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Abstract 25 

The auditory system converts the physical properties of a sound waveform to neural activities and 26 

processes them for recognition. During the process, the tuning to amplitude modulation (AM) is 27 

successively transformed by a cascade of brain regions. To test the functional significance of the AM 28 

tuning, we conducted single unit recording in a deep neural network (DNN) trained for natural sound 29 

recognition. We calculated the AM representation in the DNN and quantitatively compared it with 30 

those reported in previous neurophysiological studies. We found that an auditory-system-like AM 31 

tuning emerges in the optimized DNN. Better-recognizing models showed greater similarity to the 32 

auditory system. We isolated the factors forming the AM representation in the different brain regions. 33 

Since the model was not designed to reproduce any anatomical or physiological properties of the 34 

auditory system other than the cascading architecture, the observed similarity suggests that the AM 35 

tuning in the auditory system might also be an emergent property for natural sound recognition 36 

during evolution and development. 37 

Significance Statement 38 

This study suggests that neural tuning to amplitude modulation may be a consequence of the auditory 39 

system evolving for natural sound recognition. We modeled the function of the entire auditory 40 

system, that is, recognizing sounds from raw waveforms, with as few anatomical or physiological 41 

assumptions as possible. We analyzed the model using single-unit recording, which enabled a fair 42 

comparison with neurophysiological data with as few methodological biases as possible. 43 

Interestingly, our results imply that frequency decomposition in the inner ear might not be necessary 44 

for processing amplitude modulation. This implication could not have been obtained if we had used a 45 

model that assumes frequency decomposition. 46 

Introduction 47 

Neural processing of amplitude modulation 48 

Natural sounds such as speech and environmental sounds exhibit rich patterns of amplitude 49 

modulation (AM) (Fig. 1a) (Varnet et al., 2017). For example, humans can recognize speech content 50 

and identify daily sounds based on their AM patterns even if the fine temporal structure is 51 

substantially degraded (Dudley, 1939; Shannon et al., 1995; Gygi et al., 2004). The AM rate (i.e. the 52 

number of AM cycles per second) is one of the most important physical dimensions as regards 53 
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auditory perception (Fig. 1b) (Houtgast and Steeneken, 1985). Psychophysical studies suggest that 54 

the sensitivity of the auditory system to AM can be accounted for by filtering mechanisms in the AM 55 

rate domain  (Viemeister, 1979; Bacon and Grantham, 1989; Houtgast, 1989; Dau et al., 1997). 56 

The auditory system converts the physical properties of a sound stimulus to neural activities and 57 

processes them through a cascade of brain regions (see Figure 30-12 in Kandel et al., 2000 (Kandel 58 

et al., 2000)). Neurophysiological studies have found a number of neurons and neural populations 59 

that tune to the AM rate (Giraud et al., 2000; Joris et al., 2004; Liégeois-Chauvel et al., 2004; 60 

Sharpee et al., 2011). Some neurons fire synchronously with the stimulus AM waveform, and the 61 

degree of synchrony depends on the AM rate (temporal coding of AM rate), while others encode the 62 

AM rate with their firing rates (rate coding of AM rate). Interestingly, the characteristics of AM 63 

tuning in temporal and rate coding transform systematically along the processing stages from the 64 

periphery to the cortex (Joris et al., 2004; Sharpee et al., 2011): the AM rate with which neurons 65 

synchronize gradually decreases, and the number of neurons that perform rate coding gradually 66 

increases (a phenomenon known as time-to-rate conversion). 67 

Neurophysiological and theoretical studies have revealed how the auditory system works by 68 

exploring the neural mechanisms of the transformation of AM tuning (Hewitt and Meddis, 1994; 69 

Depireux et al., 2001; Zhang and Kelly, 2003; Guérin et al., 2006; Dicke et al., 2007; Mahajan et al., 70 

2014). However, the functional significance of the transformation remains unknown. In other words, 71 

we still face the question of why the system has to be organized in that way. 72 

Functional model of sensory systems 73 

A computational approach with machine learning techniques is effective for explaining functional 74 

significance in sensory systems (Olshausen and Field, 1996; Lewicki, 2002; Terashima and Okada, 75 

2012; Młynarski and McDermott, 2017). The architectures and parameters of the models are trained 76 

to process natural stimuli for behaviorally relevant objectives with few assumptions regarding 77 

anatomical or physiological properties. Thus, the trained model is expected to provide an effective 78 

representation of natural stimuli, and if the representation is similar to that observed in a real sensory 79 

system, it is highly likely that the sensory system is also adapted to effectively processing sensory 80 

information for survival. In particular, a deep neural network (DNN) is one of the most successful 81 

models for both automatic data processing (Hinton et al., 2012; Krizhevsky et al., 2012; 82 

Schmidhuber, 2015) and explaining a neural representation of sensory information (Khaligh-Razavi 83 

and Kriegeskorte, 2014; Yamins et al., 2014; Horikawa and Kamitani, 2017; Zhuang et al., 2017; 84 



 

4 / 44 

Cueva and Wei, 2018; Kell et al., 2018). A DNN consists of a cascade of layers with multiple units, 85 

and a unit in a layer integrates the activations in a lower layer, which makes the model suitable for 86 

explaining the functions of cascaded brain regions. 87 

In the present study, we optimized a DNN for natural sound recognition. To make a direct 88 

comparison of AM sensitivity in the DNN and that in the auditory system reported in a number of 89 

neurophysiological studies, we characterized the AM sensitivity of the DNN using standard 90 

neurophysiological methods by treating the DNN as if it were a biological brain. We showed the 91 

qualitative and quantitative similarities of the DNN to the auditory system. 92 

Methods 93 

Task 94 

The task of the DNN was sound recognition. Specifically, the task was to estimate the sound 95 

category at the last timeframe of a sound with a certain duration (0.19 s for natural sounds and 0.26 s 96 

for speech). Classification accuracy is defined as the average correct classification rate for each 97 

category, namely the number of timeframes correctly estimated as a particular category divided by 98 

the total number of timeframes in the category. 99 

Datasets 100 

Two datasets were used to train the DNNs. The first consisted of non-human natural sounds and is a 101 

subset of ESC-50 (Piczak, 2015). The original dataset contains 50 sound categories with 40 sounds 102 

for each category. From the original dataset we used 18 categories of sounds not produced by human 103 

activity. Each entry in the original dataset contains a sound waveform with a length of less than 5 s 104 

and the sound category. In this study we excluded silent intervals, resulting in a total length of 53.9 105 

minutes. The original dataset is divided into 5 folds for cross validation. We used fold #5 for 106 

validation and the other folds for training. The sound format was 44.1 kHz 16-bit linear PCM. 107 

The second dataset consisted of speech sounds (Garofolo et al., 1993). Each entry in the dataset 108 

contains the sound waveform of a single spoken sentence, categories of vocal elements, and the time 109 

intervals of each element. There are originally 61 categories. We merged some categories in 110 

accordance with previous studies (Lee and Hon, 1989; Lopes and Perdigao, 2011), resulting in 39 111 

categories. The average and total durations of the sound were 3.1 s and 3.3 hours, respectively. The 112 

data are originally divided into a validation set and a training set. In this study we followed the 113 
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original division. The validation and training sets contain the speech of 24 and 462 speakers, 114 

respectively. The speakers and sentences in the two divisions do not overlap. The sound format was 115 

16 kHz 16-bit linear PCM. 116 

Network architecture 117 

Our DNN consisted of a stack of dilated convolutional layers (van den Oord et al., 2016) (Fig. 2), in 118 

which convolutional filters were evenly dilated in time. Convolution was conducted along the time 119 

axis. Each layer performed a dilated convolution on the activations of the previous layer and applied 120 

an activation function. The activation function was an exponential linear unit (Clevert et al., 2016). 121 

The first layer took samples of raw waveforms directly as an input. Each layer contained multiple 122 

units. All the layers contained the same number of units for simplicity. The units in the highest layer 123 

were connected to the classification layer without convolution. The number of units in the 124 

classification layer was the same as the number of categories. The classification layer was omitted 125 

from the physiological analysis. 126 

We used DNNs with 13 layers, each containing 128 units, for non-human sound, and DNNs with 12 127 

layers, each containing 64 units, for speech. The number of layers and the number of units in each 128 

layer were determined based on a pilot study and fixed throughout the study. In the pilot study DNNs 129 

with various numbers of layers and units were trained using a random portion of the training set. The 130 

filter length was 2, and the dilation length was 2 to the power of the layer number (van den Oord et 131 

al., 2016). The number of layers and the number of units in each layer that gave the best 132 

classification accuracy on the other portion of the training set were used in the following study. 133 

We tested multiple architectures with random filter sizes and dilation lengths in each convolutional 134 

layer and selected the DNN that achieved the best classification accuracy on the novel dataset (Table 135 

2). The filter size and dilation length were randomly chosen for each layer with certain constraints, 136 

namely that the filter size did not exceed 8 and the total input length for the whole DNN, which is 137 

equal to the length of the input time window of the topmost layer, did not exceed 8192 (~ 0.19 s) for 138 

non-human sound and 4096 (~ 0.26 s) for speech. The number of layers and the number of units in 139 

each layer were fixed as mentioned in the previous paragraph. 140 

Optimization 141 

The DNNs were trained on the training set, and the classification accuracy was calculated for the 142 

validation set. The initial filter weights were randomly sampled and the biases were set at 0 in 143 

accordance with a previous study (He et al., 2015). The filter weights and biases were updated using 144 
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the Eve algorithm (Koushik and Hayashi, 2016) with softmax cross entropy as the cost function. The 145 

number of iterations for a parameter update was determined as the value that gave the best 146 

classification accuracy on a random portion of the training set trained on the rest of the training set. 147 

Experimental design: physiological analysis of a DNN 148 

For a physiological analysis of a DNN a sound stimulus was fed to the DNN and the values of each 149 

unit were recorded. The root mean square (RMS) of the input sound was adjusted roughly to the 150 

RMS of the training set. Before the analysis, 1 was added to the values of all the units because the 151 

minimum possible value of the activation function is −1 (Clevert et al., 2016). 152 

The stimulus was 8 s of sinusoidally amplitude-modulated white noise. In physiological studies, 153 

tuning to an AM rate is measured using sinusoidally amplitude-modulated tones with carriers at the 154 

neurons' best AFs, sinusoidally amplitude-modulated white noises, or click trains. We did not use 155 

tones as carriers because many units showed multiple troughs in the AF tuning curves or non-156 

monotonic responses to the input amplitude, making it difficult to define the best AFs. 157 

The synchrony to the stimulus and the average activity was calculated from the activations of each 158 

unit. The synchrony to the stimulus was quantified in terms of vector strength (Goldberg and Brown, 159 

1969). When dealing with spike timing data recorded in neurons, each spike is represented as a unit 160 

vector with its angle corresponding to the modulator phase at that time, and the vector strength is 161 

defined as the average length of these unit vectors. Equivalent operations were applied to the 162 

continuous output of the DNN unit to derive the vector strength (equation 1). The vector strength had 163 

a value between 0, indicating no synchrony, and 1, indicating perfect synchrony. 164 

 (1) 

where t is an index of the timeframe, a(t) is the unit activation, fs is the sampling rate, and fm is the 165 

stimulus AM rate. The average activity was defined as the temporal average of the values, which 166 

could be considered as the DNN version of an average spike rate. The synchrony and the average 167 

activity were averaged for 16 instances of the carrier white noise to reduce the effect of stimulus 168 

variability. A tMTF and an rMTF were defined as the synchrony and average activity as functions of 169 

the AM rate, respectively. In physiology an MTF is usually defined only at the AM rates at which the 170 

unit shows a statistically significant synchrony or spike rate. Since a statistical test on the results of a 171 

deterministic model such as our DNN makes no sense, we considered the synchrony or average 172 
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activities below a certain threshold as “non-significant” and excluded them from the following 173 

analysis. The threshold was arbitrarily set at 0.01 for the synchrony and at 0.01 above the average 174 

activity in response to unmodulated white noise for the average activity. 175 

An MTF was classified as one of the following 4 types: low-pass, high-pass, band-pass, or flat. A 176 

low-pass type MTF was defined as one that had no values smaller than 80% of its maximum for AM 177 

rates smaller than the peak rate. A high-pass type MTF was defined as one that had no values smaller 178 

than 80% of its maximum for rates larger than the peak rate. A flat MTF was defined as one that had 179 

no values smaller than 80% of its maximum or one with a peak to peak range of less than 0.1. The 180 

band-pass MTF was defined as being other than the above. 181 

The BMFs were calculated from the band-pass type MTFs, and the UCFs were calculated from the 182 

low-pass and band-pass type MTFs. The BMFs of low-pass, high-pass, or flat MTFs and the UCFs 183 

of high-pass or flat MTFs were considered to be impossible to define. The BMF was defined as the 184 

modulation rate at the peak of the MTF. If there were multiple peaks with the same height, the 185 

geometric mean of the rates was taken. The UCF was calculated in two different ways: one for 186 

qualitative visualization as shown in Fig. 7a and the other for quantitative comparisons with specific 187 

physiological data for neurons found in the literature. The UCF for visualization was defined as the 188 

rate at which the MTF crosses 80% of its maximum value. If an MTF had multiple such rates, the 189 

geometric mean of the rates was used. The threshold of the UCF used for a quantitative comparison 190 

with the auditory system varied according to the reference physiology study. The thresholds were 191 

50% (Eggermont, 1998; Zhang and Kelly, 2006), 80% (Rhode and Greenberg, 1994; Kuwada and 192 

Batra, 1999), and 70% (= −3 dB) (Joris and Yin, 1992, 1998; Joris and Smith, 1998) of the 193 

maximum, 90%:10% interior division of its minimum and maximum (Krishna and Semple, 2000), an 194 

absolute value of 0.1 (Rhode and Greenberg, 1994; Zhao and Liang, 1995), and the highest rate that 195 

gives significant responses (Batra et al., 1989; Kuwada and Batra, 1999; Krishna and Semple, 2000; 196 

Lu and Wang, 2000; Lu et al., 2001; Liang et al., 2002; Batra, 2006; Bartlett and Wang, 2007; Scott 197 

et al., 2011). If there was no rate at which the MTF crossed the threshold, the UCF was considered to 198 

be impossible to define. 199 

The stimuli we used for calculating AF tuning were tones with various AFs and amplitudes. The 200 

activation of each unit was temporally averaged to obtain the response to a particular stimulus. The 201 

tuning curve was defined for each AF as the smallest amplitude inducing a response larger than a 202 

certain threshold. In physiological studies, thresholds are usually determined arbitrarily. Fig. 15 203 
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shows tuning curves with thresholds of 0.001, 0.01, and 0.1. 204 

Comparison with auditory system 205 

We extracted the BMF and UCF distributions reported in previous physiological studies by digitizing 206 

the figures. If multiple figures were available, we chose the clearest figure or that with the most 207 

neurons. The extracted values were used for a qualitative visualization in Fig. 7c and a quantitative 208 

comparison with the DNNs. For the visualization, we averaged the distributions of all the sub-209 

regions and all the neuron types in each region in each paper. Then the distributions in all the papers 210 

were averaged for each region. The resulting distributions were smoothed with a Gaussian filter with 211 

a width of 0.136 on a logarithmic scale of base 10. For quantitative comparison with a DNN, we 212 

calculated the similarity of each extracted distribution to the distribution of each layer in the DNN. 213 

As the measure of similarity, we employed the Kolmogorov-Smirnov statistic subtracted from 1 214 

since it is nonparametric and does not depend greatly on the bin widths of the histogram. For each 215 

BMF and UCF for each rate and temporal coding, we averaged the similarities in the same regions in 216 

a single paper, and then we averaged the similarities in the same region in different papers. 217 

Averaging the 4 pairwise similarities (tBMF, tUCF, rBMF, and rUCF), we derived the final layer-218 

region pairwise similarity matrix. Since no distribution of tBMF has been reported in AN, no 219 

distribution of rBMF has been reported in AN, CN, or SOC, and no distribution of rUCF has been 220 

reported in AN or CN, their similarities were set at 1 if there was no unit with a definable BMF or 221 

UCF and set at 0 otherwise. Also, for regions other than those, the similarity was set at 0 if there was 222 

no unit with a definable BMF or UCF. 223 

Evaluation of a pairwise similarity matrix 224 

The similarity of the entire cascade and that of each layer were calculated from a pairwise similarity 225 

matrix. We wanted to evaluate the pairwise similarity matrix in a way whereby high scores are 226 

obtained by a DNN with its lower, middle and upper layers being similar to the peripheral, middle 227 

and central brain regions. To realize this evaluation concept, we defined the cascade similarity as the 228 

weighted mean of the pairwise similarity matrix. The weight at the cell (i, j) was proportional to 229 

 

where Ni and Nj are the number of brain regions (= 7) and the number of DNN layers, respectively. 230 

The weight was scaled so that the squared mean of the weight matrix was 1. The weight was 231 

maximum on the diagonal line and minimum in the top left and bottom right corners. The layer-wise 232 
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similarity was defined as the mean obtained in each layer. 233 

Control experiments 234 

In the first control experiment, the category labels of the sounds in the training set were randomly 235 

shuffled. The validation set was not modified. A parameter update was conducted for the same 236 

number of iterations as the original non-random condition. In the second control experiment, the 237 

waveform in each sound in the training set was randomly permuted, resulting in a noise-like input 238 

waveform maintaining only the marginal distribution of the amplitudes. The third control experiment 239 

was a waveform following task that involved copying the amplitude value of the last timeframe of 240 

the input sound segment. To make the result directly comparable with those of the classification 241 

tasks, the target amplitude was quantized and we used a softmax cross entropy cost function (van den 242 

Oord et al., 2016). The waveform was nonlinearly transformed with a μ-law companding 243 

transformation before quantization (van den Oord et al., 2016). The number of bins was equal to the 244 

number of sound categories in the original classification task.  245 

Sharpness of a tMTF 246 

The Q factors of tMTFs were calculated as in a previous physiological study (Rodríguez et al., 247 

2010). 248 

 

 

 

where fm and r(fm) denote the AM rate and tMTF, respectively. Integration was calculated with the 249 

trapezoidal rule. Q factors were calculated only in units with a bandpass tMTF. 250 

Statistical analysis 251 

Spearman's rank correlation coefficients were calculated with the recognition performance and the 252 

cascade similarity. The sample size was 100 when comparing them in relation to optimization 253 

progress, and 39 when comparing them across different model architectures. 254 
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Data availability 255 

The datasets used for the training and validation of the model are available from the cited studies 256 

(Garofolo et al., 1993; Piczak, 2015). The model architecture is available in Table 2. Source codes 257 

for training, evaluation, and physiology of DNNs are available at 258 

https://github.com/cycentum/cascaded-am-tuning-for-sound-recognition. Trained models and 259 

recorded activities are available at https://doi.org/10.6084/m9.figshare.7914611. 260 

Results 261 

Functional model of the auditory system 262 

The DNN was trained to classify raw sound data (that is, amplitude waveforms) of non-human 263 

natural sounds consisting of animal vocalizations and environmental sounds. Thus, the model covers 264 

the entire range of auditory processes from the stage in the ear to the final recognition (Fig. 2). This 265 

makes our model suitable for explaining the entire cascade of the auditory system with as few 266 

assumptions as possible. This is in contrast to typical auditory studies, which assume frequency-267 

decomposed inputs such as spectrograms. The classification accuracy of the optimized DNN was 268 

45.1% (Fig. 3). We confirmed that a deep cascade is necessary to achieve high classification 269 

accuracy (Fig. 4). Although the classification accuracy was not as good as that reported in other 270 

studies (Aytar et al., 2016), this difference in performance is reasonable when we consider that the 271 

previous studies used much longer sound segments than ours. 272 

Emerging tuning to AM rate 273 

To enable a direct comparison of our DNN and the auditory system, we simulated the experimental 274 

approaches of typical neurophysiological studies. Specifically, we conducted "single-unit recording" 275 

for each unit in the DNN while presenting a sinusoidally amplitude-modulated sound stimulus (Fig. 276 

5a, b). A single unit responded differently to stimuli with different AM rates (Fig. 5c shows 277 

examples). We characterized the tuning of the units’ activities to AM rate in terms of temporal and 278 

rate coding with temporal and rate modulation transfer functions (tMTF and rMTF) (Joris et al., 279 

2004), namely the synchrony and the average activity as functions of the AM rate, respectively (Fig. 280 

5d). 281 

Fig. 6a shows MTFs of representative units in the 1st, 5th, 9th and 13th layers. As in typical 282 

physiological experiments, we classified the MTFs into low-pass, band-pass, high-pass or flat types 283 

according to certain criteria. Most units exhibited low-pass, band-pass, or flat MTFs (Fig. 6b). All the 284 
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MTFs in the 1st layer were flat, indicating that the 1st layer did not tune to AM rates. In the 5th layer, 285 

units with low-pass or band-pass tMTFs appeared, and a very small number of units with low-pass 286 

rMTFs were observed. In the 9th and higher layers, the tMTF magnitude generally increased and the 287 

number of units with low-pass or band-pass rMTFs also increased. Heatmaps of all the tMTFs 288 

normalized by their peaks reveal a downward shift of the distribution of the preferred AM rates from 289 

the 5th layer to the highest layer, and distinct tuning in the rMTFs appearing in the 9th layer and 290 

above (Fig. 6c). 291 

Comparison with the auditory system 292 

As in typical neurophysiological studies, the MTF of a unit was characterized by its best modulation 293 

frequency (BMF), namely the AM rate at which a neuron exhibits the largest synchrony or average 294 

activity, and its upper cutoff frequency (UCF), that is the AM rate at which the synchrony or average 295 

activity starts to decrease. The BMF and UCF of temporal and rate coding are denoted tBMF/tUCF 296 

and rBMF/rUCF, respectively. In the 1st and 2nd layers no BMFs or UCFs were definable since all 297 

the MTFs were flat (Fig. 7a, b). In the 3rd and 4th layers, some units exhibited definable tBMFs and 298 

tUCFs, but no rBMFs or rUCFs were definable. In the 5th layer, the tBMFs and tUCFs appeared to 299 

be high, and a small number of units exhibited definable rBMFs and rUCFs. When ascending the 300 

layer cascade from the 5th layer, the mode tBMF/tUCF decreased, and the number of units with 301 

definable rBMFs/rUCFs increased. In summary, the distributions of the tBMFs and tUCFs shifted 302 

towards lower AM rates when ascending from the middle to the high layers (Fig. 7a, left panels), and 303 

the units that code AM rate by their average activities appear only in the higher layers (Fig. 7a, right 304 

panels, and Fig. 7b). 305 

The transformation of the BMF/UCF distributions reminds us of the well-known characteristics of 306 

the auditory pathway, namely the decrease in synchronizing AM rate and the time-to-rate conversion 307 

of AM coding (Joris et al., 2004; Sharpee et al., 2011). Fig. 7c depicts the distributions of BMFs and 308 

UCFs in the auditory system by combining previously reported distributions for each of the 7 brain 309 

regions: auditory nerves (AN) (Joris and Yin, 1992; Rhode and Greenberg, 1994), the cochlear 310 

nucleus (CN) (Frisina et al., 1990; Rhode and Greenberg, 1994; Zhao and Liang, 1995; Joris and 311 

Smith, 1998; Joris and Yin, 1998), the superior olivary complex (SOC) (Joris and Yin, 1998; Kuwada 312 

and Batra, 1999), the nuclei of the lateral lemniscus (NLL) (Huffman et al., 1998; Batra, 2006; 313 

Zhang and Kelly, 2006), the inferior colliculus (IC) (Müller-Preuss, 1986; Langner and Schreiner, 314 

1988; Batra et al., 1989; Condon et al., 1996; Krishna and Semple, 2000), the medial geniculate body 315 
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(MGB) (Preuß and Müller-Preuss, 1990; Lu et al., 2001; Bartlett and Wang, 2007), and the auditory 316 

cortex (AC) (Müller-Preuss, 1986; Schreiner and Urbas, 1988; Bieser and Müller-Preuss, 1996; 317 

Schulze and Langner, 1997; Eggermont, 1998; Lu and Wang, 2000; Liang et al., 2002; Scott et al., 318 

2011; Yin et al., 2011). In the peripheral regions, the tBMFs and tUCFs cluster around high AM 319 

rates, and as they ascend towards the central region, the mode rates decrease. RBMFs are only 320 

reported in the NLL or above, and rUCFs are reported in the SOC or above. This meta-analysis 321 

suggests that the distributions of the BMF and UCF in the DNN and those in the auditory system are 322 

qualitatively similar. 323 

Next, we compared those distributions quantitatively. For each of the tBMFs, tUCFs, rBMFs, and 324 

rUCFs, we calculated the similarity between the distribution in each layer of the DNN and the 325 

distribution in each region in the auditory system (Fig. 8a), and averaged them to yield the layer-326 

region pairwise similarity (Fig. 8b). Pairs consisting of a DNN layer and a brain region with a large 327 

similarity appeared in the diagonal direction, indicating that lower, middle, and higher DNN layers 328 

are similar to peripheral, middle, and central brain regions, respectively. This similarity of the entire 329 

cascade is more clearly observed if we normalize the pairwise similarity by the maximum value in 330 

each brain region (Fig. 8c). 331 

Relationship with optimization 332 

The similarity of the entire cascade could be due to the convolutional architecture inherent to the 333 

DNN (Saxe et al., 2011) or due to optimization for sound recognition. To test these possibilities, we 334 

measured the MTFs in the DNN before and during optimization. Before optimization, no unit 335 

exhibited clear selectivity as regards AM rate, and there was no transformation of the MTFs across 336 

layers (Fig. 9a, left panel). 337 

As the optimization progressed, the classification accuracy increased as expected (Fig. 9b, top 338 

panel). Auditory-system-like AM tuning gradually emerged in parallel (Fig. 9a). We evaluated the 339 

similarity over all the cascades by measuring the degree of diagonality of the pairwise similarity 340 

matrix (Fig. 10), and we refer to it as the cascade similarity. A large cascade similarity value 341 

indicates that, in the pairwise similarity matrix, cells around a diagonal line exhibit a large similarity 342 

and cells around the top left and bottom right corners exhibit a small similarity. The cascade 343 

similarity increased as the optimization progressed (Fig. 9b, bottom panel), and correlated very well 344 

with the classification accuracy (Spearman's rank correlation coefficient = 0.84, p = 8.57×10−28, n = 345 

100). The results indicate that the AM representation in the DNN emerged during the optimization. 346 
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Since the classification accuracy of a DNN generally depends on its architecture (Bergstra and 347 

Bengio, 2012; Bergstra et al., 2013), so could its cascade similarity (Yamins et al., 2014; Kell et al., 348 

2018). We trained DNNs with various architectures and examined them using the same physiological 349 

analysis. The classification accuracy of these DNNs varied between 28.2% and 45.1%. The patterns 350 

of the layer-region pairwise similarity also varied among the architectures (Fig. 11a), and the cascade 351 

similarity correlated with the classification accuracy (Fig. 11b; ρ = 0.51, p = 8.08×10−4, n = 39). The 352 

results indicate that AM representation in better-recognizing DNNs have a greater similarity to that 353 

in the auditory system. Taken together, the similarity to the auditory system correlated with the 354 

classification accuracy across both different model parameters and different architectures, which 355 

suggests that the auditory AM representation is strongly related to task optimization but not to the 356 

convolutional operation alone. 357 

Different factors for different regions 358 

The development of the layer-region pairwise similarity during optimization indicates that an 359 

auditory-system-like AM representation is initially exhibited only in the lower layers, and that, as the 360 

optimization progresses, it first emerges in the upper layers and then in the middle layers (Fig. 9a). 361 

This pattern was more clearly seen when we calculated the similarity to the auditory system in each 362 

layer, which we refer to as layer-wise similarity (Fig. 9c, Fig. 10). The results imply that multiple 363 

factors can underlie these across-layer differences in the developmental patterns. To isolate the 364 

possible factors in each region, we conducted three control experiments, expecting to see different 365 

degrees of similarity emerge in different layers depending on the control conditions. 366 

The first two control experiments tested the effect of the data structure. It has been shown that a 367 

DNN is capable of learning the input-output correspondence even when trained on data with random 368 

category labels or data without natural statistics (Zhang et al., 2017). Under the first condition, the 369 

input-output correspondence was destroyed by shuffling the category labels. Under the second 370 

condition, the structure of the input waveform was destroyed by shuffling the amplitude values of 371 

each waveform. Under this condition, the DNN was able to classify the novel sounds with some 372 

accuracy probably because the shuffled waveform retained its overall amplitude distribution, 373 

although both the frequency and temporal statistics were completely destroyed. The DNNs trained 374 

under these two conditions exhibited an auditory-system-like AM representation in the lower and 375 

upper layers, but not in the middle layers (Fig. 12a, 12b, orange triangles and green squares). When 376 

the DNN was trained on shuffled labels, very few units in the middle layers appeared to exhibit AM 377 
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tuning (Fig. 12a, left column). When the DNN was trained on shuffled waveforms, units in the 378 

middle layers appeared to exhibit some AM-rate tuning but they synchronized with a much higher 379 

AM rate than neurons in the auditory system, resulting in the upper layers being similar to the middle 380 

brain regions (Fig. 12a, middle column). The results indicate that a mid-level AM representation 381 

requires a natural data structure, although low-level and high-level representations could emerge 382 

even by optimization with unnatural data. 383 

The third control experiment examined the effect of the optimization objective. A DNN can be 384 

optimized for behaviorally irrelevant objectives such as a waveform following task (Fig. 12c). 385 

Animals do not usually follow a stimulus amplitude waveform precisely, and the task is also trivial in 386 

the sense of signal processing. The AM representations in the middle to upper layers were to some 387 

degree similar to those of the middle brain regions, but no layers exhibited an AM representation 388 

similar to that of the central brain regions (Fig. 12a, 12b, red crosses). In the upper layers, only small 389 

numbers of rMTFs exhibited clear tuning, and the tBMFs and tUCFs were higher than those of the 390 

central brain regions (Fig. 12a, right column). The result indicates that the emergence of auditory-391 

system-like AM tuning in the upper layers requires natural objectives, and the waveform following 392 

task did not induce such a representation even if the input data consisted of natural sounds. 393 

Taken together, the modification of the category labels, the sound statistics, and the optimization 394 

objective caused the auditory-system-like AM representations in the middle layers and above to 395 

deteriorate. Lower layers never exhibited AM tuning consistently across all conditions probably 396 

because of the nature of the cascading architecture. The middle layers exhibited auditory-system-like 397 

AM tuning when trained on natural input sounds and the proper sound-category correspondence. The 398 

upper layers exhibited auditory-system-like AM tuning when optimized for the categorization task 399 

but not for the waveform following task (Table 1). 400 

Generality across datasets 401 

As a DNN trained on one dataset recognizes another dataset very well with only a slight modification 402 

(Yosinski et al., 2014), it may be possible that AM tuning can also be generalized across datasets. 403 

Previous studies provide positive pieces of evidence: a machine learning model trained for 404 

substantially different sound datasets has exhibited a similar representation of acoustic frequency 405 

(AF, frequency of a sound waveform itself but not its amplitude envelope) (Smith and Lewicki, 406 

2006). To test the generality of the finding that we report in the present study across datasets, we 407 

conducted neurophysiology in a DNN optimized for the recognition of vocal elements in speech 408 
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(Fig. 13a). 409 

The speech dataset provided essentially the same conclusions as those obtained with animal and 410 

environmental sounds. The layer-region pairwise similarity matrix exhibited a diagonal pattern (Fig. 411 

13b). The lower, middle and upper layers were similar to the peripheral middle, and central regions, 412 

respectively. The similarity emerged during the optimization (Fig. 13c; Spearman's rank correlation 413 

coefficient = 0.83, p = 3.76×10−27, n = 100), and was weak under control conditions (Fig. 13d). The 414 

similarities in the DNNs with various architectures correlated with the classification accuracy (Fig. 415 

13e; ρ = 0.33, p = 3.91×10−2, n = 39). The results indicate that auditory-system-like AM tuning 416 

emerged robustly across different datasets. 417 

Sharpness of the tMTF 418 

Thus far, we have focused on the BMF and UCF for characterizing the MTF. Another aspect often 419 

considered is the sharpness of a tMTF, which is represented by quality factors (Q factors). Here we 420 

calculated the Q factors of the unit tMTFs as in a previous physiological study (Rodríguez et al., 421 

2010). The distribution Q factors appeared different in different layers, and within a layer they were 422 

confined to a narrow range (Fig. 14). This is demonstrated by the small standard deviations of the 423 

distributions (shown on the right in the histograms). Also, in most layers the Q factors were below 1. 424 

These results indicate the emergence of broadly tuned tMTFs with a relatively constant sharpness, 425 

which is consistent with the Q values in animals reported in previous studies (Ewert and Dau, 2000; 426 

Lorenzi et al., 2001; Rodríguez et al., 2010). 427 

Tuning to acoustic frequency 428 

We also examined tuning to the AF, which is the most frequently measured characteristic in auditory 429 

science (Pickles, 2012). We presented sinusoids with various AFs and amplitudes to the DNN and 430 

characterized the single unit responses with the temporal average of the units’ activities (Fig. 15a). 431 

The responses generally increased as the input amplitude increased, but some units in the upper 432 

layers exhibited non-monotonic responses to the input amplitude. As in the neurophysiological 433 

studies, a unit was characterized by an AF tuning curve, namely the minimum stimulus amplitude 434 

that provides a response larger above a certain threshold (Fig. 15a, gray and black lines, Fig. 15b). 435 

Tuning curves from the 1st to 3rd layers exhibited many troughs (or local minima). Those around the 436 

5th layer exhibited a small number of major troughs and many minor troughs. The major trough of a 437 

unit can be interpreted as exhibiting a bandpass property. The center frequencies of the major troughs 438 

of the unit population spanned a wide AF range (Fig. 15b), which may be interpreted as a band-pass 439 
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filter bank. The tuning curves in higher layers were more complex without clear bandpass-like 440 

tunings. The overall results were in contrast to those for the auditory system, where neurons across 441 

many regions usually exhibit AF tuning with a relatively-sharp single peak. This property is likely to 442 

originate from AF decomposition occurring in the cochlea. We did not explicitly implement the 443 

spectral decomposition of the input sound but directly fed raw waveforms to the DNN. The results 444 

suggest that AF decomposition in the cochlea may be essential for auditory-system-like AF tuning 445 

but not for auditory-system-like AM tuning. 446 

Discussion 447 

We found that a DNN optimized for natural sound recognition exhibits an AM tuning similar to that 448 

of the auditory system throughout the entire cascade of layers. Since our DNN was not designed or 449 

trained to reproduce any physiological or anatomical properties of the auditory system, the results 450 

should reflect only the nature of the task and the data. Therefore, AM tuning in the auditory system 451 

might also emerge during evolution and development via optimization to sound recognition in the 452 

real world. 453 

Physiology in a DNN 454 

Although DNNs have explained sensory representation in several modalities (Khaligh-Razavi and 455 

Kriegeskorte, 2014; Yamins et al., 2014; Horikawa and Kamitani, 2017; Zhuang et al., 2017; Cueva 456 

and Wei, 2018; Kell et al., 2018), to the best of our knowledge this is the first report of the similarity 457 

throughout the entire cascade of sensory processing. This could be realized by single unit recording, 458 

which is a highly general neurophysiological technique, on a DNN performing sound recognition 459 

from a raw sound waveform. The generality of single unit recording enabled us to take advantage of 460 

the long-accumulated neurophysiological knowledge of AM representation in a variety of brain 461 

regions, and modelling the entire auditory process enabled us to map all the stages of the process to 462 

the corresponding brain regions. Although this study focused on AM representation, the neural 463 

representation of any domains of stimulus parameters can be explored employing the same paradigm 464 

as long as the property of interest can be measured with single unit recording. 465 

From the perspective of machine learning, our results suggest the effectiveness of analyzing DNNs 466 

with physiological methods. To date various methods have been proposed for analyzing 467 

representation in a DNN (Montavon et al., 2018). Most of them rely on the differentiability of the 468 

DNN and use backpropagation to estimate the optimal input for each unit assuming such an input 469 
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exists. By contrast, there is a long history regarding the development of a physiological method for 470 

explaining biological neurons, to which backpropagation cannot be applied (Sharpee et al., 2011). 471 

The success of our paradigm opens up the future possibility of using well-established physiological 472 

methods to explore the stimulus representation of a DNN and other complex machine learning 473 

models. 474 

AM Representation in different regions 475 

The result showing that there was little tuning in the peripheral region may be due to the architecture 476 

in which simple operations are cascaded. Computing the AM rate requires at least envelope 477 

extraction and the frequency decomposition of the envelope. A small number of peripheral brain 478 

regions are probably incapable of such nontrivial computation.  479 

Mid-level neural processing may be a necessary step if the brain is to form a proper stimulus 480 

representation for further processes in various tasks. Since lower layers do not tune to an AM rate, 481 

the middle layers are effectively the first layers that process AM signals. It is reasonable to think that 482 

the first stage of the data process is affected by the data structure and is critical for later recognition. 483 

A higher representation may be directly used for the final recognition process. In other words, 484 

whatever the stimulus representation is, the role of the central auditory regions is to derive 485 

appropriate outputs for the specific task. 486 

Reduction in temporal resolution 487 

Both of the prominent characteristics of auditory AM coding, namely a decrease in synchronizing 488 

AM rate and time-to-rate conversion, involve a reduction in a signal's temporal resolution. Why is 489 

such a scheme beneficial for sound recognition? With our model, as in a typical recognition task with 490 

a DNN, the final output at each time frame is the category label assigned to the unit with the 491 

maximum activation at the time in the classification layer (the layer above the 13th layer). If the units 492 

synchronize with a fast AM, the output category will be temporally unstable. On the other hand, if 493 

the activation of a classification unit is large all the time, the DNN will output a constant category 494 

over time. The latter case is preferable for the classification of sounds of a reasonable duration. 495 

Strictly speaking, by avoiding the pooling operation that is often included in typical DNNs, the 496 

layers in our DNN do not necessarily downsample the input. However, even without pooling, it is 497 

still possible that successive integration by convolution and half-wave rectification could bias the 498 

DNN towards implicitly extracting relatively clean temporal properties such as envelopes. From the 499 
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result of the waveform following experiment (Fig. 13d), at least we can conclude that proper setting 500 

for optimization is necessary for downsampling properties to emerge in the DNN. Although we 501 

avoided making explicit assumptions on DNN parameters by learning them for sound recognition, 502 

the architecture of the DNNs with cascaded nonlinearity could induce some significant biases 503 

regarding the temporal properties of the extracted signals. Future experiments without half-wave 504 

rectification or convolution may reveal the effect of these operations.  505 

Sharpness of a tMTF 506 

In neurophysiological and psychophysical studies, tMTFs have also been characterized by their 507 

sharpness. One study has shown that most of the neurons recorded in the central nucleus of the IC 508 

exhibit Q factors between 0.5 and 1.5 (Supplementary Figure S3A in (Rodríguez et al., 2010)). 509 

Interestingly, layers 7 to 9 in our DNN, which exhibited IC-like sharpness distributions, were also 510 

similar to the IC in terms of BMF/UCF distributions (Fig. 8c). Also, although unit-wise Q factors 511 

may not be directly comparable with those of psychophysical tMTFs, most Q values in our DNN 512 

were below 1, and thus fall in the range suggested by psychophysical studies (Ewert and Dau, 2000; 513 

Lorenzi et al., 2001). These results suggest that the broad tuning to the AM rate, which is seen in the 514 

auditory system, may be effective for natural sound recognition. 515 

AF tuning 516 

Unlike neurons in the auditory system, our DNN did not exhibit sharp single troughs in the AF 517 

tuning curves, although some other studies have reported auditory-like AF tuning emerging in a 518 

DNN with a different architecture from ours (Hoshen et al., 2015; Terashima and Furukawa, 2018). 519 

In the auditory system, the AF tuning of a neuron depends largely on the mechanical and physical 520 

properties of the cochlea (Pickles, 2012). Some architectural constraints might be necessary to 521 

induce similarity in the auditory system in the AF domain. By not using a spectrogram as an input, 522 

the use of the spectral information such as harmonics for sound recognition may become more direct, 523 

which may lead to the complex spectral selectivity shown in our AF tuning curves. The application 524 

of a similar convolutional DNN to the temporal and spectral dimensions of a spectrogram might 525 

result in more organized "spectrotemporal" tunings similar to those in the auditory system, although 526 

an investigation of what determines the shape of an AF tuning curve in a DNN is beyond the scope 527 

of this study 528 

Several other computational studies have tried to explain auditory AM coding by using models with 529 

anatomical and physiological assumptions including AF decomposition in a cochlea (Pešán et al., 530 



 

19 / 44 

2015; McWalter and Dau, 2017; Khatami and Escabi, 2018). In contrast, our results indicate that 531 

auditory-like AM coding emerges even without cochlear AF decomposition. Sharp AF tunings are 532 

probably unnecessary to obtain an effective AM representation for natural sound recognition. 533 

Potential impact on plasticity studies 534 

In this study, we analogized the auditory system with the optimized DNN. It is difficult to clearly 535 

identify the biological counterparts of the DNN optimization process. They probably include a 536 

mixture of the effects of short-term plasticity and long-time development over generations. While it 537 

may be impractical to experimentally manipulate the long-time development in humans, studies with 538 

various AM detection or discrimination tasks in humans suggest that the responses of central 539 

auditory neurons to AM cues are plastic, and that practice may modify the AM processing circuitry 540 

(Fitzgerald and Wright, 2005, 2011; Rosen et al., 2012; Sabin et al., 2012; Caras and Sanes, 2015; 541 

Joosten et al., 2016). It may be interesting future work to utilize a DNN model like ours to explore 542 

the mechanisms underlying such short-term plasticity. 543 
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Figure Legends 815 

a 

 

b 

Fig. 1. Rich repertoires of AM in natural sounds. 816 

(a) Examples of sound waveforms (gray) and their amplitude envelopes (black) of natural sounds. 817 

Sounds of speech (top) and rain (bottom) are shown. (b) Modulation spectra showing the 818 

distributions of the AM components of the sounds in (a). The modulation spectrum was calculated as 819 

the root mean square of the filtered envelope with a logarithmically spaced bandpass filter bank. 820 

Each modulation spectrum was normalized by its maximum value. The lower and upper peaks in the 821 

modulation spectrum of speech (top) probably contain information about the speech content and the 822 

speaker, respectively. The modulation spectrum of the rain sound (bottom) appeared different from 823 

that of speech. 824 

  825 
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Fig. 2. DNN architecture. 826 

Our DNN consists of a stack of 1-dimensional dilated convolutional layers. The figure shows the 827 

architecture of the DNN for natural sounds. Each layer contains 128 units, and performs dilated 828 

convolution followed by a nonlinear activation function. The 1st layer takes a raw sound waveform 829 

as an input, and the highest layer is connected to the classification layer, which was excluded from 830 

the analysis. The output is the category label assigned to the classification unit with maximum 831 

activation. We tested multiple architectures with random filter and dilation lengths in each 832 

convolutional layer and selected the DNN that achieved the best classification accuracy on the novel 833 

dataset. The filter and dilation lengths in all the layers are shown in Table 2. The numbers of layers 834 

and units in each layer were chosen in the pilot experiment. 835 

  836 



 

30 / 44 

Fig. 3. Confusion matrices of classification of validation data. 837 

There are 18 categories. The labels of the true categories are shown in the ordinates and those of the 838 

predicted categories are shown in the abscissas. The value in each cell is calculated as the timeframe 839 

fractions classified as a particular category among the total number of timeframes with the true 840 

category. Cells with a high classification rate are in the diagonal of the matrices, indicating high 841 

classification accuracy. The classification accuracy was defined as the mean values in the diagonal of 842 

the matrix. 843 
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Fig. 4. Importance of the deep cascade. 845 

Classification accuracy of DNNs with various number of layers with random filter and dilation 846 

lengths. Models with 1, 3, 5, 7, 9, 11, and 13 layers were tested. We tested 32 (blue circles), 64 847 

(orange triangles), and 128 (green squares) channels. DNNs with 13 layers and 32 or 64 channels 848 

were not tested because they were excluded by the pilot study. The deeper the DNN, the higher the 849 

classification accuracy appeared to be. The result indicates the importance of the deep cascade. 850 

 851 
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a 853 

b c 

d 854 

 855 

Fig. 5. Single unit recording in the DNN. 856 

(a) Illustrations of single unit recording in a brain (top) and in a DNN (bottom). In physiological 857 

experiments, neural activities are recorded while presenting an AM sound stimulus to the animal. We 858 

simulated the method and recorded the unit activities of the DNN while feeding it an AM sound 859 

stimulus. (b) Examples of AM stimuli with 1, 10, 100, and 1000 Hz AM rates. The carrier was white 860 

noise. Temporally magnified plots are shown on the right. (c) Examples of responses to the AM 861 

stimuli in (b) in a single unit. A unit in the 8th layer is chosen as an example. (d) An example of 862 

tMTF (top) and rMTF (bottom) in the same unit as (c). A tMTF and an rMTF are defined as 863 

synchrony with the stimulus AM rate and the average activity as functions of AM rate, respectively. 864 

The unit exhibited the low-pass type tMTF and the band-pass type rMTF. 865 
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Fig. 6. Emergent AM tunings in the DNN. 867 

(a) Examples of tMTFs (left panels), and rMTFs (right panels) in the 1st, 5th, 9th, and 13th layers. The 868 

layers are sorted vertically from bottom to top. One example of a low-pass (solid green line), a band-869 

pass (dashed red line), and a flat (dash-dotted gray line) MTF is shown for each layer. (b) The 870 

number of units with the low-pass (solid green lines with circles), band-pass (dashed red lines with 871 

crosses), high-pass (dotted black lines with triangles), and flat (dash-dotted gray lines with squares) 872 

type tMTFs (left panel) and rMTFs (right panel). (c) Heatmaps of all tMTFs (left) and rMTFs (right) 873 

in the 1st, 5th, 9th, and 13th layers. The MTFs are normalized by their peak values for better 874 

visualization. The units are sorted vertically by their peak AM rates. In some layers, distinct peaks 875 

and notches appeared commonly across different units at particular AM rates (observed as vertical 876 

lines in tMTFs). We have no clear explanation for these features, but they are probably due to 877 

artefacts of discrete convolutional operation.  878 
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Fig. 7. Similar distributions of MTF shapes in the DNN and those in the auditory system. 880 

(a) Histograms of BMF (filled blue bars) and UCF (hatched orange bars) of temporal (left panels) 881 

and rate (right panels) coding in each layer. The layers are sorted vertically from bottom to top. (b) 882 

The number of units with a definable BMF (filled blue circles) and UCF (open orange triangles) of 883 

temporal (solid lines) and rate (dashed lines) coding. (c) Distributions of BMF (filled blue areas) and 884 

UCF (hatched orange areas) of the temporal (left panels) and rate (right panels) coding in each region 885 

in the auditory system. Regions are sorted vertically from the peripheral region (bottom panels) to 886 

the central region (top panels). No distribution is drawn where none is reported.   887 
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 889 

Fig. 8. Similarity to the auditory system throughout the entire cascade revealed by the layer-region 890 

pairwise similarity. 891 

(a) Layer-region pairwise similarities of BMF (top panels) and UCF (bottom panels) of temporal (left 892 

panels) and rate (right panels) coding. The four pairwise similarities were averaged to yield the final 893 

layer-region pairwise similarity shown in (b). In all of them, the lower, middle, and upper layers 894 

appeared to be similar to the peripheral, middle, and central brain regions, although the similarities 895 

are not as smooth or clear as their average. (b) Layer-region pairwise similarity of the AM 896 

representation in the DNN layers (horizontal axis) and that in the regions in the auditory system 897 

(vertical axis). (c) Layer-region pairwise similarity normalized by the maximum value of each brain 898 

region.  899 
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 902 

Fig. 9. Development of AM representation in the DNN during optimization. 903 

(a) From top to bottom: heatmaps of all tMTFs (left) and rMTFs (right) in the 1st, 5th, 9th, and 13th 904 

layers (as in Fig. 6c); the number of units with low-pass, band-pass, high-pass, and flat MTFs (as in 905 

Fig. 6b); histograms of BMFs and UCFs of temporal (left) and rate (right) coding (as in Fig. 7a); the 906 

number of units with definable tBMF, tUCF, rBMF, and rUCF (as in Fig. 7b); and layer-region 907 

pairwise similarity (as in Fig. 8b). The progress of the optimization and the classification accuracy is 908 

shown at the top of each column. Auditory-system-like AM tuning gradually emerged as 909 

optimization progressed. (b) The classification accuracy (top) and the cascade similarity (bottom) as 910 

functions of the progress of optimization. The progress of optimization, shown on the horizontal 911 

axis, is linearly scaled so that the value is 1 at the end of the optimization. Colored markers indicate 912 

the points at which the layer-wise similarities were calculated in c. (c) Layer-wise similarity at four 913 

intermediate snapshot instances during optimization. Colors, markers, and lines indicate the progress 914 

of optimization as indicated by the legend and in b. 915 

 916 
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Fig. 10. Evaluation of the similarity of the entire cascade. 918 

The cascade similarity was defined as the weighted mean of the pairwise similarity matrix. The 919 

weight was designed to be larger near the diagonal line and smaller in the top left and bottom right 920 

corners. The layer-wise similarity was defined as the mean calculated across brain regions within 921 

each layer. 922 
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 926 

Fig. 11. Cascade similarity of DNNs with various architectures correlated with their classification 927 

accuracy. 928 

(a) Heatmaps showing the layer-region pairwise similarity. The panels are sorted in terms of 929 

classification accuracy, which is shown at the top of each panel. The top left panel is identical to Fig. 930 

8b. Pairwise similarities along a diagonal line appeared larger in DNNs with high classification 931 

performance. (b) Cascade similarities of DNNs with various architectures, plotted against their 932 

classification accuracies. A single circle represents a single architecture. 933 
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 938 

Fig. 12. AM representation in DNN with control conditions. 939 

(a) AM representation in a DNN trained on shuffled category labels (left column), on shuffled 940 

waveform (middle column), and optimized for the waveform following task (right column). Colored 941 

symbols and lines by the panel titles indicate the types of control condition as in (b). Other 942 

conventions are the same as in Fig. 9a. (b) Layer-wise similarity in the control experiments. The 943 

similarities under the original condition (yellow diamonds and solid line) are also shown. (c) 944 

Schematic illustration of recognition and waveform following tasks. In both tasks the DNN operated 945 

on a short sound segment. The sound recognition task was to estimate the category of the input 946 

sound. The waveform following task was to copy the amplitude value of the last timeframe of the 947 

input segment. 948 

949 
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Fig. 13. Similarity emerges consistently from speech dataset. 953 

(a) Confusion matrices of the classification of the validation data. There are 39 categories. Other 954 

conventions are the same as in Fig. 3 (b) Layer-region pairwise similarity normalized by the 955 

maximum value for each brain region. Other conventions are the same as in Fig. 8c (c) Classification 956 

accuracy (top) and cascade similarity (bottom) as functions of the progress of optimization. (d) 957 

Layer-region pairwise similarity after and before optimization, that of the DNN trained on shuffled 958 

category labels and shuffled waveforms, and of the waveform following task. (e) Cascade similarities 959 

of DNNs with various architectures plotted against their classification accuracies. All the results were 960 

consistent with those obtained with the non-human natural sound. 961 
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Fig. 14. Histograms of tMTF sharpness. 963 

Layers 3, 5, 7, 9, 11, and 13 are shown as examples. The Q factors in the 1st and 2nd layers are not 964 
calculated because no units in these layers were bandpass shaped. Standard deviations are shown in 965 
the top right corners. 966 
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 968 
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b 

 

Fig. 15. Tuning to acoustic frequency. 969 

(a) AF tuning in 4 example units in each layer. Red and blue, respectively, indicate larger and smaller 970 

responses than the silent stimulus. White indicates a response equal to silence. Black and gray lines 971 

show the AF tuning curves. The thresholds were 0.1 (light gray lines), 0.01 (dark gray lines), and 972 

0.001 (black lines) above the response to silence. Generally, the responses appeared monotonic along 973 

the stimulus amplitude, but some units in the upper layers exhibit a non-monotonic response along 974 

the stimulus amplitude. The AF tuning curves did not show clear single troughs. (b) AF tuning curves 975 

in all the units in each layer. The curves are shown for thresholds of 0.001 (left panels), 0.01 (middle 976 

panels), and 0.1 (right panels) above the response to silence. The units in each layer are sorted by the 977 

trough frequency of the tuning curves. Troughs in the AF tuning curves in the middle layers appear to 978 

cover a wide AF range, but not in the lower and higher layers. 979 
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Tables 981 

Table 1. Major factors for AM representation in different regions. 982 

Regions Major factor 

Higher Optimization objective 

Middle Data naturalness 

Lower Cascading architecture 

 983 

  984 



 

44 / 44 

Table 2. DNN architecture. 985 

Layer # # channels 

Dilation 

width 

Filter 

width 

13 128 109 6 

12 128 594 3 

11 128 167 8 

10 128 180 6 

9 128 564 3 

8 128 204 6 

7 128 70 5 

6 128 68 8 

5 128 4 8 

4 128 6 4 

3 128 226 3 

2 128 123 6 

1 128 174 3 

 986 
 987 

 988 
































