trajectories reach a peak of separation, such that AM0-BW3 & AM3-BW0 projections are 1242 

in opposite quadrants (upper left and lower right, respectively), both roughly orthogonal 1243 

to the AM0-BW0 projection. Then, during the end of the stimulus response, trajectories 1244 

approach the origin. (E) Same as in D but for the Attend BW condition. Trajectories in 1245 

both conditions exhibit an early, non-selective course wherein each stimulus projects to 1246 

roughly the same area within the subspace. During the middle of the stimulus, 1247 

trajectories reach their maximum separation, then trend back toward the origin. These 1248 

trajectories suggest that feature selection during sound perception evolves over time, 1249 

beginning with a general detection phase, followed by a discrimination phase, then 1250 

returning to a non-encoding area of the subspace thereafter. Note that the window size 1251 

and shift increment here (25 and 5 ms, respectively) in D-E are the same used in Figure 1252 

5 D-F. 1253 

 1254 

Figure 9 1255 

Population, not single neuron, representations sharpen with attention. (A) Single-neuron 1256 

ROC areas (similar to Figure 6F,G) are compared between the Attend AM (x-axis) and 1257 

Attend BW (y-axis) conditions. Black (grey) ‘o’ markers represent single neuron average 1258 

AM (BW) ROC values, with the red (orange) ‘+’ representing the mean AM (BW) ROC 1259 

value across the population. AM ROC and BW ROC distributions each lie along the 1260 

unity line, indicating no average effect of attention (p = 0.73 and 0.74, respectively). (B) 1261 

Small ensemble ROC areas (one black and one grey marker for each of the 12 1262 
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ensembles) exhibit small effects of attention. AM ROC values are significantly greater 1263 

during Attend AM (0.63 vs. 0.58, p = 0.016). BW ROC values are higher during attend 1264 

BW but the difference is not statistically significant (0.61 vs. 0.59, p = 0.26) (C) 1265 

Simulated population ROC areas (one black and one grey marker for each of the 100 1266 

simulated populations of size n = 92 neurons) differ significantly between attention 1267 

conditions, such that the average AM ROC area is 0.159 higher during Attend AM than 1268 

Attend BW (red ‘+’; p = 2.41e -30) and the average BW ROC areas is 0.108 higher 1269 

during Attend BW than Attend AM (orange ‘+’; p = 3.08e-17). (D) The distribution of 1270 

Attention Modulation values (the z-scored increase in ROC area for each feature when 1271 

it is attended vs. ignored) for 1000 surrogate populations is compared against the 1272 

observed Attention Modulation in the neural data (vertical red line). Though surrogate 1273 

populations, on average, exhibit a positive Attention Modulation (as evidence by the 1274 

peak of the distribution well above 0), the Attention Modulation observed in the neural 1275 

data exceeds that of any given surrogate population. This indicates high confidence that 1276 

the finding in B constitutes a synergistic effect of attention on neural coding, above and 1277 

beyond what would be expected if a weak attentional enhancement was present in a 1278 

majority of individual neurons. 1279 

 1280 

Figure 10 1281 

Population subspace projections correlate with trial-by-trial performance. (A) The 1282 

distribution of choice probability (CP) values across 100 simulated populations reveals a 1283 

significant relationship between AM-axis projections and task performance, as 1284 

evidenced by a mean CP across simulations of 0.573 (p = 1.90e-39). Likewise, (B) & 1285 
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(C) reveal that projections along the BW and Context axes also correlate with task 1286 

performance, with mean CP values of 0.581 and 0.572, respectively (p = 4.82e-47 and 1287 

1.37e-42). (D) Projections of population activity into the full 3-dimensional task variable 1288 

subspace (AM*BW*Context) are very reliably performance-related, as evidenced by the 1289 

entire distribution of CP values across simulated populations lying above 0.5, with a 1290 

mean of 0.633 (p = 1.12e-61). Each significance test was a Wilcoxon signed rank test 1291 

with a null hypothesis of CP = 0.5. 1292 

 1293 

Figure 11 1294 

No evidence of attention-related changes in spike-timing-based sound encoding. (A) 1295 

We plot the vector strength-based neural sensitivity (ROC area) of each A1 neuron 1296 

across attention conditions (Attend AM, x axis; Attend BW, y axis). There is no average 1297 

difference in ROC area between conditions (Wilcoxon signed rank test, p = 0.8849). (B) 1298 

We analyzed the tendency for neurons to fire spikes in the same phase relative to the 1299 

temporal modulation. Global spike timing in response to the fully temporally modulated 1300 

stimulus (AM3, red) shows a prominent peak relative to the unmodulated stimulus (AM0, 1301 

black), indicating that A1 neurons tend to fire synchronous spikes relative to temporal 1302 

modulation. We observe no effect of attention on this property of A1 neurons (solid lines 1303 

vs. dashed lines). These results indicate a lack of attentional modulation on the 1304 

response dynamics of A1 neurons. 1305 

 1306 

 1307 
























