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Abstract 31 

 Current models for neural coding of vowels are typically based on linear descriptions of 32 

the auditory periphery and fail at high sound levels and in background noise. These models rely 33 

on either auditory-nerve (AN) discharge rates or phase-locking to temporal fine-structure. 34 

However, both discharge rates and phase-locking saturate at moderate to high sound levels, and 35 

phase-locking is degraded in the central nervous system at mid to high frequencies. The fact that 36 

speech intelligibility is robust over a wide range of sound levels is problematic for codes that 37 

deteriorate as level increases. Additionally, a successful neural code must function for speech in 38 

background noise at levels that are tolerated by listeners. The model presented here resolves 39 

these problems and incorporates several key response properties of the nonlinear auditory 40 

periphery, including saturation, synchrony capture, and phase-locking to both fine-structure and 41 

envelope temporal features. The model also includes the properties of the auditory midbrain, 42 

where discharge rates are tuned to amplitude fluctuation rates. The nonlinear peripheral response 43 

features create contrasts in the amplitudes of low-frequency neural rate fluctuations across the 44 

population. These patterns of fluctuations result in a response profile in the midbrain that 45 

encodes vowel formants over a wide range of levels and in background noise. The hypothesized 46 

code is supported by electrophysiological recordings from the inferior colliculus of awake rabbit. 47 

This model provides information for understanding the structure of cross-linguistic vowel spaces 48 

and suggests strategies for automatic formant detection and speech enhancement for listeners 49 

with hearing loss.   50 

   51 

  52 
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Significance Statement   53 

Encoding of speech sounds is the most important function of the human auditory system. 54 

Current models for neural coding of speech fail over the range of sound levels encountered in 55 

daily life and in background noise. The acoustic structure of vowels and the properties of 56 

auditory midbrain neurons that are tuned to low-frequency amplitude fluctuations suggest a 57 

neural code for the spectral peaks (called formants) that identify vowels. The proposed neural 58 

code for speech sounds is the first that is robust over a wide range of sound levels and in 59 

background noise. These results address classic problems in auditory neuroscience and 60 

linguistics and suggest novel strategies for auditory prosthetics, automatic speech recognition, 61 

and speech enhancement for hearing aids and telephones.    62 

  63 
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Introduction 64 

  Vowels carry a heavy functional load in all languages, especially in running speech and 65 

discourse. How vowels are encoded by the nervous system across the range of sound levels 66 

important for vocal communication is unknown. The acoustic signature of vowels includes 67 

periodicity at the fundamental frequency (F0, or voice pitch), harmonics of F0, and formants, the 68 

amplitude bands in the spectrum that characterize vowel contrasts (Fant, 1960). The first two 69 

formants are most important for vowel identification. Studies of auditory-nerve (AN) speech 70 

coding typically focus on response rates or temporal synchrony at frequencies to which a fiber is 71 

most sensitive (Delgutte and Kiang, 1984; Sachs and Young, 1979; Schilling et al., 1998; Young 72 

and Sachs, 1979).  These codes are adequate for low-level speech sounds in quiet, but they fail 73 

for moderate to high sound levels and in background noise. Vowels also induce systematic 74 

changes in the amplitude of F0-related fluctuations in AN responses. The vowel-coding 75 

hypothesis tested here focuses on the F0-related neural fluctuations and on contrasts in their 76 

amplitudes across neurons tuned to different frequencies.  77 

  Many inferior colliculus (IC) neurons display both spectral tuning, described by a most 78 

sensitive best frequency (BF), and tuning to the frequency of sinusoidal fluctuations in 79 

amplitude, described by a best modulation frequency (BMF) (Joris et al., 2004; Krishna and 80 

Semple, 2000; Nelson and Carney, 2007). Most IC neurons tuned for amplitude fluctuations have 81 

BMFs in the range of voice pitch (Langner, 1992) and are thus well suited to represent the 82 

critical acoustic features of vowels (Delgutte et al., 1998). The vowel-coding hypothesis 83 

presented here takes advantage of nonlinear properties of AN responses, including rate saturation 84 

(Sachs and Abbas, 1974; Yates et al., 1990) and synchrony capture, which is the dominance of a 85 

single stimulus frequency component on the response (Fig. 1; Deng and Geisler, 1987; Miller et 86 
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al., 1997; Young and Sachs, 1979). These nonlinearities have strong effects on rate fluctuations 87 

of AN fibers in response to vowels and provide a robust framework for encoding vowel features.  88 

  Figure 1 introduces the main features of the vowel-coding hypothesis. The harmonic 89 

structure of vowels (Fig. 1A) yields two types of periodicity that co-exist in AN responses: 90 

phase-locking to harmonics near the fiber’s BF, and phase-locking to slow fluctuations at F0. 91 

Fibers tuned near formant peaks may be saturated, and these fibers also have sustained responses 92 

that are dominated by phase-locking to a single harmonic near the fiber’s BF, referred to as 93 

synchrony capture. Both of these nonlinearities result in responses with relatively weak 94 

fluctuations at F0 (Fig. 1B). Fibers tuned to frequencies away from formants are not dominated 95 

by one harmonic but are influenced by the beating of multiple harmonics, resulting in strong 96 

low-frequency neural fluctuations at F0 (Fig. 1C).  97 

The contrast in amplitude of low-frequency rate fluctuations across the AN population is 98 

enhanced in the midbrain by the rate tuning of IC neurons to amplitude modulations, described 99 

by modulation transfer functions (MTFs) (Fig. 1D,E). The majority of MTFs in the IC have 100 

band-pass tuning to amplitude modulations (Fig. 1D), and the rest have band-reject (Fig. 1E), 101 

low- or high-pass tuning (Nelson and Carney, 2007), or more complex MTFs that combine 102 

excitation and inhibition (Krishna and Semple, 2000). Midbrain cells with band-pass MTFs that 103 

have maxima (i.e. best modulation frequencies, BMFs) near F0 are hypothesized to display 104 

decreased rates when the cell’s BF is near a formant frequency (Fig. 1F, green arrow) because 105 

the neural inputs have weak low-frequency rate fluctuations (see Fig. 1B). Cells with band-pass 106 

MTFs but with BF between formants are hypothesized to have increased rates (Fig. 1F, orange 107 

arrow) because their neural inputs have strong low-frequency fluctuations (see Fig. 1C). In 108 

contrast, cells with band-reject or low-pass MTFs and minima near F0 will have increased rates 109 
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when formant frequencies are near BF (Fig. 1G, green arrow), because their neural inputs have 110 

weak low-frequency fluctuations (see Fig. 1B). Band-reject or low-pass cells will have decreased 111 

rates (Fig. 1G, orange arrow) when BF is between formants and the inputs have strong 112 

fluctuations (see Fig. 1C). 113 

 The contrast across frequency in the F0-related neural fluctuations sets up a code for 114 

formants that is translated into rate profiles in the midbrain (Fig. 1F,G).  This study used 115 

computational models for AN fibers and IC neurons to explore the robustness of this proposed 116 

code across a wide range of sound levels and in background noise. Examples of recordings from 117 

IC neurons in awake rabbit support the model for cells that have simple band-pass or band-reject 118 

amplitude-modulation tuning. 119 

 120 

Materials and Methods 121 

Modeling: A phenomenological model of AN responses that includes several key 122 

nonlinearities, including rate saturation, adaptation, and synchrony capture (Zilany et al., 2009,  123 

2014) provided the inputs to the models for two types of midbrain neurons (Fig 2A). IC cells 124 

with bandpass (BP) MTFs were simulated using the Same-Frequency Inhibition-Excitation 125 

(SFIE) model (Nelson and Carney, 2004), which explains tuning for amplitude-modulation 126 

frequency by the interaction of excitatory and inhibitory inputs with different dynamics. IC cells 127 

with low-pass, band-reject (LPBR), or high-pass MTFs were simulated using an extension of the 128 

SFIE model; the LPBR model received excitatory input from the brainstem and inhibitory input 129 

from band-pass cells (Fig. 2B). Time-varying input rate functions to each model cell were 130 

convolved with alpha functions representing excitatory or inhibitory post-synaptic responses. 131 

The decay time constants of the alpha functions and delays associated with synaptic responses 132 
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were varied to produce MTFs tuned to different amplitude-modulation frequencies (Nelson and 133 

Carney, 2004).  134 

The parameter values for the cochlear nucleus (CN)/brainstem neurons (Fig. 2) were 135 

fixed for all simulations. These parameters were the time constants of the excitatory and 136 

inhibitory alpha functions, τCNex and τCNinh, the delay of the inhibitory alpha function with respect 137 

to the excitatory alpha function, DCNinh, and amplitude scalars for the excitatory and inhibitory 138 

alpha functions ACNex and ACNinh (see Table I for parameter values). These parameters resulted in 139 

“generic” cochlear nucleus or other brainstem neurons that project to the IC. In general, many 140 

types of CN/brainstem neurons have an increased synchrony to the stimulus envelope and weak 141 

rate tuning to the amplitude-modulation rate (e.g. Frisina et al., 1990; Grothe et al., 1997; Joris & 142 

Yin, 1998; Gai & Carney, 2008; reviewed by Joris et al., 2004). The model CN/brainstem cells 143 

do not have significantly greater contrast in the rate vs. BF profiles in response to vowels than do 144 

AN fibers, thus this stage of the model is not an attempt to simulate the CN “chopper” neurons 145 

described by Blackburn & Sachs (1990), which have weaker temporal representations of vowels 146 

than AN fibers or other CN response types but more robust rate vs. BF profiles. The detailed 147 

response properties and connections of different types of CN and other brainstem neurons was 148 

not included in the simulations here. 149 

Parameter values for model IC neurons are provided in Table 1. For model bandpass 150 

neurons, there were four parameters: the time constant of the excitatory alpha function, τBPex , the 151 

time constant of the inhibitory alpha function, τBPinh, the delay of the inhibition with respect to 152 

the excitation, DBPinh, and amplitude scalars for the excitatory and inhibitory inputs, ABPex and 153 

ABPinh. These parameters were based on example model neurons with a range of BMFs in Nelson 154 

& Carney (2004). Model band-reject, low-pass, and high-pass neurons (Fig. 2B) were described 155 
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by the bandpass model parameters, plus the time constant of the excitatory alpha function, 156 

τLPBRex, the time constant of the inhibitory alpha function, τLPBRinh, the delay of the inhibition 157 

with respect to excitation, DLPBRinh, and amplitude scalars for the excitatory and inhibitory inputs, 158 

ALPBRex and ALPBRinh. 159 

For all models, the synaptic output signal from the auditory-nerve model (which has units 160 

of spikes/sec) was convolved with excitatory and inhibitory post-synaptic potentials for the 161 

CN/brainstem model. These potentials were modeled by alpha functions, each described by a 162 

time constant, and each normalized to have unit area before scaling the amplitudes with the 163 

coefficients described above. The model cell output was computed by subtracting the inhibitory 164 

signal from the excitatory potential and then half-wave rectifying. This model output signal was 165 

then convolved with the appropriate alpha function to provide the input to the next model cell, 166 

and excitatory and inhibitory signals were summed and half-wave rectified to compute the model 167 

IC response.  168 

The basic properties of the model responses to the vowel /æ/ (in “had”) are illustrated in 169 

Fig. 2C as a function of time for a population of neurons tuned to a range of best frequencies 170 

(BF, the frequency that elicits the strongest response). As illustrated schematically in Fig. 1, the 171 

model AN fibers (Fig. 2C) tuned near formant frequencies (arrows at right) have strong response 172 

rates with relatively small F0-related fluctuations; and those tuned to intermediate frequencies 173 

have strong fluctuations in rate associated with each pitch-period. A population of model BP 174 

cells with MTF tuned to F0 and a range of BFs is illustrated in Fig. 2D. BP cells with BFs tuned 175 

to formant frequencies have weak responses compared to those tuned to intermediate 176 

frequencies, where the strong F0-related fluctuations elicit strong responses (Fig. 2D, and see 177 

Fig. 1C). In contrast, model LPBR cells (Fig. 2E) with a notch in the MTF near F0 (see Fig. 1E) 178 
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respond best when BF is tuned near a formant frequency; these cells respond weakly to the 179 

strong F0-related fluctuations on their inputs (see Fig. 1C), and are more effectively driven by 180 

the weaker modulations provided by the auditory periphery at the formant frequencies (See Fig. 181 

1B). 182 

Figure 3 illustrates MTFs for three model BP neurons (blue curves) tuned to different 183 

amplitude-modulation rates. Each of these model BP neurons provided an inhibitory input to a 184 

LPBR neuron, yielding the other set of MTFs (red curves). The shapes of these MTFs are 185 

characteristic of MTF types referred to as band-reject, low-pass, and high-pass (e.g. Krishna and 186 

Semple, 2000; Nelson and Carney, 2007). This relatively simple model for modulation frequency 187 

tuning explains several of the MTF types that are encountered in the IC. Other IC cells have 188 

more complex MTFs, consisting of combinations of excitatory and inhibitory regions Krishna 189 

and Semple, 2000). Further extensions of this modeling approach will be required to describe 190 

those MTFs.  191 

Physiological Methods: All animal procedures were performed in accordance with the 192 

University of Rochester animal care committee’s regulations. Recordings were made in the 193 

central nucleus of the IC in female awake rabbits using implanted tetrodes advanced through the 194 

IC with a head-mounted microdrive (Neuralynx 5-Drive, Bozeman, MT). Tetrodes were 195 

constructed by twisting 4 strands of 12 or 18 µm diameter epoxy-coated platinum iridium wire. 196 

Action potentials were sorted off-line based on spike shapes (Schwarz et al., 2012). Single-unit 197 

recordings were identified based on a criterion of < 2% for inter-spike intervals less than 1 msec 198 

and, when multiple spikes were recorded and sorted, on values < 0.1 of the summed cluster 199 

separation metric (LΣ , based on a sum of the cluster isolation metric Lratio , from Schmitzer-200 

Torbert et al., 2005, see Schwarz et al., 2012).   201 
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Acoustic stimuli were created in Matlab and presented using TDT hardware (Tucker-202 

Davis, Gainesville, FL) and Beyer Dynamic (Farmingdale, NY) headphones through custom 203 

earmolds. Stimuli were calibrated using an Etymotic (Elk Grove Village, IL) ER-7C probe-tube 204 

microphone. Audio frequency tuning was determined using response maps based on responses to 205 

200-ms tones presented every 600 ms with frequencies from 0.2-20 kHz and levels from 10-70 206 

dB SPL, presented in random order. Amplitude-modulation tuning was determined using 100% 207 

modulated wideband noise (30 dB SPL spectrum level) or tone carriers (70 dB SPL) near the 208 

neurons’ best frequencies. Vowel stimuli (65 dB SPL) were from the Hillenbrand database 209 

(Hillenbrand et al., 1995). Samples were extracted from the steady-state portion of the vowel, 210 

and a Hanning window was applied to limit the duration to 200 ms. Vowel stimuli were chosen 211 

from the database based on the match of the speaker’s average F0 to the neuron’s BMF.  212 

 213 

Results  214 

Model Responses: 215 

Responses of model IC cells with band-pass and band-reject MTFs to two vowel tokens 216 

(Fig. 4) illustrate the representation of formants in the average rate profiles of model IC 217 

population responses. As schematized in Fig. 1, the profile of average discharge rates for a 218 

population of model IC neurons with BP MTFs (Fig. 4C,D, blue) has minima at BFs near the 219 

vowel formants. In contrast, the rates of band-reject neurons (Fig. 4C,D, red) have peaks at the 220 

formants. The importance of the LPBR model for a robust neural code of vowel formants is 221 

illustrated in Fig. 4D for the vowel /i/, which like many vowels has widely spaced formants. This 222 

response shows that reductions in discharge rate of BP responses (Fig. 4D, blue) are ambiguous, 223 

as they may be due either to reduced fluctuations of AN responses tuned near formants (see Fig. 224 
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1B) or to reduced spectral energy (Fig. 4D, arrow, 1500 Hz). This ambiguity is resolved by the 225 

LPBR model (Fig. 4D, red), which only responds when both sufficient energy and reduced 226 

fluctuations are present on the inputs to the model midbrain cell. The reduced fluctuations result 227 

in disinhibition of the LPBR model by reducing the inhibitory input from the BP neuron. Note 228 

that the model LPBR population rate profile is qualitatively similar to the AN (Fig. 4C, D, 229 

magenta) and CN/brainstem (Fig. 4C,D, cyan) profiles, except that the LPBR population 230 

responses (Fig. 4C, D, red curves) have greater contrast and steeper slopes in the discharge rates 231 

across the population in comparison to the peripheral responses. The LPBR model average rate 232 

profiles differ from peripheral rate profiles in being more robust for vowels in background noise 233 

and across a wide range of sound levels (see below). 234 

The midbrain vowel-coding hypothesis is robust across a wide range of SPLs (Fig. 5) 235 

because it is based on the pattern of pitch-related rate fluctuations in AN responses, as opposed 236 

to spectral energy or average rates of AN fibers. Model AN rates, shown in response to the 237 

vowel  /æ/ (“had”), saturate at moderate to high sound levels, obscuring the representations of 238 

formant peaks (Fig. 5A). All model responses presented here are based on models for low-239 

threshold high-spontaneous-rate AN model fibers, which are the majority of AN fibers 240 

(Liberman, 1978). Although responses of medium- or low-spontaneous-rate fibers have 241 

somewhat larger dynamic ranges and higher thresholds, the representation of formant peaks in all 242 

fiber types weakens as sound level increases and the fibers begin to saturate.  243 

The representations of F1 and F2 for the vowel  /æ/ (“had”) in the average discharge rate 244 

profiles of populations of model IC cells appear as decreased rates for model BP cells tuned near 245 

the formants (vertical blue streaks in Fig. 5B) or increased rates for model LPBR cells (vertical 246 

orange streaks in Fig. 5C). The contrast in rates, e.g. the difference between peaks (red) and 247 
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minima (blue), along the frequency axis varies with SPL. This contrast is strongest for sound 248 

levels near 65 dB SPL (Fig. 5B, 5C); i.e., in the range of conversational speech. The wide 249 

dynamic range of the formant representation is due partly to spike-rate adaptation (Dean et al., 250 

2005,  2008; Wen et al., 2009, 2012) which increases the overall dynamic range of auditory 251 

neurons, a phenomenon largely explained by the power-law synaptic adaptation included in the 252 

AN model (Zilany & Carney, 2010).  253 

The reduction in the contrast of rates in the model responses at high levels is consistent 254 

with the phenomenon of “roll over,” the gradual decrease in speech recognition scores at levels 255 

exceeding 80 dB SPL (Studebaker, Sherbecoe, McDaniel, & Gwaltney, 1999). Addition of 256 

smaller percentages of medium- and low-spontaneous-rate AN fibers to the high-spontaneous 257 

model population would slightly increase the model dynamic range, but the representation of 258 

formants would still roll off at the highest levels (not shown). The high-spontaneous-rate AN 259 

models were used as inputs for the IC models shown here to emphasize that the information 260 

required for the wide dynamic range of the proposed coding hypothesis is present even in this 261 

group of AN fibers, which has the smallest dynamic range. 262 

The representation of formants in the model midbrain average discharge rate profiles is 263 

also robust in the presence of additive speech-shaped Gaussian noise across a range of signal-to-264 

noise ratios (SNR) (Fig. 6). Figure 6A shows model AN fibers in response to the vowel  /æ/ 265 

(“had”); as SNR decreases, the representation of the formants in the AN discharge rates 266 

deteriorates, especially in the F2 frequency region. Formant representation is much more robust 267 

in the response profiles of midbrain neurons (Fig. 6B, 6C). The dips in the response profile of the 268 

model BP cells (Fig. 6B) and the peaks in the LPBR profile (Fig. 6C) deteriorate at 269 

approximately the speech reception threshold (SRT), where human listeners have difficulty 270 
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understanding with speech in noise (~ -5 dB SNR, Festen & Plomp, 1990). 271 

 272 

Physiological Responses: 273 

The vowel-coding model was tested with recordings from IC neurons in awake rabbit to 274 

twelve contrastive English vowels from one human male speaker with an average F0 of 128 Hz 275 

(Hillenbrand et al., 1995). Responses of 75 neurons with BFs below 4500 Hz that responded to 276 

65 dB SPL vowel stimuli were compared to model predictions; a subset of these neurons were 277 

also studied at multiple SPLs and SNRs.  278 

Figure 7 illustrates responses of two neurons, one with a BF of 1100 Hz and a band-pass 279 

MTF (Fig. 7A) and the other with a BF of 2000 Hz and a band-reject MTF (Fig. 7B). Figure 7C 280 

and D show average discharge rates for these two cells in response to 9 English vowels (black 281 

line), along with predictions provided by the BP SFIE (blue line) and LPBR (red line) models 282 

(see Figs. 1, 4). For comparison, predictions based on the energy through a gammatone filter 283 

centered at BF are also shown (green line). The Pearson product moment correlation coefficient 284 

between actual rates and each of the predictions is also shown.  285 

Discharge rates of the BP cell were not explained by the stimulus energy near the 286 

neuron’s BF. For example, for the cell in Fig. 7A,C, the energy near BF is greatest for the vowels 287 

/ɒ/ (in “father”) and /ɔ:/ (in “bawd”), yet the neuron’s discharge rates are low in response to these 288 

vowels. In contrast, the neuron responds strongly to /i/ (in “heed”) and /ɪ/ (in “hid”), which have 289 

relatively low energy near this neuron’s BF (Fig. 7C). The BP SFIE model, however, explains 290 

these counterintuitive responses of the BP IC neurons to vowels (cf. blue and black lines in Fig. 291 

7C).  The BP neuron’s responses decreased when formant frequencies encroached upon the 292 

neuron’s best frequency (1300 Hz), as predicted by the SFIE model (Fig. 1F, 4C, blue), because 293 
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of the reduced rate fluctuations in the those frequency channels. Synchrony capture and 294 

saturation of AN fibers tuned near the formant peaks result in reduced rate fluctuations in the 295 

responses of those frequency channels. Knowledge of the neuron’s BF, MTF type, and BMF 296 

allowed predictions of the BP cell’s vowel responses by the SFIE BP model.   297 

The band-reject neuron’s (Fig. 7D, black) responses increased when formant frequencies 298 

were near the neuron’s BF (2000 Hz), as predicted by the LPBR model (Fig 7D, red). Although 299 

the band-reject neuron’s responses were positively correlated to energy near BF (Fig. 7D, green), 300 

the LPBR model responses also reflected trends in the band-reject neuron’s responses that were 301 

not explained solely by the stimulus energy in the critical band centered at BF.  302 

 An important property of the proposed model for vowel coding is its resilience across 303 

SPL (Fig. 5) and SNR (Fig. 6). Some cells in the IC have discharge rate profiles that are 304 

similarly robust across a wide range of stimulus parameters. An example is shown in Fig. 8. This 305 

neuron had a band-reject MTF (Fig. 8A) and its discharge rates in response to the set of nine 306 

vowels presented at 65 dB SPL were well predicted by the LPBR model and by the energy 307 

model (Fig. 8B). The large differences in rate across the set of vowels for this neuron facilitate 308 

comparisons of the rate profile across a range of SPLs (Fig. 8C) and SNRs (Fig. 8E). As SNR 309 

decreases, the rate profile approaches the response to 65 dB noise alone (Fig. 8E, blue), whereas 310 

at high SNRs the profile approaches the response to speech in quiet (Fig. 8E, black). For 311 

comparison, responses of a high-spontaneous-rate model AN fiber with the same BF (1100 Hz) 312 

are shown for the same range of SPLs (Fig. 8D) and SNRs (Fig. 8E). The AN rates across this set 313 

of vowels gradually saturate over this range of sound levels (Fig. 8D). All of the AN responses 314 

for stimuli that included the added speech-shaped noise were saturated for the SNRs studied 315 

(Fig. 8E).                                               316 
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 The physiological results above demonstrate examples of IC responses with features that 317 

are consistent with the model. Of 75 neurons that responded to 65 dB vowel stimuli with F0 in 318 

the 100-130 Hz range, 62 neurons (83%) had average rates in response to a set of 12 vowels that 319 

were significantly correlated (i.e. r >= 0.57, 2df) by at least one of the three models (BP, LPBR, 320 

or Energy). Of these, 11% were best predicted by the BP model, and 42% were best predicted by 321 

the LPBR model.  Note that many neurons in the IC have more complex MTFs than the simple 322 

band-pass and band-reject examples shown above. In particular, MTFs that combine excitatory 323 

and inhibitory regions at different modulation frequencies are common (Krishna and Semple, 324 

2000), and further extension of the model is required to describe those neurons’ responses to 325 

vowels. Figure 9 illustrates diverse MTFs, vowel responses, and correlations to model 326 

predictions for five additional IC neurons. These complex MTF shapes illustrate the challenge of 327 

classifying neurons as simply “bandpass” or “band-reject.”  Each of these neurons has rates that 328 

are enhanced and/or suppressed with respect to the response to the lowest modulation frequency 329 

tested.  Kim et al. (2015) propose categorization of MTFs as band-enhanced or band-suppressed, 330 

based on comparisons to the response to an unmodulated stimulus. The examples in Fig. 9 have 331 

responses that are sometimes better predicted by the BP model (Fig. 9A,D), and sometimes by 332 

the LPBR model (Fig. 9B,C,E). However, it should be noted that in some cases (e.g. Fig. 9A), 333 

the correlation between model and neural responses is strongly influenced by the responses to 334 

one or two vowels. The correlations in Fig. 9 also illustrate that although the LPBR and energy 335 

model responses are often highly correlated (e.g. Figs. 7, 8, 9B,C,E), this is not always the case 336 

(e.g. Fig. 9A,D). In general, for the examples in Fig. 9 the BP model provides better predictions 337 

of responses for neurons that have peaks in the MTF near the F0 of the stimulus, and the LPBR 338 

provides better predictions when there is a dip in the MTF near F0. Thus, it is reasonable to 339 
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hypothesize that quantifying the neural fluctuations established in the periphery near a neuron’s 340 

BF, and then applying the features of the MTF at modulation frequencies relevant to the 341 

stimulus, will explain the vowel responses for cells with complex MTFs. This strategy provides a 342 

novel and general framework for understanding how complex sounds with strong fluctuations, 343 

such as voiced speech, are encoded at the level of the midbrain. 344 

 345 

Discussion 346 

Previous studies of the neural representation of vowels have largely focused on coding of 347 

spectral energy by the AN (Delgutte & Kiang, 1984; Liljencrants, 1972; Lindblom, 2009; 348 

Young, 2008). Codes based on AN average discharge rates and/or temporal fine structure are 349 

problematic because of limited dynamic range and background noise. Many AN models, 350 

especially those used in the phonetics literature, are based on linear filter banks (e.g., Ghosh et 351 

al., 2011; Lindblom, 1990; Dielh et al, 2004). The model presented here, in contrast, includes the 352 

nonlinear attributes of AN responses, including level-dependent tuning bandwidth, synchrony 353 

capture, and saturation, all of which influence the neural fluctuations in response to speech 354 

sounds that ultimately project to the IC. The coding hypothesis here focuses on the F0-related 355 

fluctuations in the AN responses and how they vary across the population. These fluctuations are 356 

important because IC neurons are tuned to both audio and modulation frequencies. This tuning 357 

provides sensitivity to the contrast in low-frequency, pitch-related, fluctuations across a 358 

population of neurons with different best frequencies (cf. Fig. 1B and 1C).  359 

IC responses tuned to a range of modulation frequencies encode vowel formant 360 

frequencies across a range of pitches, capturing an essential aspect of speech (Diehl, 2008).  361 
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This model framework provides a context for understanding several general questions related to 362 

vowel systems, which exhibit universal properties that generalize across languages. For example, 363 

formant locations appear to disperse optimally within an F1-F2 space, referred to as dispersion 364 

theory (Liljencrants & Lindblom, 1972; Lindblom, 1986; Diehl & Lindblom, 2004; Schwartz et 365 

al., 1997). This dispersion results in consistencies among linguistic vowel systems in the 366 

appearance of vowel contrasts as vowel systems increase in size. Our model for neural 367 

representations of vowels thus provides a new tool for understanding how the role of the auditory 368 

system in shaping vowel systems.   369 

This model also provides a framework to study the relative spacing of formant peaks, F1, 370 

F2, and F3, which define single vowels. The neural resolution for coding separate formants, or 371 

for merging them, depends upon both the separation of the formant peaks and the widths of the 372 

formant bands. Limits in neural resolution along the frequency axis for coding single formant 373 

peaks would determine when nearby formants merge perceptually (Chistovich & Lublinskaya, 374 

1979). This concept underlies focalization-dispersion theory (Schwartz et al, 1997; Krystal-375 

Becker, 2010). In the neural model, the width of a single formant’s representation along the 376 

frequency axis (e.g., Figs. 1F, 1G, 2, and 6) depends upon the width of the modulation transfer 377 

functions for these neurons (Figs. 1D, 1E, and 4). Future studies to test the hypothesis presented 378 

here should include synthetic vowel sounds, in which the key parameters can be systematically 379 

manipulated with respect to the frequency and modulation tuning of a given neuron, as well as 380 

higher-level features such as formant spacing. These stimuli would also provide allow stronger 381 

statistical tests of the correlations between model and neural responses than was possible with 382 

the small set of spoken vowels used in this study. 383 
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Recent results in the cortex suggest that phonetic features are encoded in the responses of 384 

the superior temporal gyrus (Mesgarani et al., 2008; Pasley et al., 2012) but the problem of how 385 

neural maps at cortical levels are created from the acoustic stimulus remains. The results 386 

presented here suggest a framework for sub-cortical neural coding of phonetic features based on 387 

patterns of F0-related neural fluctuations. These patterns are established in the auditory periphery 388 

by the nonlinear response properties of inner-ear mechanics and sensory transduction. Contrasts 389 

in these patterns are then enhanced by the sensitivity of midbrain neurons to fluctuation 390 

frequencies. The potential also exists for amplification of these contrasts in the thalamus and 391 

cortex by interactions between inputs from band-pass and band-reject midbrain responses. 392 

Responses of midbrain cells with complex MTFs, characterized by a combination of inhibition 393 

and excitation (e.g. Krishna and Semple, 2000), could serve as effective “edge-detectors,” further 394 

enhancing the contrasts in rate fluctuations across the neural population. In general, the 395 

combination of spectral frequency tuning and modulation frequency processing in the midbrain 396 

provides a substrate for parsing complex sounds into the features that are required for higher-397 

level phonetic representations.  398 

The stimuli modeled and tested in this study were limited to vowels, and the voiced 399 

structure of these sounds has a strong influence on the responses. It is interesting to consider how 400 

the properties of these neurons would influence responses to other types of speech sounds. 401 

Unvoiced vowels exist in whispered speech, and in vo-coded speech, such as that used in 402 

cochlear implant simulations (Shannon et al., 1995), as well as conditioned alternates of vowels 403 

in several languages (Ladefoged & Maddieson, 1996). Unvoiced or de-voiced vowels have 404 

reduced intelligibility compared to normal vowels. The model presented here would respond 405 

mainly to the energy profile in unvoiced vowels, such that formants would be coded by increased 406 
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rates for neurons tuned near formants. These energy-related responses would be correlated with 407 

the representation of voiced vowels in the LPBR model, though with reduced contrast in rate as a 408 

function of frequency. Consonants represent another diverse and important set of speech sounds, 409 

sets of which (obstruents) are commonly voiceless (p, t, k, ch), and sometimes characterized by a 410 

noisy source (e.g. fricatives) (Stevens, 1998; Ladefoged, 2006).  Similar to vowels, the 411 

consonants set up a pattern of neural fluctuations in the peripheral response that will ultimately 412 

drive the responses at the level of the midbrain. Future studies will extend the general approach 413 

presented here to include a larger set of speech sounds. An interesting question is how midbrain 414 

neurons with different MTFs will represent the slopes and peaks in consonant spectra, which 415 

result in non-periodic but potentially strong fluctuations in peripheral responses.  416 

The vowel-coding hypothesis presented here has implications for several applications 417 

related to speech processing. Accurate formant identification in the presence of substantial 418 

background noise is critical for automatic speech-recognition systems, yet is difficult to achieve. 419 

The hypothesis also provides a new framework for speech-enhancement algorithms for listeners 420 

with and without hearing loss. The code is substantially affected by common aspects of hearing 421 

loss, such as broadened frequency tuning in the inner ear, which distorts the representation of 422 

both the spectrum and amplitude modulations. The proposed code is also affected by changes in 423 

synchrony capture that would accompany hearing loss. Loss of synchrony capture has a profound 424 

effect on the nature of the neural fluctuations in peripheral responses, and thus on the responses 425 

of central neurons that are driven by these fluctuations. The hypothesis thus informs 426 

development of algorithms for new hearing aids and cochlear-implant speech processors that 427 

encode information in temporal envelopes.  428 

  429 
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Legends 601 

Figure 1. Schematic illustration of vowel-coding hypothesis. The left-hand column labels the key 602 

stages in the coding scheme. A) Vowel spectrum consisting of harmonics of F0, shaped by the 603 

spectral envelope. B) Responses of AN fibers tuned near formants have relatively small pitch-604 

related rate fluctuations. These responses are dominated by a single harmonic in the stimulus, 605 

referred to as synchrony capture. C) Fibers tuned between formants have strong rate fluctuations 606 

at F0 (Delgutte and Kiang, 1984).   D) Example of a band-pass MTF from rabbit IC with a BMF 607 

near F0 for a typical male human speaker. E) Example band-reject MTF with a notch near a 608 

typical F0. F) Band-pass midbrain neurons have reduced rates in frequency channels with weak 609 

fluctuations (green arrow) and increased rates in channels with strong fluctuations (see C, orange 610 

arrow); thus dips in the rate profile of band-pass neurons encode F1 and F2. G) The profile of 611 

rates across a population of band-reject neurons has peaks at F1 and F2, because band-reject 612 

neurons respond more strongly to stimuli that result in reduced neural fluctuations in their inputs 613 

(see B, green arrow).  614 

 615 

Figure 2. Models for modulation tuning in IC cells. A) Time waveform of the vowel /æ/ (“had”). 616 

B) The SFIE model (Nelson and Carney, 2004) for midbrain cells with bandpass (BP) MTFs 617 

(blue cell).  An extension of the SFIE model is illustrated by the red cell, which is excited by 618 

ascending inputs and inhibited by the bandpass SFIE cell. This model cell simulates the 619 

relatively common low-pass or band-reject MTFs (see Fig. 3), and is referred to as the LPBR 620 

model. C) Model AN population response (Zilany et al., 2009, 2014). D) Population response of 621 

the BP IC model; BP neurons with BFs near F1 and F2 (arrows at right) have decreased 622 
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responses (see Fig. 1F). E) The LPBR model has peaks in the population rate profile near F1 and 623 

F2 (see Fig. 1G).  624 

 625 

Figure 3. Three band-pass MTFs (blue, as in Fig. 2) with A) mid- , B) high- and C) low-626 

frequency BMFs. MTFs for three model cells (red, as in Fig. 2) that are inhibited by the band-627 

pass cells explain three other MTF types in the IC: the more common A) band-reject and B) low-628 

pass MTFs, as well as the less common C) high-pass MTF. Model parameters are in Table I. 629 

 630 

Figure 4. Model IC responses to vowel tokens. Spectra of actual vowels: A) /æ/, B) /i/. C, D) 631 

Rate profile of model cells with BP MTFs tuned to F0 (blue) has dips at formants (dots). Rate 632 

profile of LPBR model cells with minima in MTF near F0 (red) has peaks near formants (dots). 633 

AN (magenta) and CN/brainstem (cyan) rate profiles. D) Rate profile for BP cells has ambiguous 634 

dip (arrow) for vowels with a broad spectral valley. LPBR cells (red) have relatively low rates 635 

where spectral energy is low, due to reduced excitatory inputs. Vowel levels were 65 dB SPL. 636 

Model parameters are the same as Fig. 3B. 637 

 638 

Figure 5.  Population rate profiles for model AN (A), BP (B) and LPBR (C) cells in response to 639 

the vowel /æ/ (“had”) for a range of sound levels. Vertical dotted lines indicate the first two 640 

formant frequencies. A) Peaks (red) in AN rates that code formants at low SPLs saturate as level 641 

increases. B) Dips (blue) in the rate profile for F1 and F2 extend from ~30 to 95 dB SPL and are 642 

strongest at conversational speech levels, 50-70 dB SPL. C) LPBR model cells have peaks (red) 643 
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in the rate profile at the formant frequencies; these peaks are most robust at conversational 644 

speech levels. Model parameters are the same as Fig. 3B. 645 

 646 

Figure 6. Population rate profiles for model AN (A), BP (B), and LPBR (C) cells in response to 647 

the vowel /æ/ (“had”) for a range of signal-to-noise ratios (SNRs). Vowel levels were fixed at 65 648 

dB SPL; noise level increases towards bottom of plots. A) Saturation of AN rates by the added 649 

noise obscures representations of formant frequencies, especially in the F2 region. B) Dips in the 650 

average discharge rate profile that indicate the first two formants in the BP population response 651 

deteriorate gradually as SNR decreases (towards bottom of plot). C) Peaks in the rate profile vs. 652 

SNR for model LPBR cells also deteriorate as SNR decreases. Arrow and horizontal dashed lines 653 

indicate approximate speech reception threshold (SRT) for normal-hearing listeners (Festen & 654 

Plomp, 1990). Model parameters are the same as Fig. 3B. 655 

 656 

Figure 7. Examples of two IC neurons in awake rabbit with A) band-pass MTF (BF = 1300 Hz, 657 

BMF = 130 Hz) and B) band-reject MTF (BF=2000 Hz, MTF notch at 150 Hz). C) Black: 658 

Average rate of the band-pass neuron in response to 9 vowels with F0=148 Hz (Hillenbrand et 659 

al., 1995), 65 dB SPL. Blue: Responses of the band-pass SFIE model. Red: LPBR model 660 

responses. Green: Energy at the output of a 4th-order gammatone filter at the cell’s BF. Mean and 661 

standard deviation of model responses were matched to neural responses. Lines connect the 662 

symbols to emphasize patterns in the responses across this set of vowels. D) Average rate of the 663 

band-reject neuron (black) to vowels with F0=95 Hz presented at 55 dB SPL, with LPBR model 664 

predictions (red), energy (green), and for comparison, the SFIE model response (blue). Model 665 

parameters were the same as Fig. 3B. 666 



 

31 
 

 667 

Figure 8. Example of a neuron (BF = 1100 Hz) with a band-reject MTF (A) for which average 668 

discharge rates in response to 65 dB SPL vowels were best predicted by the LPBR model or the 669 

energy model (B). This neuron’s patterns of average discharge rate across the set of vowels were 670 

consistent across a range of SPLs (C) and SNRs (E). Vowel responses for a model AN fiber with 671 

BF=1100 Hz is shown for the same range of SPLs (D) and SNRs (F). Vowel F0 for all datasets 672 

was 95 Hz. IC Model parameters were the same as Fig. 3B. 673 

Figure 9. Example of 5 neurons with diverse MTFs (left panel) and predictions of responses to 9 674 

English vowels (right panel) at 65 dB SPL, with correlations to the model predictions in the 675 

legends. BFs were A) 3900, B) 2700, C) 1900, D) 4020, and E) 1485 Hz. Model parameters were 676 

the same as Fig. 3B.  677 
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Table I. Model Parameters. A single set of parameters was specified for the CN/brainstem level 678 

of the model. Three sets of parameters were used for the IC models, illustrated in Fig. 3, which 679 

had BMFs of A) 45 Hz, B) 125 Hz, and C) 16 Hz.  The model parameters for other figures were 680 

the same as for Fig. 3B, which had a BMF near F0 for the most of the vowels used as stimuli. 681 

 682 
CN/Brainstem (all simulations) 

τex (ms) 0.5   
τinh (ms) 2   
D (ms) 1   
Aex 1.5   
Ainh 0.9   

IC model parameters 
 Fig.3A Fig. 3B Fig. 3C

Band-Pass Model 
τBPex (ms) 2 0.7 5 
τBPinh (ms) 6 0.7 10 
DBP (ms) 2 1.4 2 
ABPex 2 3 6 
ABPinh 2.2 4.2 6.6 

Low-Pass/Band-Reject Model 
τLPBRex (ms) 2 0.7 5 
τLPBRinh (ms) 5 5 5 
DLPBR (ms) 0.7 0.7 0.7 
ALPBRex 0.6 1 0.6 
ALPBRinh 2 2 2 
 683 
 684 
 685 




















