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Abstract

One fundamental difference between information processing in
the auditory pathway and automatic speech recognition (ASR)
systems lies in the coding and processing of nerve-action po-
tentials. Spike trains code amplitude information by means of a
rate-code but most information is carried by precise spike tim-
ing. In this paper we focus on neurons located in the ventral
cochlear nucleus (VCN), which get direct input from primary
auditory nerve fibers (ANF). We generate spike trains of the
ANFs and VCN neurons with our inner ear model and calculate
the transmitted information using a vowel as input stimulus. For
ANFs, transmitted information is highest in the frequency range
of 200−500Hz, and decreases towards higher frequencies, due
to the degrading temporal precision of the spikes. A single stel-
late neuron is able to transmit a large portion (up to 66%) of
information transmitted by five of its innervating ANFs. Due
to their slow membrane time constant the information rate de-
creases even faster with characteristic frequency (CF) compared
to ANFs. The spectral information of sound signals is well re-
flected in the rate-place code of ANFs and VCN neurons, how-
ever, the major part of the information (about 90%) is carried by
spike timing. We conclude that we should not neglect this fine-
grained temporal information for automatic speech recognition.
Index Terms: speech processing, auditory pathway, neuronal
spikes, frequency decomposition, information transmission

1. Introduction
The outstanding performance of the human auditory system
motivates research on speech processing in the mammalian au-
ditory pathway. Compared to existing feature extraction al-
gorithms for acoustical signals, the human auditory system
extracts both spectral and fine-grained temporal information.
Deeper understanding of the mechanisms underlying human
sound processing is expected to help us improve audio systems
ranging from sound coding/compression to automatic speech
recognition systems.

Sound signals are preprocessed in the inner ear, which acts
as a mechanical band-pass filter bank. The frequency com-
ponents of the incoming sound signals are separated along its
length and coded into nerve action potentials of the primary
auditory nerve. This tonotopical organization is preserved in
various stages of the auditory pathway. In the first neuronal
processing stage, the cochlear nucleus, the auditory pathway
branches into different parallel ascending pathways. One of the
pathways through the ventral cochlear nucleus diverges through
bushy, stellate, and octopus neurons. How these pathways con-
tribute to the fundamental biological tasks such as sound local-
ization and the coding and processing of sound is only partially

understood. Describing and quantifying information conveyed
by these different neurons to higher stages of neural process-
ing is essential for understanding the underlying mechanism of
acoustic processing.

In this study, we developed a phenomenological model of
the mammalian auditory pathway consisting of an inner ear
model and selected VCN neurons and used information the-
ory to analyze the properties of different neurons during speech
processing.

2. Methods
2.1. Modelling

The model of the peripheral hearing system includes the fre-
quency response functions of outer- and middle ear, a model
of inner ear hydrodynamics followed by a compression stage,
and sensory cells (see Fig. 1). The hydrodynamic model effec-
tively acts as a filter bank that spectrally decomposes acoustic
stimuli. The compression stage models the effects of the so-
called “cochlear amplifier”. It achieves up to fourth-root com-
pression of the dynamic range. The absolute compression is
more than 60 dB. It also achieves the high spectral resolution
found in humans at low sound levels. Large compression is cru-
cial for sound coding by the sensory cells, the inner-hair cells,
since they have a dynamic range of only 40 dB. Auditory nerve
fibers innervate the sensory cells and encode the stimuli in nerve
action potentials, i.e. spike trains. The generation of a spike is
modelled as a stochastic point process. The model generates re-
alistic ANF responses which reproduces recent psychoacoustic
measures of frequency selectivity and compression [8]. It repli-
cates the bandwidths of human threshold tuning curves [3] and
latest measurements of dynamic range compression [9] with
great precision.
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Figure 1: Schematics of the auditory model. The model exhibits
100 frequency channels, which are coded by multiple ANFs. A
single VCN neuron is excited by ANFs originating from a dis-
tinct frequency channel. The number of number of synapses to
a VCN neuron is given in Table 1.

We modelled neurons located in the brain-stem (ventral
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cochlear nucleus [11]) and connected them to ANFs from
our inner ear model (compare Fig. 1). We used a single-
compartmental model including four major Hodgkin-Huxley-
type ion channels. We took the parameters of the ion channels
of the neurons from Rothman and Manis [11]. We corrected
conductances and time-constants to a body temperature of 38◦

and solved the differential equations in the time domain.
According to [5], stellate cells in our study are driven by 5

supra-threshold [6] synaptic inputs from high spontaneous rate
auditory nerve fibers (spontaneous rate: 30 spikes/s). We used
60 sub-threshold synaptic inputs for octopus neurons such that
synchronous firing of six synaptic inputs generated an action
potential [10]. Therefore, synaptic inputs to octopus neurons
are sub-threshold and they act as coincidence detectors.

Model Type

Stellate Octopus

gNa, nS 1000 1000
gHT , nS 150 150
gLT , nS 0 600
gh, nS 0.5 0
glk, nS 2 2
gE , nS@38oC 33 24.5

# of synapses 5 60
type of synapses suprathreshold subthreshold

Table 1: Parameters of neurons.

2.2. Information calculation

Since sensory systems are analog to communication chan-
nels [1], the natural approach to quantify the ability of neural
coding is to use mutual information. Let S denote the input
stimulus and R the response of the neurons. Based on Shan-
non’s information theory [12], given the spike trains of the neu-
rons, the information I(R;S) they convey about the input stim-
ulus can be calculated by,

I(R;S) = H(R)−H(R|S) (1)

where the entropy H(X) of a discrete random variable X
is defined by

H(X) = −
x

p(x) log2 p(x) (2)

and the conditional entropy H(X|Y ) of X given Y by

H(X|Y ) = −
y

p(y)H(X|Y = y) (3)

We used the direct method [14] to compute the mutual in-
formation and the total response entropy of individual neurons
in the auditory pathway. This approach makes no assumptions
on how the neurons code input stimuli thus preserves all infor-
mation. We down-sample the continuous response of the neu-
rons in the time domain so that the response of a number of
neighboring bins in time are collected (Later we will refer to
this down-sampling operation as a ”binning” process). We re-
presented the discrete bins with binary letters. Depending on
whether there is an output spike within the bin, the letter eval-
uates to “1” or “0”, respectively. Hence we obtained a discrete

version T (R) of the neural response. The discrete spike train
T (R) of a given neuron is further translated into a sequence
of words along the time axis. Each word W consists of L let-
ters, while each letter has a time bin of ΔT ms, which is the
temporal resolution of the ”binning” process. Thus, for a given
spike train, we can compute the histogram of occurrences for
each possible word, which is then used to calculate the occur-
rent probability of the word, i.e., P (W (L,ΔT )). Then, the
entropy per unit time, or equivalently, entropy rate, can be com-
puted by

Hr(L,ΔT ) = − 1

LΔT
W

P (W (L,ΔT )) log2 P (W (L,ΔT ))

(4)
If each bin of the output spike train is independent, then the

calculation with any word length L would give us the correct
entropy. However, there are correlations both due to the cor-
relations in the input stimulus and due to the processing of the
auditory pathway, e.g. refraction. Therefore, we must increase
the length of the words so that H(L,ΔT ) will approach the real
entropy rate of the spike train, taking into account correlations
within the output signal.

The noise entropy (also temed conditional entropy), which
represents the variation of reproduced responses of a studied
neuron to the repeated stimulus, can be computed in the follow-
ing way: for M repeated presentations of the stimulus, we get
M spike trains. The occurrences of words W at a particular
time t can be computed to represent the conditional probability
of occurrence Pn(W (L,ΔT )|tn). Entropy for the distribution
at time tn is computed and then averaged over time to obtain
the noise entropy rate,

Hnoise
r (L,ΔT ) =

− W Pn(W (L,ΔT |tn)) log2 P (W (L,ΔT |tn))
LΔT n

(5)

where 〈. . .〉n denotes the average over all sampling times
tn. By increasing the number of data samples, a linear extrapo-
lation to infinite samples is applied to calculate noise entropy to
get rid of potential problems caused by inadequate samples [2].

In our simulations, we presented the stimulus repeatedly
(10,000 trials) to the auditory model to estimate the distribution
of firing patterns of the neurons. Then we performed the infor-
mation calculations illustrated above on the output spike trains
of the neurons as well as auditory nerve fibers.

3. Results
In Fig. 2 we show the responses of auditory nerve fibers and
stellate neurons, which receive input from auditory nerve fibers
with different characteristic frequencies. Input stimulus was the
synthesized vowel /i/ (pitch frequency: 220 Hz; F1: 270 Hz; F2:
2290 Hz; F3: 3010 Hz; sound intensity: 70 dB(A)) generated
by Slaney’s auditory toolbox for Matlab [13]. As the artificial
vowel is (almost perfectly) periodic, its spectrum is comprised
of the harmonics of the pitch frequency (indicated by crosses in
Fig. 2b),c),e) and f)). Panel d) plots the raw spike patterns of the
stellate neurons.

The spectrum of the speech sound is reflected rather accu-
rately by the spike rates of both auditory nerve fibers (panel b)
and stellate cells (panel e). In the region of the pitch frequency
and slightly above, ANFs fire with a probability of about 80%
per cycle. This precision is improved by stellate cells, which
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Figure 2: Spike trains along the length of the cochlea (first column), averaged spiking rates (second column) and transmitted informa-
tion rate (third column) from auditory nerve fibers (upper row)and stellate neurons (lower row). Note that information rates are plotted
for a single stellate cell and five ANFs innervating the stellate cell. For reference, column two and three also show the A-filtered levels
of the harmonics of the artificial vowel /i/ used for stimulation (pitch frequency: 220 Hz).

fire one action potential per stimulus cycle with a probability
of slightly more than 90%. The property that auditory neurons
fire preferentially one spike per stimulus cycle limits their max-
imum rate in this region. Individual frequency components of
the stimulus are separated, in this example up to the seventh har-
monic (1540 Hz). Even higher frequency components are fused
and the rate contours follow the envelope of the spectrum, cod-
ing the second and – in this example with less salience – third
formant. Note that the peaks of the rate contours are slightly
shifted relative to the spectral peaks of the speech sound. This
effect appears because the CF axis is defined at threshold lev-
els and excitation patterns are shifted towards higher frequen-
cies at higher sound levels in the mammalian inner ear ( [4, 8]).
The spontaneous activity of the high-spontaneous rate ANFs we
used here was about 30 spikes/s. This caused a spontaneous ac-
tivity of our modelled stellate cells of about 80 spikes/s, which
is due to their innervation from five high-spontaneous rate au-
ditory nerve fibers and the fact that they are supra-threshold,
which means that a single auditory nerve input spike could elicit
an action potential.

The information rate of ANFs and stellate cells is plotted
in Fig. 2c) and f). Note that for comparison we calculated the
transmitted information of five ANF spike trains, which excited
a single stellate cell. For ANFs, transmitted information was
approximately constant (approximately 550 bits/s) in the range
from 200-400 Hz and then decreased rapidly as a function of
their characteristic frequency. As for the spike rate, information
rate peaks at harmonics of the pitch frequency and at the for-
mant frequencies of the vowel. For the stellate neurons, infor-
mation rates were always below the values of the ANFs. Infor-
mation decreased even more rapidly as a function of their char-
acteristic frequency compared to the values of ANFs. This is
probably due to their long membrane time constant (7 ms, [11],
which impairs precise phase-locking at higher frequencies.

4. Discussion

Although information processing for automatic speech recogni-
tion is inspired by auditory sound processing, there are major
differences in the way our brain processes sound signals. The
most striking disparity is that all information – not only the au-
ditory one – is transmitted and processed using discrete nerve-
action potentials. Despite their all-or-nothing nature, spike
trains even from single neurons can code amplitudes using a
rate code (compare Fig. 2b), especially if one considers that
large groups of neurons are available to code sound signals.
For example, all information about sound signals available to
our brain is transmitted by about 32.000 auditory nerve fibers.
Spectral information is coded by the firing rates of primary au-
ditory nerve fibers. This well-known rate-place code is based on
the mechanical bandpass filtering along the inner ear. The rate-
place contour (compare Fig. 2b) resembles closely the Fourier
spectrum of the speech signal.

However, the rate-place code is not the only information
source available to the brain. A large amount of information is
carried by the precise spike timing of the nerve-action poten-
tials. To quantify all the information carried by spike trains of
auditory neurons, we applied the framework of information the-
ory. Using the so-called direct method to calculate information
in spike trains, we evaluate the transmitted information with-
out making any assumption about the underlying coding strat-
egy. The information rate transmitted by auditory nerve fibers
as a function of their characteristic frequency seems to be low-
pass filtered compared to the rate-place contour (compare Fig. 2
b and c). This can at least partly be explained by the phase-
locking abilities of these fibers, which decreases for frequen-
cies above about 1 Hz [11], which entails that also the temporal
precision of auditory nerve action potentials decreases with in-
creasing CF.
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Stellate cells faithfully code spectral information in their
rate-place contours, similar to primary auditory nerve fibers
(compare Fig. 2 b and e). With their long membrane time con-
stants (about 7 ms, [11]) they integrate auditory nerve inputs
over time. However, due to this slow membrane time constant
their temporal precision (as measured by the information rate)
decreases even faster with CF compared to ANFs (compare
Fig. 2 c and f). Note that the information rate of stellate cells
is always lower than the total information rate of the ANFs in-
nervating them, as required by theory. The ratio of information
rate transmitted by five ANFs and a stellate cell increases from
1.5 (50 Hz) to about 4 in the range of 2 − 4 kHz, reflecting the
effects of low-pass filtering due to the stellate cell membrane
time constant.

In a previous paper we investigated information transmis-
sion of octopus neurons, which are also located in the VCN
[15]. Compared to stellate cells, octopus neurons even man-
age to improve temporal precision compared to ANFs [7] by
using coincidence detection of at least five of their innervating
ANFs. Especially at higher CFs, these neurons are able to trans-
mit much larger information rates than stellate cells due to their
reliable firing, high firing rates of up to 800 spikes/s and the ex-
treme temporal precision of their spikes. In Fig. 3 we compare
the transmitted information of octopus neurons with that of stel-
late cells as a function of temporal resolution. It is obvious that
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Figure 3: Dependence of transmitted information rate on tem-
poral resolution for VCN stellate and octopus neurons with a
characteristic frequency of 1045 Hz.

the information content of octopus neurons is much higher com-
pared to that of stellate cells for this relatively high CF chan-
nel, especially for temporal resolutions higher than 1 ms. Note
that the information rate transmitted by octopus neurons is also
higher because they are innervated by much more – about 60
– ANFs. Importantly, the information rate at a temporal res-
olution of 10 ms, a value which is usually used for automatic
speech recognition, is only about 6.9% for octopus neurons and
7.1% for stellate cells compared to the information rate at the
highest resolution! This indicates that a huge amount of in-
formation present in neuronal spike trains of auditory neurons
is discarded when features based on short-term spectra with a
temporal resolution of less than 10 ms are calculated. We con-
clude that fine-grained temporal information is by an order of
magnitude larger than classical spectral features used for ASR.
We suspect that this information might be essential for robust
speech recognition especially in adverse acoustic conditions.
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