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Abstract: (250 words)  45 

Natural sounds such as vocalizations often have co-varying acoustic attributes, resulting in redundancy in neural 46 

coding. The Efficient Coding Hypothesis proposes that sensory systems are able to detect such covariation and 47 

adapt to reduce redundancy, leading to more efficient neural coding. Recent psychoacoustic studies have shown the 48 

auditory system can rapidly adapt to efficiently encode two co-varying dimensions as a single dimension, following 49 

passive exposure to sounds in which temporal and spectral attributes covaried in a correlated fashion. However, 50 

these studies observed a cost to this adaptation, which was a loss of sensitivity to the orthogonal dimension. Here we 51 

explore the neural basis of this psychophysical phenomenon by recording single-unit responses from the primary 52 

auditory cortex (A1) in awake ferrets exposed passively to stimuli with two correlated attributes, similar in stimulus 53 

design to the psychoacoustic experiments in humans. We found: (1) the signal-to-noise (SNR) ratio of spike rate 54 

coding of cortical responses driven by sounds with correlated attributes remained unchanged along the exposure 55 

dimension, but was reduced along the orthogonal dimension; (2) performance of a decoder trained with spike data to 56 

discriminate stimuli along the orthogonal dimension was equally reduced; (3) correlations between neurons tuned to 57 

the two covarying attributes decreased after exposure ; (4) these exposure effects still occurred if sounds were 58 

correlated along two acoustic dimensions, but varied randomly along a third dimension. These neurophysiological 59 
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results are consistent with the Efficient Coding Hypothesis and may help deepen our understanding of how the 60 

auditory system encodes and represents acoustic regularities and covariance. 61 

Significance (124 words)  62 

The Efficient Coding (EC) hypothesis (Attneave, 1954; Barlow, 1961) proposes that the neural code in sensory 63 

systems efficiently encodes natural stimuli by minimizing the number of spikes to transmit a sensory signal. Results of 64 

recent psychoacoustic studies in humans are consistent with the EC hypothesis in that, following passive exposure to 65 

stimuli with correlated attributes, the auditory system rapidly adapts so as to more efficiently encode the two co-66 

varying dimensions as a single dimension. In the current neurophysiological experiments, using a similar stimulus 67 

design and the experimental paradigm to the psychoacoustic studies of Stilp, Kluender and colleagues (2010, 2011, 68 

2012, 2016), we recorded responses from single neurons in the auditory cortex of the awake ferret, showing adaptive 69 

efficient neural coding of two correlated acoustic attributes.   70 

 71 

Adaptive efficient coding of correlated acoustic properties 72 

 73 

Introduction 74 

Perception of natural sounds and images often relies on correlated cues (Kluender et al., 2013). For 75 

example, the perception of slopes of objects can be cued both by binocular disparity and texture gradient (Hillis et al. 76 

2002). In speech, many acoustic features covary to give rise to the percept of different phonemes. This is critical 77 

because a single acoustic feature often does not provide reliable information to distinguish a phoneme because they 78 

are susceptible to changes due to preceding and/or following articulations in various ways (Kluender and Lotto 1999; 79 

Kluender and Kiefte 2006; Kluender and Alexander 2007). By contrast, the covariance among multiple features can 80 

reliably capture the differences among speech sounds (Sussman et al. 1998). Therefore, understanding how the 81 

nervous system adapts to encode the covarying features of a stimulus is a key question in the study of perception 82 

and communication. 83 

Attneave and Barlow (Attneave, 1954; Barlow, 1961) proposed the Efficient Coding (EC) Hypothesis, where 84 

they conjectured that spikes in sensory systems form an efficient code to represent natural stimuli and that sensory 85 
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processing is optimized for natural stimuli. Consistent with EC, there is evidence that neural responses in the auditory 86 

and visual system are indeed apparently optimized to encode natural sounds and images (Olshausen and Field, 1997; 87 

Vinje and Gallant, 2000; Lewicki, 2002; Smith and Lewicki, 2006). And since many such stimuli have correlated 88 

attributes, it has been proposed that sensory systems are able to actively recalibrate coding in order to enhance 89 

coding efficiency (Barlow and Földiák, 1989) and some recent experiments in the visual system support this dynamic 90 

version of EC (Coen-Cagli et al 2015).  91 

To understand how EC contributes to the encoding of covariant features, recent psychoacoustic studies 92 

(Stilp et al., 2010, Stilp and Kluender, 2011, 2012, 2016) tested subjects who either received passive exposure to, or 93 

provided continuous discrimination judgments for sets of complex sounds with covarying spectrotemporal attributes 94 

(spectral-shapes and amplitude attack-decay ratios). Following passive exposure, and also over the course of active 95 

discrimination, subjects’ acuity in discriminating sounds along the correlated dimensions remained intact, but 96 

discrimination of pairs on the orthogonal dimension was significantly impaired when those pairs were proximal to the 97 

principle vector of covariance. These findings suggested that experience with correlated attributes (spectral shape 98 

and attack-decay) induced the auditory system to collapse the covarying dimensions into a single dimension at the 99 

expense of lost sensitivity to the orthogonal dimension. In the present study, we tested whether neural responses at a 100 

single-unit level in an animal model replicate this psychoacoustic phenomenon observed in humans. We did so  by 101 

measuring neural responses in primary auditory cortex (A1) of awake ferrets, employing the same passive stimulus 102 

exposure paradigm as used in the original study of Stilp and colleagues (Stilp et al. 2010).  103 

The current study comprises three key experiments. In Experiment 1, we measured baseline auditory 104 

cortical responses to sounds with a correlation between two acoustic attributes, spectral and temporal, which were 105 

the peak frequency of the spectral envelope (SP) and the amplitude modulation rate (AM). We found that cortical 106 

responses became adapted to sounds along the dimension of the correlated attributes. Consistent with the results of 107 

psychoacoustic studies, the signal-to-noise ratios along this dimension remained intact, while those along the 108 

dimension orthogonal to it decreased. Also consistent with human behavioral studies (Stilp et al., 2010), the 109 

performance of a decoder trained with spike data to discriminate stimuli along the orthogonal dimension was reduced 110 

after exposure. Finally, correlations between neurons tuned to the same two attributes decreased after exposure. A 111 

control experiment (Experiment 2) tested whether passive exposure to stimuli varying along only a single dimension, 112 

i.e., holding other parameters constant, induced effects similar to those for the correlation dimension in Experiment 1. 113 

The goal of Experiment 2 was to ascertain whether the effects observed in Experiment 1 could have arisen due to 114 

simple stimulus adaptation, or whether they required covariance between the two attributes.  A final experiment 115 
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(Experiment 3)  tested whether the exposure effects of the two covarying attributes observed in Experiment 1 116 

persisted in the presence of a third acoustic attribute that varied randomly along a separate third additional acoustic 117 

dimension (e.g., the fundamental frequency).  118 

Methods 119 

Subjects   120 

Experiments used adult female ferrets (n = 4) housed with a 12:12h light-dark cycle. Two ferrets (F-1 and F-2) were 121 

used in Experiment 1. Two ferrets (F-2 and F-3) were used in Experiment 2. Two ferrets (F-3 and F-4) were used in 122 

Experiment 3. Ferrets used in this study were previously trained on unrelated auditory tasks (Lu et al., 2017). 123 

Neurophysiological recording sessions (4-8 hours in duration) occurred on two non-consecutive days per week. All 124 

procedures were in accord with National Institutes of Health policy on experimental animal care and use and 125 

conformed to a protocol approved by the Institutional Animal Care and Use Committee (IACUC) of the University of 126 

Maryland.  127 

Surgeries  128 

     In order to stabilize the head for electrophysiological recording, a headpost was implanted in a surgery that 129 

occurred at least one month before the initiation of recordings. Animals were anesthetized with isoflurane (1-2% in 130 

oxygen), and a customized stainless steel head-post was surgically implanted on the skull under aseptic conditions. 131 

The skull over the auditory cortex was exposed and covered with a thin layer of Heraeus Kulzer Charisma (1 mm) 132 

surrounded by a thicker wall built with UV-curable Charisma (3 mm thick). After recovery from surgery, animals were 133 

gradually habituated to restraint in a customized head-fixed holder. After successful habituation, one to two days 134 

before electrophysiological recording, a small craniotomy (1-2 mm diameter) was made above the primary auditory 135 

cortex. At the beginning and end of each recording session, the craniotomy was thoroughly rinsed with sterile saline. 136 

At the end of a recording session, the craniotomy and the well were filled with topical antibiotics that were rotated on 137 

a weekly basis (Baytril and Cefazolin). The area containing the hole was then filled with sterile vinyl polysiloxane 138 

impression material (Examix NDS) that maintained a tight seal and kept the brain protected between experiments. 139 

After recordings were completed in the original craniotomy, adjacent 0.5 mm bone sections were carefully removed 140 

over successive months of neurophysiological recording so that eventually the enlarged craniotomy (~4 mm diameter) 141 

encompassed the entire primary auditory cortex.  142 

Electrophyiological recording 143 
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Electrophysiological recordings were made in a double-walled soundproof room (IAC, New York). The awake animal 144 

was placed in a horizontal, lexan tube, and the implanted headpost was used to stabilize and fix the head in position, 145 

relative to a stereotaxic frame. Recordings were conducted in the primary auditory cortex (A1) of both left and right 146 

hemispheres over a period of 3-6 months. For each recording, 4-8 tungsten microelectrodes (2–3 M MOhms, FHC) 147 

were introduced through the craniotomies and controlled by independently moveable drives (Electrode Positioning 148 

System, Alpha-Omega). Raw neural activity traces were amplified, filtered, and digitally acquired by a data acquisition 149 

system (AlphaLab, Alpha-Omega). Multiunit neuronal activity (including all spikes that rose above a threshold level of 150 

3.5 SDs of baseline noise) was monitored online. In addition, single units were identified online using Alpha-Omega 151 

spike waveform profiling to isolate and to monitor single neuron responses. Bandpass noise (0.2 s, 1 octave) and 152 

pure tone (0.2 s duration) stimuli were presented to search for responsive sites. Because of evidence that neurons in 153 

supragranular layers (II-III) of A1 show greater plasticity than neurons in deeper layers (Francis et al., 2018), most of 154 

the recording depths in this study were within 100-400 microns of the cortical surface, and electrodes were advanced 155 

only to the most superficial position where single-unit responses to bandpass noise and tones were found. Once clear, 156 

stable auditory responses were obtained, the experimental stimuli were presented.  All stimulus amplitudes were 157 

presented at 65 dB SPL from a speaker placed 1 meter in front of the animal. After recordings were completed, single 158 

units were isolated again by off-line customized spike-sorting software, involved three steps: (1) We extracted 3 159 

principal components from the spike waveform from each recording channel. (2) We used the k-means clustering 160 

approach to split multi-units spikes into single unit clusters and then created the spike templates from the center of 161 

each single unit cluster.  (2)  A template-matching algorithm was used to assigned spikes into each spike template 162 

(Meska-PCA, NSL). Single units were confirmed by inter-spike interval histogram (no more than 2% spike in the 1 ms 163 

bin) and consistency of spike waveforms.  164 

Auditory Stimuli and Experimental design 165 

In each of the three sets of experiments that were performed, animals were exposed to a generated set of 166 

acoustic stimuli, that differed in fundamental ways in each experiment. In Experiment 1, two acoustic attributes were 167 

correlated (peak frequency of the spectral envelope and amplitude modulation rate).  In this experiment, we explored 168 

the effects of this correlation on the coding of the stimuli in A1. In contrast, Experiment 2 was a control experiment, in 169 

which only one acoustic attribute was varied in order to test whether simple adaptation in A1 could explain the results 170 

obtained in Experiment 1. Experiment 3 was also a control experiment, in which we presented stimuli with the same 171 

correlated acoustic attributes used in Experiment 1, but now we explored the effects (or lack thereof) of adding a new,  172 

third independently varying (uncorrelated) attribute to the acoustic stimuli, on the effects observed in Experiment 1. 173 
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Thus, in Experiment 3, all stimuli were characterized by three acoustic attributes, two of which were correlated, and 174 

one of which was not. We tested whether the presence of an uncorrelated acoustic attribute would change the effects 175 

of exposure to stimuli with two correlated acoustic attributes, as observed in Experiment 1.   176 

Experiment 1 177 

Stimuli and Optimal Stimulus Design  178 

In each recording session, we generated a new “optimal” stimulus matrix with two manipulated attributes: 179 

amplitude modulation rate (AM) and peak frequency of the spectral envelope (SP). All stimuli were harmonic 180 

complexes with an initially flat spectrum modulated/filtered by the two attributes. Exposure stimuli were generated 181 

with orthogonal correlations between attributes. AM and SP were either positively correlated (increasing rate with 182 

increasing peak frequency (Figure 1A, represented by red dots in Figure 1C) or negatively-correlated (increasing 183 

rate with decreasing peak frequency, blue dots in Figure 1C). “Test” stimuli were generated with all combinations of 184 

the two attributes, so that they were uniformly distributed in the 2-dimensional space of the two parameters 185 

(represented by the black dots in Figure 1C).  186 

In order to design an optimal stimulus matrix for a given recording site, it was first necessary to evaluate the 187 

frequency response profile of the site. Thus, at the beginning of each recording session, several neurons were 188 

isolated; best frequencies (BFs) measured; and, median BFs estimated. Once frequency tuning was measured, tone-189 

complexes ranging across +/- 3 octaves around the median BF (Figure 1B) were created. Nineteen frequencies were 190 

defined as SP peaks with equal (1/3 octave) steps across this range, and 19 triangular SP filter shapes were 191 

designed (three examples are shown in the second column of Figure 1A).  192 

Nineteen AM modulation rates were set at equal log steps from 5 Hz to 120 Hz (depicted in the first column 193 

of Figure 1A). In each recording session, the fundamental frequency (f0) of the harmonic complex was randomly 194 

selected from a range of 200 to 500 Hz following the criterion that f0 must be 0.1 octave lower than the lowest peak 195 

frequency of spectral functions (green dashed line on the bottom of Figure 1B). Roving f0 across sessions minimized 196 

the effects of frequency-specific influences (e.g., peak harmonic relative to the peak of spectral envelope) and the 197 

possibility of retaining a memory of previous stimulus sets, since each stimulus set was session-unique. Stimuli were 198 

500-ms duration with 5-ms cosine onset and offset ramps, and sampled at 40 kHz. Test stimuli included 25 stimuli 199 

selected from the combination of the steps 2, 6, 10, 14, 18 from both two dimensions forming a 5 X 5 matrix uniformly 200 

sampled from the 19 X 19 exposure matrix. Finally, because all exposure stimuli were located along diagonals of the 201 



 

 8 

stimulus matrix, additional 8 test stimuli were selected along these two diagonals of the stimulus matrix at steps 4, 8, 202 

12, 16. 203 

Passive stimulus exposure and testing procedure 204 

As mentioned above, in Experiment 1, two ferrets were first tested with the full stimulus matrix shown in Figure 205 

1C in order to measure neurons’ tuning properties before stimulus exposure. This was followed by exposure to 80 206 

repetitions of 19 stimuli along one diagonal (either red dots or blue dots). Next, a first post-exposure test included all 207 

33 stimuli in the full matrix (as in the Pre-exposure test) to measure the effects of passive exposure to the 19 stimuli 208 

with correlated attributes. Because of uncertainty regarding the duration of persistence of exposure effects, we 209 

repeated the Exposure/Post-exposure sequence. In summary, the complete sequence protocol for stimulus 210 

presentations is shown in Figure 1D: (1) Pre-exposure test stimuli, including the 33 testing stimuli ((5x5) + 8) were 211 

presented 20 times each with 1s silence (ISI) between sounds – all over a period of 16.5 min; (2) First passive 212 

exposure session: 19 exposure stimuli were presented 80 times each with 0.25s ISI over a period of 19 min. (3) Post-213 

exposure test using the same 33 stimuli of the Pre-exposure test with 10 repetitions over a period of 8.25 min. (4) A 214 

second exposure session (over a period of  9.5 min) was conducted immediately afterwards, using the same 19 215 

stimuli (as in Step 2) repeated 40 times to reassess the effects of the first exposure combined with the second 216 

exposure. (5) A final (second) post-exposure test, using the same 33 stimuli of the Pre-exposure test, repeated 10 217 

times over a period of 8.25 min. Data collected from the two Post-exposure tests (Steps 3,5) were pooled together for 218 

comparison with the Pre-exposure test (1). In both the Pre-exposure and Post-exposure tests and two exposure 219 

sessions, all stimuli were presented in a randomly-shuffled order.  220 

Experiment 2  221 

A possible confound that we considered is that the effects observed in Experiment 1 could simply have 222 

arisen from adaptation to repetitive sounds. As a control, two more ferrets were tested (Experiment 2) with 19 sounds 223 

during the Passive exposure phase, which in this experiment, varied along only a single dimension (either AM or SP, 224 

balanced across recordings). The parameter of the other dimension (the orthogonal dimension) was held constant in 225 

a given recording session (Figure 1E), but was different across sessions. Testing stimuli in Experiment 2 included a 5 226 

X 5 stimulus matrix as in Experiment 1. However, in contrast with the stimuli used in Experiment 1, in Experiment 2 227 

the additional 8 testing stimuli were sampled from a single row or column of the stimuli (rather than along the 228 

diagonals) at the step 4, 8, 12, 16 in order to generate a total of 33 test stimuli. The basic sequence, test procedures 229 

and ISI were the same as in Experiment 1, with the key difference being that in Experiment 2, exposure stimuli were 230 
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now along the vertical or horizontal direction, rather than along diagonal direction (Experiment 1). By comparing the 231 

results of Experiments 1 and 2, we could assess the specific effects of the two correlated attributes.  232 

Experiment 3  233 

In Experiment 3, modeled on the earlier psychoacoustic study of Stilp and Kluender (2011), we tested, in recordings 234 

from two ferrets, whether the exposure effects caused by covariation in stimuli with two acoustic dimensions (as 235 

observed in Experiment 1) would be sustained in the presence of substantial variation in new stimuli with a third 236 

acoustic dimension that introduced widely varying physical acoustic properties. Here, we introduced this variation by 237 

varying f0 from trial to trial. As in Experiment 1, 19 AM and SP combinations were selected, in which the two 238 

dimensions were either positively or negatively correlated. In addition, 35 f0 parameters were generated in 2% 239 

increments between the two nearest steps. The fundamental frequency range was restricted by the criteria that the 240 

lowest f0 had to be 1.5 octave higher than the maximum AM modulation rate, and the highest f0 had to be 0.1 octave 241 

lower than the lowest spectral peak selected for the SP dimension. A 2-dimensional matrix of 665 (19 X 35) stimuli 242 

with 19 AM/SP combinations as one dimension and 35 f0s as the second dimension was created as the exposure 243 

stimulus set (red vertical rectangle in Figure 1F). Note that this matrix effectively created acoustic stimuli with three 244 

distinct attributes (i.e. AM rate, SP and frequency). For testing, we randomly selected one f0 out of the 35 f0 values in 245 

each recording. Then, testing stimuli were created based on the selected f0 in the exact same way as in Experiment 246 

1 (Black horizontal rectangular in Figure 1F). Thus, the exposure stimuli in Experiment 3 existed in a two-dimensional 247 

space that was orthogonal to the space of testing stimuli. Pre-exposure and Post-exposure test procedures were the 248 

same as in Experiment 1. Note that in Experiment 1, all 19 AM/SP combinations in passive exposure were presented 249 

120 times. In order to ensure approximately equal covariance exposure, all 665 exposure stimuli in the first passive 250 

exposure session of Experiment 3 were presented three times (Figure 1G). Then, as in the procedure in Experiment 251 

1, the 665 stimuli were presented one more time in a second passive exposure session (140 repeats of 19 AM/SP 252 

combinations in total, but with different f0s). 253 

Data analysis of Single Unit Responses (Spike Rate)  254 

As indicated above, we isolated single units off-line from our recordings, and all the data analysis was 255 

conducted on isolated single neurons from A1 (Figure 1H). For each trial, we measured spike rate in a 650-ms 256 

response window (a window that began 50 ms after stimulus onset – and continued throughout the rest of the 500 ms 257 

stimulus until 200 ms after stimulus offset) and the spike rate in a baseline window (200 ms before stimulus onset). 258 

The response amplitude was defined as the spike rate in the response window minus the baseline spike rate, and 259 
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was averaged over 20 repetitions. Any trials with response amplitude less than or greater than 5 standard deviations 260 

from mean amplitude were excluded from the analysis. Response amplitudes in the Pre-exposure test and Post-261 

exposure test were calculated separately. Trials from two Post-exposure tests (3,5) were combined for analysis. 262 

Baseline spike rates were compared across all three test sessions. Units with significant changes  between baseline 263 

measures were excluded from further analysis.  264 

Quantification of signal-to-noise ratio (SNR) in spike rate coding  265 

We employed three neuronal response measures and explored how each of these measures of neural 266 

activity was affected by stimulus exposure in each of the three experiments. The first measure is the signal-to-noise 267 

ratio (SNR) of spike rate coding, defined as the ratio of the response variance to stimuli along one acoustic dimension, 268 

to the overall variance within each stimulus group (Figure 1I). The calculation procedure resembled a two-way 269 

ANOVA (Privitera, 2017), in which stimulus levels along the exposure (correlated) dimension and the orthogonal 270 

(uncorrelated) dimension were treated as two independent variables, and the response amplitude of each stimulus 271 

was treated as the dependent variable. The analysis of SNR was performed for each neuron. 272 

The same SNR analysis was conducted for data from both the Pre-exposure test and the Post-exposure 273 

tests, and differences in SNRs (change in SNRs) before and after exposure were measured. SNR changes due to 274 

exposure were analyzed separately for exposure dimension and for orthogonal dimension. In addition, SNRs 275 

themselves were compared between the Pre-exposure test and the Post-exposure test. Because the distribution of 276 

SNRs did not fully satisfy criteria for parametric tests, the Wilcoxon test (a non-parametric version of paired t-test) 277 

was performed to compare SNRs before and after exposure.   278 

Discrimination performance by the neural decoder 279 

To compare results of neural data and previous psychoacoustic experiments in humans (Stilp et al., 2010), 280 

we trained a decoder to discriminate stimuli along the exposed dimension and the orthogonal dimension, based on a 281 

Maximum Likelihood Estimation (MLE) method (Geman and Hwang, 1982). This approach has two advantages over 282 

other approaches: 1) It allows a decoder to learn to discriminate stimuli from very limited trials of training (n = 10); 2) it 283 

does not require the decoder to be trained for multiple epochs, while other methods usually require hundreds of 284 

epochs of training. The decoder was trained independently for each neuron for Pre-tests before and Post-tests after 285 

exposure. In each test, two stimuli (Stimulus 1 and Stimulus 2) on adjacent positions along the exposed dimension or 286 

the orthogonal dimension were chosen (Figure 4A). Their identities were decoded based on the spike rate for each 287 

neuron, measured in the same way as for the SNR calculation. First, responses to two adjacent stimuli were 288 
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separated evenly into training and testing sets, 10 trials of training and 10 trials of testing for a 20-trial recording of 289 

responses to each stimulus. Second, a Bayesian approach was performed to solve the two-class classification 290 

problem in the testing set based on the statistics of the training set. Specifically, a Bayesian approach solves the 291 

maximum a posteriori probability (MAP) problem (Geman and Hwang, 1982),  292 

 ( | ) = ( , )( ) = { ( | = 0) ( = 0)( ) , ( | = 1) ( = 1)( ) }, (1) 

where ∈ {0, 1} is the stimulus identity (Stimulus 1 as 0 and Stimulus 2 as 1), and x is the spike number. This 293 

approach finds the  that maximize a posteriori probability p x . Since the probability was drawn from training 294 

data, which contain the same number of trials for Stimulus 1 and Stimulus 2, p = 0 = p = 1 = . Therefore, 295 

equation (1) become  296 

 ( | ) = ∈{ , } ( | ), (2) 

which is also known as the Maximum Likelihood Estimation (MLE) equation. In practice, a probability histogram was 297 

extracted for p x  from the training set for each stimulus, and the center of each histogram bin was recorded. A 298 

classification decoder was then computed by assigning the class number with a larger conditional probability to each 299 

bin. When a testing sample was fed to the decoder, it was assigned the stimulus number of the bin it fell into. 300 

Accuracy of discrimination was calculated based on the performance of the decoder.  301 

Accuracy of discrimination of all stimulus pairs along the exposure dimension and orthogonal dimension 302 

were averaged separately for each neuron. Analyses were performed in the same way for each neuron before and 303 

after exposure. Wilcoxon tests were used to compare the accuracy of discrimination along each dimension obtained 304 

before and after exposure.  305 

Correlation of tuning in simultaneously recorded neurons 306 

Finally, the third response measure used in this analysis was the correlation coefficient between the tuning 307 

functions to the AM and SP parameters. We measured the correlation coefficient for either the same neuron or for 308 

neuron pairs recorded simultaneously (neuron pairs were distinct neurons recorded simultaneously either from 309 

adjacent electrodes or separate single units (based on waveform and tuning) recorded from the same electrode). For 310 

analysis of correlation in the same neuron, the tuning functions to AM and SP were calculated based on the averaged 311 

response at each AM/SP level.  The correlation between the two functions was then calculated (with Spearman 312 

correlation) for each neuron, and for each Pre-exposure and Post-exposure test. Next, we computed the differences 313 
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in correlation coefficients obtained from all neurons before and after exposure. Finally, correlation coefficients from 314 

recordings with different stimulus exposures – e.g., positively versus negatively correlated – were computed and 315 

compared with each other. Because the population of correlation coefficients was not normally distributed, the Mann–316 

Whitney U test (a non-parametric version of two-sample t-test), which provides a more conservative evaluation than a 317 

traditional t-test, was used for the positive/negative comparison. In order to analyze correlations between AM and SP 318 

from different simultaneously recorded neurons, we first paired neurons recorded simultaneously in each session, 319 

one for AM and one for SP. Then, the correlation between AM and SP functions was calculated for the neuron pairs 320 

and averaged across all pairs. The differences between correlation coefficients before and after exposure were 321 

compared between recordings with exposure to positively and negatively correlated stimuli.  322 

Results 323 

Experiment 1: Effects of Exposure to Stimuli with Two Correlated Acoustic Attributes    324 

In the first experiment, we examined the effects of exposure to stimuli with two correlated acoustic attributes on 325 

single-unit neuronal responses in A1. Below, we first describe the results of exposure on (a) changes in the tuning 326 

properties of the neurons with respect to the AM and SP parameters of the exposure stimulus set, then examine (b) 327 

changes in coding quality, i.e. signal-to-noise ratio (or SNR), and (c) changes in the discrimination accuracy of the 328 

neuronal responses using a Maximum Likelihood Estimation (MLE) decoder, and finally describe (d) the changes in 329 

inter-neuronal correlations between simultaneously recorded neurons after stimulus exposure. These multiple 330 

measured changes reveal the effects of stimulus exposure on neural coding of correlated features, in a manner 331 

consistent with the EC hypothesis and previous psychoacoustic studies (Stilp and Kluender, 2010, 2012, 2016).  332 

a. Effect of stimulus exposure on neuronal tuning properties 333 

As described in detail in Methods, we first exposed ferrets to a set of covarying acoustic stimuli optimized 334 

based on the neurons’ BF and then recorded post-exposure changes in responses from single neurons (n = 65) in 335 

the primary auditory cortex (A1) of two ferrets. Our first question was whether there might be a non-specific effect 336 

following exposure on the overall responsiveness (firing rate) of A1 neurons. To answer this question, we compared 337 

the response amplitude averaged across all stimuli before and after exposure. We did not observe any significant 338 

changes in overall response amplitude after exposure (Wilcoxon test: z = -0.8332. p = 0.404) and hence concluded 339 

that there were no non-specific changes in neuronal responsiveness (firing rate) following exposure.  340 
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Secondly, we tested the key question of whether there was a selective adaptation effect in A1 neuronal responses 341 

that was specifically related to the exposed stimuli, by separately examining responses to two groups of stimuli, e.g. 342 

the acoustic stimuli to which the ferrets had been exposed compared to the stimuli to which they had not been 343 

exposed. Specifically, when we contrasted responses to “exposure” stimuli (13 combinations within the diagonal 344 

green rectangle in Figure 2A) versus the responses to non-exposure stimuli (12 combinations within blue triangles in 345 

Figure 2A), we found a clear effect of selective adaptation: responses to the exposure stimuli (both positively or 346 

negatively correlated) significantly decreased in the post-exposure tests (Wilcoxon test: z = -2.6. p = 0.001, left-347 

histogram in Figure 2B, and left-box in Figure 2C), while responses to non-exposure stimuli significantly increased 348 

(Wilcoxon test: z = -2.4. p = 0.016, right-histogram in Figure 2B, the right-box in Figure 2C).  349 

This result is consistent with previous findings by Dragoi et al. (2000), where adaptation was also shown to 350 

cause lateral shifts in neuronal tuning functions, thus significantly modifying them, as illustrated by the surface plot of 351 

response amplitudes to each test stimulus in Figure 2D. Note that the tuning map from recordings with negative 352 

correlated exposure was flipped so that the exposure dimension from two types of exposure (positive and negative) 353 

could be aligned and the results from the two types of exposure could be pooled. Thus, our results showed that the 354 

exposure specifically modified the tuning properties of neurons, by suppressing responses to exposed stimuli and 355 

increasing responses to non-exposed stimuli.   356 

b. Effect of exposure on the coding quality (SNR)  357 

We also analyzed the effect of stimulus exposure on the SNR of each neuron. Early psychoacoustic studies 358 

(Stilp et al. 2010) had shown that, after passive exposure to sounds with correlated properties, the auditory system 359 

captured the covariance of the two acoustic attributes and treated them as a single perceptual dimension, while 360 

simultaneously losing discriminability along the orthogonal dimension. Therefore, we hypothesized that this effect 361 

would be manifested at a neuronal level, and would cause a reduction in the SNR of spike rate coding along the 362 

orthogonal dimension after exposure to the correlated stimuli. 363 

 To test this hypothesis, we calculated the SNR for each neuron, with stimulus levels along the exposure 364 

dimension and the orthogonal dimension as two independent variables (Figure 3A). Data from exposure to positively- 365 

and negatively-correlated properties were combined in this analysis. The results confirmed the prediction that the 366 

SNR on the exposure dimension remained unchanged (Wilcoxon test: z = -1.1. p = 0.268), while it significantly 367 

decreased along the orthogonal dimension (Wilcoxon test: z = -2.0. p = 0.042).  Figure 3B illustrates this result with a 368 

histogram of the normalized SNR changes (divided by the sum of the pre- and post- SNRs). On the exposure 369 
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dimension (left histogram), SNR’s changes were symmetrically distributed around zero, while along the orthogonal 370 

dimension they were significantly biased to the negative side (right histogram). This pattern is also demonstrated by 371 

the box plots in Figure 3C. Furthermore, as predicted, there were no significant SNR changes for the interaction 372 

between the exposure and orthogonal dimensions (Wilcoxon test: z = -0.1. p = 0.909). In summary, the pattern of 373 

neuronal adaptation is consistent with the findings of the psychoacoustic studies (Stilp et al., 2010).   374 

  While the results above clearly demonstrated SNR changes after stimulus exposure, they nevertheless 375 

raised a question about the origin of these SNR changes. Since SNR is a ratio of two variances (within/between 376 

stimuli), it was not immediately clear what exactly caused the SNR changes, i.e., which of the two variances 377 

dominated the overall change in SNR.  By conducting a further analysis in which we examined the two variances 378 

separately, we found that the SNR changes in the orthogonal dimension were due to reduced variance between 379 

responses to stimuli along the diagonal (Figure 3D and Figure 3E, Wilcoxon test: z = -2.1. p = 0.035), while variance 380 

within each stimulus remained the same after exposure (Wilcoxon test: z = -1.2. p = 0.243).  381 

Therefore, the SNR reduction was primarily due to a reduced signal representation on the orthogonal axis 382 

(i.e., diminished response differences between stimuli), rather than due to changes in noise level (i.e., the variance of 383 

responses within each stimulus). The size of this SNR decrease depended upon the number of stimuli distributed 384 

along the orthogonal dimension. Since stimuli located in the middle of the diagonal could be influenced by more 385 

stimuli along the orthogonal dimension than those located near the corners (Figure 3F), we conjectured that stronger 386 

effects would be seen in the middle of the diagonal. To test this conjecture, we calculated and compared SNRs 387 

before and after exposure for four separate groups of stimuli, that were defined by their distance to the diagonal. We 388 

also averaged the SNR changes from stimuli that were symmetrically placed on either side of the diagonal. As 389 

predicted (Figure 3G) the effects of exposure along the orthogonal dimension peaked at the diagonal (Wilcoxon test: 390 

z = -4.6. p = 0.001), becoming weaker towards the corners (Wilcoxon test: z = -1.8. p = 0.078).  391 

In human psychoacoustic studies (Stilp and Kluender, 2016), the effect of exposure on discrimination also 392 

changed along the orthogonal dimension, compared with discrimination along the exposed dimension. Therefore, we 393 

further calculated SNRs for two separate groups of stimuli along the orthogonal dimension that located at different 394 

distances from the center  of the diagonal (Figure 3H). SNR from stimuli that were symmetrically placed on either 395 

side of the center were averaged together. SNR from stimuli in the two groups were compared to the averaged SNRs 396 

from the exposure dimension, as in the comparison in Stilp and Kluender, 2016. Similar to earlier psychoacoustic 397 

results, the effects of exposure along the orthogonal dimension peaked for stimuli close to the center (In the green 398 

box of Figure 3G; Wilcoxon test: z = -2.8. p = 0.005), becoming weaker towards the two ends of the diagonal (In the 399 
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black boxes of Figure 3G; Wilcoxon test: z = -0.15. p = 0.878), although we did not find a reversal at the end of the 400 

orthogonal diagonal as in Stilp and Kluender, 2016.  401 

In further analysis, we also measured the SNR changes separately for stimuli along the pure AM and SP 402 

single dimensions. The results revealed no significant changes along either axis (Figure 3J and 3K, Wilcoxon test: z 403 

= -0.11. p = 0.914 for AM, and Wilcoxon test: z = -1.19. p = 0.235 for SP), with no significant changes in interactions 404 

between them (Wilcoxon test: z = -0.2. p = 0.847). This was also consistent with earlier psychophysical results (Stilp 405 

and Kluender, 2012, 2016).  406 

Finally, we examined the dynamics of SNR changes by splitting the two test sessions into four blocks. SNRs 407 

were calculated in the first 10 trials and last 10 trials in the Pre-exposure test (Test 1) and Post-exposure test (Test 2). 408 

We did not find significant changes in SNR along the orthogonal dimension within Test 1 (Block 1 and Block 2: 409 

boxplot on the left in Figure 3L; Wilcoxon test: z = -0.8. p = 0.427). Consistent, with results in Figure 3C, SNRs along 410 

the orthogonal dimension decreased significantly between the two tests (Block 2 vs Block 3; boxplot in the middle in 411 

Figure 3L; Wilcoxon test: z = -2.1. p = 0.035). Finally, we compared SNRs along the orthogonal dimension within 412 

Test 2 (Block 3 vs Block 4), which was separated by the second exposure that was only half the length of the first 413 

exposure. We found a non-significant trend of a reduced SNR in the last test block (boxplot on the right in Figure 3L; 414 

Wilcoxon test: z = 1.7. p = 0.078).  415 

c. Performance of the decoder decreased for stimuli along the orthogonal dimension 416 

 We next examined whether there was any change in discriminability by the decoder trained with spike data 417 

to discriminate stimuli along the exposed dimension or those along the orthogonal dimension (see Methods). This 418 

decoder analysis allowed us to compare the effects of exposure in the neural data with the effects in previous 419 

experiments in human subjects (Stilp et al., 2010). We expected that the performance of the decoder would decrease 420 

for stimuli along the orthogonal dimension after exposure, due to reduced SNR in spike rate coding. The decoder was 421 

trained to discriminate the adjacent stimuli along each dimension (Figure 4A), mimicking the task of human subjects 422 

(Stilp et al., 2010).  423 

We found that, consistent with the measurements of SNR described above, the discriminability along the 424 

orthogonal dimension was significantly reduced. As shown in the histogram of Figure 4B (right panel), 65% of 425 

neurons showed decreased accuracy along the orthogonal axis (Wilcoxon test: z = -2.65. p = 0.008). By contrast, as 426 

shown in the histogram of Figure 4B (left panel), only 46% of neurons exhibited decreased accuracy along the 427 
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exposed dimension (Wilcoxon test: z = -0.70.  p = 0.487). Thus, these results from the decoder analysis are also 428 

consistent with the results of the psychoacoustic experiments with human subjects (Stilp et al., 2010). 429 

d. Decorrelated tuning functions between neurons 430 

Continuing our investigation of the neural effects of stimulus exposure in Experiment 1, we also examined 431 

the effects of stimulus exposure at the A1 neuronal population level. We reasoned that if two neurons were tuned to 432 

two different sound attributes (e.g., AM or SP), then if these two sound attributes became correlated, one neuron’s 433 

responses would become predictable from the responses of the other, making one neuron’s responses redundant. 434 

Efficient coding theory predicts that as stimulus parameters become correlated, tuning functions of different neurons 435 

should become less alike (or decorrelated) so as to reduce response correlations (and predictability) and increase 436 

coding efficiency (Barlow and Földiák, 1989). To test this conjecture, we calculated tuning functions along the AM and 437 

SP dimensions separately for each unit. We then paired simultaneously recorded neurons, and calculated the 438 

correlation coefficient between the AM tuning function in one neuron and the SP tuning in the other (Figure 5A), both 439 

for the Pre-exposure and Post-exposure tests, and finally computed the difference in the correlations before and after 440 

exposure.  441 

Since correlations estimated from different neuron pairs in each recording were not independent, we 442 

averaged changes in correlation coefficients from all simultaneously recorded neuron pairs for statistical analysis.  443 

We hypothesized that exposure to positively correlated attributes would lead to a decreased correlation coefficient, 444 

while exposure to negatively correlated attributes would lead to an increased correlation coefficient, because of de-445 

correlation of initially negatively correlated tuning functions. The results of this analysis are plotted in a cumulative 446 

frequency distribution (Figure 5B). After exposure to positively correlated attributes, the majority of recordings (8/11) 447 

exhibited reduced correlations between AM and SP (Figure 5B, blue trace), while after exposure to negatively 448 

correlated attributes, 7/10 recordings exhibited positive correlation changes (Figure 5B, red trace), indicating a 449 

significant contrast between the two groups (Mann–Whitney U test, p = 0.018). Figure 5C summarizes the results in 450 

a box plot. Note that the opposite direction of changes after exposure to negatively-correlated attributes and 451 

positively-correlated attributes actually reflects the same basic effect: tuning functions along the AM and SP 452 

dimensions in different neurons became decorrelated, or more dissimilar, after exposure. As a control, we also 453 

computed the correlations between the AM-tuning function and SP- tuning functions within the same neuron for 454 

positively- and negatively-correlated exposures (Figure 5D). The results of this control analysis showed no significant 455 

difference in the correlations between the two types of exposure (Figure 5E and 5F, Mann–Whitney U test, p = 456 

0.674).  457 
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The neural response changes we described following stimulus exposure in Experiment 1 strongly support 458 

Barlow’s hypothesis that neural tuning to correlated properties becomes de-correlated in a population of A1 neurons 459 

after sufficient exposure to the covariance, even in the passively listening animal. A closely related phenomenon is 460 

that the tuning functions of the recorded neuron shifted away from the exposed stimuli so that, at the population level, 461 

responses to exposed stimuli decreased, while responses to stimuli far away from exposed stimuli increased (Figure 462 

2). To understand whether the two phenomena are related, we simulated the effect of tuning shifts on correlation 463 

between neurons in a computational model of a population of neurons (N = 200) that are arbitrarily and uniformly 464 

tuned to a two-dimensional of stimulus matrix (100 AM steps X 100 SP steps) similar to the test-stimuli matrix in our 465 

experiments. Details of a specific implementation are shown in Figure 5G. By assuming that the effect of exposure is 466 

to move each neuron’s tuning function away from the parameters of the exposure stimulus (red dots in Figure 5G) 467 

along the orthogonal direction (as indicated by the green and blue arrows), one can recreate the effects of both 468 

decorrelations (Figure 5H) and tuning function shifts (Figure 5I). Therefore, it is very likely that the tuning shift along 469 

the orthogonal dimension contributes to the decorrelation between neurons. As a conclusion, both our experimental 470 

results and the results of our computational model support the hypothesis that tuning to correlated properties 471 

becomes de-correlated between neurons after exposure to the covariant features. 472 

 473 

Experiment 2: The effects of exposure to stimuli on a single feature dimension  474 

In this control experiment, we sought to determine whether exposure to a covariance of two properties was 475 

necessary to cause the adaptation patterns described in Experiment 1, and whether the effects observed in 476 

Experiment 1 might have also arisen in the absence of any attribute covariance, but instead simply as the result of 477 

adaptation to variance along a single acoustic dimension. To answer this question, we recorded from single-units in 478 

A1 (n = 56) in two ferrets as they were exposed to stimuli varying along one dimension only, either AM or SP (Figure 479 

1E). We compared the neural responses from Experiment 2 with those from Experiment 1 – focusing on a careful 480 

comparison of the four measurements (Adaptation, SNR, Decoder performance and Correlation in tuning functions 481 

between neurons) obtained in the two experiments. In the absence of stimulus covariance in the exposure stimuli 482 

presented in Experiment 2, the EC hypothesis suggested that the SNR changes along the exposure vs the 483 

orthogonal dimension, observed in Experiment 1, would not occur. 484 

At first, we found that the adaptation and tuning effects resembled those of Experiment 1 in that responses 485 

to the exposure stimuli (red dots in Figure 6A) were indeed significantly reduced (Wilcoxon test: z = -2.3. p = 0.022) 486 
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compared to the increased response to the non-exposed stimuli (blue dots in Figure 6A; Wilcoxon test: z = -2.5. p = 487 

0.015), as illustrated by the histograms and Box plots in Figures 6B and 6C. Thus, we conclude that exposure to 488 

sounds varying along one dimension did cause an adaptation effect similar to that observed in Experiment 1 (Figure 489 

2B and 2C). However, unlike Experiment 1, comparing the SNR changes along the exposure vs the orthogonal 490 

dimensions (Figure 6D) revealed no significant changes in coding quality, as summarized by the histograms of 491 

Figures 6E and 6F (Wilcoxon test: z = -0.1. p = 0.940 for exposure responses, and Wilcoxon test: z = -0.25. p = 492 

0.800 for the orthogonal dimension). There were also no significant changes in the variance between stimuli in either 493 

dimension (Figure 6G; Wilcoxon test: z = 0.27. p = 0.786 for the exposed dimension, and Wilcoxon test: z = 0.96. p = 494 

0.966 for the orthogonal dimension). Therefore, it is evident that the SNR effects observed in Experiment 1 were 495 

dependent on exposure to stimuli with correlated attributes.  496 

To verify that the SNR results in Experiment 2 were consistent with discriminability of stimuli, we also 497 

measured the effects of single-dimension exposures on the performance of the decoder trained with neural data. As 498 

in Experiment 1, a decoder was trained to discriminate stimuli along the exposed dimension or stimuli along the 499 

orthogonal dimension.  In this condition, there was no significant change in decoder performance, either on the 500 

exposure dimension (Wilcoxon test: z = -0.15. p = 0.881) or on the orthogonal dimension (Wilcoxon test: z = -0.3. p = 501 

0.764), as shown in Figure 6H and 6I. Comparing the results of Experiments 1 and 2, we conclude that exposure to 502 

correlated stimuli is necessary to elicit changes in discriminability. Finally, we also analyzed changes in the 503 

correlation between the tuning curves in the neural responses in Experiment 2 (Figure 6J). Data from AM and SP 504 

exposures were separately analyzed and compared, and no significantly different correlational changes were 505 

observed between the two types of exposure (Figure 6K, Mann–Whitney U test, p = 0.268).  506 

In summary, while exposure to sounds varying along one dimension in Experiment 2 did lead to adaptation 507 

and tuning shifts as observed in Experiment 1, it did not lead to any significant changes in SNR,  decoder 508 

discriminability performance, or neuronal correlation, as was elicited by exposure to stimuli with two covarying 509 

acoustic features.    510 

Experiment 3: Coding efficiency with exposure to stimuli of correlated features embedded in a higher-511 

dimensional space 512 

Here we extended Experiment 1 to explore whether the effects induced by exposure to stimuli of two 513 

correlated features would persist if the stimuli had an additional, but uncorrelated, third acoustic feature (e.g., the 514 

fundamental frequency of the tone-complex, f0) that varied randomly. Our design of Experiment 3 parallels human 515 
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psychophysical studies by Stilp and Kluender (2011, 2012) who also studied the effects of an uncorrelated third 516 

acoustic attribute. Our neuronal results in Experiment 3 are consistent with their psychophysical results, thus 517 

demonstrating efficient coding of redundant acoustic dimensions even in the presence of unrelated variability in a 518 

third feature dimension.  519 

In Experiment 3, we recorded neuronal responses from A1 single-units (n = 56) in two ferrets that were 520 

exposed to stimuli located at the two diagonals of the testing space (Figure 7A), axes along which we previously 521 

found the strongest adaptive effects. The results obtained strongly resembled those of Experiment 1: (1) SNRs 522 

decreased for the orthogonal dimension (Figure 7B and 7C, Wilcoxon test: z = -2.3. p = 0.02), while remaining intact 523 

along the exposure dimension (Wilcoxon test: z = -0.4. p = 0.677). (2) Consistent with Experiment 1, the performance 524 

of the decoder decreased along the orthogonal dimension after stimulus exposure (Figure 7D and 7E, Wilcoxon test: 525 

z = -2.40. p = 0.016), while remaining unchanged for the exposure dimension (Wilcoxon test: z = -0.49. p = 0.625). 526 

Therefore both SNRs and the performance of the decoder were consistently reduced along the orthogonal dimension 527 

as in Experiment 1.  528 

Finally, in Experiment 3, correlation of tuning functions to AM and SP between neurons decreased in 5/6 529 

recordings following exposure to positive covariance and increased (in 5/6 recordings) after exposure to negative 530 

covariance (Figure 7F and Figure 7G, Mann–Whitney U test, p = 0.032). Combining data from Experiments 1 and 3, 531 

correlations decreased in 13/17 recordings after exposure to positive covariance (binomial test: p = 0.038), while 532 

12/16 recordings showed increased correlation after exposure to negative covariance (binomial test: p = 0.025). We 533 

may conclude, in agreement with the results of earlier psychophysical studies (Stilp and Kluender, 2011, 2012) that 534 

exposure to sounds with an additional randomly varying property like f0 did not affect the efficient coding of the 535 

correlated features, consistent with the results of Experiment 1. Thus, Experiment 3 demonstrates that the auditory 536 

system can capture covariant features even in the presence of a third, randomly variant feature dimension. 537 

Discussion  538 

Experiments described here sought to explore the neural correlates of efficient coding, proposed as a key 539 

principle of coding in sensory systems. In vision, this principle is exemplified by the McCollough effect in which the 540 

visual system, following passive exposure to correlated properties of visual stimuli (color and orientation), combines 541 

them as a single property (McCollough, 1965). The physical acoustics of natural sounds often reveal correlations 542 

between acoustic attributes (Lutfi et al., 2011). In auditory perception, the adaptive coding principle has also been 543 
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supported by the results of a set of psychoacoustic experiments that were the inspiration for this study (Stilp et al., 544 

2010; Stilp and Kluender, 2011, 2012, 2016).  545 

The adaptive effects we observed in the neural recordings in the primary auditory cortex of the ferret were 546 

consistent with, and mapped readily to the results of the psychoacoustic experiments in human subjects showing that 547 

discrimination along the orthogonal dimension decreased due to reduced coding redundancy, while discrimination 548 

along the exposed dimension remained intact (Stilp et al., 2010). Furthermore, the changes allowed us to explore the 549 

underlying mechanisms that gave rise to this coding efficiency, and test whether this neural adaptation was resilient 550 

to the addition of other uncorrelated feature dimensions. Our findings indicate that two aspects of the adapted 551 

responses contribute to the significant increase in coding efficiency after exposure to stimuli with the AM and SP 552 

correlated properties: (1) in single neurons, repeated exposure to stimuli of correlated attributes reduced SNR of 553 

responses to stimuli along the orthogonal dimension. This change was consistent with the decreased discrimination 554 

performance made by the decoder trained on neural data along the orthogonal dimension. (2) Tuning to the attributes 555 

of the AM and SP stimuli in different neurons became less correlated following exposure to stimuli with covariance, 556 

enhancing the efficiency of the population coding of stimulus identity. Consequently, as observed in Experiment 2, 557 

exposure effects did not materialize when stimulus parameters varied along only one dimension (AM or SP); although, 558 

adaptation (decrease) of spike rates still occurred to the exposure stimuli as before. Finally, we found in Experiment 3 559 

that neurons were capable of extracting and enhancing the coding efficiency of two correlated properties even when 560 

they were embedded in a higher dimensional space that included independent variation in a third dimension. 561 

Reduced SNR along the orthogonal dimension reflects an adaptive coding mechanism in single neurons in 562 

response to dynamically changed feature statistics. This mechanism can be modeled by changes in the receptive 563 

field (RF) of single neurons which are schematized as a 2-D Gaussian probability density functions (PDF) as shown 564 

in Figure 8.  The variance of the PDFs is estimated by the mean of the variances between stimuli along the exposure 565 

and orthogonal dimensions, which were calculated from the A1 neurons studied in Experiment 1. Since there were no 566 

significant changes in overall response amplitude, changes in PDF widths before and after exposure illustrate how 567 

such change may contribute to adaptive coding of a new combined feature that emerged during passive exposure. As 568 

shown in Figure 8, the estimated RFs after exposure became tilted along the exposed dimension (Figure 8 -middle 569 

panel). To examine this change further, we took the difference between the two PDFs (Figure 8 - right panel). The 570 

RF change reflects increased responsiveness that takes the shape of an ellipse along the exposure dimension, with 571 

reduced responsiveness along the orthogonal dimension. Such a change would optimize a neuron’s capacity to 572 

capture the emergent feature along the exposure dimension at the cost of coding capacity along the orthogonal 573 
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dimension. This is analogous to the principle component analysis (PCA), in which the coordinate of variance 574 

measurement is altered to capture the most important feature. This hypothesis is consistent with previous behavioral 575 

results and models based on the psychophysical data (Stilp et al. 2010, Stilp and Kluender, 2012, 2016). As 576 

schematized in Figure 5G, when the RF shapes change in single units, the tuning center of each neuron in the tested 577 

population also moves away from the exposed diagonal in the testing feature space, which in turn leads to an overall 578 

decrease in response amplitude to the exposed stimuli (Figure 2D).  579 

Apparently, enhancing a neuron’s capacity to efficiently capture an emergent combined features along the 580 

covariant dimension comes at the cost of reducing coding capacity along the orthogonal dimension. Therefore, if the 581 

brain develops sparse coding cortical ensembles that are highly sensitive to co-varied properties, this would come at 582 

the expense of coarser resolution for independent sensory features. An alternative compromise might be that there is 583 

a highly adaptive network of cortical neurons that reshape their responses to encode co-varied stimulus attributes, 584 

and also different cell populations in other cortical networks that maintain sharp tuning for unidimensional sensory 585 

features. Consequently, separate networks would provide both a lower-resolution code for co-varied sensory 586 

attributes and a high-resolution encoding for independent features.  587 

Our results provide the first evidence at the neuronal level that sensory neurons in the primary auditory 588 

cortex may adapt to combine different sensory cues. However, it is also evident that not all neurons exhibited the 589 

change to capture covariance. Therefore, although we have emphasized efficient coding and covariant coding, it is 590 

possible and consistent with our observations that a subset of neurons may retain sensitivity to single cues, while 591 

another subset of neurons adapts to capture covariance. In this way, with multiple forms of adaptation, sensory 592 

systems could flexibly adopt different perceptual strategies in different situations. Further studies with high-density 593 

simultaneous recordings may reveal the presence of multiple, different encoding neuronal networks. 594 

Although the decorrelation between neurons that we observed is consistent with the EC hypothesis (Barlow 595 

and Földiák, 1989), a recent study that develops a Bayesian theory of Efficient Coding that goes beyond the 596 

traditional reliance of EC on the information theoretic approach, has questioned whether decorrelation contributes to 597 

neural coding in all contexts (Park and Pillow, 2017). For example, by re-examining classic data from blowfly retinal 598 

neurons (Laughlin, 1981), it is shown that decorrelation may only be beneficial at high SNRs (Park and Pillow 2017). 599 

Nevertheless, as we argued in the introduction, the changes we have observed in this study of the primary auditory 600 

cortex following short-term exposure to correlated features may be highly relevant to the sensory processing of 601 

natural stimuli  because the covariance of multiple sensory attributes is key to enhancing the reliability of transmitting 602 

and perceiving the information in complex stimuli. 603 
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Previous studies have shown that sensory systems can combine different sensory cues to improve 604 

perception. For example, in vision, shape information from texture, and depth information from disparity cues, can be 605 

combined to form a fused percept, leading to improved discrimination performance compared to performance based 606 

on single-cues (Hillis et al., 2002). Face recognition and detection algorithms use combinations of face parts to 607 

accomplish classification (Ullman et al., 2002) and a recent, compelling study of the neural basis for face recognition 608 

in the macaque monkey showed that the best model for decoding assumes that face patch neurons are linearly 609 

combining different features (Chang and Tsao, 2017). In haptic perception, force and position cues can be integrated 610 

for shape perception (Robles-De-La-Torre and Hayward, 2001; Drewing and Ernst, 2005). Furthermore, sensory cue 611 

integration may even occur across different sensory modalities (Ernst, et al. 2000; McGurk and MacDonald, 1976; 612 

Shams, et al. 2000).  613 

Recent psychoacoustic studies also show that capturing correlation between different acoustic attributes 614 

may improve sound perception (Stilp et al., 2010; Stilp and Kluender, 2011, 2012, 2016). However, in auditory signal 615 

processing, the benefits of relying on correlated cues over single cues are even more prominent in vocal 616 

communication in animals and in speech (Kluender et al., 2019). A recent study has emphasized the value of sound 617 

categorization of marmoset vocalizations using combinations of acoustic features (Liu et al. 2019). Human speech is 618 

an even more complex signal characterized by many correlated attributes arising from the physical acoustic 619 

constraints of the vocal apparatus. Single acoustic attributes can be modified by the dynamics of articulating 620 

sequences of sounds (leading to co-articulation correlated context effects). In contrast, correlation between different 621 

attributes, such as power spectrum and manner of articulation (Llanos et al., 2017) and other covariant relationships 622 

(Sussman et al. 1998) may provide more reliable and robust information in the perception and acquisition of human 623 

speech. In such cases, tuning to the covariance, even at the cost of possible loss of resolution for any single attribute, 624 

would still be beneficial for processing speech.  625 

We should note that the adaptive effects we have studied here are induced by short periods of passive 626 

exposure. Our previous work (Fritz et al., 2003, 2007) would suggest that the effects may become enhanced and 627 

magnified by behavioral training and/or task engagement in an auditory task that requires recognition of stimuli with 628 

covarying attributes. Thus, the ability to capture regularities though repetitive passive exposure may not only benefit 629 

the organism in sensory coding efficiency, but also function as a simple form of learning. There is considerable 630 

evidence that sensory systems can learn different types of regularities through such passive exposure:  transition 631 

probability in sound sequences (Saffran et al., 1996, 1999; Hauser et al.,2001; Newport and Aslin, 2004; Newport et 632 

al., 2004; Abe et a., 2011; Lu and Vicario., 2014) and other complex patterns (Agus et al., 2010; McDermott et al., 633 
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2011; Barascud et al., 2016; Stilp et al., 2018; Lu et al, 2018). Our current study fits into this mold, and demonstrates 634 

the underlying neural transformations that make it possible. We note that our observations in this study are also 635 

interpretable in the context of implicit learning and habituation (Lu et al, 2018) in which exposed stimuli are contrasted 636 

with novel (unexposed or “orthogonal”) stimuli. However, thoroughly exploring this interpretation of our results will 637 

require a new study in which exposures and analyses are adapted to the parameters typical of statistical learning 638 

paradigms (Lu et al, 2018).  639 

Our current work therefore demonstrates a form of implicit learning at the neuronal level in A1 that binds 640 

features from two correlated attributes, even when the pattern was embedded in high dimensional variance. This 641 

study therefore adds to the extensive previous research exploring brain areas and neural mechanisms underlying 642 

such learning, ranging from the oddball tone detection (Ulanovsky et al., 2003; 2004; Yaron et al., 2012; Nieto-Diego 643 

and Malmierca, 2016; Parras et al. 2017), to the encoding of transition probabilities in sound sequences (Lu and 644 

Vicario, 2014), to the mismatch negativity due to the detection of violations in acoustic sequences (Paavilainen et al., 645 

2007, Barascud et al., 2014). Finally, implicit learning is widespread and not limited to the auditory system. For 646 

example, human subjects can implicitly learn visual transition probabilities in visual scene sequences (Turk-Browne et 647 

al., 2009), while mice can learn spatiotemporal sequences through exposure at the neuronal level in V1 (Gavornik 648 

and Bear, 2014). It is therefore highly likely that a larger network, including higher auditory and other sensory areas, 649 

contribute to these encoding and learning phenomena, and the future challenge is to unravel the interlocking roles of 650 

these different brain. 651 

 652 

 653 

Figure Legends 654 

Figure 1 655 

A. Schematic illustration of how stimuli were generated. Amplitude envelopes with different AM 656 
modulation rates were generated (left column). Spectral envelopes with different peak 657 
frequencies were generated (middle column). Sounds were generated by combining the two 658 
acoustic attributes (right column). 659 

B. Illustration of how stimuli parameters were chosen. Black horizontal lines indicate harmonic 660 
components consisting of the basic structure of a stimulus. The center of the harmonic tone was 661 
chosen around the BF of recorded neurons, indicated by the red arrow. The blue triangle 662 
represented one of the 19 spectral envelopes used to generate stimuli. The limit of the peak 663 
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frequencies was indicated by the two horizontal black dashed lines. The range of the harmonic 664 
structure was 6 octaves. The limits of the lowest harmonic component (f0) and highest 665 
component were indicated by the green dashed line, at least 0.1 octave away from the limits of 666 
the peak frequencies.  667 

C. Testing stimulus space in Experiment 1. Notice that, in half of the recordings, 19 exposure 668 
stimuli had positively correlated attributes and thus were lined up with those red dots.  In this 669 
case, the orthogonal dimension was indicated by blue dots. In the other half of the recordings, 670 
the opposite was true: the exposure dimension was lined up with blue dots and the orthogonal 671 
dimension was lined up with red dots.  These two types of exposure were shuffled across 672 
recordings in a balanced design.   673 

D. Schematic illustration of exposure and testing procedure in Experiment 1. Black arrows indicate 674 
the testing sessions. Red arrows indicate the exposure sessions. The matrix of black dots on top 675 
of the black arrow represents 33 test stimuli. Red dots on top of red arrows represent 19 676 
exposure stimuli.  677 

E. Testing stimulus space in Experiment 2. In half of the recordings, sounds with constant AM and 678 
varying SP (lined up with red dots) were exposure sounds, while those with constant SP and 679 
varying AM (lined up with blue dots) were on the orthogonal dimension. In the other half of 680 
recordings, the opposite was true. Two types of exposure were also shuffled in a balanced 681 
design.   682 

F. Testing stimuli space in Experiment 3. The red parallelogram indicates exposure sounds, which 683 
had perfect positive or negative correlation between AM and SP, and varied f0. The black 684 
parallelogram with dashed lines indicates testing sounds, in which only one f0 was randomly 685 
chosen for testing in each recording. The structure of the testing space is the same as in 686 
Experiment 1, indicated on the right by the blue arrow. 687 

G. Exposure and testing procedure in Experiment 3. Black arrows indicate the testing sessions. Red 688 
arrows indicate the exposure sessions. The total stimuli number in exposure was approximately 689 
the same as that in Experiment 1 (2280 in Experiment 1; 2660 in Experiment 3). 690 

H. An example of an isolated single-unit. Spike waveforms (left) for the neuron were consistent 691 
across the whole recording session. Histograms of inter-spike intervals (right) were used to 692 
verify isolation quality.  693 

I. Illustration of how SNRs of spike rate coding for the exposed dimension and the orthogonal 694 
dimension were calculated. The bell-shaped curves illustrate the possible spike rate variation 695 
within the group, the sum of which across all groups yielded the “Sum of Squares (SS) within”. 696 
The distance between the centers of the bell curves indicated the variance between the groups, 697 
explained by stimulus differences along the given dimension. The sum of all such variance 698 
yielded the “Sum of Squares (SS) between”. Then SNR was calculated from “SS  within” and “SS 699 
between” as shown in the equation on the right.  700 

Figure 2. 701 

A. Schematic illustration of stimuli used in the tuning analysis in Experiment 1. Stimuli within the 702 
green diagonal rectangle indicated exposure stimuli (5 stimuli directly on the diagonal, and 8 703 
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nearby). Spike rates of these 13 composite stimuli were averaged and compared between tests 704 
before and after exposure.  Stimuli within the two blue triangles were non-exposure stimuli, (far 705 
from the exposure stimuli), from which the spike rates were averaged for comparison between 706 
tests before and after exposure. 707 

B.  Histograms of spike rate changes after exposure in Experiment 1 (exposure stimuli on the left 708 
and non-exposure stimuli on the right). The red dashed line indicates zero change. The 709 
distribution of spike rate changes for exposure stimuli was significantly biased to the negative 710 
side, while the distribution for non-exposure stimuli was biased to the positive side. The green 711 
arrow indicates the mean (also indicated on the top of the histogram) for each distribution.  712 

C. Box plot of spike rate changes after exposure in Experiment 1 (exposure and nearby stimuli on 713 
the left and non-exposed stimuli on the right). The red line in the middle and the notch indicated 714 
the median and its 95% confidence interval. The bottom and top edges of the box indicate the 715 
25th and 75th percentiles.  The whiskers indicate the range. Red crosses indicate possible 716 
outliers. The star on the top indicates that the distribution was significantly different from zero. 717 
The red arrow on the side indicates the direction of significant changes. Spike rates significantly 718 
decreased for the exposure stimuli and significantly increased for non-exposure stimuli.  719 

D. Surface plot of the 2-dimensional tuning map in Experiment 1: before exposure (left), and after 720 
exposure (middle). The unit of AM and SP was the step used to create the stimulus matrix. The 721 
differences between the two maps were taken (post minus pre) and showed on the right. The 722 
dark blue area in the plot on the right indicates reduced responses along the diagonal along the 723 
exposed dimension. The changes in the tuning map were consistent with quantification showed 724 
in Figure 2B. 725 

Figure 3. 726 

A. Schematic illustration of the calculation of SNR along the exposed (left) and the orthogonal 727 
dimension (right). The 5 X 5 matrix of dots represents the 33 stimuli tested. Each line connected 728 
with dots indicates stimuli to be treated as one single group (one level on the exposure or 729 
orthogonal dimension). The variance between stimuli was compared between lines (groups). 730 
The red arrow indicates the direction of the exposure dimension. The blue arrow indicates the 731 
direction of the orthogonal dimension. 732 

B. Histograms of SNR changes in Experiment 1. SNRs for the exposure dimension were 733 
symmetrically distributed around zero (left, red dashed indicated zero). SNRs for the orthogonal 734 
dimension were significantly reduced (right). The green arrow indicates the mean (also indicated 735 
on the top of histogram) for each distribution. The SNR change (post minus pre) was taken for 736 
each neuron and the difference was normalized by dividing by the mean of the two values. 737 
Normalization was only applied for display, while statistical analysis was done without 738 
normalization. 739 

C. Box plot of SNR changes in Experiment 1. SNRs for the orthogonal dimension were significantly 740 
reduced (right). The star on the top indicated that the distribution was significantly different 741 
from zero. 742 
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D. Histogram of changes in variance (in spike rates) between stimuli in Experiment 1. Only the 743 
histogram on the right (for orthogonal stimuli) was significantly biased to the negative side, 744 
resembling the plot for SNR changes (above). 745 

E. Box plot of changes in variance (in spike rates) between stimuli in Experiment 1. Variance 746 
between stimuli for orthogonal dimension was significantly reduced (right). The star on the top 747 
indicated that the distribution was significantly different from zero. 748 

F. Schematic illustration of the subgroup selection, indicated by the blue box, for the tests of SNR 749 
changes in Experiment 1. The 5 X 5 matrix of dots represents the 33 stimuli tested. The stimulus 750 
group on the left was located at the corner of the test space, while the stimulus group on the 751 
right was located on the diagonal line of the testing space.  752 

G. Box plot showed the effect of exposure on SNR changes on the orthogonal dimension in each 753 
subgroup illustrated on the top (Figure 3E). The effect was most strong when test stimuli were 754 
located on the diagonal line (Group 4, on the right), because stimuli were distributed with the 755 
longest distance along the orthogonal dimension. 756 

H. Schematic illustration of the subgroup selection along the orthogonal dimension, indicated by 757 
the black boxes for stimuli at the ends of the (orthogonal) diagonal and the green box for stimuli 758 
close to the center of the (orthogonal) diagonal. 759 

I. Box plot illustrates that only SNRs from stimuli close to the center of the diagonal exhibit 760 
significant differences. 761 

J. Histograms of normalized SNR changes for AM (left) and SP (right) in Experiment 1.  There was 762 
no significant change for either dimension. SNR changes were all symmetrically distributed 763 
around zero in both plots. The mean for each distribution is indicated both on the top of the plot 764 
and by the green arrow. 765 

K. Box plot of normalized SNR changes for AM (left) and SP (right) in Experiment 1. There was no 766 
significant change for either dimension. 767 

L. Box plot shows the dynamics of SNR changes along the orthogonal dimension. The Pre-exposure 768 
test and the Post- exposure were split into four test blocks. The comparison between Block 1 769 
and Block 2 (Left) showed consistency of SNRs obtained within the Pre-exposure test. The 770 
comparison between Block 2 and Block 3 (Middle) showed significant SNRs differences between 771 
the two test sessions, due to the first exposure session. Block 3 and Block 4 were separated by 772 
the second exposure session (shorter exposure). Comparison between the two blocks (Right) 773 
showed a non-significant trend of reduction of the effect of exposure.  774 
 775 
 776 
 777 

Figure 4. 778 
A. Schematic illustration of the stimuli discriminated by a decoder trained with spike data in 779 

Experiment 1. Red dots indicate exposure stimuli. Blue dots indicate orthogonal stimuli. 780 
B. Histograms of accuracy changes by the decoder trained with spike data in Experiment 1. The 781 

decoder was trained to discriminate stimuli along the exposed dimension or those along the 782 
orthogonal dimension. The red dashed line indicates zero. The accuracy of discrimination for 783 
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stimuli along the orthogonal dimension reduced in 65% of neurons (right), while the distribution 784 
of accuracy changes for the exposed dimension was almost symmetrically centered at zero (left).  785 

C.  The box plot of accuracy changes in Experiment 1. Accuracy significantly reduced for orthogonal 786 
stimuli, but not for exposed stimuli.  787 

 788 

 789 
Figure 5. 790 
 791 
A. Schematic illustration of the calculation of correlation between different neurons in Experiment 792 

1. AM tuning and SP tuning were calculated from the responses to the 2-D stimuli space. On the 793 
top, each line connected with dots indicated one level of SP to be averaged (across different AM 794 
levels) to create the tuning curve for SP (red bell shape curve). In this curve, the vertical axis 795 
indicates different SP levels. The horizontal axis indicates the amplitude of averaged responses. 796 
On the bottom, each line connected with dots indicated one level of AM to be averaged (across 797 
different SP levels) to create the tuning curve for AM (Black bell shape curve). In this curve, the 798 
horizontal axis indicates different AM levels. The vertical axis indicates the amplitude of 799 
averaged responses. The two tuning curves were calculated from two different simultaneously 800 
recorded neurons: Neuron 1 (red) and Neuron 2 (blue). Then, correlation between the red and 801 
the blue tuning curve was computed.  Finally, the difference in correlation coefficient obtained 802 
before and after exposure was derived. 803 

B. Cumulative frequency distribution (left) and the box plot (right) of tuning correlation changes 804 
cross neurons in Experiment 1. The Y axis of the cumulative frequency plot shows the percent of 805 
the total sample lower than (or equal to) an associate value on the X axis.  The vertical black 806 
dashed line indicates zero. The blue trace shows correlation changes after exposure to positively 807 
correlated attributes. The horizontal black dashed line on the left of the blue trace indicates that 808 
correlation changes were negative in 72% (8 out of 11) recordings after exposure to positively 809 
correlated attributes. The red trace shows correlation changes after exposure to negatively 810 
correlated attributes. The horizontal black dashed line on the right indicates that only 30% (3 811 
out of 10) of red trace was on the negative side.  812 

C. Box plot of tuning correlation changes across neurons in Experiment 1. The bracket and the star 813 
indicate that the two distributions were significantly different from each other. 814 

D. Schematic illustration of the tuning correlation calculation for the same neuron in Experiment 1. 815 
On the top, each line connected with dots indicated one level of SP to be averaged (across 816 
different AM levels) to create the tuning curve for SP (red bell shape curve). In this curve, the 817 
vertical axis indicates different SP levels. The horizontal axis indicates the amplitude of averaged 818 
responses. On the bottom, each line connected with dots indicated one level of AM to be 819 
averaged (across different SP levels) to create the tuning curve for AM (Black bell shape curve). 820 
In this curve, the horizontal axis indicates different AM levels. The vertical axis indicates the 821 
amplitude of averaged responses. The two tuning curves were calculated from the same neuron. 822 
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Then, correlation between the red and the blue tuning curve was computed. At last, difference 823 
in correlation coefficient obtained before and after exposure was taken. 824 

E. Cumulative frequency distribution (left) and the box plot (right) of tuning correlation changes for 825 
the same neuron in Experiment 1: There was no significant change in tuning correlation either 826 
for positively correlated exposure (blue trace) or for negative correlated exposure (red trace). 827 

F. Box plot of tuning correlation changes for the same neurons in Experiment 1. 828 
G. Illustration of hypothesis that exposure to correlated attributes pushes neuron’s tuning function 829 

away from the exposure stimuli along the orthogonal direction.  The blue and green dots 830 
illustrate the best tuning position of two hypothetical neurons in the stimulus matrix. The 831 
arrows indicate the direction of tuning changes.     832 

H. Results of modeling. Cumulative frequency distribution of tuning correlation changes in 200 833 
simulated neurons. Consistent with results, correlation significantly decreased after exposure to 834 
positively correlated attributes (red trace) and significantly increased after exposure to 835 
negatively correlated attributes (blue trace), resembling results shown in Figure 5B. 836 

I. Results of modeling. Surface plot of the 2-dimensional tuning map obtained from 200 simulated 837 
neurons: before exposure (left), and after exposure (middle). The differences between the two 838 
maps were taken (post minus pre) and are shown on the right. The overall pattern of change 839 
was consistent with our results in Figure 2D. 840 

Figure 6 841 

A. Exemplars of stimuli used in tuning analysis in Experiment 2. The green rectangle indicates 842 
exposure stimuli, from which the spike rates were averaged and compared between tests 843 
before and after exposure.  Two blue rectangles indicate non-exposure stimuli, from which the 844 
spike rates were averaged for comparison. 845 

B. Histograms of spike rate changes after exposure in Experiment 2. Spike rate significantly 846 
decreased for the exposure stimuli (Left) and significantly increased for non-exposure stimuli 847 
(Right), which resembled results in Experiment 1.  848 

C. Box plot of spike rate changes after exposure in Experiment 2. Spike rate significantly decreased 849 
for the exposure stimuli (left) and significantly increased for non-exposure stimuli (right). 850 

D. Schematic illustration of the stimuli tested in Experiment 2. The 5 X 5 matrix of dots represents 851 
the 33 stimuli tested. Red dots indicated exposure stimuli that were only changed in a single 852 
dimension (AM or SP, balanced across recordings). Red arrows indicated the exposed dimension 853 
and blue arrows indicated the orthogonal dimension.  854 

E. Histograms of normalized SNR changes in Experiment 2. Both the distribution for stimuli along 855 
the exposure dimension (left) and the distribution for stimuli along the orthogonal dimension 856 
(right) were symmetrically around zero, without any significant bias. The means of the 857 
distributions are indicated both on the top of the plot and by the green arrow. 858 

F. The box plot of normalized SNR changes in Experiment 2. The median of SNRs for both 859 
dimensions overlapped with zero. Thus, there was no change in SNRs in either dimension in 860 
Experiment 2.  861 

G. Box plot of changes in variance (in spike rates) between stimuli in Experiment 2. 862 
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H. Histogram of accuracy changes of the decoder trained with spike data in Experiment 2. The 863 
decoder was trained to discriminate stimuli along the exposed dimension or those along the 864 
orthogonal dimension. Contrary to the results of Experiment 1, there was no significant change 865 
in accuracy for either dimension in Experiment 2.  866 

I. The box plot of accuracy changes in Experiment 2. 867 
J. Schematic illustration of the calculation of correlation of tuning from different neurons in 868 

Experiment 2.  869 
K. The box plot of tuning correlation changes in Experiment 2: There was no significant change in 870 

tuning correlation for either of the two types of exposure. 871 
Figure 7 872 
 873 
A. Testing stimuli space in Experiment 3. The red parallelogram indicates exposure sounds, which 874 

had perfect positive or negative correlation between AM and SP, and varied f0s. The black 875 
parallelogram with dashed lines indicates the testing sounds, in which only one pitch was 876 
randomly chosen for testing in each recording. The structure of the testing space was the same 877 
as in Experiment 1, indicated on the right by the blue arrow.  878 

B. Histograms of SNR changes in Experiment 3. SNRs for exposure dimension were symmetrically 879 
distributed around zero (left, the red dashed line indicates zero). Consistent with Experiment 1, 880 
SNRs for the orthogonal dimension were significantly reduced (right), resembling what was 881 
found in Experiment 1. 882 

C. Box plot of normalized SNR changes in Experiment 3.  883 
D. Histogram of accuracy changes for the decoder trained with spike data in Experiment 3. The 884 

decoder was trained to discriminate stimuli along the exposed dimension or those along the 885 
orthogonal dimension. Consistent with Experiment 1, accuracy significantly decreased for 886 
orthogonal stimuli (right), but not for exposed stimuli (left).  887 

E. Box plot of accuracy changes in Experiment 3. 888 
F. Cumulative frequency distribution of tuning correlation changes across neurons in Experiment 3: 889 

Consistent with Experiment 1, the blue trace showed that correlation decreased (5 out of 6) 890 
after exposure to positively correlated attributes. The red trace showed that correlation 891 
increased (5 out of 6) after exposure to negatively correlated attributes. The contrast between 892 
the two distributions was statistically significant.  893 

G. Box plot of changes in tuning correlation changes across neurons in Experiment 3. 894 

Figure 8 895 

A. The receptive field of neurons before exposure, modeled with 2-D Gaussian probability density 896 
function. Variance between stimuli on the exposed dimension and the orthogonal dimension in 897 
Experiment 1 were used in this model.  898 

B. The receptive field of neurons after exposure, modeled with variance between stimuli from 899 
Experiment 1.  900 
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C. Changes of Receptive fields, by taking the difference between the probability density function 901 
before and after exposure. The coordinate of the exposed and orthogonal dimension is 902 
indicated by red arrows.   903 
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